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Comments: 

 

This is a very interesting and generally well conducted Bayesian meta-analysis. Some of the 

limitations of the study are well noted, and I think in general the authors have done as well as 

they could. They did a systematic review to identify relevant databases, followed by IPD meta-

analysis of 4 of these. Only 4 out of 8 databases were obtained. But they argue this was for 

independent reasons to the research question, and I am sympathetic to this. It is hard to get 

all the data desired, and they have done the best they can in this situation, whilst noting the 

limitation. I like, very much, the probabilistic inferences from the analysis (e.g. Fig 2), 

 

However, I do have some areas for clarification as the reporting of the methods needs to be 

more detailed in places.Indeed, the longer I spent reading it, the more confused I was 

becoming to be honest. 

 

We sincerely thank the reviewer for his time and his thoughtful comments, which gave us 

insights into areas that needed clarifying and better reporting. We do hope that our 

comments and explanations have addressed all questions raised and that reporting in the 

Methods and other sections of the manuscript has improved and is now satisfactory. 

 

1) Looking at ‘real-world’ evidence is important. But these are observational studies. It is 

debatable how real world this is, though it could be strongly argued that the population is 

more real world than an RCT. Yet, the issue of confounding then comes into play. I think there 

should be more objective discussion about whether this is indeed ‘real world’. 

 

This is an interesting issue, which led us to re-examine the literature. A prevalent definition 

for ‘real-world data’ is that of the ISPOR Real-World Data Task Force, which is “data used 

for decision-making that are not collected in conventional RCTs.” 1 The current GetReal 

initiative (a project of the Innovative Medicines Initiative – https://www.imi-getreal.eu/) 

adopts the above definition and specifies that “Instead, real world data (RWD) is collected 

both prospectively and retrospectively from observations of routine clinical practice. RWD 

can be obtained from many sources including patient registries, electronic medical records, 

and observational studies.” 2 One such source for RWD in the UK, is the Clinical Practice 

Research Datalink (CPRD) formerly known as the General Practice Research Datalink 

                                                        
1 Garrison LP, Jr., Neumann PJ, Erickson P, et al. Using real-world data for coverage and payment decisions: 

the ISPOR Real-World Data Task Force report. Value Health. 2007;10(5):326-35. 
2 Makady A, Goettsch W, Willemsen A. Review of Policies and Perspectives on Real-World Data (IMI-GetReal 

Deliverable). Draft Report dated 30.01.2015 available at: https://www.imi-

getreal.eu/Portals/1/Documents/Publications/D1.3%20GetReal%20Glossary.pdf. Last accessed August 10, 

2016. 
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(GPRD). 3 GPRD along with the RAMQ, Finland, and Saskatchewan’s health services 

databases were the sources of real-world data for this IPD MA. 

 

However, although the IPD MA is based on real-world data, a key consideration is whether 

it also provides real-world evidence, as “ ‘data’ conjures the idea of simple factual 

information, whereas ‘evidence’ connotes the organization of the information to inform a 

conclusion or judgment.” 4 We believe that our research contributes ‘real-world evidence’ – 

and evidence that is new – because of the way NSAIDs exposures were measured and 

modelled in this IPD MA.  

 

One of the reasons for poor external validity of NSAID RCTs (and their inability to 

represent real-life behaviour) is that the NSAIDs were to be taken continuously over long 

follow-up periods (see for example Trelle NMA RCTs, Table 1). However, in real-life 

patients take NSAIDs intermittently (with periods of non-exposure), change the daily dose 

they use over time, and switch one NSAID for another. 5, 6 

 

For example, the table below taken from RAMQ shows that NSAIDs are used intermittently, 

which argues that the population is indeed more real world than is the study sample in an 

RCT.  

Table – Duration of continuous episodes of use for NSAIDs of interest in the RAMQ nested case-

control dataset 

Over cohort time, 

prescribed 

Number of 

episodes 

Duration of continuous episodes of use (days) 

Median Mean SD P5 IQR P95 Maximum 

Celecoxib 186 012  30  43.1  73.5  7  15-30 148  1659 

Diclofenac 216 479  15  22.6  33.3  6  10-30  60  2089 

Ibuprofen  56 770  12  18.1  26.3  4  8-21  40  1468 

Naproxen 161 554  14  19.6  27.7  6  10-24  48  1187 

Rofecoxib 125 421  30  40.1  63.7  7  15-30 129  1469 

IQR= interquartile range; P5= 5th percentile; P95= 95th percentile; SD= standard deviation 

 

Moreover, in this RAMQ dataset, we documented a high proportion of NSAID switching, 

particularly during the short period of 1999-2000.  

 

                                                        
3 Bate A, Juniper J, Lawton AM, et al. Designing and incorporating a real world data approach to international 

drug development and use: what the UK offers. Drug Discovery Today. 2016 3//;21(3):400-5. 
4 Garrison LP, Jr., Neumann PJ, Erickson P, et al. Using real-world data for coverage and payment decisions: 

the ISPOR Real-World Data Task Force report. Value Health. 2007;10(5):326-35. 
5 Gore M, Sadosky A, Leslie D, et al. Patterns of therapy switching, augmentation, and discontinuation after 

initiation of treatment with select medications in patients with osteoarthritis. Clin Ther. 2011;33(12):1914-

31. 
6 Langman M, Kahler KH, Kong SX, et al. Drug switching patterns among patients taking non-steroidal anti-

inflammatory drugs: a retrospective cohort study of a general practitioners database in the United Kingdom. 

Pharmacoepidemiol Drug Saf. 2001;10(6):517-24. 
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Consequently, we believe that real-life use of NSAIDs has to be described in terms of the 

duration of each episode of use, the daily dose, and must also reflect the fact that patients 

may have stopped taking NSAIDs recently or more remotely. This can be achieved by 

simultaneously modelling multiple components of treatment history. In the IPD MA this 

was done by creating several multidimensional exposure categories with indicator 

variables corresponding to the contribution of (i) recency of use, (ii) dose level, and (iii) 

treatment duration. With this approach, acute MI risk for ‘High’ versus ‘Low’ dose should 

inform on the NSAID dose-MI response relationship, risk with various durations of 

‘Current’ use should represent cumulative effects of the NSAID, and risk with ‘Recent’ or 

‘Past’ use should correspond to its residual effects (persistence of effects after dosing).  

 

Recency was defined as follows: ‘Past’ use (supply ended 31 to 365 days prior to index 

date), ‘Recent’ use (supply ended 1 to 30 days prior to index date), and ‘Current’ use 

(duration of NSAID supply overlapped with index date). We sought to produce real-world 

evidence by selecting cut points for daily dose and durations that correspond to available 

dosage forms, usual dosage range, and typical or recommended duration of use. Daily dose 

was dichotomized as ‘Low’ or ‘High’ based on clinical consensus for each drug with cut-offs 

also corresponding to median daily dose in the RAMQ study population. Continuous 

duration of current use was categorized as ‘Use for 1 to 7 days, ‘Short’ (use for 8 to 30 

days), and ‘Long’ (use for more than 30 days). These cut-offs were chosen also because of 

their clinical relevance. Use of an NSAID for 1 to 7 days corresponds to seeking relief for an 

acute condition. Duration of 8 to 30 days represents short-term use, with receipt of one or 

two consecutive prescriptions, while duration longer than 30 days reflects more chronic 

indications. Finally, ‘Non-use’ corresponds to individuals not exposed to any NSAIDs in the 

year preceding the index date. Note that this conservative definition of non-use reduces the 

possibility of confounding that might arise if patients who are sicker recently stopped 

taking NSAIDs. It also takes into account the possibility that a cumulative effect from 

distant past exposure might exist (this was investigated in separate work, to be published).  

 

 

2) I urge the authors to tone down, indeed remove, causal language. E.g.: “In real-world use, 

all NSAIDs – including naproxen – appear to increase the risk of acute MI”.  It is associated 

with an increase, but this suggests it does increase directly. 

 

They are associated with an increased risk, but do they actually increase it? 

Another example “rofecoxib is systematically more cardiotoxic …” 

 

We certainly agree that we should be careful about making direct causal statement. What 

we meant to do is report our observed associations. We have modified the manuscript 

throughout to specify that we are reporting associations.  

 

For example the Abstract now reads: 

“In real-world use, all NSAIDs – including naproxen – were found to be 

associated with an increase in risk of acute MI” 

 



 

4 

 

and the phrase on rofecoxib says: 

“… rofecoxib is systematically associated with more cardiotoxicity” 

 

 

3) Confounders were included, and were pre-defined based on a detailed process. I like that 

(avoid data dredging in the main analysis). But the list of confounders is not documented in 

the methods. 

 

Indeed detailed adjustment was only reported in footnote to Table 2 in our original 

manuscript, which we have amended to add the following paragraph:  

“All studies were adjusted for past or recent use of the other NSAIDs, age at 

index date, diabetes, hyperlipidemia, hypertension, coronary heart disease, and 

rheumatoid arthritis. Individual studies were also adjusted for additional ‘IPD 

MA confounders’ based of their availability (see footnote to Table 2)” 

 

 

4) I like aspects of the Bayesian analysis. Clustering is accounted for, and the prior 

distributions are informed by prior evidence, which is sensible and I think the authors should 

be applauded for taking this viewpoint. 

 

But some of the modelling is somewhat black box. In particular, for each confounder, was a 

different adjustment term included per study? Or was a common one assumed?   Are there 

random effects in the analysis? On which variables?  I would like to see the 1-stage model 

given in full (in equation form) and all parameter estimates provided (e.g. in supplementary 

material). 

 

We had previously included the jags program and all parameter estimates under 

Supplementary Material. We provide (as an attachment) the program and all parameter 

estimates. Here are the model equations: 

 

One-stage IPD MA 

 

Level-1 (Within-study level) 

 

In each study s, a regression model was used to relate the outcome of interest (Ys) to a 

vector of NSAID exposure variables (Xs) and a vector of covariates (Zs), as follows 

 

g(Ys) = as + bs Xs + cs Zs, 

 

where g(.) is a link function. As explained in the Methods, the link function used differed 

slightly between studies in accordance with the study design. Systematically missing 

variables in Xs and Zs were set to 0. 

 

The as and cs parameters  were treated as fixed effects and assigned low information 

Normal (Mean=0, SD=1000) priors. 
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Level-2 (Between-study level) 

 

The parameters bs = (bs1, …, bsJ) were treated as (independent) random effects as follows: 

 

bsj = µj + ξj ηsj 

ηsj ~ Normal(Mean=0, SD=1)  

 

The following hyper-prior distributions were used 

 

µj  ~ Normal(Mean=0, SD=1000) 

ξj ~ Normal(Mean=0, SD=0.181)  

 

This results in a half-normal hyperprior distribution for the between-study standard 

deviation in the  parameters bs.7 

 

                                                        
7 Gelman A. Prior distributions for variance parameters in hierarchical models. Bayesian Analysis. 

2006;1(3):515-34. 
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5) Most importantly, the analysis uses logistic regression, but why is a survival model not used? I assume that patients are 

dropping out over time, and there is censoring.  Logistic regression would only be sensible if follow-up was complete up to 1 

particular time-point … but that is not clear here. 

 

The choice of analysis in the IPD MA respected the design (dynamic population-based cohort with nested case-control analysis 

or population-based case-control study) and matching strategies (individual- or frequency matching) and matching variables 

(demographics and time) of the original studies. For convenience an excerpt of previously filed Web Extra Table 2 is given 

hereafter. 

 
Table –Overview and design of the four healthcare database studies included in the one-stage Bayesian IPD MA of NSAIDs and acute MI – 

Dataset supplied by Investigator 

 
RAMQ 

(N=233 816) 

Finland 

(N=172 219) 

GPRD 

(N=17 561) 

Saskatchewan 

(N=23 167) 

Design Cohort with nested  

case-control analysis 

Population-based  

case-control study 

Cohort with nested  

case-control analysis 

Cohort with nested  

case-control analysis 

Matching of controls to cases 

on time 

Individual matching on: 

1) year and month of 

cohort entry 

2) duration of follow-up in 

cohort 

Individual matching on 

index date 

Individual matching on: 

1) year of cohort entry 

2) duration of follow-up in 

cohort 

Frequency matching on 

distribution of cases on 

index date (± 3 months) of 

non-cases within their 

person-time of follow-up  

Matching of controls to cases 

on demographic or healthcare 

variables 

Age (± 1 year) and sex Age at end of calendar 

year, sex, and hospital 

catchment area 

Age (± 2 year), sex,  

medical practice 

None 

 

As seen from the above, the RAMQ and GPRD cohort design involved matching on calendar time. Control subjects were 

sampled from the risk sets that are used in the corresponding Cox proportional hazards model.8 On a practical note, Essebag et 

al.9 compared a nested case-control approach for the study of time-dependent exposure with cohort analysis using Cox 

                                                        
8 Vandenbroucke JP, Pearce N. Case–control studies: basic concepts. Int J Epidemiol. 2012;41(5):1480-9. 
9 Essebag V, Platt RW, Abrahamowicz M, et al. Comparison of nested case-control and survival analysis methodologies for analysis of time-dependent 

exposure. BMC Med Res Methodol. 2005;5(1):5. 
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regression including time-dependent covariates and found similar risk estimates are obtainable with superior computational 

efficiency. 

 

For clarity, we have added the following sentence in the Statistical analysis sub-section: 

 

“As appropriate for each study design (RAMQ and GPRD: individually-matched nested case-control studies; 

Saskatchewan: frequency-matched nested case-control study; Finland: population-based matched case-control study), 

we implemented conditional (RAMQ, Finland, and GPRD) or unconditional logistic regression (Saskatchewan) to analyze 

the IPD.” 

 

Follow-up was indeed complete to a particular time point, and this was specified in Web Extra 1 Table 2 as excerpted 

hereafter:  

 
Table –Overview and design of the four healthcare database studies included in the one-stage Bayesian IPD MA of NSAIDs and acute MI – 

Dataset supplied by Investigator 

 
RAMQ 

(N=233 816) 

Finland 

(N=172 219) 

GPRD 

(N=17 561) 

Saskatchewan 

(N=23 167) 

Cohort entry 

Date of first dispensing of 

single NSAID prescription 

after 1 January 1993 in 

individuals without NSAID 

prescriptions for ≥ 1 year 

Not applicable Date of NSAID first 

prescription after 1 June 

2000 

15 November 1999 

Cohort exit 

Earliest of the following 

dates: first hospital 

admission for acute MI, 

death, termination of 

health system coverage, or 

end of the study 

(30 Sep 2004) 

Not applicable Earliest of the following 

dates: date of acute MI, 

death, end of registration 

with the practice, or end of 

the study (31 Oct 2004) 

Earliest of the following 

dates: first hospital 

admission for acute MI, 

diagnosis of one of the 

exclusion criteria, 85th 

birthday, death, 

termination of health 

system coverage, or end of 

the study (31 Dec 2001) 
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6) How was the use of treatment over time accounted for? What if they stopped then re-

started? 

 

Time-varying use of NSAIDs was accounted for in the IPD MA, including stopping and 

starting NSAID (being unexposed) and switching between NSAIDs.  

 

For example, in the RAMQ cohort, NSAID exposure was determined for each day of follow-

up to correspond to expected real-life variation. We assessed, separately, exposure to each 

of the following drugs: celecoxib, diclofenac, ibuprofen, naproxen, and rofecoxib, and to all 

other NSAIDs, grouped together. Computer-recorded variables allowed the direct 

calculation of daily dose of NSAIDs of interest as pill strength times number of pills divided 

by number of days supplied. Days supplied and consecutive prescriptions dates confirmed 

the duration of each dispensing and allowed identifying gaps between the end of a 

preceding prescription and the start of a next one. A priori rules were specified to capture 

usage behaviours such as intermittent use, dose changes, and drug switches. Continuous 

episodes of exposure were built from consecutive prescriptions only if the drug and daily 

dose were the same and any gap did not exceed 14 days. Additional rules (see Table, 

further below) addressed situations where dispensing started on the same day or 

overlapped, such that patients could not be concurrently exposed to more than one NSAID.  

 

The effect of NSAID exposure on risk of acute MI was analysed by simultaneously modelling 

these multiple components of treatment history, i.e. (i) recency, (ii) dose, and (iii) duration, 

as shown for celecoxib in the Table below (see also Table 2 of manuscript for complete data 

for the other NSAIDs of interest and Figure 1 of the manuscript for an illustration of how 

exposure was defined). 

 

 
Table – NSAID multidimensional exposure categories defined by recency of use, daily dose, and 

duration in the one-stage Bayesian IPD MA 

NSAID use
*†

 Exposure category 

Non-use 1:  No NSAIDs in year prior to index date 

Celecoxib  

Past 2:  Ended 31-365 days prior to index date 

Recent 3:  Ended 1-30 days prior to index date 

Current 4:  Use for 1-7 days, any dose 

Current 5:  ≤ 200 mg/day for 8 to ≤30 days 

Current 6:  > 200 mg/day for 8 to ≤30 days 

Current 7: ≤ 200 mg/day for >30 days 

Current 8:  >200 mg/day for >30 days 

* IPD MA 

All studies 

For a given NSAID, ‘current’, ‘recent’, and ‘past’ use categories are mutually exclusive  

Among NSAIDs, ‘current’ use categories are mutually exclusive (subjects could be ‘current’ users of only one NSAID) 

RAMQ, GPRD, and Saskatchewan 

Among NSAIDs, ‘current’, ‘recent’, and ‘past’ use categories are not mutually exclusive   
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(‘current’ users of one NSAID could be ‘recent’ users of another NSAID, and ‘past’ user of yet another NSAID) 

Finland 

Among NSAIDs, ‘current’ use is exclusive of ‘recent’, and ‘past’ use 

(‘current’ users of an NSAID could not be ‘recent’ users or ‘past’ users of another NSAID) 
† Original RAMQ and Finland studies: current= use of this NSAID overlapped with the index date; recent= use of this 

NSAID ended 1-30 days prior to index date;  

past= use of this NSAID ended 31-365 days prior to index date 

Original GPRD study: current= use of this NSAID overlapped with the index date or lasted into the 14-day period 

before the index date; recent use category systematically missing;  

past= use of this NSAID ended 184-365 days prior to index date 

Original Saskatchewan study: current= use of this NSAID overlapped with the index date or lasted into the 7-day 

period before the index date; recent= use of this NSAID ended 8-60 days prior to index date; past= use of this NSAID 

ended 61-365 days prior to index date 

 

The sample patient depicted in the Figure below was included in the IPD MA model as a 

current user of rofecoxib at index date (exposure category 4, Use for 1-7 days, any dose), a 

recent user of celecoxib and diclofenac (exposure category 3, Use ended 1-30 days prior to 

index date), and a past user of rofecoxib and naproxen (exposure category 2, Use ended 31-

365 days prior to index date)  

 

Figure – Sample RAMQ study patient depicting time-varying NSAID exposure during follow-up 
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The Figure below illustrates how an episode of continuous use was tallied from consecutive 

dispensing of the same NSAID and daily dose, in case of overlapping prescriptions or of fill 

gaps in the RAMQ dataset. 

 

 

Figure – Example of an episode of continuous use from consecutive prescriptions of celecoxib in the 

RAMQ nested case-control dataset used for the one-stage Bayesian IPD MA 

 

Finally, the Tables in the next pages illustrate the creation of episodes of use given various 

scenarios for consecutive prescriptions of the same NSAID and of two different NSAIDs in 

the RAMQ dataset. 
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Table – Creation of episodes of use given various scenarios for consecutive prescriptions of the same NSAID in the RAMQ nested case-

control dataset used for the one-stage Bayesian IPD MA 

 

  



 

12 

Table – Creation of episodes of use given various scenarios for consecutive prescriptions of two different NSAIDs in the RAMQ nested 

case-control dataset used for the one-stage Bayesian IPD MA 
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7) Could important confounders been missed? 

 

According to current clinical knowledge we do not believe that we failed to identify 

important confounders. As illustrated in Figure 2 in Web Extra 1 and explained in the 

legend to that figure, there exist unmeasured (smoking, obesity, socio-economic status, 

exercise, OTC NSAIDs, OTC low-dose aspirin), incompletely measured (blood pressure 

increase, renal dysfunction, heart failure [confounding by contraindication]), and 

unmeasurable risk factors for myocardial infarction (genes) that we could not adjust for.  

 

We did our best to adjust for confounding by measured confounders. In addition to using 

multivariable regression, confounding control in the IPD MA included matching on time 

including for index date, year of cohort entry, and duration of follow-up in cohort (see 

answer to previous Question 5 or Web Extra 1 –Table 2). This matching on time is an 

important quality feature, given the potential confounding effect of calendar time around 

the launch of celecoxib and rofecoxib (1999-2000).  

 

For refining confounding adjustment, we entertained a few options including propensity 

score (PS) methods and instrumental variable (IV) analysis (prescriber’s preference or 

calendar time) but considered them unsuitable. Briefly, a sound propensity score approach 

10 would have to consider time-varying use of each individual NSAIDs and change in 

measured confounder values over time. Ultimately, it might improve confounding 

adjustment only marginally because the effect of mediating variables between NSAID 

exposure and the MI outcome cannot be factored in the determination of PS. As for 

instrumental variable analysis, the literature 11, 12, 13 suggests that confounding of the IV 

and the acute MI outcome association is likely to occur such that IV analysis is a poor 

method for dealing with unmeasured confounders in our research.  

 

However, the literature provides useful insight on the risk of bias due to confounders that 

are unobserved in database studies. Graham and coll. 14 assessed the potential for 

confounding from low-dose aspirin use, OTC NSAID use, smoking history, and family 

history of acute MI via a standardized telephone survey of a random sample of the controls 

who were currently or remotely exposed to NSAIDs in their study. They found that these 

                                                        
10 Mack CD, Glynn RJ, Brookhart MA, et al. Calendar time-specific propensity scores and comparative 

effectiveness research for stage III colon cancer chemotherapy. Pharmacoepidemiol Drug Saf. 

2013;22(8):810-8. 
11 Tamblyn R, McLeod P, Hanley JA, et al. Physician and practice characteristics associated with the early 

utilization of new prescription drugs. Med Care. 2003;41(8):895-908. 
12 Solomon DH, Schneeweiss S, Glynn RJ, et al. Determinants of selective cyclooxygenase-2 inhibitor 

prescribing: are patient or physician characteristics more important? Am J Med. 2003;115(9):715-20. 
13 Franklin JM, Schneeweiss S, Huybrechts KF, et al. Evaluating possible confounding by prescriber in 

comparative effectiveness research. Epidemiology. 2015;26(2):238-41. 
14 Graham DJ, Campen D, Hui R, et al. Risk of acute myocardial infarction and sudden cardiac death in patients 

treated with cyclo-oxygenase 2 selective and non-selective non-steroidal anti-inflammatory drugs: nested 

case-control study. Lancet. 2005;365(9458):475-81. 
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factors were not differentially distributed with respect to NSAID exposure. Schneeweiss 15 

used data collected in the Medicare Current Beneficiary Survey and calculated the 

confounding bias of not having adjusted an NSAID study in Medicare beneficiaries 16 for 

BMI, OTC aspirin use, current smoking, income, and educational attainment. Failure to 

adjust for these unmeasured confounders led to a small underestimation of the association 

between coxibs and MI.17 

 

We believe that the main source of confounding bias is the inability to adjust for 

unmeasured mediators (NSAID-induced blood pressure increases, renal deterioration) 

between NSAID exposure and the acute MI outcome. In an attempt to estimate confounding 

bias due to unmeasured mediators, we considered the prevalence and the strength of the 

association of each mediator 18 with the acute MI outcome documented in the literature 19, 

20, 21 We also reviewed the strength of association between NSAIDs and blood pressure 

increases 22, 23, 24, 25, 26 and renal failure. 27 In the end, the overall extent and the direction of 

any residual confounding due to mediators are very hard to predict as these may be 

causally ordered and may co-exist, and because some biasing effects might cancel each 

other. In theory, the likelihood of residual confounding due to mediating blood pressure 

                                                        
15 Schneeweiss S, Glynn RJ, Tsai EH, et al. Adjusting for unmeasured confounders in pharmacoepidemiologic 

claims data using external information: the example of COX2 inhibitors and myocardial infarction. 

Epidemiology. 2005;16(1):17-24. 
16 Solomon DH, Schneeweiss S, Glynn RJ, et al. Relationship between selective cyclooxygenase-2 inhibitors 

and acute myocardial infarction in older adults. Circulation. 2004;109(17):2068-73. 
17 Schneeweiss S, Glynn RJ, Tsai EH, et al. Adjusting for unmeasured confounders in pharmacoepidemiologic 

claims data using external information: the example of COX2 inhibitors and myocardial infarction. 

Epidemiology. 2005;16(1):17-24. 
18 Vanderweele TJ, Arah OA. Bias formulas for sensitivity analysis of unmeasured confounding for general 

outcomes, treatments, and confounders. Epidemiology. 2011;22(1):42-52. 
19 Collins R, Peto R, MacMahon S, et al. Blood pressure, stroke, and coronary heart disease. Part 2, Short-term 

reductions in blood pressure: overview of randomised drug trials in their epidemiological context. Lancet. 

1990;335(8693):827-38. 
20 Meisinger C, Doring A, Lowel H. Chronic kidney disease and risk of incident myocardial infarction and all-

cause and cardiovascular disease mortality in middle-aged men and women from the general population. Eur 

Heart J. 2006;27(10):1245-50. 
21 Coca SG, Yusuf B, Shlipak MG, et al. Long-term risk of mortality and other adverse outcomes after acute 

kidney injury: a systematic review and meta-analysis. Am J Kidney Dis. 2009;53(6):961-73. 
22 Pope JE, Anderson JJ, Felson DT. A meta-analysis of the effects of nonsteroidal anti-inflammatory drugs on 

blood pressure. Arch Intern Med. 1993;153(4):477-84. 
23 Johnson AG, Nguyen TV, Day RO. Do nonsteroidal anti-inflammatory drugs affect blood pressure? A meta-

analysis. Ann Intern Med. 1994;121(4):289-300. 
24 Farkouh ME, Verheugt FW, Ruland S, et al. A comparison of the blood pressure changes of lumiracoxib with 

those of ibuprofen and naproxen. J Clin Hypertens (Greenwich). 2008;10(8):592-602. 
25 Chan CC, Reid CM, Aw TJ, et al. Do COX-2 inhibitors raise blood pressure more than nonselective NSAIDs 

and placebo? An updated meta-analysis. J Hypertens. 2009;27(12):2332-41. 
26 Snowden S, Nelson R. The effects of nonsteroidal anti-inflammatory drugs on blood pressure in 

hypertensive patients. Cardiol Rev. 2011;19(4):184-91. 
27 Ungprasert P, Cheungpasitporn W, Crowson CS, et al. Individual non-steroidal anti-inflammatory drugs and 

risk of acute kidney injury: A systematic review and meta-analysis of observational studies. Eur J Intern Med. 

2015;26(4):285-91. 
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increase or renal deterioration may increase with longer durations of NSAID use over 

follow-up time – such that the estimates of acute MI risk in the ‘Long’ duration categories 

might be biased to the null. 

 

In summary, on the basis of our assessment of the literature and anticipated direction of 

bias to the null, we think that unmeasured and unmeasurable confounders are unlikely to 

affect the substantive conclusions of this IPD MA, which found associations between 

current NSAID exposure and increased risk of acute MI.  

 

We have added the following text in the revised manuscript: 

“We suspect that residual confounding exists because substantive knowledge 28, 

29, 30 ascertains there are mediating intermediate variables on the causal 

pathway between NSAID exposures and acute MI (Web Figure 2). The likelihood 

of residual confounding due to mediating blood pressure increase or renal 

deterioration may increase with longer durations of NSAID use over follow-up 

time – such that the ORs of acute MI in the ‘Long’ duration categories might be 

biased to the null (underestimated). Previous work 31, 32 provide useful insight 

on the risk of bias due to confounders unobserved in database studies (obesity, 

OTC aspirin or NSAID use, smoking, income, or educational attainment), which 

suggests that failure to adjust for these confounders might slightly 

underestimate MI risk. 33 On the basis of our assessment of the literature 34, 35, 36 

and the anticipated direction of bias to the null, we believe that unmeasured and 

incompletely measured confounders are unlikely to affect the substantive 

                                                        
28 Johnson AG, Nguyen TV, Day RO. Do nonsteroidal anti-inflammatory drugs affect blood pressure? A meta-

analysis. Ann Intern Med. 1994;121(4):289-300. 
29 Chan CC, Reid CM, Aw TJ, et al. Do COX-2 inhibitors raise blood pressure more than nonselective NSAIDs 

and placebo? An updated meta-analysis. J Hypertens. 2009;27(12):2332-41. 
30 Ungprasert P, Cheungpasitporn W, Crowson CS, et al. Individual non-steroidal anti-inflammatory drugs and 

risk of acute kidney injury: A systematic review and meta-analysis of observational studies. Eur J Intern Med. 

2015;26(4):285-91. 
31 Graham DJ, Campen D, Hui R, et al. Risk of acute myocardial infarction and sudden cardiac death in patients 

treated with cyclo-oxygenase 2 selective and non-selective non-steroidal anti-inflammatory drugs: nested 

case-control study. Lancet. 2005;365(9458):475-81. 
32 Solomon DH, Schneeweiss S, Glynn RJ, et al. Relationship between selective cyclooxygenase-2 inhibitors 

and acute myocardial infarction in older adults. Circulation. 2004;109(17):2068-73. 
33 Schneeweiss S, Glynn RJ, Tsai EH, et al. Adjusting for unmeasured confounders in pharmacoepidemiologic 

claims data using external information: the example of COX2 inhibitors and myocardial infarction. 

Epidemiology. 2005;16(1):17-24. 
34 Collins R, Peto R, MacMahon S, et al. Blood pressure, stroke, and coronary heart disease. Part 2, Short-term 

reductions in blood pressure: overview of randomised drug trials in their epidemiological context. Lancet. 

1990;335(8693):827-38. 
35 Meisinger C, Doring A, Lowel H. Chronic kidney disease and risk of incident myocardial infarction and all-

cause and cardiovascular disease mortality in middle-aged men and women from the general population. Eur 

Heart J. 2006;27(10):1245-50. 
36 Coca SG, Yusuf B, Shlipak MG, et al. Long-term risk of mortality and other adverse outcomes after acute 

kidney injury: a systematic review and meta-analysis. Am J Kidney Dis. 2009;53(6):961-73. 
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conclusions of this IPD MA, which found associations between current NSAID 

exposure and increased risk of acute MI.” 

 

 

8) The databases possibly also contain clustering, for example by hospital, region, practice etc, 

but it is not clear if this was handled. 

 

We did not include any further random effects for clustering, for example by hospital, 

region, practice etc, within the four studies. However, the Saskatchewan and GPRD studies 

matched cases and controls for demographics while the Finland study additionally matched 

cases and controls by hospital catchment area and the GPRD study matched by medical 

practice (see Web Extra 1 –Table 2). The original matching was preserved when analysing 

IPD from each study (see attachment for program and all parameter estimates or 

alternatively, Web Extra 2 – Model for one-stage Bayesian IPD MA of NSAIDs and risk of 

acute MI, p. 7)  

 

 

9) Many of the issues above may be addressed by reporting better, by drawing from PRISMA-

IPD.  

Stewart LA, Clarke M, Rovers M, et al. Preferred Reporting Items for Systematic Review and 

Meta-Analyses of individual participant data: the PRISMA-IPD Statement. Jama 

2015;313(16):1657-65. 

 

Thank you. We hope that the revised version allows for a better understanding of our 

methods and results. 

 

 

10) There were systematically missing predictors (confounders not recorded by 1 or more 

studies) and these were assumed to be completely missing at random. But that does not 

explain how they could be included in the 1-stage analysis when they were missing. It depends 

on the modelling structure, and we need more details about how other confounders were 

included. 

 

In addition to the JAGS model code (previously submitted in Web Extra 2), we hope that the 

model equation, which we provided above, answers this question. 

 

In practice, the Bayesian framework allowed overcoming systematic missingness and 

retaining the ‘IPD MA confounders’ that were available in each study (we specify this in the 

revised manuscript). Hence we adjusted for confounding as well as we could within the 

limitations of each dataset. All studies were adjusted for age at index date, diabetes, 

hyperlipidemia, hypertension, coronary heart disease, and rheumatoid arthritis. Individual 

studies were also adjusted for additional ‘IPD MA confounders’ based of their availability, 

as follows: 

 

a) RAMQ: Also adjusted for previous myocardial infarction, congestive heart failure, 

cerebrovascular disease, peripheral vascular disease, chronic obstructive pulmonary 
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disease, gastrointestinal ulcer disease, gastrointestinal bleed, acute or chronic renal 

failure, and concomitant use of oral corticosteroids, clopidogrel, and cardioprotective 

aspirin  

b) Finland: Also adjusted for clopidogrel use 

c) GPRD: Also adjusted for cerebrovascular disease 

d) Saskatchewan: Also adjusted for previous myocardial infarction, congestive heart 

failure, cerebrovascular disease, peripheral vascular disease, chronic obstructive 

pulmonary disease, gastrointestinal ulcer disease, gastrointestinal bleed, and acute or 

chronic renal failure 

 

We have revised the manuscript as follows: 

 

“On the basis of substantive knowledge and confirmation by a search of the 

literature 37,38,39,40 we identified risk factors for the outcome and potential 

confounders, which formed a set of candidate covariates to include in 

multivariable regression analysis. Via a simplified causal graph, 41 we mapped 

relationships between variables,42 (Web Figure 2), including the special case of 

time-dependent confounders that are mediating intermediates on the causal 

pathway between NSAID exposures and acute MI outcome. 43 Such mediator 

variables must be identified at the analysis planning stage as they require 

appropriate measurement and analytical strategies. Using the reference RAMQ 

study, we then substantiated the confounder status for each candidate 

covariate, by calculating the odds ratio (OR) of association between the 

covariate and exposure to NSAIDs among controls and the OR of association 

between the covariate and MI outcome in the unexposed, leading to the final set 

of target confounders (referred to as ‘IPD MA confounders’) selected for 

adjustment in the meta-analysis (Web Table 5). The final set of target ‘IPD MA 

confounders’ comprised: age at index date, male sex, diabetes, hyperlipidemia, 

hypertension, previous myocardial infarction, coronary heart disease (excluding 

prior MI), congestive heart failure, cerebrovascular disease, peripheral vascular 

disease, chronic obstructive pulmonary disease, gastrointestinal ulcer disease, 

gastrointestinal bleed, acute or chronic renal failure, rheumatoid arthritis, and 

                                                        
37 Coca SG, Yusuf B, Shlipak MG, et al. Long-term risk of mortality and other adverse outcomes after acute kidney 

injury: a systematic review and meta-analysis. Am J Kidney Dis. 2009;53(6):961-73. 
38 Hall AJ, Stubbs B, Mamas MA, et al. Association between osteoarthritis and cardiovascular disease: systematic 

review and meta-analysis. Eur J Prev Cardiol. 2015 Oct 13. 
39 Han MK, McLaughlin VV, Criner GJ, et al. Pulmonary diseases and the heart. Circulation. 2007;116(25):2992-

3005. 
40 Meisinger C, Doring A, Lowel H. Chronic kidney disease and risk of incident myocardial infarction and all-cause 

and cardiovascular disease mortality in middle-aged men and women from the general population. Eur Heart J. 

2006;27(10):1245-50. 
41 Greenland S, Pearl J, Robins JM. Causal diagrams for epidemiologic research. Epidemiology. 1999;10(1):37-48. 
42 Sauer BC, Brookhart MA, Roy J, et al. A review of covariate selection for non-experimental comparative 

effectiveness research. Pharmacoepidemiol Drug Saf. 2013. 
43 Robins JM, Hernan MA, Brumback B. Marginal structural models and causal inference in epidemiology. 

Epidemiology. 2000;11(5):550-60. 
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concomitant treatment with oral corticosteroids, clopidogrel, or 

cardioprotective aspirin. The definitions and determination strategies for ‘IPD 

MA confounders’ available from each study can be found in Web Tables 6 to 9. 

All studies were adjusted for the following ‘common IPD MA confounders’: age 

at index date, diabetes, hyperlipidemia, hypertension, coronary heart disease, 

and rheumatoid arthritis. Each study was also adjusted for additional ‘IPD MA 

confounders’, based on measurement in the original dataset, as described in the 

footnote to Table 2. When an ‘IPD MA confounder’ was unavailable, it was 

missing systematically for all subjects in that study.” 

 

 

11 But I am pleased to see a sensitivity analysis on this, though it is hidden in the discussion: 

“To examine how possibly imperfect adjustment resulting from systematically missing 

confounders might affect estimates of acute MI, we compared results of the RAMQ study 

obtained with two adjustment strategies – full set of confounders available in this study 

versus only those confounders that are common to the four studies comprised in the IPD MA. 

Only adjusting for common confounders in the RAMQ study had a limited effect on the 

estimates obtained from fully adjusted models (Web Table 12).” 

I suggest this is actually moved to the results, and the methods of this sensitivity analysis 

actually detailed in the Methods section 

 

We have detailed the methods of this sensitivity analysis in the Methods section and 

presented the findings in the Results section. 

 

 

12) I wonder, could the authors use the approach outline here to deal with systematically 

missing predictors? It is a simply approach, and just  slight extension of their sensitivity 

analysis anyway: 

1. Fibrinogen Studies Collaboration, Jackson D, White I, et al. Systematically missing 

confounders in individual participant data meta-analysis of observational cohort studies. Stat 

Med 2009;28(8):1218-37. 

 

Jackson et al. (2009) write:  “We propose a joint model for the fully and partially adjusted 

estimates. We allow for statistical heterogeneity between studies by using the standard 

bivariate random-effects model for meta-analysis [4–6] for the partially and fully adjusted 

estimates of effect. This enables inferences concerning both partially and fully adjusted 

effects to ‘borrow strength’ [6] from the other type of estimate. Most importantly, the fully 

adjusted estimate borrows strength from the studies that only provide partially adjusted 

estimates. …” 

“With IPD, a one-stage approach to analysis is possible: in this a single model for all studies, 

typically incorporating study level random effects, is fitted directly, thus avoiding the 

within-study quadratic approximation. … 

In this paper, we do not adopt a one-stage approach because of its computational 

complexity with time-to-event outcomes [14], because of the large size of our motivating 

data set, and because it is not clear how to encompass both fully adjusted and partially 

adjusted models.” 
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The one-stage Bayesian model written for this IPD MA did allow encompassing both fully 

adjusted studies (RAMQ) and partially adjusted studies (Finland, GRPD, and Saskatchewan) 

(see attachment for the program and all parameter estimates or alternatively Web Extra 2 

– Model for one-stage Bayesian IPD MA of NSAIDs and risk of acute MI, p. 7). 

 

 

13) I do not see what the word ‘one-stage’ adds to the title. 

 

We have removed ‘one-stage’ from the title but believe it is important that this analytical 

framework be clearly specified elsewhere in the manuscript.  

 

One of the advantages of using a one-step approach is that the uncertainty in parameter 

estimates derived at the lower level of analysis is accounted for. 44 We feel this is 

particularly important in the context of this IPD MA that includes only four studies.  

 

It seems that the respective advantages and disadvantages of one- and two-stage modelling 

is a topic of current interest and debate. See for example: 

Debray TP, Moons KG, van Valkenhoef G, et al. Get real in individual participant data (IPD) 

meta-analysis: a review of the methodology. Res Synth Methods. 2015;6(4):293-309. 

 

 

14) “adjusted median pooled odds ratios”: this is not very easy for the BMJ reader to interpret. 

I would call them summary adjusted odds ratios, and in the methods simply explain that these 

are the median values from the posterior distribution. 

 

We modified the manuscript based on the above suggestion. 

 

 

15) It is not always clear (e.g. in the abstract) who the comparison group is. Those not taking 

NSAIDs? It is not stated. 

 

The comparison group was non-use of any NSAID in the year preceding the index date. 

Indeed this was missing from the Abstract and this has been corrected.  

 

 

16) It says there is at least an 80% probability of increasing MI risk by X-Y%. This does not 

make sense to me. Why restrict it to a category, and not simply say by at least X%.? 

 

In our submitted manuscript we provided the confidence in magnitude of risk increase 

associated with short-term use of NSAIDs (use for 1-7 days, Low dose for 1-4 weeks, High 

dose for 1-4 weeks) and this is why we reported ‘at least an 80% probability of associated 

                                                        
44 Debray TP, Moons KG, van Valkenhoef G, et al. Get real in individual participant data (IPD) meta-analysis: a 

review of the methodology. Res Synth Methods. 2015;6(4):293-309. 
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increased MI risk as a range of X-Y%. We realize that this may be confusing. Therefore, we 

have modified the text as follows: 

 

“Confidence in magnitude of risk increase associated with short-term use 

We examined the plots of Bayesian posterior probability that ORs of acute MI 

were greater than a series of pre-specified thresholds. Selecting a benchmark of 

80% (horizontal black line), and considering use for 1-7 days (intersecting gold 

line), there was at least 80% probability that the OR of acute MI is greater than 

1.07 for celecoxib (Figure 2a), 1.30 for diclofenac and naproxen (Figures 3a and 

5a), 1.25 for ibuprofen (Figure 4a), and 1.35 for rofecoxib (Figure 6a). Clinicians 

may wish to consider different exposure categories, cut points for posterior 

probability of risk, and OR thresholds. For example, with naproxen ≤ 750 

mg/day for 1-4 weeks, there is a 58% probability that the OR of acute MI is 

greater than 1.20 (green line in Figure 5a).” 

 

 

17) The abstract does not give us the summary meta-analysis results (ORs), despite detailing 

them in the short methods. 

 

We struggled with what to present in the Abstract for results as this meta-analysis involves 

some 25 summary ORs of interest since there are 5 NSAIDs and 5 categories of current 

exposure. While readers are used to seeing a point estimate and its confidence or credible 

interval, we felt that presenting direct probability statements of risk were more 

informative than ORs and CrIs.   

 

We have modified the Abstract (Methods and Results), which now reads as follows:   

 

“Methods 

We performed a systematic review followed by a one-stage Bayesian individual 

patient data meta-analysis of internally valid healthcare database studies 

reporting MI risks with traditional NSAIDs (t-NSAIDs), celecoxib, and rofecoxib. 

To capture the complexities of real-world patient behaviour, we modelled drug 

exposure as an indicator variable incorporating the specific NSAID, its recency, 

duration of use, and dose. We calculated summary adjusted odds ratios (OR) of 

acute MI for each NSAID use versus non-use in the preceding year. The prior 

distribution of MI heterogeneity was informed by previous observational 

research  

Results  

We had access to four healthcare databases (Provinces of Quebec and of 

Saskatchewan [Canada], Finland, and the UK) and identified a cohort of 446 763 

individuals including 61 460 with acute myocardial infarction. All dose-duration 

categories of current NSAID use were associated with an increased risk of MI. 

With use for 1-7 days (any dose) the posterior probability of the OR of acute MI 

being greater than 1.0 was 92% for celecoxib, 97% for ibuprofen, and 99% for 

naproxen, diclofenac, and rofecoxib. The corresponding ORs (95% credible 
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interval) with use for 1-7 days were: for celecoxib: 1.24 (0.91, 1.82), ibuprofen: 

1.48 (1.00, 2.26), diclofenac: 1.50 (1.06, 2.04), naproxen: 1.53 (1.07, 2.33), and 

rofecoxib: 1.58(1.07, 2.17). High NSAID doses were associated with greater MI 

risk. With use for >1 month risks did not appear to exceed those associated with 

shorter durations.” 

 

 

18) The ORs relate to what time-point? 

 

The ORs related to the index date: date of hospitalization with acute MI for cases and 

matched date for controls.  

 

 

19) I was extremely confused when the authors suddenly mentioned cases and controls, as I 

had assumed that databases essential represent a cohort study. This needs to be clarified. “. 

Differences in local prescribing habits during the study period – including uptake of coxibs in 

the various study jurisdictions, 54-56 and in matching strategies – may explain the observed 

contrasting prevalences of exposure on index date (MI for cases, matched date for controls – 

See Web Table 2 for details on matching) within- and between studies”. 

 

As was reported in the Methods – Data source and outcome in the submitted manuscript 

“From the universal, computerized public insurance databases of Quebec, Canada, we 

created a nested case-control dataset (RAMQ), which served as reference for harmonizing 

the IPD from other studies. The other included datasets were a population-based case-

control study from Finland 45  and two nested case-control studies – one from the UK 

General Practice Research Database (GPRD) 46  and the other from Saskatchewan 47”  

 

Web Extra 1 Table 2 described the design of the original four healthcare database studies 

included in the IPD MA (dataset supplied by Investigator).  

 

 

This issue relates to point 15 and the comparison group I sense.   If there is no comparison 

group, then how do we know we have increased risks? 

 

The comparison group was non-use of any NSAID in the year preceding the index date. 

 

 

                                                        
45 Helin-Salmivaara A, Virtanen A, Vesalainen R, et al. NSAID use and the risk of hospitalization for first 

myocardial infarction in the general population: a nationwide case-control study from Finland. Eur Heart J. 

2006;27(14):1657-63. 
46 Andersohn F, Suissa S, Garbe E. Use of first- and second-generation cyclooxygenase-2-selective 

nonsteroidal antiinflammatory drugs and risk of acute myocardial infarction. Circulation. 

2006;113(16):1950-7. 
47 Varas-Lorenzo C, Castellsague J, Stang MR, et al. The use of selective cyclooxygenase-2 inhibitors and the 

risk of acute myocardial infarction in Saskatchewan, Canada. Pharmacoepidemiol Drug Saf. 

2009;18(11):1016-25. 



 

22 

20) How were covariates such as ‘use for 1 to 7 days’ included in the model?  And again, what 

is the comparison group?  This analysis suggests that the model is looking at interactions 

between effects and covariates like duration, but how was this modelled. See for example 

below on the need to carefully model interactions in a 1-stage analysis 

Fisher DJ, Copas AJ, Tierney JF, et al. A critical review of methods for the assessment of patient-

level interactions in individual participant data meta-analysis of randomized trials, and 

guidance for practitioners. J Clin Epidemiol 2011;64(9):949-67. 

Riley RD, Steyerberg EW. Meta-analysis of a binary outcome using individual participant data 

and aggregate data. Journal of Reseach Synthesis Methods 2010;1:2-9. 

 

Please see our answers to Questions 6), 10), and 15). 

 

We did not model the effects of NSAID, such as duration, as an interaction with the main 

effect.  

 

Note that for the purpose of answering a question from an Editor regarding interactions 

with cardiovascular risk profiles, we have revised the manuscript to add the following 

paragraph: 

“We might have taken advantage of this one-stage IPD MA to investigate clinical 

heterogeneity via a formal analysis of interactions between NSAIDs and major 

CV risk profiles. 48, 49, 50 However, interaction studies involving a categorical 

NSAID exposure, such as in this IPD MA, would have less statistical power 51 and 

would overly depend on classifying exposure without error. 52” 

 

 

21) I struggle with the main conclusion that “For celecoxib, risks of acute MI do 

not appear to be greater than those of t-NSAIDs and are lower than those of rofecoxib”  

 

We believe that this conclusion is reasonable, as we are not stating that celecoxib is safer 

than the other NSAID or ‘best’. Instead we are simply summarizing what we have 

consistently observed from our data – See Table 2 and Figures 2 to 6. Furthermore, in 

additional analyses we have explored the possibility but found no evidence that residual 

confounding or exposure misclassification might affect the various NSAIDs in a differential 

way.  

 

                                                        
48 Simmonds MC, Higgins JP. Covariate heterogeneity in meta-analysis: criteria for deciding between meta-

regression and individual patient data. Stat Med. 2007;26(15):2982-99. 
49 Fisher DJ, Copas AJ, Tierney JF, et al. A critical review of methods for the assessment of patient-level 

interactions in individual participant data meta-analysis of randomized trials, and guidance for practitioners. 

J Clin Epidemiol. 2011;64(9):949-67. 
50 Debray TP, Moons KG, van Valkenhoef G, et al. Get real in individual participant data (IPD) meta-analysis: a 

review of the methodology. Res Synth Methods. 2015;6(4):293-309. 
51 Greenland S. Basic problems in interaction assessment. Environ Health Perspect. 1993;101(Suppl 4):59-66. 
52 Greenland S. Interactions in epidemiology: relevance, identification, and estimation. Epidemiology. 

2009;20(1):14-7. 



 

23 

Figure 7 nicely shows the probabilities that one is the best. But can we believe these? These 

are not randomised comparisons, so the authors should be very careful.  If the authors are to 

make inferences about which drug is best/worst, then they need to be extremely cautious here 

and justify why.  It relates to the causality issue, how many confounders were adjusted for, 

whether there are missing confounders etc. 

Though the findings are interesting, surely the findings need to be tempered considerably? 

 

We propose replacing Figure 7 by the following Table, which by providing direct 

probability statements, allows the reader to better appreciate the uncertainty of increased 

risk of acute MI associated with current NSAID use.  

 
Table – Probability of increased risk of acute MI (OR > 1.0) associated with current NSAID use 

compared with non-use of any NSAID in the year preceding index in the one-stage Bayesian IPD MA 

Current use category
*
 Bayesian posterior probability of 

summary adjusted OR † of acute MI >1.0 

Celecoxib  

Any dose for ≤ 7 days 92.4 

≤ 200 mg/day for 8 to ≤30 days 97.4 

> 200 mg/day for 8 to ≤30 days 85.8 

≤ 200 mg/day for >30 days 97.9 

>200 mg/day for >30 days 95.0 

Diclofenac  

Any dose for ≤ 7 days 98.6 

≤ 100 mg/day for 8 to ≤30 days 93.3 

> 100 mg/day for 8 to ≤30 days 92.7 

≤ 100 mg/day for >30 days 99.9 

> 100 mg/day for >30 days 98.8 

Ibuprofen  

Any dose for ≤ 7 days 97.3 

≤ 1200 mg/day for 8 to ≤30 days 59.3 ‡ 

> 1200 mg/day for 8 to ≤30 days 97.5 

≤ 1200 mg/day for >30 days 98.0 

> 1200 mg/day for >30 days 98.3 

Naproxen  

Any dose for ≤ 7 days 98.8 

≤ 750 mg/day for 8 to ≤30 days 92.1 

> 750 mg/day for 8 to ≤30 days 99.2 

≤ 750 mg/day for >30 days 94.9 

> 750 mg/day for >30 days 91.6 

Rofecoxib  

Any dose for ≤ 7 days 98.8 

≤ 25 mg/day for 8 to ≤30 days 88.6 

> 25 mg/day for 8 to ≤30 days 99.8 

≤ 25 mg/day for >30 days 99.9 
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Current use category
*
 Bayesian posterior probability of 

summary adjusted OR † of acute MI >1.0 

> 25 mg/day for >30 days 99.0 

*†  Refer to Table 2 of the revised manuscript 
‡
 Sparse data 

 

Comparisons between the various NSAIDs are left as a supplementary analysis (given in 

Web Extra 1, Figure 3) 

 

Anyway, I wil stop there. In summary, there is much that I like, and the authors have done a 

considerable piece of work. But there is lack of clarity and over-stating of strength of findings, 

in my opinion. Thus it is too preliminary for the BMJ to make a decision on this article, until 

these issues are resolved and clarified. 

 

I hope my comments help the authors improve the article going forward. 

Richard Riley, BMJ Statistics Editor. 


