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ntil recently, only small-scale randomised controlled
l | trials (RCTs) had evaluated the impact of invasive

approaches in elderly patients with acute coronary
syndromes (ACS). To address the inherent limitations of
these smaller trials, a comprehensive individual participant
data (IPD) meta-analysis was conducted'. Following this
meta-analysis, the SENIOR-RITA trial?, with a sample
size comparable to the total sample of the IPD meta-
analysis! was published. This RCT? found no evidence that
an invasive strategy reduces cardiovascular death or non-
fatal myocardial infarction (MI) compared to a conservative
approach in older patients with non-ST-segment elevation
myocardial infarction. Here, we employ this large RCT?
to update the meta-analysis' within a Bayesian framework,
providing a probabilistic perspective on the interpretation of
the estimated effects.

We considered the comprehensive IPD meta-analysis of
6 small-scale RCTs (sample sizes ranging from 106-457,
with a total number of 1,479 individuals) evaluating the
impact of percutaneous coronary intervention (PCI) in elderly
ACS patients'. The recently published SENIOR-RITA trial?
included 1,518 patients =75 years old with ACS. Patients in
all these trials were randomised to an invasive strategy with
coronary angiography and revascularisation or guideline-
driven medical therapy. We used a Bayesian random-effects
meta-analysis to obtain the posterior distribution of the
hazard ratios (HR) with a minimally informative prior for
the treatment effect (i.e., N(0,10%)) and a vague prior for the
standard deviation of random effects, i.e., the positive part
of a standard normal distribution N(0,1)T(0,). We fitted the
model via Markov Chain Monte Carlo using 6 chains, 10,000
iterations each, after an initial adaptation of 500 iterations.
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We checked convergence by visually checking the posterior
distribution and the mixing of the chains, and via R-hat.
We performed a series on sensitivity analyses, using different
priors for the treatment effects and heterogeneity parameter.
All analyses were performed in R software (R Foundation for
Statistical Computing).

For the primary composite outcome of all-cause mortality
or MI, we found weak evidence of superiority of the
invasive strategy compared to the conservative treatment.
The estimated effect size was HR 0.89 (95% credible
interval [Crl]: 0.68-1.14) and was similar to the one from
the IPD meta-analysis. The probability that the invasive
strategy is better than the conservative one (corresponding
to HR <1) was estimated at 86% (Figure 1A). Detailed
results are provided in Supplementary Appendix 1. For
the individual outcomes of all-cause and cardiovascular
mortality, we found weak evidence that an invasive strategy
may be detrimental, with posterior probabilities of 91% and
67%, respectively, in favour of the conservative approach
(Figure 1B, Figure 1C), similar to the findings from the
SENIOR-RITA trial. Conversely, we found strong evidence
that an invasive strategy reduces the hazard of MI (HR
0.70 [95% Crl: 0.56-0.86]) compared to a conservative
approach, and there was almost certainty (posterior
probability ~100%) that the true HR is <1 (Figure 1D). For
urgent revascularisation, we found very strong evidence of
a beneficial effect of an invasive strategy (HR 0.28 [95%
Crl: 0.20-0.41]), with ~100% probability that the invasive
approach is better (Figure 1E). However, for stroke we found
no evidence for a difference between the treatment strategies
(HR 0.97 [95% Crl: 0.67-1.43]), with a 55% posterior
probability that invasive is better.
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Figure 1. Posterior distributions for the different outcomes. Combined posterior distributions for the composite endpoint of
all-cause mortality and myocardial infarction (A), all-cause mortality (B), cardiovascular mortality (C), myocardial infarction

(D), urgent revascularisation (E) and stroke (F). We abstracted the

effect sizes in hazard ratios (HR) as reported from each trial,

along with the corresponding confidence intervals. For the Bayesian meta-analysis of the primary composite outcome of
all-cause mortality or myocardial infarction, we included effect estimates from the individual trials separately. For the
adjudicated secondary outcomes, we were unable to obtain study-level data from the 6 RCTs in the meta-analysis. Thus, we used
the summary estimates from the one-stage, random-effects, IPD meta-analysis as our prior distribution, which we updated using

the results reported by SENIOR-RITA to obtain our posterior estimates. The treatment effects are expressed in hazard ratios

(95% credible intervals [Crl]). The percentages shown to the left/right of the null effect in the graphs represent the posterior
probability that the invasive strategy is better/worse than conservative treatment. IPD: individual participant data;

MI: myocardial infarction; RCT: randomised controlled trial

Overall, the inclusion of the large RCT? in the meta-analysis
did not change the direction of the effects for most outcomes
but considerably increased the precision of the estimates. The
probabilistic interpretation facilitates a nuanced understanding
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of the treatment effects and allows for quantitative statements
that are easy to understand, thus enhancing the decision-making
process. This is especially pertinent for patients who are at risk
of multiple clinical outcomes. In this context, non-mortality



outcomes may be more relevant, as all-cause mortality lacks
sensitivity and specificity for assessing interventions, especially
in elderly ACS patients®*. Here, the increase in life expectancy
among elderly patients in recent years should be factored into
treatment decisions for those with ACS. However, decision-
making remains complex due to comorbidities and frailty in
this population. As a result, shared decision-making is crucial
to ensure that interventions align with the patient’s values,
preferences, health status, and overall goals for quality of
life>. Unfortunately, the type of data that was available from
the studies (aggregated data) and the absence of quality-of-
life metrics prevented us from evaluating the impact of either
strategy on quality of life, which may be more relevant for this
patient group.

The present analysis illustrates how accumulated evidence
can be interpreted within a Bayesian framework and provides
insights into the potential benefits and risks of invasive
procedures for a specific group of patients, which healthcare
providers can share with patients and their families to
support informed decision-making. As a direction for future
research, in such scenarios involving treatments with varying
effectiveness-safety trade-offs, combining patient-level data
from multiple studies using dedicated statistical methods may
allow accurate predictions of intervention effects at the patient
level. This approach may empower practitioners to make
better-informed decisions and help patients receive treatments
that are most aligned with their individual characteristics,
preferences, and needs.
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1 Composite outcome all-cause mortality and
myocardial infarction

Below we provide the data extracted from the individual studies. These are the ones included in an
IPD meta-analysis' and the SENIOR RITA trial.> This shows the hazard ratio (HR), and lower and
upper 95% Confidence Intervals of the treatment effect

Study year hr Ici uci
2 ItalianElderlyACS 2012 0.97 0.57 1.66
AfterEighty 2016 0.64 0.45 0.90
MOSCA 2016 0.91 0.51 1.64
80+Study 2020 0.74 0.41 1.33
RINCAL 2021 0.73 0.44 1.22
MOSCA-FRAIL 2023 1.41 0.84 2.37
SENIOR-RITA 2024 0.97 0.83 1.13

[ BN Be NNV, RN U}

1.1 Frequentist meta-analysis

We perform a pairwise meta-analysis using the meta package in R.’

Study Hazard Ratio HR 95%-Cl
ItalianElderlyACS (2012) %7 0.97 [0.57; 1.66]
AfterEighty (2016) —s— 0.64 [0.45;0.91]
MOSCA (20186) —rf—— 0.91 [0.51;1.63]
80+Study (2020) T 0.74 [0.41; 1.33]
RINCAL (2021) i 0.73 [0.44; 1.22]
MOSCA-FRAIL (2023) + 1.41 [0.84; 2.37]
SENIOR-RITA (2024) e 0.97 [0.83; 1.13]
Common effect model <I> 0.91 [0.81; 1.03]
Random effects model = 0.88 [0.73; 1.07]
Prediction interval ﬁ— [0.57; 1.37]

T 1

0.5 1 2

Favours active Favours control

Heterogeneity: 1 = 30%, t2 = 0.0202, p = 0.20

1.2 Bayesian meta-analyses

1.2.1 Fixed effect meta-analysis

We repeated the analysis, this time using a Bayesian fixed-effect model.
Yi~N(Y,s?)
Y~N(0,10%)

In the above, y; denotes the observed treatment effect (log-hazard ratio) observed in study i and s? the
corresponding variance. We fit the model via MCMC using R2jags in R.® For the treatment effect we
used an uninformative prior N(0,100). We used 6 chains, 10,000 iterations each, after an initial
adaptation of 500 iterations. The posterior estimate HR= 0.91 [95% Credible Interval 0.81; 1.03], i.e.
exactly matching the results from the frequentist analysis.

We ensured convergence by visually checking the posterior distribution and by checking the mixing of
the chains. We also checked R-hat, which was found to be equal to 1, suggesting convergence. The
effective sample size (ESS) for the HR was 59348.
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We calculated the posterior probability that the active is better than control as the percent of MCMC
iterations where HR>1. This was found to be 93.1%.

Below we show a plot of the posterior distribution.
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In sensitivity analyses we used different, weakly informative prior distributions for the treatment effect,
ie, Y~N(0,0% = 10) and Y~N(0,02 = 1). Results were not materially different.

1.2.2 Random effects meta-analysis

We repeated the analysis using a random effects model.

Yi~N(ui'Si2)

u;~N(Y,12)



Y~N(0,10%)
7~N(0,1)I(0,)

Here we used a truncated standard normal distribution for the standard deviation of random effects on
the log-HR scale (“heterogeneity”). We fit the model using again 6 chains, 10,000 iterations after 500
iterations for adaptation.

The posterior estimate for HR was 0.89 [0.68; 1.14]. Heterogeneity was estimated at =0.18 [0.01;
0.58], with t= 0.033 [0.0001; 0.3360].

Below we show the plots for the assessment of convergence. R-hat was below 1.01 for all parameters.
The ESS was17,425 for the HR and 2,710 for 7. Increasing the number to iterations to 30,000 per
chain did not lead to materially different results.
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Posterior probability that the active is better than control was estimated at 86.2%.
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Below we combine the two graphs for fixed and random effects meta-analysis.
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Finally, we create a figure summarizing the information on the treatment effect as estimated from 3 sources: 1) the IPD-MA result (i.e. including all studies
except SENIOR _RITA) 2) the result from SENIOR_RITA; 3) the published result from the combined, random effects meta-analysis from all studies.
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In sensitivity analyses we used a different prior for heterogeneity (a weakly informative half Cauchy
distribution with center 0 and scale 2.5, recommended by Gellman et al.”) and a weakly informative
prior for the treatment effect, Y ~N (0, 10?). Results were not materially affected.



2 All-cause mortality

For this outcome we were not able to extract information on the treatment effect from the individual
studies. We thus jointly analysed the published results from the IPD meta-analysis' and the
SENIOR_RITA trial.? Here is the data we used:

Study hr lci uci
10 IPD_META-ANALYSIS 1.03 0.69 1.53
17 SENIOR-RITA 1.13 0.95 1.34

2.1 Frequentist meta-analysis

We first performed a meta-analysis of the two sources of evidence, using a fixed effect model.

Study Hazard Ratio HR 95%-ClI

IPD_META-ANALYSIS : 1.03 [0.69; 1.53]

SENIOR-RITA T 1.13 [0.95; 1.34]

Common effect model : <}$=- | 1.11 [0.95; 1.30]
0.75 1 1.5

Favours active Favours control

Heterogeneity: 1* = 0%, t* = 0, p = 0.68

2.2 Bayesian analysis

We analysed the data using the IPD results as prior distribution and update it using SENIOR-RITA
results. The model is the following:

2
YSENIOR_RITA ~N(Y! SSENIOR_RITA)

Y~NYippmar Stopma)

We followed the same fitting procedures as for the primary outcome (convergence was evident in
results; metrics not shown).

The posterior estimate for HR was 1.11 [0.95; 1.30]. There was a 90.8% probability that HR>1.
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3 Cardiovascular mortality

We repeated the same analyses as for all-cause mortality.

Study hr Ici uci
19 IPD_ META-ANALYSIS 0.89 0.57 1.40
26  SENIOR-RITA 1.11 0.86 1.44

3.1 Frequentist meta-analysis

Study Hazard Ratio HR 95%-ClI

IPD_META-ANALYSIS ‘ 0.89 [0.57; 1.39]

SENIOR-RITA ——i—'— 1.11 [0.86; 1.44]

Common effect model | —:::i:::_ | 1.05 [0.84; 1.31]
0.75 1 1.5

Favours active Favours control

Heterogeneity: 17 = 0%, 12 =0, p = 0.40

3.2 Bayesian analysis

We use the IPD results as prior and update it using SENIOR-RITA results, as per the all-cause

mortality outcome. We followed the same fitting procedures as for the primary outcome (convergence
was evident in results; metrics not shown).

The posterior estimate for HR was 1.05 [0.84; 1.31]. There was a 66.6% probability that HR>1.
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4 Myocardial Infarction

We repeated the same analyses as for all-cause mortality.

28
35

4

Study hr Ici uci
IPD_META-ANALYSIS 0.62 0.44 0.87
SENIOR-RITA 0.75 0.57 0.99

.1 Frequentist meta-analysis

Study Hazard Ratio HR 95%-ClI

IPD_META-ANALYSIS ——++— 0.62 [0.44; 0.87]

SENIOR-RITA —9—'— 0.75 [0.57; 0.99]

Common effect model : <%> I 0.70 [0.56; 0.86]
0.5 1 2

Favours active Favours control

Heterogeneity: I° = 0%, t>=0, p = 0.39

4.2 Bayesian analysis
We use the IPD results as prior, and update it using SENIOR-RITA results.

The posterior estimate for HR was 0.70 [0.56; 0.86]. There was a 99.96% probability that HR<I.
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5 Urgent revascularization

We repeated the same analyses as for all-cause mortality.
Study hr Ici uci

371PD_META-ANALYSIS 0.41 0.18 0.95
44  SENIOR-RITA 0.26 0.17 0.39

5.1 Frequentist meta-analysis

Study Hazard Ratio HR 95%-CI

IPD_META-ANALYSIS —;—'* 0.41 [0.18; 0.94]

SENIOR-RITA —a 0.26 [0.17; 0.39]

Common effect model | <:>‘- : | | 0.28 [0.20; 0.41]
0.1 0.5 1 2

Favours active Favours control

Heterogeneity: 1?=0%,1t°=0, p =034

5.2 Bayesian analysis

We use the [PD results as prior and update it using SENIOR-RITA results, as per the all-cause
mortality outcome. We followed the same fitting procedures as for the primary outcome (convergence

was evident in results; metrics not shown).

The posterior estimate for HR was 0.28 [0.20; 0.41]. There was a 100% probability that HR<I.
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6 Stroke

We repeated the same analyses as for all-cause mortality.
Study hr Ici uci

46 IPD_META-ANALYSIS 1.46 0.74 2.89
53 SENIOR-RITA 0.81 0.51 1.28

6.1 Frequentist meta-analysis

Study Hazard Ratio HR 95%-Cl

IPD_META-ANALYSIS _t 1.46 [0.74; 2.89]

SENIOR-RITA —'—E— 0.81 [0.51;1.28]

Common effect model — -=:'__’ii_"?:=- : : 0.97 [0.67; 1.43]
04 1 2 4

Favours active Favours control

Heterogeneity: 12 = 49%, 1% = 0.0856, p = 0.16

6.2 Bayesian analysis

We use the IPD results as prior and update it using SENIOR-RITA results, as per the all-cause

mortality outcome. We followed the same fitting procedures as for the primary outcome (convergence
was evident in results; metrics not shown).

The posterior estimate for HR was 0.97 [0.67; 1,43]. There was a 45% probability that HR>1.
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7 Additional results

Aiming to enhance the utility and clinical relevance of our findings, below we show the posterior
probabilities that the HR is lower or greater than a series of values. For the composite outcome, the
estimation was made using the random effects meta-analysis model. HR<1 favors invasive treatments.

Posterior probabilities that the invasive treatment is beneficial:

P(HR<1) | P(HR<0.975) | P(HR<0.95) | P(HR<0.90)
QOutcome
Composite outcome all cause 86% 81% 73% 54%
mortality and MI
All-cause mortality 9% 5% 2% 0%
Cardiovascular mortality 33% 26% 19% 9%
MI 100% 100% 100% 99%
Urgent revascularization 100% 100% 100% 100%
Stroke 55% 50% 45% 34%
*Smaller HRs correspond to larger benefit of invasive treatment
Posterior probabilities that the invasive treatment is detrimental:
Outcome P(HR>1) | P(HR>1.025) | P(HR>1.05) | P(HR>1.10)
Composite outcome all cause 14% 10% 7% 4%
mortality and MI
All-cause mortality 91% 85% 77% 56%
Cardiovascular mortality 67% 59% 50% 34%
MI 0% 0% 0% 0%
Urgent revascularization 0% 0% 0% 0%
Stroke 45% 40% 35% 27%

*Larger HRs correspond to larger harm of invasive treatment

Explanation examples:

-there is 54% that invasive treatment reduces the hazard of the composite outcome by 10% or more

i.e. probability of HR<0.90 is 0.54).

-there is 77% that invasive treatment increases the hazard of all-cause mortality by 5% or more (i.e.

probability of HR>1.05 is 0.77).




8 Data sharing statement

In the following link we provide the complete dataset, statistical code, and key information related to
the Bayesian analyses presented in this article for unrestricted use:

https://github.com/oremiou/ACS _elderly



https://github.com/oremiou/ACS_elderly

	EIJ-D-25-00147_Siontis_SD.pdf
	1 Composite outcome all-cause mortality and myocardial infarction
	1.1 Frequentist meta-analysis
	1.2 Bayesian meta-analyses
	1.2.1 Fixed effect meta-analysis
	1.2.2 Random effects meta-analysis


	2 All-cause mortality
	2.1 Frequentist meta-analysis
	2.2 Bayesian analysis

	3 Cardiovascular mortality
	3.1 Frequentist meta-analysis
	3.2 Bayesian analysis

	4 Myocardial Infarction
	4.1 Frequentist meta-analysis
	4.2 Bayesian analysis

	5 Urgent revascularization
	5.1 Frequentist meta-analysis
	5.2 Bayesian analysis

	6 Stroke
	6.1 Frequentist meta-analysis
	6.2 Bayesian analysis

	7 Additional results
	8 Data sharing statement


