Supplement 2: Bayesian Analysis

Mortality Effect Of Higher Versus Lower Blood Pressure Targets In Vasodilatory Shock: An Updated Systematic Review And Meta-Analysis

Henrique Mendes, MD, MRCEM, PGCE
Jesse King, MD BSc
Nikhil Kumar, FCICM, M.Clin Epi, MBBS, BSc
Kush Deshpande, MBBS, MD, FCICM
Rakshit Panwar, PhD, MBBS, MD, DNB, FCICM
Frank MP van Haren, MD PhD FCICM EDIC PgDipEcho

Bayesian Analysis

· Bayesian methods

We conducted a Bayesian hierarchical meta-analysis in R (version 4.5.1) using brms (version 2.22.0) with the cmdstanr backend. Outcomes were modelled with a binomial likelihood and logit link. To account for between-trial differences and heterogeneity in treatment effects, outcomes were modelled as the number of events out of the total number of patients in each arm, with a binomial likelihood and logit link, including a random intercept for each trial and a random treatment effect nested within trial.
For the primary analysis, we specified a weakly informative Normal (0, 1.5) prior for the pooled log-odds ratio (log-OR). This centres the null and permits a wide, clinically plausible range of mortality effects (≈OR 0.05–19 within the 95% prior interval), limiting undue shrinkage while avoiding unrealistic extremes. As an alternative model, reflecting strong equipoise, we used a sceptical Normal (0, 0.10) prior (≈OR 0.82–1.22 within the 95% prior interval) to assess whether the data can overcome conservative prior beliefs. Sensitivity analyses included the fixed-effect model and leave-one-out (LOO) re-fits, excluding each trial.
Between-study heterogeneity in the random intercepts and treatment effects was regularised with half-Student-t(3, 0, 1) priors on the corresponding standard deviations. Heavy-tailed half-t priors are recommended for variance components in sparse hierarchical settings because they allow for larger heterogeneity when supported by the data, while avoiding overestimation when k (number of trials included, in this case, 4) is small. For the correlation between study-level intercepts and treatment effects, we used an LKJ(2) prior on the correlation matrix, which mildly favours near-zero correlations yet permits moderate dependence if indicated by the data.
Posterior results were primarily yielded as the mean odds ratio (OR) with 95% credible intervals (CrIs) from the logit coefficient, and as the median risk ratio (RR) with 95% CrIs obtained by posterior marginal standardisation (predicting risks under each arm for all studies and taking the ratio of study-averaged risks). We also report P(RR > 1) (posterior probability of harm). 
While odds ratios (ORs) were our primary metric for consistency with the parallel frequentist meta-analytic approach, we emphasise risk ratios (RRs) and P(RR>1) for several reasons. First, RRs directly quantify relative risk changes (e.g., RR=1.10 = 10% increased risk), offering clearer clinical interpretability than Ors, particularly for high event rates (e.g., mortality in septic shock). This aligns with broader methodological guidance advocating RRs for patient-centred outcomes due to their intuitive scale. Additionally, RRs derived via posterior marginal standardisation account for study-specific baseline risks, circumventing the tendency of ORs to overestimate effects when outcomes are common. For instance, in our mortality analyses (control-arm risks: 15–40%), ORs inflated effects relative to RRs (e.g., OR=1.5 ≈ RR=1.3 at 30% risk). Finally, P(RR>1) supports probabilistic decision-making by explicitly quantifying the probability of harm, a more actionable metric than frequentist p-values. These approaches are increasingly recommended in Bayesian comparative effectiveness research for their transparency and relevance to real-world decision-making.
Sampling used Hamiltonian Monte Carlo (No-U-Turn Sampler) with 4 chains, 20,000 iterations per chain and 4,000 warm-up. Endpoint-specific controls for the 28-day pooling included an adapt_delta = 0.999, max_treedepth = 20, and initial step_size = 0.01 in the main models; LOO models used an initial step_size = 0.005. For 90-day, to suppress rare divergences the main models used tighter controls adapt_delta = 0.9999, max_treedepth = 20, and initial step_size = 0.005; LOO models used initial step_size = 0.005 and adapt_delta = 0.999. Convergence and sampling quality were assessed via the potential scale reduction factor (R-hat), effective sample sizes (bulk and tail), divergent transitions, treedepth saturation, and Energy Bayesian Fraction of Missing Information (E-BFMI).
Model calibration was evaluated with posterior predictive checks (PPCs): density and empirical CDF overlays; a 2D statistic plot (mean vs. SD) comparing observed to replicated datasets; per-arm 90% posterior predictive intervals for observed event counts; and a posterior predictive p-value for the global log-risk-ratio. All plots and PPC metrics were saved per endpoint alongside results and diagnostics.
Model scale and transformation - The primary Bayesian model was binomial–logit, yielding posterior draws on the log‑odds ratio scale. For clinical interpretability, study‑specific effects were transformed to the RR scale via posterior marginal standardisation. For each posterior draw we: (i) obtained study‑specific linear predictors for each arm; (ii) converted to risks via the inverse‑logit; (iii) formed the study‑specific RR; (iv) generated predictive study‑level effects by sampling from the hierarchical random‑effects distribution; (v) took the 2.5th and 97.5th percentiles of the resulting RR draws to define the 95% prediction interval (PI). This yields the dispersion of true study effects expected in similar future settings.  PIs are reported for each mortality time point alongside the between‑study SD (τ) with 95% credible intervals (CrIs).






· Extended Results


eTable 1: Bayesian output of 28-day mortality data
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eTable 2: Bayesian output of 90-day mortality data
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· Diagnostics and posterior predictive checks

Model diagnostics and fit — Primary models demonstrated perfect convergence (all R̂~ 1.00; minimum bulk ESS = 13,532; minimum tail ESS = 16,412) with zero divergent transitions and all E-BFMI > 0.70. Leave-one-out sensitivity analyses yielded negligible (<0.001%) divergences in 4/8 models, likely due to stochastic HMC noise in high-curvature regions. Posterior predictive checks confirmed excellent calibration at the pooled level (global PPC p values: 28-day = 0.49, 90-day = 0.50), with good visual agreement in density and CDF overlays. While per-arm 90% PPI coverage was modest (~50%), this reflects the limited number of study arms (n = 8) for each endpoint rather than model misspecification, as evidenced by accurate pooled-effect recovery. 
Random-effects correlation - Posterior correlations between study intercepts and treatment effects were near zero with wide uncertainty (28-day −0.206, 95% CrI −0.888 to 0.724; 90-day −0.247, 95% CrI −0.900 to 0.706), indicating no substantial dependence.
eTable 3: Diagnostics summary for the 28-day mortality models
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eTable 4: Diagnostics summary for the 90-day mortality models
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eFigure 1: Visual PCC checks for the 28-day mortality models
[image: ]
Note: The images display posterior predictive checks (PPCs) that show how well the model's posterior predictions (light blue) match the observed data (dark blue dots) across three different metrics: density, empirical cumulative distribution function (ECDF), and a plot comparing the mean versus standard deviation of the predicted datasets.


eFigure 2: Visual PCC checks for the 90-day mortality models
[image: ]
Note: The images display posterior predictive checks (PPCs) that show how well the model's posterior predictions (light blue) match the observed data (dark blue dots) across three different metrics: density, empirical cumulative distribution function (ECDF), and a plot comparing the mean versus standard deviation of the predicted datasets.

eTable 5: Heterogeneity (τ) and prediction intervals (RR scale)

	Endpoint
	τ
	95% CrI (τ)
	95% PI (RR)

	28‑day mortality
	0.133
	0.006–0.716
	0.728–1.659

	90‑day mortality
	0.147
	0.007–0.745
	0.628–2.399


Interpretation. τ estimates are modest with wide CrIs due to k=4. The PIs span values below and above 1.0, indicating uncertainty about the dispersion of true effects across settings despite stable pooled estimates.

eTable 6: Posterior correlation between study intercepts and treatment effects.
	Endpoint
	Posterior mean correlation
	95% CrI

	28‑day
	−0.206
	−0.888 to 0.724

	90‑day
	−0.247
	−0.900 to 0.706


.
Conclusion. Correlations were not substantial and did not materially influence pooled effects or calibration.
Sensitivity. Re‑fits constraining the random‑effects correlation to zero, and a fixed‑effect model, produced unchanged pooled estimates and similar posterior predictive checks.



















· R Script for 28d and 90d mortality analysis

suppressPackageStartupMessages({
  library(brms)
  library(cmdstanr)
  library(dplyr)
  library(tidyr)
  library(posterior)
  library(ggplot2)
  library(bayesplot)
})

stopifnot(!identical(cmdstanr::cmdstan_version(), FALSE))

# ---- Data for Both Timepoints ----
data_28d <- data.frame(
  Study = c("SEPSISPAM 2014", "OVATION 2016", "The 65 trial 2020", "OPTPRESS 2025"),
  `Higher MAP Events` = c(142, 19, 472, 78),
  `Higher MAP Total` = c(388, 58, 1242, 257),
  `Lower MAP Events` = c(132, 18, 434, 56),
  `Lower MAP Total` = c(388, 60, 1221, 259),
  check.names = FALSE
)

data_90d <- data.frame(
  Study = c("SEPSISPAM 2014", "OVATION 2016", "The 65 trial 2020", "OPTPRESS 2025"),
  `Higher MAP Events` = c(170, 23, 544, 101),
  `Higher MAP Total` = c(388, 58, 1242, 257),
  `Lower MAP Events` = c(164, 20, 500, 74),
  `Lower MAP Total` = c(388, 60, 1221, 259),
  check.names = FALSE
)

# ---- Helper Functions ----
prepare_brms_data <- function(study_data) {
  study_data %>%
    pivot_longer(
      cols = matches("^(Higher|Lower) MAP"),
      names_to = c("Treatment", ".value"),
      names_pattern = "(.* MAP) (.*)"
    ) %>%
    rename(Events = Events, Total = Total) %>%
    mutate(Treatment = factor(gsub(" MAP", "", Treatment), levels = c("Lower", "Higher")))
}

get_results_row <- function(model, label, dat) {
  draws <- posterior::as_draws_df(model)
  log_or <- draws$b_TreatmentHigher
  or_mean <- exp(mean(log_or))
  or_ci <- quantile(exp(log_or), probs = c(0.025, 0.975))
  
  new_lower <- dat; new_lower$Treatment <- factor("Lower", levels = c("Lower","Higher"))
  new_higher <- dat; new_higher$Treatment <- factor("Higher", levels = c("Lower","Higher"))
  
  p_lower <- posterior_linpred(model, newdata = new_lower, transform = TRUE)
  p_higher <- posterior_linpred(model, newdata = new_higher, transform = TRUE)
  
  rr_draws <- rowMeans(p_higher) / rowMeans(p_lower)
  rr_med <- median(rr_draws)
  rr_ci <- quantile(rr_draws, probs = c(0.025, 0.975))
  p_harm <- mean(rr_draws > 1)
  
  data.frame(
    Scenario = label,
    `OR (mean)` = round(or_mean, 3),
    `95% CrI (OR)` = sprintf("(%.3f, %.3f)", or_ci[1], or_ci[2]),
    `RR (median)` = round(rr_med, 3),
    `95% CrI (RR)` = sprintf("(%.3f, %.3f)", rr_ci[1], rr_ci[2]),
    `P(RR>1)` = round(p_harm, 3),
    check.names = FALSE
  )
}

# ---- Extract Heterogeneity (tau) and Prediction Interval ----
get_tau_and_pi <- function(model, model_name) {
  draws <- as_draws_df(model)
  tau_draws <- draws$sd_Study__TreatmentHigher
  
  tau_median <- median(tau_draws)
  tau_cri <- quantile(tau_draws, probs = c(0.025, 0.975))
  
  pooled_log_or <- draws$b_TreatmentHigher
  new_study_log_or <- pooled_log_or + rnorm(length(pooled_log_or), 0, tau_draws)
  pred_interval_or <- quantile(exp(new_study_log_or), probs = c(0.025, 0.975))
  
  cat("\n---", model_name, "---\n")
  cat("Heterogeneity (tau) - Posterior Median & 95% CrI:\n")
  cat("  Median:", round(tau_median, 3), "\n")
  cat("  95% CrI: [", round(tau_cri[1], 3), ", ", round(tau_cri[2], 3), "]\n\n", sep="")
  
  cat("95% Prediction Interval for Odds Ratio in a new study:\n")
  cat("  PI: [", round(pred_interval_or[1], 3), ", ", round(pred_interval_or[2], 3), "]\n", sep="")
  
  invisible(list(tau_median = tau_median, tau_cri = tau_cri, pi_or = pred_interval_or))
}

# ---- Extract Correlation between Intercepts and Treatment Effects ----
get_correlation <- function(model, model_name) {
  draws <- as_draws_df(model)
  cor_draws <- draws$cor_Study__Intercept__TreatmentHigher
  
  cor_median <- median(cor_draws)
  cor_cri <- quantile(cor_draws, probs = c(0.025, 0.975))
  
  cat("\n---", model_name, "---\n")
  cat("Correlation (Intercept vs. Treatment Effect) - Posterior Median & 95% CrI:\n")
  cat("  Median:", round(cor_median, 3), "\n")
  cat("  95% CrI: [", round(cor_cri[1], 3), ", ", round(cor_cri[2], 3), "]\n", sep="")
  
  if (cor_cri[1] > 0.1) cat("  Interpretation: Substantial positive correlation likely.\n")
  else if (cor_cri[2] < -0.1) cat("  Interpretation: Substantial negative correlation likely.\n")
  else cat("  Interpretation: Correlation is not substantial (CrI includes zero and is near null).\n")
  
  invisible(list(cor_median = cor_median, cor_cri = cor_cri))
}

# ---- Backend-agnostic diagnostics ----
get_diagnostics_row <- function(brmsfit, label) {
  f <- brmsfit$fit
  if (inherits(f, "CmdStanMCMC")) {
    sdiag <- f$sampler_diagnostics()
    vnames <- dimnames(sdiag)[[3]]; idx <- function(nm) match(nm, vnames)
    div_trans <- sum(sdiag[, , idx("divergent__")], na.rm = TRUE)
    td_arr <- sdiag[, , idx("treedepth__"), drop = FALSE]
    max_td <- max(td_arr, na.rm = TRUE)
    td_sat <- sum(td_arr == max_td, na.rm = TRUE)
    ebfmi <- suppressWarnings(min(cmdstanr::nuts_energy_information(f)$E_BFMI, na.rm = TRUE))
  } else if (inherits(f, "stanfit")) {
    sp <- rstan::get_sampler_params(f, inc_warmup = FALSE)
    div_trans <- sum(vapply(sp, function(x) sum(x[, "divergent__"]), numeric(1)))
    max_td <- max(vapply(sp, function(x) max(x[, "treedepth__"], na.rm = TRUE), numeric(1)), na.rm = TRUE)
    td_sat <- sum(vapply(sp, function(x) sum(x[, "treedepth__"] >= max_td), numeric(1)))
    ebfmi <- suppressWarnings(min(rstan::get_bfmi(f), na.rm = TRUE))
  } else stop("Unknown backend in brmsfit$fit (expected CmdStanMCMC or stanfit).")
  
  summ <- posterior::summarise_draws(posterior::as_draws_df(brmsfit))
  data.frame(
    Model = label,
    `Divergent Transitions` = div_trans,
    `Treedepth Saturation` = td_sat,
    `Min E-BFMI` = round(ebfmi, 4),
    `Max Rhat` = round(max(summ$rhat, na.rm = TRUE), 4),
    `Min ESS (bulk)` = suppressWarnings(min(summ$ess_bulk, na.rm = TRUE)),
    `Min ESS (tail)` = suppressWarnings(min(summ$ess_tail, na.rm = TRUE)),
    check.names = FALSE
  )
}

ppp_lr_ratio <- function(fit, dat, draws = 1000) {
  y_rep <- posterior_predict(fit, draws = draws)
  obs_eH <- sum(dat$Events[dat$Treatment == "Higher"]); obs_tH <- sum(dat$Total[dat$Treatment == "Higher"])
  obs_eL <- sum(dat$Events[dat$Treatment == "Lower"]); obs_tL <- sum(dat$Total[dat$Treatment == "Lower"])
  obs_log_rr <- log((obs_eH/obs_tH) / (obs_eL/obs_tL))
  rep_log_rr <- numeric(draws)
  for (i in 1:draws) {
    rep_eH <- sum(y_rep[i, dat$Treatment == "Higher"]); rep_tH <- obs_tH
    rep_eL <- sum(y_rep[i, dat$Treatment == "Lower"]); rep_tL <- obs_tL
    rep_log_rr[i] <- log((rep_eH/rep_tH) / (rep_eL/rep_tL))
  }
  data.frame(Metric = "Global log-risk-ratio", PPP = round(mean(rep_log_rr >= obs_log_rr), 3))
}

ppc_intervals <- function(fit, dat, prob = 0.90) {
  pp <- posterior_predict(fit)
  qs <- apply(pp, 2, function(x) quantile(x, probs = c((1 - prob)/2, 1 - (1 - prob)/2)))
  within <- sum(dat$Events >= qs[1,] & dat$Events <= qs[2,])
  data.frame(`Total Observations` = nrow(dat),
             `Observed Rates within Interval` = within,
             `Percent within Interval` = round(within / nrow(dat) * 100, 2))
}

run_ppcs <- function(fit, dat, outdir, prefix, ndraws_overlay = 100, prob_interval = 0.90) {
  dir.create(outdir, showWarnings = FALSE, recursive = TRUE)
  old_opt <- getOption("bayesplot_ppc_ndraws", NULL)
  options(bayesplot_ppc_ndraws = ndraws_overlay)
  on.exit(options(bayesplot_ppc_ndraws = old_opt), add = TRUE)
  
  p <- pp_check(fit, type = "dens_overlay", ndraws = ndraws_overlay)
  ggsave(file.path(outdir, sprintf("%s_ppc_dens_overlay.png", prefix)), p, width = 8, height = 6, dpi = 300)
  p <- pp_check(fit, type = "ecdf_overlay", ndraws = ndraws_overlay)
  ggsave(file.path(outdir, sprintf("%s_ppc_ecdf_overlay.png", prefix)), p, width = 8, height = 6, dpi = 300)
  p <- pp_check(fit, type = "stat_2d", stat = c("mean","sd"))
  ggsave(file.path(outdir, sprintf("%s_ppc_stat2d_mean_sd.png", prefix)), p, width = 8, height = 6, dpi = 300)
  
  pp <- posterior_predict(fit)
  qs <- apply(pp, 2, function(x) quantile(x, probs = c((1 - prob_interval)/2, 1 - (1 - prob_interval)/2)))
  ppc_arm <- dat
  ppc_arm$ppc_lo <- qs[1,]; ppc_arm$ppc_hi <- qs[2,]
  ppc_arm$within <- as.integer(ppc_arm$Events >= ppc_arm$ppc_lo & ppc_arm$Events <= ppc_arm$ppc_hi)
  ppc_arm$Arm <- paste(ppc_arm$Study, ppc_arm$Treatment, sep = " -- ")
  
  p <- ggplot(ppc_arm, aes(x = reorder(Arm, Events), y = Events)) +
    geom_linerange(aes(ymin = ppc_lo, ymax = ppc_hi), linewidth = 0.6) +
    geom_point(size = 1.8) + coord_flip() +
    labs(x = NULL, y = "Event count",
         title = sprintf("Posterior predictive %d%% intervals by study arm", round(prob_interval*100)),
         subtitle = "Point = observed; line = posterior predictive interval") +
    theme_minimal(base_size = 11)
  ggsave(file.path(outdir, sprintf("%s_ppc_intervals_by_arm.png", prefix)), p, width = 8, height = 8, dpi = 300)
  
  ppp_lr_tab <- ppp_lr_ratio(fit, dat)
  ppc_intervals_tab <- data.frame(
    `Total Observations` = nrow(dat),
    `Observed Rates within Interval` = sum(ppc_arm$within),
    `Percent within Interval` = round(mean(ppc_arm$within) * 100, 2),
    check.names = FALSE
  )
  ppc_metrics <- data.frame(
    Metric = c(ppp_lr_tab$Metric, "Coverage (per-arm)"),
    Value = c(ppp_lr_tab$PPP,
              sprintf("%d/%d (%.2f%%)",
                      ppc_intervals_tab$Observed.Rates.within.Interval,
                      ppc_intervals_tab$Total.Observations,
                      ppc_intervals_tab$Percent.within.Interval)),
    stringsAsFactors = FALSE
  )
  write.csv(ppc_metrics, file.path(outdir, sprintf("%s_ppc_metrics.csv", prefix)), row.names = FALSE)
  message("\nPosterior predictive metrics (", prefix, "):"); print(ppc_metrics)
  invisible(list(ppc_metrics = ppc_metrics, per_arm = ppc_arm))
}

# ---- Analysis Function for Each Timepoint ----
run_analysis <- function(data, endpoint_name, ctrl_main, ctrl_loo) {
  cat("\n", strrep("=", 60), "\n")
  cat("ANALYZING:", endpoint_name, "MORTALITY\n")
  cat(strrep("=", 60), "\n\n")
  
  # Prepare data
  brms_data <- prepare_brms_data(data)
  
  # Priors & formulas
  form_RE <- Events | trials(Total) ~ Treatment + (Treatment | Study)
  form_FE <- Events | trials(Total) ~ Treatment
  prior_weak <- c(
    set_prior("normal(0, 1.5)", class = "b"),
    set_prior("student_t(3,0,1)", class = "sd"),
    set_prior("lkj_corr(2)", class = "cor")
  )
  prior_skept <- c(
    set_prior("normal(0, 0.1)", class = "b"),
    set_prior("student_t(3,0,1)", class = "sd"),
    set_prior("lkj_corr(2)", class = "cor")
  )
  prior_FE <- set_prior("normal(0, 1.5)", class = "b")
  family_logit <- binomial(link = "logit")
  
  chains <- 4; iter <- 20000; warmup <- 4000; seed <- 1234
  
  # Fit models
  cat("Fitting primary model (RE, weak prior)...\n")
  fit_RE_weak <- brm(form_RE, data = brms_data, family = family_logit,
                     prior = prior_weak, chains = chains, iter = iter, warmup = warmup,
                     seed = seed, backend = "cmdstanr", control = ctrl_main, threads = threading(2))
  
  cat("Fitting sensitivity model (RE, sceptical prior)...\n")
  fit_RE_scept <- brm(form_RE, data = brms_data, family = family_logit,
                      prior = prior_skept, chains = chains, iter = iter, warmup = warmup,
                      seed = seed, backend = "cmdstanr", control = ctrl_main, threads = threading(2))
  
  cat("Fitting sensitivity model (Fixed-effect)...\n")
  fit_FE <- brm(form_FE, data = brms_data, family = family_logit,
                prior = prior_FE, chains = chains, iter = iter, warmup = warmup,
                seed = seed, backend = "cmdstanr", control = ctrl_main, threads = threading(2))
  
  # ----  Extract Key Parameters  ----
  get_tau_and_pi(fit_RE_weak, paste(endpoint_name, "- Primary Model (RE, weak prior)"))
  get_correlation(fit_RE_weak, paste(endpoint_name, "- Primary Model (RE, weak prior)"))
  
  # Leave-one-out
  cat("Running leave-one-out sensitivity analyses...\n")
  loo_fits <- list(); loo_rows <- list()
  for (s in unique(brms_data$Study)) {
    dat_s <- brms_data %>% filter(Study != s)
    f <- brm(form_RE, data = dat_s, family = family_logit,
             prior = prior_weak, chains = chains, iter = iter, warmup = warmup,
             seed = seed, backend = "cmdstanr", control = ctrl_loo, threads = threading(2))
    loo_fits[[s]] <- f
    loo_rows[[s]] <- get_results_row(f, paste("Leave-one-out (drop", s, ")"), dat_s)
  }
  
  # PPCs
  ppc_dir <- paste0("ppc_", gsub("[- ]", "", endpoint_name))
  ppc_out <- run_ppcs(fit_RE_weak, brms_data, outdir = ppc_dir, prefix = endpoint_name, 
                      ndraws_overlay = 100, prob_interval = 0.90)
  
  # Results
  res_tab <- dplyr::bind_rows(
    get_results_row(fit_RE_weak, "Main: RE weak prior", brms_data),
    get_results_row(fit_RE_scept, "Sensitivity: RE sceptical", brms_data),
    get_results_row(fit_FE, "Sensitivity: Fixed-effect", brms_data),
    dplyr::bind_rows(loo_rows)
  )
  print(res_tab)
  write.csv(res_tab, paste0("results_", gsub("[- ]", "", endpoint_name), "_with_rr.csv"), row.names = FALSE)
  
  # Diagnostics
  diag_main <- get_diagnostics_row(fit_RE_weak, "RE weak prior")
  diag_skept <- get_diagnostics_row(fit_RE_scept, "RE sceptical prior")
  diag_fe <- get_diagnostics_row(fit_FE, "FE model")
  loo_diagnostics <- dplyr::bind_rows(lapply(names(loo_fits), function(s) {
    get_diagnostics_row(loo_fits[[s]], paste("LOO (drop", s, ")"))
  }))
  diagnostics_tab <- dplyr::bind_rows(diag_main, diag_skept, diag_fe, loo_diagnostics)
  print(diagnostics_tab)
  write.csv(diagnostics_tab, paste0("diagnostics_", gsub("[- ]", "", endpoint_name), ".csv"), row.names = FALSE)
  
  # Save bundle
  saveRDS(list(
    fit_RE_weak = fit_RE_weak,
    fit_RE_scept = fit_RE_scept,
    fit_FE = fit_FE,
    loo = loo_fits,
    ppc = ppc_out,
    results = res_tab,
    diagnostics = diagnostics_tab
  ), file = paste0("fits_", gsub("[- ]", "", endpoint_name), "_with_rr.rds"))
  
  cat("\n", strrep("=", 60), "\n")
  cat("COMPLETED:", endpoint_name, "ANALYSIS\n")
  cat(strrep("=", 60), "\n\n")
}

# ---- Run Analyses for Both Timepoints ----
# Control settings
ctrl_28d_main <- list(adapt_delta = 0.999, max_treedepth = 20, step_size = 0.01)
ctrl_28d_loo <- list(adapt_delta = 0.999, max_treedepth = 20, step_size = 0.005)

ctrl_90d_main <- list(adapt_delta = 0.9999, max_treedepth = 20, step_size = 0.005)
ctrl_90d_loo <- list(adapt_delta = 0.999, max_treedepth = 20, step_size = 0.005)

# Execute analyses
run_analysis(data_28d, "28-day", ctrl_28d_main, ctrl_28d_loo)
run_analysis(data_90d, "90-day", ctrl_90d_main, ctrl_90d_loo)

cat("\n", strrep("=", 60), "\n")
cat("ALL ANALYSES COMPLETED SUCCESSFULLY\n")
cat(strrep("=", 60), "\n")
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image1.emf
Scenario (28-day mortality) OR (mean)95% CrI (OR) RR (median)95% CrI (RR) P(RR>1)

Main: RE weak prior 1.186(0.878, 1.647) 1.118(1.003, 1.257) 0.978

Alternative prior: RE sceptical 1.079(0.913, 1.243) 1.082(0.990, 1.200) 0.958

Sensitivity: Fixed-effect 1.16(1.017, 1.325) 1.101(1.011, 1.201) 0.987

Leave-one-out (drop SEPSISPAM 2014 ) 1.228(0.713, 2.201) 1.142(0.989, 1.345) 0.966

Leave-one-out (drop OVATION 2016 ) 1.196(0.774, 1.912) 1.124(1.016, 1.252) 0.988

Leave-one-out (drop The 65 trial 2020 ) 1.26(0.710, 2.227) 1.17(0.982, 1.394) 0.96

Leave-one-out (drop OPTPRESS 2025 ) 1.098(0.682, 1.711) 1.063(0.937, 1.197) 0.846


image2.emf
Scenario (90-day mortality) OR (mean)95% CrI (OR) RR (median)95% CrI (RR) P(RR>1)

Main: RE weak prior 1.204(0.887, 1.697) 1.115(1.013, 1.240) 0.987

Alternative prior: RE sceptical 1.082(0.910, 1.250) 1.081(0.999, 1.194) 0.973

Sensitivity: Fixed-effect 1.169(1.027, 1.329) 1.096(1.016, 1.182) 0.991

Leave-one-out (drop SEPSISPAM 2014 ) 1.265(0.725, 2.288) 1.155(1.018, 1.341) 0.986

Leave-one-out (drop OVATION 2016 ) 1.2(0.744, 1.989) 1.113(1.019, 1.223) 0.991

Leave-one-out (drop 65 trial 2020 ) 1.277(0.705, 2.320) 1.162(1.000, 1.356) 0.975

Leave-one-out (drop OPTPRESS 2025 ) 1.107(0.706, 1.715) 1.062(0.952, 1.179) 0.872


image3.emf
Model (28-day mortality) Divergent Transitions Treedepth Saturation Min E-BFMIMax RhatMin ESS (bulk)Min ESS (tail)

RE weak prior 0 81 0.7591 1.0005 14983.53605 21322.92482

RE sceptical prior 0 1 0.7505 1.0004 15486.26952 20692.82334

FE model 0 78 1.0124 1.0003 21965.5233 28775.63763

LOO (drop SEPSISPAM 2014 ) 1 3 0.7996 1.0003 16147.82396 21976.09008

LOO (drop OVATION 2016 ) 12 2 0.751 1.0002 15221.18547 15780.66446

LOO (drop The 65 trial 2020 ) 0 122 0.7699 1.0004 16467.63709 19847.32141

LOO (drop OPTPRESS 2025 ) 3 132 0.7633 1.0004 15315.1917 15384.95132


image4.emf
Model Divergent Transitions Treedepth Saturation Min E-BFMIMax RhatMin ESS (bulk)Min ESS (tail)

RE weak prior 0 2 0.7261 1.0002 13884.36879 21768.17236

RE sceptical prior 0 4 0.7053 1.0005 13441.954 19810.88527

FE model 0 10380 0.9772 1.0002 22591.22885 25459.00981

LOO (drop SEPSISPAM 2014 ) 0 424 0.7912 1.0003 15135.03243 20114.43317

LOO (drop OVATION 2016 ) 0 10 0.7355 1.0004 13531.23483 19275.8264

LOO (drop 65 trial 2020 ) 0 1 0.777 1.0003 15094.61627 20381.44846

LOO (drop OPTPRESS 2025 ) 4 79 0.7801 1.0007 14911.64206 16412.17496


