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Plain Language Summary14

This be the plain language thing15

Source: Article Notebook16

Running /Library/Frameworks/R.framework/Resources/bin/R CMD SHLIB foo.c17

clang -arch arm64 -I"/Library/Frameworks/R.framework/Resources/include" -DNDEBUG -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/Rcpp/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/unsupported" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/BH/include" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/src/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppParallel/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/rstan/include" -DEIGEN_NO_DEBUG -DBOOST_DISABLE_ASSERTS -DBOOST_PENDING_INTEGER_LOG2_HPP -DSTAN_THREADS -DUSE_STANC3 -DSTRICT_R_HEADERS -DBOOST_PHOENIX_NO_VARIADIC_EXPRESSION -D_HAS_AUTO_PTR_ETC=0 -include '/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp' -D_REENTRANT -DRCPP_PARALLEL_USE_TBB=1 -I/opt/R/arm64/include -fPIC -falign-functions=64 -Wall -g -O2 -c foo.c -o foo.o18

In file included from <built-in>:1:19

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp:22:20

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Dense:1:21

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Core:19:22

/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/src/Core/util/Macros.h:679:10: fatal error: 'cmath' file not found23

679 | #include <cmath>24

| ^~~~~~~25

1 error generated.26

make: *** [foo.o] Error 127

Source: Article Notebook28

Running /Library/Frameworks/R.framework/Resources/bin/R CMD SHLIB foo.c29

clang -arch arm64 -I"/Library/Frameworks/R.framework/Resources/include" -DNDEBUG -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/Rcpp/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/unsupported" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/BH/include" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/src/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppParallel/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/rstan/include" -DEIGEN_NO_DEBUG -DBOOST_DISABLE_ASSERTS -DBOOST_PENDING_INTEGER_LOG2_HPP -DSTAN_THREADS -DUSE_STANC3 -DSTRICT_R_HEADERS -DBOOST_PHOENIX_NO_VARIADIC_EXPRESSION -D_HAS_AUTO_PTR_ETC=0 -include '/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp' -D_REENTRANT -DRCPP_PARALLEL_USE_TBB=1 -I/opt/R/arm64/include -fPIC -falign-functions=64 -Wall -g -O2 -c foo.c -o foo.o30

In file included from <built-in>:1:31

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp:22:32

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Dense:1:33

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Core:19:34

/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/src/Core/util/Macros.h:679:10: fatal error: 'cmath' file not found35

679 | #include <cmath>36

| ^~~~~~~37

1 error generated.38

make: *** [foo.o] Error 139

Source: Article Notebook40

Running /Library/Frameworks/R.framework/Resources/bin/R CMD SHLIB foo.c41

clang -arch arm64 -I"/Library/Frameworks/R.framework/Resources/include" -DNDEBUG -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/Rcpp/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/unsupported" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/BH/include" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/src/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppParallel/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/rstan/include" -DEIGEN_NO_DEBUG -DBOOST_DISABLE_ASSERTS -DBOOST_PENDING_INTEGER_LOG2_HPP -DSTAN_THREADS -DUSE_STANC3 -DSTRICT_R_HEADERS -DBOOST_PHOENIX_NO_VARIADIC_EXPRESSION -D_HAS_AUTO_PTR_ETC=0 -include '/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp' -D_REENTRANT -DRCPP_PARALLEL_USE_TBB=1 -I/opt/R/arm64/include -fPIC -falign-functions=64 -Wall -g -O2 -c foo.c -o foo.o42

In file included from <built-in>:1:43

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp:22:44

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Dense:1:45
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In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Core:19:46

/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/src/Core/util/Macros.h:679:10: fatal error: 'cmath' file not found47

679 | #include <cmath>48

| ^~~~~~~49

1 error generated.50

make: *** [foo.o] Error 151

Source: Article Notebook52

Source: Article Notebook53

Source: Article Notebook54

Source: Article Notebook55

Source: Article Notebook56

Source: Article Notebook57

Source: Article Notebook58

Source: Article Notebook59

Source: Article Notebook60

Source: Article Notebook61

Source: Article Notebook62

Source: Article Notebook63

Source: Article Notebook64

Source: Article Notebook65

Source: Article Notebook66

Source: Article Notebook67

Source: Article Notebook68

Running /Library/Frameworks/R.framework/Resources/bin/R CMD SHLIB foo.c69

clang -arch arm64 -I"/Library/Frameworks/R.framework/Resources/include" -DNDEBUG -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/Rcpp/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/unsupported" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/BH/include" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/src/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppParallel/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/rstan/include" -DEIGEN_NO_DEBUG -DBOOST_DISABLE_ASSERTS -DBOOST_PENDING_INTEGER_LOG2_HPP -DSTAN_THREADS -DUSE_STANC3 -DSTRICT_R_HEADERS -DBOOST_PHOENIX_NO_VARIADIC_EXPRESSION -D_HAS_AUTO_PTR_ETC=0 -include '/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp' -D_REENTRANT -DRCPP_PARALLEL_USE_TBB=1 -I/opt/R/arm64/include -fPIC -falign-functions=64 -Wall -g -O2 -c foo.c -o foo.o70

In file included from <built-in>:1:71

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp:22:72

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Dense:1:73

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Core:19:74

/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/src/Core/util/Macros.h:679:10: fatal error: 'cmath' file not found75

679 | #include <cmath>76

| ^~~~~~~77

1 error generated.78

make: *** [foo.o] Error 179

80

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 1).81

Chain 1:82

Chain 1: Gradient evaluation took 0.00025 seconds83

Chain 1: 1000 transitions using 10 leapfrog steps per transition would take 2.5 seconds.84

Chain 1: Adjust your expectations accordingly!85

Chain 1:86

Chain 1:87

Chain 1: Iteration: 1 / 4000 [ 0%] (Warmup)88

Chain 1: Iteration: 400 / 4000 [ 10%] (Warmup)89

Chain 1: Iteration: 800 / 4000 [ 20%] (Warmup)90

Chain 1: Iteration: 1200 / 4000 [ 30%] (Warmup)91

–2–

https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html
https://johol355.github.io/paper-hems/index.qmd.html


manuscript submitted to Please set Journal Name by using \journalname

Chain 1: Iteration: 1600 / 4000 [ 40%] (Warmup)92

Chain 1: Iteration: 2000 / 4000 [ 50%] (Warmup)93

Chain 1: Iteration: 2001 / 4000 [ 50%] (Sampling)94

Chain 1: Iteration: 2400 / 4000 [ 60%] (Sampling)95

Chain 1: Iteration: 2800 / 4000 [ 70%] (Sampling)96

Chain 1: Iteration: 3200 / 4000 [ 80%] (Sampling)97

Chain 1: Iteration: 3600 / 4000 [ 90%] (Sampling)98

Chain 1: Iteration: 4000 / 4000 [100%] (Sampling)99

Chain 1:100

Chain 1: Elapsed Time: 1.76 seconds (Warm-up)101

Chain 1: 1.992 seconds (Sampling)102

Chain 1: 3.752 seconds (Total)103

Chain 1:104

105

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 2).106

Chain 2:107

Chain 2: Gradient evaluation took 0.000136 seconds108

Chain 2: 1000 transitions using 10 leapfrog steps per transition would take 1.36 seconds.109

Chain 2: Adjust your expectations accordingly!110

Chain 2:111

Chain 2:112

Chain 2: Iteration: 1 / 4000 [ 0%] (Warmup)113

Chain 2: Iteration: 400 / 4000 [ 10%] (Warmup)114

Chain 2: Iteration: 800 / 4000 [ 20%] (Warmup)115

Chain 2: Iteration: 1200 / 4000 [ 30%] (Warmup)116

Chain 2: Iteration: 1600 / 4000 [ 40%] (Warmup)117

Chain 2: Iteration: 2000 / 4000 [ 50%] (Warmup)118

Chain 2: Iteration: 2001 / 4000 [ 50%] (Sampling)119

Chain 2: Iteration: 2400 / 4000 [ 60%] (Sampling)120

Chain 2: Iteration: 2800 / 4000 [ 70%] (Sampling)121

Chain 2: Iteration: 3200 / 4000 [ 80%] (Sampling)122

Chain 2: Iteration: 3600 / 4000 [ 90%] (Sampling)123

Chain 2: Iteration: 4000 / 4000 [100%] (Sampling)124

Chain 2:125

Chain 2: Elapsed Time: 1.736 seconds (Warm-up)126

Chain 2: 1.753 seconds (Sampling)127

Chain 2: 3.489 seconds (Total)128

Chain 2:129

130

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 3).131

Chain 3:132

Chain 3: Gradient evaluation took 0.000138 seconds133

Chain 3: 1000 transitions using 10 leapfrog steps per transition would take 1.38 seconds.134

Chain 3: Adjust your expectations accordingly!135

Chain 3:136

Chain 3:137

Chain 3: Iteration: 1 / 4000 [ 0%] (Warmup)138

Chain 3: Iteration: 400 / 4000 [ 10%] (Warmup)139

Chain 3: Iteration: 800 / 4000 [ 20%] (Warmup)140

Chain 3: Iteration: 1200 / 4000 [ 30%] (Warmup)141

Chain 3: Iteration: 1600 / 4000 [ 40%] (Warmup)142

Chain 3: Iteration: 2000 / 4000 [ 50%] (Warmup)143

Chain 3: Iteration: 2001 / 4000 [ 50%] (Sampling)144

Chain 3: Iteration: 2400 / 4000 [ 60%] (Sampling)145

Chain 3: Iteration: 2800 / 4000 [ 70%] (Sampling)146

–3–



manuscript submitted to Please set Journal Name by using \journalname

Chain 3: Iteration: 3200 / 4000 [ 80%] (Sampling)147

Chain 3: Iteration: 3600 / 4000 [ 90%] (Sampling)148

Chain 3: Iteration: 4000 / 4000 [100%] (Sampling)149

Chain 3:150

Chain 3: Elapsed Time: 1.739 seconds (Warm-up)151

Chain 3: 1.899 seconds (Sampling)152

Chain 3: 3.638 seconds (Total)153

Chain 3:154

155

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 4).156

Chain 4:157

Chain 4: Gradient evaluation took 0.000136 seconds158

Chain 4: 1000 transitions using 10 leapfrog steps per transition would take 1.36 seconds.159

Chain 4: Adjust your expectations accordingly!160

Chain 4:161

Chain 4:162

Chain 4: Iteration: 1 / 4000 [ 0%] (Warmup)163

Chain 4: Iteration: 400 / 4000 [ 10%] (Warmup)164

Chain 4: Iteration: 800 / 4000 [ 20%] (Warmup)165

Chain 4: Iteration: 1200 / 4000 [ 30%] (Warmup)166

Chain 4: Iteration: 1600 / 4000 [ 40%] (Warmup)167

Chain 4: Iteration: 2000 / 4000 [ 50%] (Warmup)168

Chain 4: Iteration: 2001 / 4000 [ 50%] (Sampling)169

Chain 4: Iteration: 2400 / 4000 [ 60%] (Sampling)170

Chain 4: Iteration: 2800 / 4000 [ 70%] (Sampling)171

Chain 4: Iteration: 3200 / 4000 [ 80%] (Sampling)172

Chain 4: Iteration: 3600 / 4000 [ 90%] (Sampling)173

Chain 4: Iteration: 4000 / 4000 [100%] (Sampling)174

Chain 4:175

Chain 4: Elapsed Time: 1.735 seconds (Warm-up)176

Chain 4: 2.005 seconds (Sampling)177

Chain 4: 3.74 seconds (Total)178

Chain 4:179

Running /Library/Frameworks/R.framework/Resources/bin/R CMD SHLIB foo.c180

clang -arch arm64 -I"/Library/Frameworks/R.framework/Resources/include" -DNDEBUG -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/Rcpp/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/unsupported" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/BH/include" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/src/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppParallel/include/" -I"/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/rstan/include" -DEIGEN_NO_DEBUG -DBOOST_DISABLE_ASSERTS -DBOOST_PENDING_INTEGER_LOG2_HPP -DSTAN_THREADS -DUSE_STANC3 -DSTRICT_R_HEADERS -DBOOST_PHOENIX_NO_VARIADIC_EXPRESSION -D_HAS_AUTO_PTR_ETC=0 -include '/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp' -D_REENTRANT -DRCPP_PARALLEL_USE_TBB=1 -I/opt/R/arm64/include -fPIC -falign-functions=64 -Wall -g -O2 -c foo.c -o foo.o181

In file included from <built-in>:1:182

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/StanHeaders/include/stan/math/prim/fun/Eigen.hpp:22:183

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Dense:1:184

In file included from /Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/Core:19:185

/Library/Frameworks/R.framework/Versions/4.2-arm64/Resources/library/RcppEigen/include/Eigen/src/Core/util/Macros.h:679:10: fatal error: 'cmath' file not found186

679 | #include <cmath>187

| ^~~~~~~188

1 error generated.189

make: *** [foo.o] Error 1190

191

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 1).192

Chain 1:193

Chain 1: Gradient evaluation took 0.000465 seconds194

Chain 1: 1000 transitions using 10 leapfrog steps per transition would take 4.65 seconds.195

Chain 1: Adjust your expectations accordingly!196

Chain 1:197

Chain 1:198

Chain 1: Iteration: 1 / 4000 [ 0%] (Warmup)199

Chain 1: Iteration: 400 / 4000 [ 10%] (Warmup)200

Chain 1: Iteration: 800 / 4000 [ 20%] (Warmup)201
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Chain 1: Iteration: 1200 / 4000 [ 30%] (Warmup)202

Chain 1: Iteration: 1600 / 4000 [ 40%] (Warmup)203

Chain 1: Iteration: 2000 / 4000 [ 50%] (Warmup)204

Chain 1: Iteration: 2001 / 4000 [ 50%] (Sampling)205

Chain 1: Iteration: 2400 / 4000 [ 60%] (Sampling)206

Chain 1: Iteration: 2800 / 4000 [ 70%] (Sampling)207

Chain 1: Iteration: 3200 / 4000 [ 80%] (Sampling)208

Chain 1: Iteration: 3600 / 4000 [ 90%] (Sampling)209

Chain 1: Iteration: 4000 / 4000 [100%] (Sampling)210

Chain 1:211

Chain 1: Elapsed Time: 6.034 seconds (Warm-up)212

Chain 1: 5.629 seconds (Sampling)213

Chain 1: 11.663 seconds (Total)214

Chain 1:215

216

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 2).217

Chain 2:218

Chain 2: Gradient evaluation took 0.000363 seconds219

Chain 2: 1000 transitions using 10 leapfrog steps per transition would take 3.63 seconds.220

Chain 2: Adjust your expectations accordingly!221

Chain 2:222

Chain 2:223

Chain 2: Iteration: 1 / 4000 [ 0%] (Warmup)224

Chain 2: Iteration: 400 / 4000 [ 10%] (Warmup)225

Chain 2: Iteration: 800 / 4000 [ 20%] (Warmup)226

Chain 2: Iteration: 1200 / 4000 [ 30%] (Warmup)227

Chain 2: Iteration: 1600 / 4000 [ 40%] (Warmup)228

Chain 2: Iteration: 2000 / 4000 [ 50%] (Warmup)229

Chain 2: Iteration: 2001 / 4000 [ 50%] (Sampling)230

Chain 2: Iteration: 2400 / 4000 [ 60%] (Sampling)231

Chain 2: Iteration: 2800 / 4000 [ 70%] (Sampling)232

Chain 2: Iteration: 3200 / 4000 [ 80%] (Sampling)233

Chain 2: Iteration: 3600 / 4000 [ 90%] (Sampling)234

Chain 2: Iteration: 4000 / 4000 [100%] (Sampling)235

Chain 2:236

Chain 2: Elapsed Time: 6.072 seconds (Warm-up)237

Chain 2: 5.776 seconds (Sampling)238

Chain 2: 11.848 seconds (Total)239

Chain 2:240

241

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 3).242

Chain 3:243

Chain 3: Gradient evaluation took 0.000366 seconds244

Chain 3: 1000 transitions using 10 leapfrog steps per transition would take 3.66 seconds.245

Chain 3: Adjust your expectations accordingly!246

Chain 3:247

Chain 3:248

Chain 3: Iteration: 1 / 4000 [ 0%] (Warmup)249

Chain 3: Iteration: 400 / 4000 [ 10%] (Warmup)250

Chain 3: Iteration: 800 / 4000 [ 20%] (Warmup)251

Chain 3: Iteration: 1200 / 4000 [ 30%] (Warmup)252

Chain 3: Iteration: 1600 / 4000 [ 40%] (Warmup)253

Chain 3: Iteration: 2000 / 4000 [ 50%] (Warmup)254

Chain 3: Iteration: 2001 / 4000 [ 50%] (Sampling)255

Chain 3: Iteration: 2400 / 4000 [ 60%] (Sampling)256
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Chain 3: Iteration: 2800 / 4000 [ 70%] (Sampling)257

Chain 3: Iteration: 3200 / 4000 [ 80%] (Sampling)258

Chain 3: Iteration: 3600 / 4000 [ 90%] (Sampling)259

Chain 3: Iteration: 4000 / 4000 [100%] (Sampling)260

Chain 3:261

Chain 3: Elapsed Time: 6.042 seconds (Warm-up)262

Chain 3: 5.716 seconds (Sampling)263

Chain 3: 11.758 seconds (Total)264

Chain 3:265

266

SAMPLING FOR MODEL 'anon_model' NOW (CHAIN 4).267

Chain 4:268

Chain 4: Gradient evaluation took 0.000365 seconds269

Chain 4: 1000 transitions using 10 leapfrog steps per transition would take 3.65 seconds.270

Chain 4: Adjust your expectations accordingly!271

Chain 4:272

Chain 4:273

Chain 4: Iteration: 1 / 4000 [ 0%] (Warmup)274

Chain 4: Iteration: 400 / 4000 [ 10%] (Warmup)275

Chain 4: Iteration: 800 / 4000 [ 20%] (Warmup)276

Chain 4: Iteration: 1200 / 4000 [ 30%] (Warmup)277

Chain 4: Iteration: 1600 / 4000 [ 40%] (Warmup)278

Chain 4: Iteration: 2000 / 4000 [ 50%] (Warmup)279

Chain 4: Iteration: 2001 / 4000 [ 50%] (Sampling)280

Chain 4: Iteration: 2400 / 4000 [ 60%] (Sampling)281

Chain 4: Iteration: 2800 / 4000 [ 70%] (Sampling)282

Chain 4: Iteration: 3200 / 4000 [ 80%] (Sampling)283

Chain 4: Iteration: 3600 / 4000 [ 90%] (Sampling)284

Chain 4: Iteration: 4000 / 4000 [100%] (Sampling)285

Chain 4:286

Chain 4: Elapsed Time: 6.185 seconds (Warm-up)287

Chain 4: 5.697 seconds (Sampling)288

Chain 4: 11.882 seconds (Total)289

Chain 4:290

Source: Article Notebook291

Source: Article Notebook292

Abstract293

Background: The optimal transfer team setup and transportation modality in294

long distance transfers of neuro ICU patients is unknown. Rigorous causal inference295

in observational intensive care research requires well thought through approaches296

to address selection bias. The purpose of this study was to estimate the effect of297

helicopter emergency medical services (HEMS) on 30-day mortality in neuro ICU298

patients transferred to tertiary centers for definitive care.299

Methods: We performed a retrospective cohort study using Swedish healthcare300

registries and flight movement data. Patients transferred by HEMS were compared301

to those transferred by other modalities. Weather conditions affecting flight feasi-302

bility were used as a natural randomization mechanism in an instrumental variable303

analysis.304

Results: A total of 1812 patients were transferred from 46 Swedish ICUs. There305

were 431 HEMS transfers (23.8%). The core assumptions for instrumental variable306

analysis using weather observations were met. The local average treatment effect307

of HEMS versus non-HEMS transfer on 30-day mortality was estimated at -8.2%308

(95% CI: -25.9% to 9%). The posterior probability that HEMS increases 30-day309
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mortality in the complier group is 17.7%. In a risk-adjusted logistic model, the esti-310

mated marginal risk difference in 30-day mortality associated with HEMS was -2.5%311

(95% CI: -6.1% to 0.01%), but including receiving center in the model removed all312

association.313

Conclusion: Findings are weakly suggestive of a potential mortality benefit asso-314

ciated with HEMS transfers in the complier subgroup. The estimates are limited315

by statistical uncertainty. Weather-based instrumental variables could provide a316

transferable framework for causal inference in transport research.317

Keywords318

“Neurocritical care”, “Neurointensive care”, “Intensive care”, “Interfacility transfer”,319

“Causal inference”, “Instrumental variable analysis”, “Helicopter emergency medical320

services”, “HEMS”, “Patient transfer”321

Introduction322

Interfacility transfer is often necessary for critically ill patients with neurological323

emergencies admitted to community or regional ICUs. In Sweden, as in many other324

countries, neurosurgical and neurocritical care expertise is centralized to tertiary325

centers, requiring patients to be transferred for definitive care.326

Transporting a critically ill patient between hospitals is challenging. These patients327

require ongoing treatment and monitoring during transit — ideally at a level at least328

equivalent to the referring ICU. Environmental factors such as changes in baromet-329

ric pressure, temperature, and acceleration can exert physiological stress. Opera-330

tional challenges — limited access to the patient, low lighting, noise, and confined331

workspace — further complicate care. The transport team must also, concurrent332

with patient management, solve several non-clinical tasks such as planning the logis-333

tics with dispatch centers and communicating with ambulance personnel, receiving334

providers, and flight crews.335

Such challenges may explain the high complication rates observed during interhospi-336

tal transfers, reported in some studies to affect up to 25% of patients (1–9). Actual337

rates may be higher due to reliance on self-reporting (8, 10). Longer transport times338

are consistently linked to increased complication risk (1, 4, 6).339

Some studies suggest that interhospital transfers conducted by specialized retrieval340

teams may be associated with better care and reduced mortality in adult popula-341

tions (2, 7, 11, 12). Similar findings have been reported in pediatric cohorts (13–16).342

Only one single-center randomized controlled trial has been conducted to assess the343

impact of specialized transport teams on patient outcome, which could not establish344

non-inferiority of nurse led transports (2). Despite the limited evidence base, several345

expert groups and professional societies recommend that interfacility transfers of346

critically ill patients be conducted by specialized teams (17–20).347

However, few studies have specifically examined interhospital transfers of neuro-348

critical care patients (21, 22), and only one has evaluated the impact of transport349

modality on outcomes in this population, finding no difference between air and350

ground transfers (23).351

In Sweden, two similar patients may be transferred by different means, and under352

markedly different standards of care. Broadly, there are two provider configurations353

for interhospital transfers. Specialized retrieval teams — typically composed of an354

anesthesiologist-intensivist and a nurse trained in anesthesia and/or intensive care355

— operate at a regional level and have access to both air and ground transport. In356

contrast, local solutions are based at the referring hospital. These may consist of a357

single provider, typically a nurse with anesthetic training or a physician in training.358

Local providers or teams rely solely on ground ambulances. All patients transferred359

between hospitals via HEMS in Sweden are managed by specialized retrieval teams.360
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The factors influencing the choice of transport modality in interhospital ICU trans-361

fers have not been described. It is possible that estimated transport time, clinical362

urgency, weather, patient characteristics and local practice patterns play a role in363

the decision-making process. Some of these factors might be confounding variables.364

Establishing causal relationships from observational transport data is challenging,365

as most previous studies may be limited by residual confounding from unmeasured366

factors that influence both transport decisions and patient outcomes.367

In this study, we describe a national cohort of neurocritically ill patients transferred368

to tertiary centers. We examine predictors of HEMS use and assess whether HEMS369

— serving in part as a proxy for specialized teams — is associated with 30-day mor-370

tality. To strengthen causal inference and address potential residual confounding,371

we use weather data as an instrumental variable to estimate the effect of transport372

modality in the presence of potentially uncontrolled confounders, following system-373

atic validation of its validity as an instrumental variable.374

Methods375

Ethics Approval376

Ethical approval was granted by the Swedish Ethical Review Authority (Dnr 2022-377

03054-01, Dnr 2024-00776-02). The manuscript follows the STROBE reporting378

guidelines for observational studies (24).379

Data Sources380

Clinical data were obtained from the Swedish Intensive Care Registry (SIR), a na-381

tional quality registry covering over 80 ICUs, representing most community and382

regional hospitals in Sweden. SIR includes detailed information on ICU admissions,383

discharge times, diagnostic categories, interventions, and physiological scores such as384

SAPS 3 and SOFA.385

These data were linked to the National Patient Register (NPR), which contains ad-386

ministrative records, procedure codes, and ICD-coded discharge diagnoses. The NPR387

has near-complete national coverage and fair diagnostic validity for several acute388

neurological conditions (25).389

Mortality data was retrieved from the National Cause of Death Register (CDR),390

which includes the date and, when available, the cause of death, with near-complete391

national coverage.392

Additional non-clinical data sources were integrated. Flight movement data were393

provided by FlightRadar24 AB, Stockholm. Historical weather data were sourced394

from the Swedish Civil Aviation Administration via Ogimet (www.ogimet.com). Geo-395

graphic coordinates for hospitals, helipads, and airports — as well as road distances396

between facilities — were obtained using the openrouteservice.org API (HeiGIT),397

based on OpenStreetMap data.398

Data preprocessing and analyses were performed using SQLite version 3.49.1, R399

version 4.2.1 (2022-06-23), Python version 3.11, and a set of open source software400

packages (26–31).401

Patients and Clinical Data402

ICU admissions were eligible if they met the following criteria: (1) admission to a403

non-tertiary ICU between October 1, 2019, and May 15, 2024; (2) patient age �18404

years; (3) admission belonging to a patient who had at least one ICU admission405

during the study period with a diagnosis relevant to neurointensive care; and (4) a406

primary ICU stay shorter than 12 hours; (5) a transfer to a tertiary center � 45 km407

away from the primary ICU; (6) a diagnosis of aneurysmal subarachnoid hemorrhage408

(ASAH), acute ischemic stroke (AIS), intracerebral hemorrhage (ICH), or traumatic409

brain injury (TBI)—the most common indications for neurocritical care. Finally,410

only the first such ICU admission per patient was included in the final cohort.411
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Because not all tertiary ICUs report to the Swedish Intensive Care Registry (SIR),412

interhospital transfers were identified via the National Patient Register (NPR). The413

start date corresponds to the introduction of a new helicopter at a major transport414

organization, improving flight tracking accuracy. Follow-up on mortality and hospi-415

tal stays was available through December 31, 2024.416

Transfers were defined as admissions to a tertiary center on the same calendar day417

as discharge from the initial ICU. To account for late-day transitions, we also in-418

cluded tertiary admissions on the day before or after ICU discharge if consistent419

with a continuous care episode. Long-distance transfers were defined as those ex-420

ceeding 45 km. Based on an estimated road ambulance speed of 90 km/h and 15421

minutes for embarking and disembarking, this threshold implies at least one hour422

spent outside the safety of an ICU during road transport.423

Diagnostic data were sourced from the NPR based on ICD-10 and procedural codes424

(detailed in the code supplement).425

Physiological data and pre-transfer interventions were retrieved from the SIR record426

for the initial ICU stay. Glasgow Coma Scale (GCS) scores reflected pre-sedation427

consciousness and were taken from SAPS assessments. To avoid strong collinearity428

in regression models, we also calculated a modified SAPS excluding the age and429

GCS components.430

Do-not-resuscitate (DNR) status was based on SIR records from the initial ICU431

admission. SIR timestamps were used to classify admissions as occurring outside432

office-hours (office-hours being defined as Monday to Friday, 08:00–17:00) or during433

nighttime (22:00–07:00).434

Exposure435

Helicopter flight movements were parsed from Automatic Dependent Surveillance–436

Broadcast (ADS-B) data. Details on the flight-matching algorithm and processing437

steps are provided in Supplement A.438

Transfers were classified as carried out by HEMS if a matching flight was identified439

along the same hospital-to-hospital route, with a departure time within ±120 min-440

utes of the ICU discharge. This window accounts for potential clerical discrepancies441

in discharge times. See the supplementary material for details.442

Instrumental Variable443

Automated weather reports (METeorological Aerodrome Reports, METARs) were444

used to assess whether meteorological conditions met the minimum requirements for445

HEMS operations, assuming two-pilot crews operating under performance class 1 or446

2, in accordance with European Union Aviation Safety Agency (EASA) regulations447

(32). Details on weather data parsing and classification criteria are provided in the448

Supplement A.449

Each hospital was matched to the nearest consistently METAR-reporting airport.450

Weather conditions were evaluated at both sending and receiving sites at the time451

of ICU discharge. HEMS was considered technically feasible only if EASA weather452

minima were met at both locations.453

Outcomes454

The primary outcome was 30-day mortality following initial ICU admission. The455

secondary outcome was days alive and out of hospital (DAOH) within 90 days.456

Mortality data were obtained from the National Cause of Death Register, and hos-457

pitalization data from the National Patient Register. For patients who died within458

each time window, DAOH was set to zero.459
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Statistical Methods460

In the descriptive part of the study, continuous variables were presented as medians461

with interquartile ranges (IQRs). No univariate hypothesis testing was performed be-462

tween HEMS and non-HEMS groups to avoid overinterpreting descriptive differences463

as causal. Transfer routes were visualized using a adapted code from J. Sadler (33).464

All analyses used Bayesian modeling with non-informative priors, given the limited465

evidence base for intensive care transfers in Sweden. Model estimates were reported466

as odds ratios or marginal effects with 95% credible intervals (CI).467

Predictors of transport modality were assessed using a Bayesian generalized linear468

model with Bernoulli likelihood, group-level (“random intercept”) effects for sending469

ICU and a logit link function, implemented in brms. We examined the relation-470

ship between transport modality and patient outcomes using three complementary471

approaches. First, to describe outcome differences while adjusting for measured472

confounders, we fit Bayesian generalized linear models with Bernoulli likelihood for473

30-day mortality and zero-inflated beta likelihood for days alive and out of hospital474

at 90 days (DAOH-90). The models used a a logit link function. One of the models475

(model II) employed partial pooling across sending ICUs, allowing each ICU to have476

its own intercept and HEMS effect parameter drawn from common priors in order477

to regularize esimated coefficients for the >40 centers. Clinical and demographic478

covariates were selected based on clinical expertise.479

Second, the local average treatment effect (LATE) was estimated using an instru-480

mental variable (IV) approach, leveraging weather-based HEMS operating minima as481

a pseudo-randomization mechanism (34, 35). IV analysis allows for causal inference482

estimation in the presence of unmeasured confounders. LATE describes the effect483

of treatment in the “complier” subset of patients—those whose treatment status is484

influenced by the instrumental variable (35). LATE was estimated using a model485

implemented in rstan with non-informative Jeffreys priors. Details of the estimand486

and estimator are provided in the methodological supplement, with code available487

online.488

Third, nonparametric Balke-Pearl bounds for the average treatment effect (ATE)489

were estimated under minimal assumptions using the ivtools package (31, 36).490

Instrumental Variable Model Assumptions491

Identification of LATE requires several assumptions: (1) instrumental variable rele-492

vance, (2) exclusion restriction, (3) exchangeability, and (4) monotonicity (34–39).493

Instrumental variable relevance (assumption 1) was assessed by fitting a generalized494

linear model with HEMS minima as the sole predictor of transport modality. The495

estimated odds ratio (OR) was 15.9 (95% CI: 8.9 to 30.8).496

While untestable, the exclusion restriction (assumption 2) is plausible given that497

weather at ICU discharge is unlikely to affect mortality directly. Further, the as-498

sumption can be challenged by instrumental inequalities or by detecting an associa-499

tion between the instrumental variable and outcome in subgroups where the instru-500

mental variable cannot influence exposure (36, 38). In our analysis, the instrumental501

inequality was not violated. Additionally, in a subgroup of patients from ICUs with502

low HEMS utilization (10%), the instrumental variable showed no clear association503

with outcome: the univariate GLM yielded an odds ratio of 0.8 (95% CI: 0.5 to 1.4).504
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Table 1: Patient characterstics given weather conditions

Characteristic
Weather minima met,

N = 1,446
Weather minima not

met, N = 362
Age, years 63 (51, 73) 64 (53, 74)
Female 600 (41%) 151 (42%)
Inferred diagnosis
AIS 211 (15%) 44 (12%)
ASAH 391 (27%) 102 (28%)
ICH 289 (20%) 65 (18%)
TBI 555 (38%) 151 (42%)
SAPS GCS <15 1,059 (74%) 271 (75%)
Missing 19 3
Pre-transfer Mechanical
Ventilation

816 (56%) 218 (60%)

SAPS Score 53 (45, 62) 56 (45, 64)
Missing 1 0
SAPS Score excl. age and
GCS components

41 (36, 48) 43 (36, 49)

Missing 19 3
Primary ICU admission
between 22:00 - 07:00

359 (25%) 127 (35%)

30-day mortality 242 (17%) 68 (19%)
90-day mortality 281 (19%) 81 (22%)
Days alive and out of hospital
90

44 (0, 72) 40 (0, 72)

Source: Article Notebook505

The exchangeability assumption (assumption 3), also known as the no unmeasured506

confounders condition, cannot be formally tested. One proposed falsification strat-507

egy is to assess covariate balance across levels of the instrumental variable (38). As508

shown in Table 1, selected covariates appear balanced, with no strong evidence of509

systematic differences. Covariance of weather and patient outcomes across regions510

could introduce confounding. As shown in Supplementary Figure 1, regional variabil-511

ity in weather is modest, with departures from the national mean observed at only512

a few sites and confined to brief periods of the year, suggesting limited potential for513

substantial confounding.514

Since weather varies not only randomly, but also diurnally and seasonally, the tim-515

ing of ICU discharge may influence instrumental variable status. Diurnal variation516

in ICU strain, staffing, or case mix could affect outcomes through site-specific mech-517

anisms, potentially confounding results. In our cohort, nighttime admission (22:00–518

07:00) was associated with lower rates of 30-day mortality: OR 0.7 (95% CI: 0.5 to519

0.9). Therefore, in sensitivity analyses, we included nighttime admission as a covari-520

ate in the regression model and used weather as an instrumental variable conditional521

on admission time.522

The monotonicity assumption (assumption 4) requires that the instrumental variable523

influences exposure in only one direction (38). In this context, poor weather cannot524

increase HEMS transfer likelihood given regulatory and operational constraints, and525

we consider this assumption satisfied. Thus, the four core assumptions for identify-526

ing the local average treatment effect (LATE) appear to be met.527

Missing data528
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Patients with missing relevant variables were excluded prior to statistical modelling.529

The rate of missingness was low. For the linear models up to 1.4% of patients were530

excluded due to a missing variable. For the LATE estimation, only 4 of 1812 pa-531

tients (0.2% ) missing weather data, were excluded.532

Utilization of Large Language Models (AI)533

Language editing, proofreading, code review, and code documentation were assisted534

by Claude Sonnet 4 (Anthropic, 2025) and GPT-4o (OpenAI, 2024). No AI assis-535

tance was used in study planning, conceptualization, data analysis, interpretation, or536

conclusions.537

Code and Data Availability538

All code used for data preprocessing and analysis is publicly available (mycode?).539

A fully anonymized, abbreviated dataset used for the instrumental variable analy-540

sis is also archived and accessible at reasonable request. (Use Zenodo to create doi541

when repo is finalized.)542
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Results543

Patient Selection544

Figure 1: Flowchart of patient inclusion. ICU admissions were eligible if they met the
following criteria: (1) admission to a non-tertiary ICU between October 1, 2019, and May
15, 2024; (2) patient age �18 years; (3) admission belonging to a patient who had at least
one ICU admission during the study period with a diagnosis relevant to neurointensive
care. Next, all primary ICU stays longer than 12 hours were excluded. ICU admissions
without a transfer to a tertiary center were excluded in the next step. ICU admissions
with a transfer to a tertiary center less than 45 km away were excluded. ICU admissions
with diagnoses at the receiving center other than aneurysmal subarachnoid hemorrhage
(ASAH), acute ischemic stroke (AIS), intracerebral hemorrhage (ICH), or traumatic brain
injury (TBI) were excluded next. Finally, only the first such ICU admission per patient
was included in the final cohort.
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Source: Article Notebook545

Patient selection is described in Figure 1. A total of 1812 patients were included in546

the cohort.547

Travel Routes548

The paths traveled by patients in the cohort are plotted in Figure 2. The distribu-549

tion of transport distances and transport modality distribution per distance bin are550

shown in Figure 3. We note that the proportion of HEMS transfers increase with551

longer transfer distances, however it is likely that some long distance transfers (>300552

km) are carried out by fixed-wing.553

Figure 2: Routes travelled by patients in the full cohort by all modes of transport. The
opacity of the line denotes the relative number of transfers. Receiving tertiary centers are
maroon. Centers where >10% of patients are transferred by HEMS are circled. Note that
one of the receiving tertiary centers, Örebro University Hospital, also is also acting as a
sending center.

Source: Article Notebook554
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Figure 3: Distribution of transport distances (calculated road distance between sending
and receiving center) in the cohort and the proportion of transport modality per distance
bin.

Source: Article Notebook555

Description of the Cohort556

Table 2: Patient characteristics

Characteristic
HEMS transfer, N

= 431
Non-HEMS transfer,

N = 1,381
Age (years) 61 (48, 72) 64 (52, 73)
Female 185 (43%) 568 (41%)
Inferred diagnosis
AIS 70 (16%) 185 (13%)
ASAH 111 (26%) 382 (28%)
ICH 87 (20%) 268 (19%)
TBI 163 (38%) 546 (40%)
DNR order 2 (0.5%) 30 (2.2%)
SAPS consciousness level
I (GCS �13) 205 (48%) 636 (47%)
II (GCS 7-12) 125 (29%) 385 (28%)
III (GCS 6) 27 (6.3%) 100 (7.3%)
IV (GCS 5) 23 (5.4%) 67 (4.9%)
V (GCS �4) 48 (11%) 174 (13%)
Missing 3 19
SAPS GCS <15 304 (71%) 1,030 (76%)
Missing 3 19
Pre-transfer Mechanical Ventilation 237 (55%) 801 (58%)
SAPS Score 54 (46, 60) 54 (45, 63)
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Table 2: Patient characteristics

Characteristic
HEMS transfer, N

= 431
Non-HEMS transfer,

N = 1,381
Missing 1 0
SAPS Score excl. age and GCS
components

41 (37, 46) 42 (36, 48)

Missing 3 19
Primary ICU admission outside of
office hours

304 (71%) 975 (71%)

Primary ICU admission between
22:00 - 07:00

113 (26%) 375 (27%)

Time in primary ICU (minutes) 129 (85, 195) 146 (80, 261)
Road distance (km) 212 (162, 287) 162 (111, 250)
Inferred flight time for HEMS
transfers (minutes)

41 NA

HEMS weather minima met at
discharge

419 (97%) 1,027 (75%)

Missing 1 3
Daylight or civil twillight at sending
hospital

278 (65%) 746 (54%)

Cloud base (ft) at sending hospital 9,999 (3,850, 9,999) 3,600 (1,000, 9,999)
Horizontal visibility (m) at sending
hospital

10,000 (10,000,
10,000)

10,000 (9,999, 10,000)

30-day mortality 61 (14%) 249 (18%)
90-day mortality 73 (17%) 290 (21%)
Days alive and out of hospital 90 41 (0, 71) 44 (0, 72)

Source: Article Notebook557

Minor differences between the HEMS and non-HEMS groups were observed: the558

HEMS group has a slightly lower median age, fewer DNR orders, and longer trans-559

port distances. Overall, the groups appear similar across median and mean values of560

the presented covariates.561

Factors Associated With HEMS Transfer562

Table 3: Multivariate Bayesian mixed effect generalized linear model predicting
HEMS transfer

Predictor aOR 95% CI
Inferred diagnosis
AIS — —
ASAH 1.05 0.65, 1.69
ICH 1.24 0.74, 2.05
TBI 1.25 0.79, 1.95
Age, std 0.85 0.74, 0.99
SAPS GCS <15 1.17 0.83, 1.66
SAPS score (excl. age/GCS components), std 1.24 1.06, 1.45
Primary ICU admission between 22:00 - 07:00 1.09 0.79, 1.49
HEMS weather minima met at discharge 21.6 11.6, 43.5
DNR order 0.11 0.02, 0.49
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Source: Article Notebook563

In the multivariate predictive model of transfer modality, mainly HEMS minima be-564

ing met clearly predicted the choice of HEMS (aOR 21.6, 95% CI 11.6 to 43.5), see565

Table 3. Also, having a DNR order was negatively associated with HEMS transfers.566

Risk Adjusted Models of HEMS Transfer vs. 30-day Mortality and567

DAOH-90568

Table 4: Multivariate Bayesian mixed effect generalized linear models predict-
ing 30-day mortality (I–III)

Predictor aOR 95% CI aOR 95% CI aOR 95% CI
HEMS transfer 0.79 (0.56, 1.10) 0.78 (0.49, 1.17) 0.99 (0.68, 1.45)
Inferred diagnosis
AIS — — — — — —
ASAH 0.40 (0.26, 0.62) 0.39 (0.25, 0.62) 0.41 (0.26, 0.65)
ICH 0.36 (0.23, 0.57) 0.35 (0.21, 0.57) 0.35 (0.22, 0.57)
TBI 0.35 (0.23, 0.52) 0.34 (0.22, 0.51) 0.34 (0.22, 0.52)
Age, std 1.84 (1.55, 2.20) 1.86 (1.56, 2.24) 1.84 (1.54, 2.19)
GCS
I (GCS �13) — — — — — —
II (GCS 7–12) 3.15 (2.14, 4.67) 3.07 (2.07, 4.56) 3.01 (2.01, 4.51)
III (GCS 6) 4.83 (2.84, 8.33) 4.78 (2.77, 8.14) 4.76 (2.74, 8.26)
IV (GCS 5) 5.52 (3.02, 9.90) 5.34 (2.96, 9.74) 5.35 (2.91, 9.71)
V (GCS �4) 12.3 (7.88, 19.5) 12.2 (7.75, 19.4) 11.8 (7.47, 18.8)
DNR order 2.54 (1.11, 5.92) 2.53 (1.11, 5.92) 2.59 (1.12, 6.21)
SAPS score (excl. age/GCS
components), std

1.35 (1.16, 1.58) 1.36 (1.16, 1.59) 1.32 (1.13, 1.55)

Source: Article Notebook569

Table Table 4 presents the adjusted odds ratios (aORs) from a set of regression mod-570

els. Models I–III estimate 30-day mortality using a Bernoulli likelihood with a logit571

link (i.e. logistic regression). In addition to the base predictors of Model I, Model II572

adds sending center as a variable with partial pooling of center level intercepts and573

HEMS effect parameters. Model III instead adds receving center as a variable in the574

regression. Coefficients for individual centers are omitted in the table for brevity.575

The fitted models I-III were used to estimate the effect of HEMS transfer on 30-day576

mortality, while conditioning on the observed distribution of covariates (𝐶). The577

estimated mean risk difference, 𝔼[𝑌 𝐻=1,𝐶 ] − 𝔼[𝑌 𝐻=0,𝐶 ], for model I was -2.5% (95%578

CI: -6.1% to 1%). The posterior probability that HEMS transfer increases 30-day579

mortality was 8.8 %.580

Adding sending center as a variable in model II changed estimates slightly, here581

the estimated mean risk difference was -2.2% (95% CI: -6.1% to 1.7%). The prob-582

ability of HEMS transfer increasing 30-day mortality was 12.9%. However, having583

receiving center as a variable removed the positive effect of HEMS transfers with an584

estimated mean risk difference of 0% (95% CI: -3.8% to 4.1%). The probability of585

HEMS transfer increasing 30-day mortality was 48.3%.586

In a sensitivity analysis including ICU nighttime admission as an additional covari-587

ate to model I, the estimated mean risk difference was -2.2% (95% CI: -5.9% to588

1.8%), i.e. yielding results that were essentially unchanged. Finally a model using589

a zero-inflated beta likelihood with a logit link function was fitted. Here, the odds590

ratios from the count part of the model represent the multiplicative change in the591
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expected number of days alive and out of hospital (DAOH-90) associated with a592

one-unit increase in the predictor, holding other variables constant. HEMS transfer593

was not associated with DAOH-90 (aOR 1, 95% CI 0.8 to 1.1).594

Instrumental Variable Analysis595

Estimation of the Local Average Treatment Effect (LATE)596

The local average treatment effect (LATE) of being transferred by HEMS versus597

non-HEMS on 30-day mortality was estimated at -8.2% (95% CI: -25.9% to 9%).598

Estimates of the LATE using weather minima as a conditional instrumental vari-599

able (given nighttime ICU admission) did not differ meaningfully: -10.2% (95% CI:600

-30.1% to 6.1%).601

Given the data, model, and assumptions, the posterior probability that HEMS602

reduces 30-day mortality by at least 2.5 percentage points in the complier group603

(patients whose transport modality was influenced by weather conditions) is 73.6%.604

We propose this threshold as a rough benchmark for a clinically and economically605

meaningful benefit in typical neuro ICU patients, given the high cost and limited606

availability of helicopter transfers. The posterior probability that HEMS increases607

30-day mortality in the complier group is 17.7%.608

Estimation of Bounds on the Average Treatment Effect (ATE)609

Balke-Pearl bounds for the risk difference between HEMS and non-HEMS transfers610

were calculated. The lower bound was -17% and the upper bound was 57%611

Discussion612

Key findings613

In this study aimed to evaluate outcome effects of HEMS transports in a Swedish614

cohort of neuro ICU patients requiring urgent transfer to a higher level of care,615

weather minima emerged as the strongest predictor of whether HEMS was utilized.616

Given the random nature of weather this was recognized as a possibly ideal can-617

didate for IV analysis and thus a means to more closely research causal effects.618

Younger age and higher SAPS scores were also associated with an increased likeli-619

hood of HEMS use, whereas having a DNR order decreased the likelihood of HEMS620

transfer.621

Both mixed model generalized linear models (GLMs), assessing the adjusted asso-622

ciation between HEMS transfers and 30-day mortality, and IV analyses estimating623

the local average treatment effect (LATE), suggested a possible reduction in 30-day624

mortality associated with HEMS transfers. Adding receiving center as a covariate625

in a GLM attenuated the weak association between HEMS transfer and mortality.626

However, wide uncertainty intervals warrant cautious interpretation.627

Findings in Relation to Previous Research628

Previous studies examining the association between HEMS interfacility transfers and629

outcomes have reported mixed findings, with some suggesting benefits and others630

showing no clear effect (2, 7, 11, 12). Our estimates, though imprecise, are consistent631

with a potential mortality benefit.632

Our secondary finding of an unadjusted association between nighttime ICU admis-633

sion and lower 30-day mortality, sits within a body of conflicting evidence. A 2018634

meta-analysis found no association between nighttime ICU admissions and mortal-635

ity (40). A more recent study reported a lower mortality risk for out-of-hours ICU636

admissions (41).637

While previous studies provide valuable evidence, most face methodological chal-638

lenges in establishing causal relationships. Several rely on unadjusted comparisons639

(12, 15) or use statistical significance to guide variable selection (11, 14), which may640

not adequately control for confounding. Other studies do not specify the selection641
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process for covariates in multivariable regression (13, 23) or propensity score meth-642

ods (16), which decreases transparency and may limit inferences due to lingering643

unmeasured confounders.644

Adjusting for receiving center in a GLM removed the apparent effect of HEMS on645

mortality. Three of seven centers rarely (<1%) or never received HEMS patients,646

and these centers also had higher unadjusted mortality. This pattern could explain647

why adjustment eliminated the observed effect. These differences, potentially re-648

flecting unmeasured variations in case-mix or quality of care, are themselves an649

interesting finding.650

However, this explanation assumes that receiving center is a confounder rather than651

an instrumental variable. If receiving center primarily influences mortality through652

its effect on HEMS transfer, including it as a covariate could bias causal estimates,653

particularly in the presence of unmeasured confounding (42). Prior neuro-ICU654

research has leveraged center-level differences as a quasi-randomization source, effec-655

tively treating center as an instrument rather than adjusting for it (43). Moreover,656

the sparse overlap in some centers indicates a violation of the positivity assumption,657

or lack of common support (35, 44), highlighting the limitations of regression for658

causal inference and the potential value of alternative approaches such as instrumen-659

tal variable analysis.660

Instrumental variable methods remain relatively uncommon in intensive care re-661

search. A few notable exceptions have applied parametric two-stage regression662

models to estimate treatment effects using IVs (45–47). These models rely on as-663

sumptions about the functional form of the model and the distribution of error664

terms, which, if violated, can compromise estimates.665

The instrumental variables used in those studies include: prior regional HEMS us-666

age (as an instrument for prehospital HEMS vs. ground EMS selection), ICU bed667

availability (as a proxy for ICU admission promptness), and provider preference (as668

an instrument for prophylactic magnesium use to prevent atrial fibrillation). All of669

these IVs are, in effect, variants of region-, hospital-, or provider-level preferences.670

However, such instruments risk violating the exchangeability assumptions, since they671

may influence patient outcomes through multiple pathways—not solely through the672

treatment of interest.673

While we commend these studies for advancing causal inference in intensive care674

research, they also underscore the challenge of identifying valid instrumental vari-675

ables. In contrast, weather conditions may provide a defensible instrumental variable676

for studying the effectiveness of HEMS. To our knowledge, this is the first study677

to use weather minima as an instrumental variable to examine the effect of HEMS678

interfacility transfers.679

Limitations680

Patients who die during transfer may be underrepresented, as such patients may not681

be admitted at the receiving center. Nevertheless, in-transfer deaths are rare in ICU682

interfacility transfers (1, 9), making substantial bias from this source unlikely.683

Another limitation concerns the studied exposure. We believe that the composition684

and experience of the transfer team, rather than the choice of vehicle, is the key685

factor influencing patient outcomes. While HEMS transfers serve as a proxy for spe-686

cialized team involvement, this is an imperfect surrogate. Ground-based transfers687

may also involve specialized teams, though more commonly they are conducted by688

local providers. Fixed-wing transfers are performed either by specialized teams or689

by a single retrieval nurse with anesthetic training. Importantly, transport modality690

reflects not only team composition but also unmeasured factors such as transit time.691

Finally, the exposure was inferred from flight records rather than systematically692

collected clinical data.693
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The primary outcome used in this study, 30-day mortality, is relatively coarse. For694

patients with severe brain injury, functional outcomes are more informative. As a695

proxy, we included Days Alive and Out of Hospital (DAOH) within 90 days as a sec-696

ondary outcome. However, prior research shows mixed associations between DAOH697

and functional outcome (48–50). It is possible that HEMS transfers affect functional698

outcome more than mortality rates. Future studies should preferably include func-699

tional outcomes as an endpoint.700

In the IV analysis, the estimand was the LATE—reflecting the causal effect among701

compliers, i.e., patients whose transport modality would vary based on weather min-702

ima. The generalizability of this estimate depends on how representative this group703

is of the broader population and whether effect sizes are consistent across subgroups.704

The modest sample size limits precision, particularly given that even optimistic ef-705

fect sizes would be small (on the order of a few percentage points). Notably, as we706

moved from GLMs to IV analyses to ATE bounds estimation — each requiring fewer707

assumptions — uncertainty intervals widened. This reflects the trade-off between708

statistical certainty and the strength of modeling assumptions.709

Strengths710

A key strength of this study is the use of a transparent and reproducible causal in-711

ference framework. By leveraging observed weather data to approximate random712

assignment of transport modality, we strengthen causal inference beyond what is713

typically achievable with conventional regression methods. Although tailored to714

our setting, this approach may be applicable in other countries and healthcare sys-715

tems where HEMS operations are subject to well-defined weather criteria or similar716

external constraints. In such contexts, comparable methods could support causal717

inference using observational data to evaluate the effectiveness of HEMS in both718

interfacility and prehospital care.719

Our study integrates high-quality national registry data, which strengthens external720

validity and supports the generalizability of findings to ICU settings across Sweden.721

Implications722

Our findings may modestly shift prior beliefs in future studies of interfacility ICU723

transfer modalities, suggesting a positive effect of HEMS on patient outcomes. As a724

secondary observation, we found an unadjusted association between nighttime ICU725

admission and lower 30-day mortality, which may warrant further investigation.726

If the LATE estimates reflect a real mortality benefit, practical implications include727

prioritizing HEMS availability for patients most likely to benefit. This could involve728

ensuring adequate funding and implementing Point-in-Space (PinS) procedures to729

expand HEMS operational capacity in poor weather conditions.730

We propose that weather minima can serve as a valid instrumental variable (IV) for731

causal inference regarding the effect of HEMS transfers. Where testable, the core732

IV assumptions appear to be met. Beyond this specific clinical context, the study733

illustrates how natural experiments can be leveraged to strengthen causal inference734

in observational healthcare research. The framework demonstrates that valid instru-735

ments can be identified even in complex clinical settings, potentially inspiring similar736

approaches across intensive care research.737

Future steps to strengthen inferences about the choice of transfer modality in ICU738

patients include expanding the cohort to encompass all ICU diagnoses, which—using739

Swedish registries—could increase the sample to approximately 10,000 patients from740

2019 to 2025. Incorporating fixed-wing transport data would help disentangle the741

effects of team composition from transport mode. Ideally, prospective collection742

of data on transfer team composition and operational metrics is needed to better743

characterize the ICU transfer process.744
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A central principle of neurocritical care is the prevention and management of “sec-745

ondary insults” — physiological disturbances that exacerbate primary brain injury746

(51). Hypotension and hypoxia, for example, are such insults that are also commonly747

reported complications during interfacility transfers (3–6). Future studies should, in748

addition to examining transport logistics and team composition, ideally incorporate749

detailed records of interventions and physiological parameters during transfer. This750

would enable a better understanding of how care delivery during transport affects751

patient outcomes and help identify opportunities for improvement. Expanding the752

Swedish Intensive Care Registry to include data on the transfer process could be a753

feasible and impactful way to collect a large, generalizable dataset. Since the infras-754

tructure for entering data into the registry is already broadly available, such data755

gathering could be implemented relatively quickly.756

Conclusion757

In this national Swedish cohort of emergency interfacility neuro ICU transfers, we758

demonstrate a rigorous approach to causal inference using weather-based instru-759

mental variables. Findings weakly suggest a potential mortality benefit associated760

with HEMS. We establish and present a transferable methodological framework that761

addresses fundamental challenges in observational transport research. The system-762

atic validation of IV assumptions and transparent analytical approach provide a763

foundation for future causal inference studies in the field.764
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