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To the Editor 48 
 49 
Perioperative statistical risk stratification is widespread. Such tools inform intraoperative 50 
and postoperative care as part of the National Emergency Laparotomy Audit (NELA)1.  51 
 52 
Patients with chronic subdural haematomas (cSDH) are often elderly with significant 53 
comorbidity2.  Despite this, there is a paucity of literature pertaining to risk stratification 54 
models in this cohort3.  At our centre, as part of a multidisciplinary improvement initiative 55 
(the ‘Improving Care in Elderly Neurosurgery Initiative’ (ICENI)4) (Project ID:PRN7705) we 56 
demonstrated a significant association between postoperative complications and length of 57 
stay2.  As a further analysis within this cohort of operated cSDH, we explore the potential of 58 
using retrospective electronic health record (EHR) data to generate prognostic statistical 59 
models for the identification of two end-organ complications (myocardial injury –troponin 60 
above the upper limit of normal and acute kidney injury (AKI) –a rise in serum creatinine of 61 
≥ 1.5 times baseline).  Outcomes were chosen based on data availability and veracity as 62 
well as clinical relevance.  The integrated nature of our EHR permitted incorporation of 63 
variables reflecting intraoperative management.  This enabled an exploratory analysis of 64 
models that, analogous to NELA, could be used preoperatively and updated postoperatively.   65 
 66 
Logistic regression models were built using variables available prior to (age, American 67 
society of Anesthesiologists (ASA) score, creatinine, antithrombotic use, inter-hospital 68 
transfer, pre-operative physiological state, and comorbidities), and end of (opioid dose, 69 
length of wait, time with mean arterial pressure, (MAP) <80mmHg, time with end tidal 70 
carbon dioxide (ETCO2) outside of 3-5kPa, and volatile v intravenous anaesthetic 71 
maintenance), surgery.  Physiological state was encapsulated on each admission day using 72 
the electronic postoperative morbidity score (ePOMS)5(details in supplemental digital 73 
content).  Full details of variable generation are published elsewhere2.  Missing data was 74 
handled by multiple imputation6.  This was used in two ways. Firstly, m=40 imputed datasets 75 
were formed to permit univariable screening (carrying forward all with p <0.2) and 76 
sequential simplification of the multivariable model using pooled likelihood ratio tests (LRT).  77 
These models were subsequently internally validated using k-fold (k=10) cross-validation 78 
using a ‘fold then impute’ strategy to minimise bias7.  Model building and LRT results are in 79 
Supplemental Digital Content.  All analysis was conducted in R v3.5.38.  80 
 81 
This study utilised a previously identified, retrospective cohort of 531 consecutive cases of 82 
primary operation for cSDH between October 2014 and January 2019, with appropriate 83 
outcome data2.  53 individuals suffered myocardial injury, 24 AKI. 69 had at least one ‘end-84 
organ’ complication.  After multivariable model building (See Supplemental Digital Content 85 
Figure S2) an admission model containing ASA, an indicator of tertiary transfer, anti-86 
thrombotic use, and admissions ePOMS score was formed (Model 1 in Table 1).  These were 87 
supplemented with significant day of surgery variables and the process repeated.  The 88 
resulting model contained ASA, tertiary transfer, anti-thrombotic use, day of surgery 89 
ePOMS, intraoperative fentanyl dose, and time out of ETCO2 range (Model 2 in Table 1).  90 
Models yielded AUCs of 0.81(SD=0.01) and 0.85 (SD=0.01) after cross-validation 91 
(Supplemental Digital Content Figures S3 and S4). 92 
 93 
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Our work, despite being a single centre study and lacking external validity, demonstrates the 94 
possibility of using routinely-collected data to generate statistical models for the 95 
identification of postoperative complications after cSDH surgery.   The retrospective nature 96 
of our data and the limitations of diagnostic and operative coding in cSDH2 means we have 97 
not been able to include all potentially relevant explanatory variables (e.g. severity of cSDH).  98 
This is one of many challenges in developing prognostic models in cSDH.  For instance, the 99 
apparent protective association for transferred patients reflects right censoring, due to the 100 
absence of complication data after discharge from our centre.  Improved data linkage 101 
between centres is required to accurately generate models to predict complications in such 102 
patients.   103 
 104 
Our pre-surgery model could be calculated in any centre as the increment in discriminatory 105 
performance in model 2, although statistically significant, is likely clinically unimportant.  For 106 
example, the apparent protective association with fentanyl dose could be identifying a 107 
subset of patients, deemed able to tolerate higher doses by their anaesthetist.  The 108 
increased odds seen with variation in ETCO2 could represent patients with low cardiac 109 
output or raised intracranial pressure (requiring hyperventilation). 110 
 111 
Further work in larger cohorts, with appropriately linked outcome data, is required to 112 
validate our approach and build on the exploratory analysis reported here to determine 113 
clinical utility.    114 
 115 
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 199 
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4) Univariable screening 203 
5) Model building process (incl. excluded variables and p values) 204 
6) R Code (github link) 205 

 206 
 207 

Section 1: Cohort details and missing data 208 
 209 
Full details of patterns of missing data and the cohort’s characteristics have been previously 210 
published and are available here and summarised briefly below. 211 
 212 
Of note in our previously published study one patient had missing formal discharge data 213 
(and thus an inaccurate length of stay).  In this study we had necessary laboratory results 214 
(and thus outcome data) to include them, giving us a total cohort of n = 531. 215 
 216 

 217 
ASA = American society of anesthesiologists score, GCS = Glasgow Coma Scale, mRS = Admission Modified 218 
Rankin Score, CVS = Cardiovascular, Motor score refers to score on the motor (movement) component of the 219 
GCS.  * indicates that value is calculated only on those with recorded values (see missing data) 220 
 221 
 222 
 223 

https://bmjopen.bmj.com/content/10/6/e037385
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Four variables had missing data;  224 

• Baseline creatinine (n= 46 - 8.7%) 225 
• Cognitive status (n= 36 - 6.8%),  226 
• ASA score (n= 87 - 16.1%), 227 
• mRS (n= 192 - 36.2%) 228 

 Patterns of missing data: 229 

• mRS alone (n = 133 – 25.0%) 230 
• ASA alone (n = 46 – 8.7%) 231 
• Creatinine + mRS (n = 13 – 2.4%) 232 
• Creatinine alone (n = 10 – 1.9%) 233 
• Cognitive status + mRS (n = 10 – 1.9% 234 
• Cognitive Status alone (n = 9 – 1.7%) 235 
• Creatinine + ASA (n = 6 – 1.1%) 236 
• Cognitive status, creatinine, mRS (n = 5 – 0.9%) 237 
• Cognitive status + Creatinine (n = 4 – 0.8%) 238 
• Cognitive status + creatinine + ASA (n = 3 – 0.6%) 239 
• Creatinine ASA + mRS (n = 3 – 0.6%) 240 
• Cognitive status + ASA + mRS (n = 3 – 0.6%) 241 
• Cognitive status + ASA + mRS + Creatinine (n = 2 – 0.4%) 242 
• Cognitive status + ASA (n = 1 – 0.2%) 243 

 244 

 245 

 246 

 247 

 248 

 249 

 250 

 251 

 252 

 253 

 254 

 255 
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Section 2: Calculation of an electronic postoperative morbidity score (ePOMS) 256 
 257 
 258 

HR = Heart Rate, SBP = Systolic blood pressure, GCS = Glasgow Coma Scale, GI = 259 
Gastrointestinal system, WHO ATC = World Health Organisation Anatomical therapeutic 260 
chemical classification, IV = intravenous, FFP = fresh frozen plasma.  If multiple potential 261 
criteria are listed then an individual scores if any of these are met % In the original EPOMS 262 
score this would correspond to the ‘wound’ category.  * Indicates additional criterion 263 
included in this variant from previously published[1].  ** indicates that all drugs below this 264 
level of ATC code were included 265 
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 269 
 270 
Section 3: Approach to the handling of missing data 271 
 272 
 273 
 274 
 275 
 276 
 277 
 278 
 279 
 280 
  281 

 282 
Supplementary Figure S1: Approach to the handling of missing in data in model building 283 
(A1-A2) and in combination with k-fold cross validation for internal validation of 284 
generated model.   285 
 286 
For assessment between exposures (variables) and outcome of interest, missing baseline 287 
variables were imputed using `multiple imputation using chained equations’ (MI with CE) 288 
(A1).  These results were compared to complete cases results for each analysis (A2).  A 289 
distinct approach was used to allow internal validation of final multivariable models.  This 290 
was done with k=10 fold cross-validation.  The dataset was split into test/train folds (B1), 291 
test folds were then individually imputed (B2), before being recombined (B3).  Fold indices 292 

Figure 4.2: Graphical represent at ion of t he use of mult iple imput at ion in t he

handl ing of missing dat a for bot h pr imary and secondary analyses

CUH = Cambridge University Hospitals NHS Foundat ion Trust . NA = M issing value. T he start ing dataset was used in

two ways. For primary analysis and logist ic regression model building for secondary analysis: missing baseline variables

were imputed using mult iple imputat ion using chained equat ions (CE) (A 1). T hese result s were compared to ‘complete

case’ result s using only cases where all values were present (A 2). A dist inct approach was used to allow internal validat ion

of logist ic regression models built t o ident ify prolonged CUH length of stay. T his was done using K - fold cross-validat ion.

T he dataset was split into test / t rain folds (B 1) , t est folds were t hen individually imputed (B 2), before being recombined

(B 3). Fold indices created in B 1 were used to perform cross-validat ion forming sequent ial t rain (green rows) and test

(grey row) datasets.

55
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created in B1 were use d to perform cross validation forming sequential training (green 293 
rows) and test (grey row) datasets.  294 
 295 

 296 
Section 4: Univariable screening 297 
 298 

Supplementary Table S1:  Pooled univariable analysis for the identification of end-organ 299 
complications (myocardial infarction or acute kidney injury) in a cohort of 531 cases of 300 
operated chronic subdural haematoma.  Analysis conducted across m = 40 multiply imputed 301 
datasets.  ASA = American Society of Anesthesiologists score, CO2 = End Tidal Carbon Dioxide 302 
tension, CVS = Cardiovascular System, DOS = Day of Surgery, EPOMS = Electronic 303 
postoperative morbidity score, GCS = Glasgow Coma Scale, kPa = kilopascals, MAP = mean 304 
arterial pressure, mcg = micrograms, min = minutes, M6 = Motor score of 6 on the Glasgow 305 
coma scale, mRS = Modified Rankin Scale, TIVA = Total Intravenous Anaesthesia, Length of 306 
wait = wait between admission and surgery.  307 
 308 
Section 5: Model building process and results for identification of end-organ 309 
complications:  310 
 311 
After a process of univariable screening, all variables with p<0.2 were carried forward to 312 
multivariable model building.  This was performed by pooling results across 40 multiply 313 
imputed datasets and compared to complete cases.   314 
 315 
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Supplementary Figure S2 demonstrates model building process.  After univariable testing a 316 
starting model formed from variables available to clinicians prior to surgery and the 317 
subsequent order of exclusion of variables using backwards step regression with a threshold 318 
for exclusion of p=0.05 on the pooled likelihood ratio test.   319 
 320 
This final `pre-op model’ (Model 1 in Table 1) was then further refined by the addition of 321 
information available at the conclusion of surgery (DOS = Day of Surgery variables) with an 322 
equivalent process of model refinement using backwards step regression.  This resulted in a 323 
final `post-op model’ (Model 2 in Table 2).    324 
 325 
Both models were subsequently tested using internal validation with a distinct imputation 326 
method (see Supplementary Figure S1) and discrimination assessed using the area under 327 
the receiver operator characteristic curve (ROC) (Supplementary Material Figures S3 and 328 
S4) 329 
 330 
 331 
Section 6: R Code 332 
 333 
Although data for this cannot be made available due to its potentially sensitive nature and 334 
origins within an approved service evaluation project we have made our analytical code 335 
available on GitHub here.   336 

 337 
 338 
 339 
 340 
 341 
 342 
 343 
 344 
 345 
 346 
 347 
 348 
 349 
 350 
 351 
 352 
 353 
 354 
 355 
 356 
 357 
 358 
 359 
 360 
 361 
 362 
 363 
 364 
 365 
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