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Abstract  

Emergency bowel surgery is a commonly performed procedure, with a high overall mortality rate 

compared to other types of major surgery.  Pre-operative risk stratification has become a key part of 

its care pathway, as it facilitates the identification of high-risk patients.  The aims of this thesis are to 

explore the care pathway for emergency bowel surgery, the risk models used to predict post-

operative mortality, and to investigate the ability of variables that are routinely available pre-

operatively to predict 30-day mortality after emergency bowel surgery.   

First is a series of literature reviews which provide an overview of the three key topics.  Second, a 

single centre retrospective cohort study performed using the local National Emergency Laparotomy 

Audit database (01/12/2013 to 31/01/2020).  Further data were then extracted from electronic 

hospital records (n=1,508).  Exploratory data analysis was conducted to investigate associations 

between candidate predictor variables and 30-day mortality. 

The National Early Warning Score (NEWS), Laboratory Decision Tree Early Warning Score (LDTEWS), 

combined LDTEWS-NEWS risk score and Hospital Frailty Risk Score (HFRS), all displayed the strongest 

relationships with mortality in exploratory data analysis.  They were then externally validated on the 

complete dataset, with the standalone scores being reasonable predictors of mortality (c-statistic 

0.708, 0.724, 0.740 and 0.683 respectively), but poorly calibrated overall.   

A logistic regression model (PRE-OP) was developed using age, NEWS, LDTEWS and HFRS as 

predictor variables.  The PRE-OP model demonstrated good discrimination (c-statistic 0.827) and 

calibration on internal validation; but was outperformed by the NELA score (c-statistic 0.861).  SORT, 

APACHE II and P-POSSUM all displayed inferior calibration and fair-to-good discrimination (c-statistic 

0.808, 0.734 and 0.796 respectively). 

In summary, patient vital signs, blood tests and markers of frailty can be used to accurately predict 

30-day mortality after emergency bowel surgery and perform comparably to other risk models.  The 

variables are reliably available pre-operatively and free from inter-observer bias.  Further research is 

needed to externally validate these findings and investigate more detailed use of raw predictor 

variables with more complicated modelling techniques.   
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Impact statement 

This thesis focuses heavily on risk prediction modelling and emergency bowel surgery, but there are 

other key topics which were covered during the completion of this research project that should be 

mentioned.  The first and foremost is the handling and interpretation of electronic healthcare data.  

To be able to do this I learnt to use R, an open-source programming language for statistical 

computing and graphics.  While base R code can conduct many data handling/analysis tasks, it is the 

modern user-created software packages which make it such a powerful data science tool; and a bit 

easier to use.  Most notably are the Tidyverse and Tidymodels group of packages.  They provide a 

cohesive collection of functions to deal with data cleaning, transformation, visualisation, and 

statistical modelling.  In tandem with these software packages are a range of free resources on their 

use and data science in general.   

I started learning to use R while conducting data analysis for other studies using both the local PHU 

and national NELA datasets, culminating in two publications:  

1. Darbyshire, A. R., Kostakis, I., Pucher, P. H., Toh, S. & Mercer, S. J. The impact of laparoscopy 

on emergency surgery for adhesional small bowel obstruction: prospective single centre 

cohort study. Annals of the Royal College of Surgeons of England 1–8 (2021). 

2. Darbyshire, A. R., Kostakis, I., Pucher, P. H., Prytherch, D. & Mercer, S. J. P-POSSUM and the 

NELA Score Overpredict Mortality for Laparoscopic Emergency Bowel Surgery: An Analysis of 

the NELA Database. World J Surg 1–9 (2021).   

While separate to this research project, they provided me with the skills in R that I needed to 

perform the complex cleaning and integration of the datasets and conduct the data analysis.  

Becoming fluent in R and being able to get useful information out of otherwise impenetrable blocks 

of electronic data has had a major impact on me as a researcher.  This is particularly because I can 

interpret the clinical relevance of findings in real time, something which non-clinical data analysts 

can struggle with.   

I think the major impact of this study, in terms of its findings, is that NEWS, LDTEWS and HFRS scores 

carry a clear association with post-operative mortality.  Intestinal emergencies represent a 

heterogenous group of conditions, and it is often not clear whether a patient needs an operation 

and when it should be performed.  The fact that independent of the underlying diagnosis or 

procedure to be performed, increasingly abnormal vital signs or blood tests are associated with 

worse post-operative outcomes, is of great clinical utility.  This may help clinicians identify at risk 
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patients, who need to be medically optimised prior to surgery, or need urgent transfer to theatre 

rather than further trial of non-operative management.  The association between increasing patient 

frailty and post-operative mortality is still a relatively new finding and adds to the body of growing 

evidence on this topic.  By validating HFRS in a surgical cohort, it lends it further credibility in larger 

studies using national coding data, such as the Hospital Episode Statistics database.  
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Chapter One: Introduction 

This thesis focuses on the development and application of clinical risk models and their use in 

emergency bowel surgery.  Specifically, it investigates whether innovative use of clinical and 

biochemical patient data can improve pre-operative risk prediction of mortality, by these models.   

Intestinal emergencies are a broad spectrum of common diseases affecting adults of all ages.  They 

are conditions which involve infection, obstruction, perforation, loss of blood supply or bleeding 

from the bowel.  The underlying causes are numerous, with scar tissue from previous surgery, 

hernias, bowel cancer, perforated peptic ulcers and diverticular disease being the most common 

pathology1,2.  They are managed by general surgeons, who receive training in emergency bowel 

surgery and a range of gastro-intestinal subspecialties.  Curative emergency surgery is typically 

performed "open" through a large abdominal incision called a laparotomy1,2.  Minimally invasive 

approaches, namely laparoscopic (keyhole) surgery and interventional radiology procedures, are 

also being used to treat certain conditions.  They have an advantage over open surgery of using 

much smaller incisions, resulting in reduced post-operative pain and faster recovery3,4.  Surgery for 

intestinal emergencies is often high-risk, with an overall mortality rate of 10%4.  Historically, it has 

received limited interest and resources from healthcare providers and clinicians, in comparison to 

elective bowel surgery1.  This has changed over the last decade in response to national reports of 

high-mortality rates and marked variations in provision of care1,5.  Much of this has been driven by 

the National Emergency Laparotomy Audit (NELA) which has recorded data on all patients having 

emergency bowel surgery in England and Wales since 20132.   NELA monitors patient outcomes 

against evidence-based standards of care recommended by the Royal College of Surgeons England 

(RCS)1,2.  These broadly include timely surgical review and transfer to theatre, with consultant 

delivered care at each step, and admission to intensive care unit (ICU) for high-risk cases.  At the 

heart of this process has been the identification of high-risk patients with a predicted mortality of 

≥5%, using risk prediction models1,2.  Thus, risk models have become an established part of the care 

pathway, with stratification of patients into low and high-risk groups important to deciding which 

standards of care need to be delivered.  Several studies have demonstrated the effectiveness of 

these care processes, and there has been a modest but sustained reduction in mortality nationally 

(11.8% to 9.3%)6–10.  A best practice tariff now provides National Health Service (NHS) hospitals with 

a financial bonus if ≥80% of patients predicted to be high-risk have a consultant surgeon and 

anaesthetist present during their procedure and are admitted to ICU post-operatively11. 
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1.1  Overview  

In the rest of chapter 1, I discuss in more detail how operative risk has historically been poorly 

recognised and the research studies that have led to substantial changes in the care provision for 

intestinal emergencies.  I review the use of risk stratification tools in emergency laparotomy and the 

evidence of its benefits for patients is provided.  This is crucially the identification of high-risk 

patients who benefit most from NELA’s standards of care.  Following this is an overview of the 

methodology behind the development, assessment and validation of a risk prediction model and its 

performance.  A comprehensive understanding of this topic is key to both appraising the literature 

and planning the analysis for this study.  In chapter 2 I conduct a narrative review of long-standing 

risk models validated in emergency laparotomy, new emerging models developed for emergency 

bowel surgery, and related risk models developed outside the field of surgical risk prediction.  

Chapter 3 discusses the methodology behind the initial dataset acquisition, interrogation and 

integration to provide the final datasets, and the findings from exploratory data analysis.  Chapter 4 

focuses on the methodology and results for the external validation of NEWS, LDTEWS, LDTEWS-

NEWS risk and HFRS score as stand-alone predictors of 30-day mortality after emergency bowel 

surgery.  In chapter 5 we discuss the methodology and results from the development and internal 

validation of a risk prediction model for emergency bowel surgery called PRE-OP, using variables that 

are routinely available pre-operatively.  Chapter 6 discusses the collective findings of the study, the 

strengths and limitations, and implications for clinical practice and avenues of future research. 

1.1.1 Appreciating risk  

In the last 20 years, surgery and anaesthesia in the United Kingdom has undergone major 

developments and subspecialisation.  With substantial improvements in diagnostic techniques, 

surgical technology and perioperative care, it was felt that the UK was providing an excellent and 

modern surgical service12.  However, with these advances came greater scrutiny from clinicians and 

health care providers on patient outcomes after surgery, with surprisingly poor performance in 

certain areas. In 2003 an international cohort study comparing mortality rates after major surgery in 

the UK and USA, found that risk-adjusted mortality rates were significantly higher in the United 

Kingdom13.  These findings were controversial, making the national newspapers, but were soon 

followed by other studies with similar themes14,15.  A subsequent national cohort study investigating 

outcomes after general surgical procedures in the UK, identified that overall mortality rates were 

low (0.44% for elective and 5.4% for emergencies).  However, the majority of post-operative deaths 

(83.8%) occurred in the minority group of patients who were considered to be high-risk (12.5%).  
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Furthermore, less than 15% of this group were admitted to ICU in the post-operative period, 

suggesting that these high-risk patients were not clearly identified as such by clinicians, and may 

have received suboptimal care with a worse associated outcome16.  

Following on from the reports of poor outcomes after major surgery, the Association of Surgeons of 

Great Britain and Ireland (ASGBI) conducted its own assessment of the care provided for patients 

having emergency abdominal surgery.  A consensus statement released in 2007, outlined significant 

problems in the emergency general surgery provision.  They stemmed from a strong political focus 

on improving elective surgery and reducing waiting times.  This resulted in a paradoxical situation 

where not only were limited resources diverted away from emergency services, but some surgeons 

viewed undertaking emergency on calls as an “inconvenient interruption” to their elective work.  

The statement identified several key issues and areas for improvement that are summarised in Table 

117.    

Table 1. ASGBI Consensus Statement “Emergency General Surgery: The Future” in 2007. 

• Wide variation in the quality of emergency general surgery across the UK. 

• Emergency general surgery comprised the largest caseload of any surgical specialty with little 

dedicated resource, training or research.  

• Strong clinical leader for emergency general surgery needed in each trust to enact change.   

• Emergency surgical patients have dedicated resources and surgical staffing, so they are no 

longer “second” to elective patients.   

• Consultants and trainees have time in their job plans allocated to emergency work.   

• The need for timely access to diagnostic services, interventional radiology and emergency 

theatres.   

• Accredited General Surgeons take responsibility for emergency patients with back up from 

appropriate subspecialties through defined routes.   

The National Confidential Enquiry into Patient Outcome and Death (NCEPOD) also conducted its own 

investigation into the provision of peri-operative care in the UK, collecting data on patients having all 

types of inpatient surgery over a one-week period.  The report identified that while only 20% of 

patients having surgery were high-risk, most deaths occurred in this group (79%).  Furthermore, they 

found limited use of pre-operative assessment clinics or invasive monitoring during surgery; with 

only 22% of high-risk cases admitted to ICU post-operatively and half of high-risk patients who died 

receiving no critical care input18.  The report concluded that there was a widespread and consistent 
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lack of appreciation of operative risk.  It recommended the urgent need for robust mechanisms to 

identify high-risk surgical patients and provide a tailored peri-operative pathway for them; with 

operative risk being at the heart of patient decision making18.   

Following on from problems raised by the ASGBI and NCEPOD’s reports, the RCS published their own 

review entitled “The Higher Risk General Surgical Patient”1.  They identified that major general 

surgical procedures were performed routinely in every acute hospital across the UK, with 170,000 

each year.   Of these patients a shocking 59% suffered significant post-operative complications 

accounting for 25,000 deaths.  In addition to this, advanced age, co-morbidities and urgency of 

surgery were all associated with increased risk; with mortality as high as 50% for patients having 

emergency intestinal surgery in their 80s1.  It is worth noting that at this time both elective 

oesophago-gastric and colorectal cancer resections were already subject to national audit; and in 

many cases they are high-risk procedures.  The 90-day mortality for oesophageal and gastric cancer 

resections were 4% and 6% respectively, with 30% suffering a post-operative complication, and 10% 

needing re-operation19.  For colorectal cancer, 30-day mortality was 2.7-4.0% depending on the type 

of resection, with the patients typically taking 8-10 days to recover in hospital20.  Both audits also 

focused on other key standards of care, such as pre-operative imaging, discussion of management in 

multidisciplinary team meeting and specialist nurse input.  In stark contrast to elective procedures, 

colorectal cancer resections requiring emergency surgery had a substantially higher 30-day mortality 

(9.3-12.3%)20.  The RCS recognised in their report that although standards for some high-risk cases 

was excellent, overall there was substantial variability in the quality of care being delivered. The 

factors contributing towards poor outcomes for emergency admissions included systemic delays in 

prescription of antibiotics and fluids, access to diagnostic imaging, senior review and decision 

making and lack of access to emergency theatres.  For elective admissions, the failure to identify and 

treat complications promptly was leading to unplanned admissions to ICU, with mortality rising to 

30%.  The RCS outlined key recommendations to improve patient care, which are reproduced in 

Table 21.   

Table 2.  Key Recommendations from RCS “The Higher Risk General Surgical Patient” in 2011. 

• Hospitals develop a clear pathway for emergency general surgical admissions with timelines 

for senior review, diagnostic imaging and management.  

• Defined escalation strategy for unwell patients with prompt recognition and treatment of 

complications. 

• Prioritised access to theatres for emergency cases.  
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• Patients should have individualised estimate of risk of death prior to surgery which is 

discussed with them and documented.  

• High-risk patients are defined as having a predicted mortality of >5% and should have 

consultant input from surgeon, radiologist, anaesthetist and intensivist.   

• High-risk patients with a predicted mortality >10% must have consultant surgeon and 

anaesthetist present for their procedure.   

• At the end of surgery all cases are reassessed and a plan for post-operative care made.  

• All high-risk cases are transferred to intensive care for post-operative management.   

At this time a group of anaesthetists and surgeons founded the Emergency Laparotomy Network 

(ELN), with the aim of recruiting and connecting interested clinicians who recognised that outcomes 

for emergency laparotomy were poor, with the shared goal of improving care for these patients.  

The ELN conducted a prospective, multi-centre audit of patients undergoing emergency laparotomy 

from September 2010 to April 2011 across England5.  Data from 35 hospitals on 1,853 patients, who 

underwent 1,941 emergency laparotomies, were collected.  Overall, 30-day mortality was strikingly 

high at 14.9% (range 3.6 – 41.7%), something that would be inconceivable for major elective 

gastrointestinal surgery.  Clear associations between increasing age and 30-day mortality were 

observed (20% for 70-79 years, 23.6% for 80-89 years and 31.4% for ≥90s).  Significant co-

morbidities were common, with more than 60% of patients considered to have a severe systemic 

disease.  Only half of cases were performed under the supervision of both consultant anaesthetist 

and surgeon; and just 15% received goal directed fluid therapy during their procedure.  Interestingly, 

most patients who were felt to require critical care admission post-operatively by their anaesthetist 

were subsequently admitted (89-99%).  Overall caseload and mortality varied substantially between 

hospitals, with a few large volume centres performing exceptionally well with a standardised 

mortality ratio (SMR) more than 2 standard deviations (SD) below the mean.   The importance of this 

study is that it clearly demonstrated that mortality for emergency intestinal surgery was high, 

especially in elderly populations.  It highlighted that while we cannot modify the age or 

comorbidities of patients with intestinal emergencies, there are opportunities to improve their peri-

operative care; exemplified by the few high-volume centres5. 

Following on from the audit, an evidenced-based care bundle called ELPQuiC was devised by the 

ELN, for patients undergoing emergency laparotomy.  The bundle was developed using 

recommendations from the RCS - Higher Risk General Surgical Patient report1,9.  Those with a 

substantial evidence base were included in the final bundle which is summarised in Table 3.   
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Table 3.  Emergency laparotomy pathway quality improvement care (ELPQuiC) bundle processes. 

• Early Warning Score is calculated using patient’s vital signs on admission and escalation 

pathway followed in event of deterioration. 

• Broad spectrum antibiotics to be given immediately to all patients with sepsis or suspicion of 

peritoneal soiling.  

• Patient to be transferred to next available theatre slot once decision to operate has been 

made, or within 6 hours of this decision.  

• Consultant Anaesthetist and Surgeon in Theatre 

• Start fluid resuscitation using goal directed fluid therapies as soon as possible, or within 6 

hours of admission. 

• All patients are transferred to Intensive Care Unit post-operatively.  

This was implemented across 4 NHS hospitals over 8 months; and compared with data collected on 

patients having emergency laparotomy 3 months prior to this.  Introduction of the ELPQuiC bundle 

was associated with a significant reduction in overall case-mix adjusted mortality from 15.6 to 9.6% 

(p=0.002).  The extent of uptake of the 5 processes varied between the 4 hospitals, reflective of the 

differing practices and organisational structures9.  Given the particular challenges faced by each 

hospital, this provided external validity for use of this care bundle to reduce mortality after 

emergency laparotomy.  Importantly it was achieved without increasing resources, demonstrating 

that simple improvements to peri-operative care could have an impact on outcomes.   

1.1.2 The National Emergency Laparotomy Audit 

In response to the rising concerns regarding emergency bowel surgery, the National Emergency 

Laparotomy Audit was commissioned by the Healthcare Quality Improvement Partnership (an 

independent organisation which promotes quality in healthcare through clinical audit).  NELA was 

established to describe and compare inpatient outcomes for patients having emergency bowel 

surgery in England and Wales; and funded by NHS England and the Welsh Government.  The audit 

measured key standards of care that were developed using guidelines and reports from ASGBI, RCS 

and the National Institute for Clinical Excellence (NICE). These standards are summarised in Table 42.   

Table 4.  The standards of care measured by the first National Emergency Laparotomy Audit. 

Before surgery:  
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• Patients should be reviewed by Consultant Surgeon within 12 hours of admission with 

provisional diagnosis and care plan formulated. 

• Rapid access to CT imaging 24 hours a day with scans reported by a Consultant Radiologist. 

• Objective risk assessment of mortality is performed, made explicit to the patient, and formally 

recorded in medical notes.  

• Antibiotics are given within 1 hour of admission if there is evidence of infection.   

• Transfer to theatre occurs within the appropriate time scale based on operative urgency.  

During surgery:  

• Direct care by Consultant Anaesthetist and Surgeon if high-risk (predicted mortality ≥10%).   

• Goal directed fluid therapy is used intra-operatively if high-risk.  

After surgery: 

• Planned admission to Critical Care if high-risk.  

• Review of patients older than 70 years by specialist in Geriatric Medicine. 

The findings of the first audit, which ran from December 2013 to November 2014, provided the first 

national overview of emergency bowel surgery, and did show some improvement from the 

Emergency Laparotomy Network’s initial results.  30-day mortality was 11.7% and verified by linking 

with independent mortality data from the Office of National Statistics.  However, despite the sickest 

patients benefitting from early consultant input and thus experienced decision making, only half 

were seen within 12 hours of admission or had risk of death calculated prior to surgery.  Most 

patients had a CT scan performed, but only 68% were reported by a Consultant Radiologist to 

provide diagnosis.  For patients requiring urgent surgery for suspected peritonitis, almost half had 

not had antibiotics within 3.5 hours, when the target was 1 hour.  Overall, two thirds of cases were 

supervised by a consultant surgeon and anaesthetist, but this reduced during evenings/weekends 

and at night.  Encouragingly, patients who were documented as high risk pre-operatively received 

higher standards of care, with two thirds being reviewed by a consultant surgeon and anaesthetist 

prior to surgery and admitted to critical care post-operatively.  In contrast, similarly high-risk 

patients who did not have a predicted risk documented only received these standards 50% of the 

time2.   

Since 2015, the NELA team has published annual reports providing adherence to standards of care 

and patient outcomes.  The focus has been to support and encourage quality improvement by 

identifying centres that are performing poorly and the aspects of care that could be improved; as 
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well as lessons to be learned from centres with the best outcomes.  There have been sustained 

improvements in patient outcomes since the first audit report, with significant reductions in 30-day 

mortality (down to 9.3% from 11.8%) and post-operative length of stay (down to 15.4 days from 

19.2)2,10.  Research analysing data from the first four years, has also shown that the greatest 

reduction in mortality rate over time occurred in older patients, dropping from 26% to 18% in the 

over 80s21.  These findings support the importance of recognising older, high-risk patients who stand 

to gain the most from its recommendations.  Most standards of care have been increasingly met 

with only administration of antibiotics within 1 hour of diagnosis of infection and assessment by 

specialist geriatrician for elderly patients still widely underperformed.  A cornerstone of the audit 

continues to be pre-operative prediction of risk of mortality, and the recognition and documentation 

of this risk assessment.  The 22.5% of patients who did not have a risk assessment documented in 

the 2019 audit, received the lowest level of consultant-delivered care and were least likely to be 

admitted to critical care post-operatively, even less than low-risk cases.  Although the decision to 

operate is complex, and not based purely on pre-operative risk assessment, it is clear that patients 

who have had one are more likely to receive better standards of care. The importance of recognising 

high-risk patients is also compounded by the considerable difference in 30-day mortality between 

high and low-risk groups (16.9% vs 1.6%)22.  Furthermore, stratifying low-risk patients ensures 

precious resources like ICU beds are most appropriately used, limiting costs and keeping them 

available for other patients. 

1.1.3 Surviving emergency bowel surgery 

Intestinal emergencies arise from a broad spectrum of diseases, with the indications for surgery 

roughly divided into four groups: bowel obstruction, sepsis from perforation or abdominal abscess, 

intestinal bleeding or ischaemia.  Surgery is performed with either open or key-hole surgery, termed 

laparotomy and laparoscopy respectively.  Once inside the abdomen, further steps performed 

depend on the underlying intestinal pathology.  The most frequently performed procedures are 

release of adhesions causing obstruction, small bowel resection, colonic resection, repair of 

perforated peptic ulcer and stoma formation10,23–25.   

Surgical procedures promote a coordinated inflammatory response from the direct cellular injury 

caused by tissue dissection to access body cavities, mobilisation and removal of the diseased tissue 

or organs.  The magnitude of the response is in part proportional to the extent of the tissue 

dissection but varies with the type of operation being performed26.  Surgeons rely on this local 

inflammatory response to promote and co-ordinate tissue healing that is required for post-operative 
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recovery and return to normal function27.  Systemically, a mixture of interlinked endocrine, 

metabolic, immune and haemodynamic stress responses occurs, which increases utilisation of the 

body’s energy intake and stores.  Patient’s physiological reserves and the ability to deliver oxygen 

and nutrients to healing tissues are important to this process28.  Failure to regulate the surgical 

stress response or manage post-operative complications can lead to an uncontrollable systemic 

inflammatory process resulting in multi organ failure and death28.  The aim of emergency surgery is 

to remove the diseased tissue, control the source of infection and resolve any mechanical problems 

such as obstruction.  This is all without exceeding the patient’s physiological reserves, ensuring an 

achievable recovery29.  Analysis of NELA data has identified that a third of deaths after emergency 

laparotomy occurred within 3 days of surgery. This sub-group of patients was significantly older (75 

vs 68 years) with a much higher predicted mortality (53.5% vs 6.5%) than all other deaths.  Authors 

suggest that, for many cases, such early demise after surgery indicates it was futile, and that both 

pathology and surgical procedure clearly outstripped patient’s capacity to recover from surgery.  

They propose that such clearly high-risk patients would have benefited from better peri-operative 

counselling30.  While there are many factors which influence the decision to proceed with surgery, 

this study illustrates the importance of understanding a patient’s functional capacity and operative 

risk prior to doing so.   

Formal assessment of a patient’s physical fitness for major elective surgery can now be assessed 

using cardiopulmonary exercise testing (CPET).  Patients cycle on an exercise bike against gradually 

increasing resistance, while real-time analysis of respired gases, ventilatory flow measurements, 

heart rate, oxygen saturations, blood pressure and 12-lead ECG is performed.  CPET provides an 

objective means of evaluating exercise capacity and the ability to tolerate the physiological demands 

of surgery.  It can identify new cardiorespiratory pathologies that are treatable prior to surgery; and 

aids clinicians in deciding what level of critical care should be planned for post procedure31.  Patients 

needing emergency bowel surgery are at a disadvantage, as they cannot undergo CPET to assess 

their functional capacity, nor is there time to pre-optimise chronic conditions.  Traditionally, simple 

subjective assessment of physical fitness has been used by clinicians to guide peri-operative decision 

making. However, a recent international cohort study has proven it to be ineffective at predicting 

post-operative complications and mortality in major surgery.  It also investigated CPET and the 

Duke’s Activity Status Index (DASI), a 12-item questionnaire which evaluates functional capacity 

using physical activities that patients regularly perform.  It found that lower DASI scores predicted 

30-day mortality and cardiac events, and low peak oxygen consumption on CPET predicted post-

operative complications32.  Further analysis has shown that a DASI score below 34 identifies patients 
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at a high-risk of cardiac events and post-operative complications32.  These promising results support 

the principle that patients need a certain level of physical fitness recover from major surgery.   

Minimising the surgical stress response and secondary organ dysfunction has become an integral 

part of major elective surgery, with the development of enhanced recovery (ERAS) programmes and 

minimally invasive surgery.  ERAS programmes have developed through close collaboration between 

surgeons, anaesthetists, specialists in peri-operative medicine, nurses and physiotherapists.  The 

pathway starts with thorough pre-operative evaluation and optimisation of the patient’s pre-surgical 

condition, often using CPET, explanation of procedure and the steps of the recovery programme. On 

the day of surgery, use of pre-operative carbohydrate drinks, intra-operative goal directed fluid 

therapy, multi-modal analgesia, early enteral nutrition, and aggressive post-operative mobilisation 

all seek to dampen physiological insult from surgery and promote recovery of normal function33,34.  

Minimally invasive laparoscopic surgery has been shown to reduce rate of complications and confer 

faster recovery in major GI cancer resections due to its smaller, less painful incisions allowing earlier 

mobilisation and less impairment of respiratory function 35–41. Serological markers of inflammatory 

response (IL-6 and CRP) have also found to be much lower in laparoscopic procedures than open, 

supporting the principle that they confer a reduced physiological burden42,43.  It is now the standard 

operative approach for most elective GI surgery, and observational studies have shown it to be safe 

and feasible for use in intestinal emergencies and associated with reduced need for ICU admission, 

length of stay and in-hospital mortality3,44–51.  However, its adoption for intestinal emergencies has 

been limited, with only 10% of procedures completed laparoscopically in the latest NELA report10.  

This raises the question of whether the reduced physiological burden and post-operative pain 

associated with minimally invasive surgery could improve recovery and outcomes for intestinal 

emergencies if use was more widespread.   

With most intestinal emergencies, the underlying pathology is usually time dependent, as patients 

are unwell with deranged physiology.  Mechanical obstruction impairs bowel function, leading to 

substantial electrolyte and fluid losses.  As pressure increases mucosal blood supply is impaired 

which can lead to both bacterial translocation and intestinal ischaemia52,53.  Perforation immediately 

contaminates the abdominal cavity with highly irritating intestinal content, leading to rapid systemic 

inflammatory response and sepsis54. For example, in patients presenting with a perforated peptic 

ulcer, the adjusted odds of death increase by 3% with every hour delay in transfer to theatre, and 

6% if they are in shock55.  In many respects it is not surprising that elderly, frail or co-morbid patients 

with limited functional reserves have such a high mortality rate with intestinal emergencies, given 

the underlying pathophysiological insult.  Thus, the focus of recent research has been to develop 
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evidence-based pathways that ensure timely diagnosis and appropriate management of intestinal 

emergencies.   This concept was first investigated with the ELPQuiC peri-operative care bundle9. Two 

further multicentre studies investigating this using a collaborative quality improvement (QI) 

approach have been recently published.  A stepped-wedge cluster-randomised trial called EPOCH, 

trained QI leads in 93 NHS hospitals to implement a 37-step care bundle for emergency laparotomy 

and recruited 15,873 patients.  Despite good engagement with the programme, staff struggled to 

enact all the changes due to lack of time and resources, with wide variation between centres.  

Ultimately no survival benefit over standard pathway was demonstrated and authors suggest that 

this may be due to the complexity of the care bundle7.  The Emergency Laparotomy Collaborative 

was a prospective QI study which implemented a 6-point evidence-based care bundle, similar to the 

one used in ELPQuiC, across 28 NHS hospitals and including 14,809 patients.  Significant changes in 5 

of the 6 care bundle metrics occurred, with reductions in both un- and risk-adjusted mortality 

compared to the normal standard of care cohort (9.8 to 8.3% and 5.3 to 4.5% respectively)6.   

Some authors have suggested that the care bundle approach is actually more of a ‘rescue package’ 

when compared to ERAS protocols, and that more could be done to emulate them34.  It is true that 

key features of ERAS pathways, such as optimising nutrition and early post-operative physiotherapy, 

are not included in care bundles or recorded by NELA, despite having been shown to improve 

recovery34,56.  Minimally invasive surgery is also only performed in a minority of cases, despite being 

routinely used for elective GI surgery due to its patient benefits10,35–41.  Nevertheless, given the 

urgency of intestinal emergencies the core parts of care bundles for emergency laparotomy seem 

prudent.  Rapid diagnosis and transfer to theatre to ensure quick and effective source control, with 

consultant delivered care at each step10.  Use of intra-operative goal directed fluid therapy to 

maximise tissue perfusion and oxygen delivery is another care standard and has a good evidence 

base in elective abdominal surgery57–59.  It is currently the subject of the multicentre randomised 

trial - FLOELA (Fluid Optimisation in Emergency Laparotomy) which will hopefully provide an 

additional treatment option for patients undergoing emergency laparotomy60  

1.1.4 Summary of emergency bowel surgery 

Recognition of risk in major surgery has previously been poorly performed in certain areas, with 

high-risk patients suffering considerably worse outcomes1,18.  In the last decade, numerous 

professional bodies have issued reports highlighting this problem and outlining recommendations to 

improve standards of care.  Patients with intestinal emergencies requiring emergency laparotomy 

have some of the worst outcomes of any major surgical procedure.  Emergency bowel surgery is 
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common and performed in acute hospitals across the United Kingdom.  Nearly half of patients 

having emergency laparotomy in 2019 were high-risk (mortality of >5%), and more than half of 

patients were older than 65 years of age.  Given that the age of patients requiring emergency bowel 

surgery is increasing, it is likely that the proportion of high-risk cases will increase further61.  NELA 

has led to modest but significant improvements in patient outcomes, and the delivery of high 

standards of care has increased in most areas.  Patients who had risk assessments prior to surgery 

received more standards of care than those who do not, which is most important for high-risk 

cases22.  Notably the biggest reduction in mortality since the start of NELA, has been in older 

patients21.  There have been several multi-centre studies investigating the use of care bundles for 

emergency laparotomy, which have overall been shown to improve outcomes6,7,9.  There are still 

several peri-operative interventions that are the cornerstone of enhance recovery programmes for 

major elective surgery that have not been investigated or included in NELA.  Minimally invasive 

surgery has had very limited uptake for emergencies, despite being associated with reduced 

complications, hospital stay and mortality, and being routinely used for elective surgery3,10.  Authors 

have suggested that use of these techniques may further contribute to improving patient 

outcomes34,56.  Nonetheless, intestinal emergencies remain a common health condition presenting 

to acute hospitals.  Providing a standardised care pathway with the identification and prioritisation 

of high-risk patients at the heart of it, has been proven to improve outcomes6–8.  With half of cases 

considered high-risk, and this likely to increase, the importance of clinical risk models remains 

present61.  Similarly, stratifying patients as low-risk will aid clinicians in utilising precious resources, 

such as operating theatres and intensive care beds.  There is very much a clear need for ongoing 

research into keeping risk assessment tools for patients having emergency laparotomy robust and 

up to date. 
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1.2.1 Introduction to risk modelling 

Risk prediction modelling forms part of prognostic research, where the probability of an individual 

developing a particular health outcome is calculated using a set of relevant predictor variables62.  An 

example of this would be using the grade of a breast tumour after mastectomy to estimate the risk 

of the cancer recurring in the next five years63. We have already discussed how risk stratification has 

become a key component of the care pathway for emergency intestinal surgery in the chapter one.  

However, risk models themselves form part of the larger movement towards “personalised” 

medicine, where a patient’s treatment decisions are informed by stratification of the profile of their 

prognostic factors64.  Considering the variability in patients, and the underlying nature and 

treatment of diseases, one single factor is usually insufficient to provide accurate predictions.  Thus, 

models use several predictors in a multivariable approach62.  For our example with breast cancer, 

tumour grade and size, hormone receptor and HER2 status, as well as lymph node involvement are 

all crucial in predicting the risk of recurrence63.  Complex multivariable models can therefore be of 

great use to clinicians making difficult decisions, where a range of factors need to be considered and 

would otherwise be difficult to interpret65.   

In this part of chapter 1 I shall discuss the methodology of developing, assessing, and validating a 

multivariable prediction model. There are a series of articles and international standards from 

leading statisticians which we will refer to, notably the PROGRESS series on prognostic research and 

the TRIPOD statement for transparent reporting of a multivariable prediction models62,64,66–70.  

TRIPOD was created due to the quality of reporting in risk prediction model studies being 

overwhelmingly poor.  It is a set of recommendations developed from an extensive literature review 

and Delphi process with input from methodologists, health care professionals and journal editors.  

The resulting 22-item checklist is deemed essential for the transparent reporting of a prediction 

model study; and required by many journals when submitting for publication70.  It is crucial to 

understand these considered best practices, as well as the pitfalls and limitations of risk prediction 

modelling, before further appraising the literature on currently available models.  

1.2.2 Modelling risk and regression analysis 

Risk prediction models in principle are created by measuring the strength of a relationship between 

our outcome variable of interest, classically referred to as the dependent variable, and our input 

predictor variables71.  With modern computing there are now numerous methods of “modelling” 

this relationship, but the simplest is linear regression analysis72.  Linear regression quantifies the 

strength of association between a continuous outcome variable 𝑌 and predictor variable 𝑋, by 
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plotting the data points for 𝑌 against 𝑋, and then drawing a straight line of best fit through the data 

points.  The level at which the regression line crosses the y-axis is called the intercept 𝛽0 and is the 

value of the outcome variable 𝑌 when predictor variable 𝑋 = 0.  The slope of the regression line is 

referred to as 𝛽1 (𝛽 coefficient) and represents the unit change on the y-axis from a one unit change 

on the x-axis.  In its simplest form multivariable linear regression is represented by 𝑌 = 𝛽0 +

 𝛽1𝑋1 +  𝛽2𝑋2 …, where 𝑋1 and 𝑋2 are the value of the predictor variables71.  The 𝛽 coefficients from 

the model can be used to make new predictions.  Linear regression is relatively intuitive to 

understand and easy to perform, but it makes several assumptions about the structure of the data 

and can lead to inaccurate predictions72.  One of the leading issues is that it assumes a linear 

relationship between outcome and predictor variables, and if this is not the case then 

transformations will need to be applied to predictor variables as part of the pre-processing steps73. 

An extension of this methodology is logistic regression, where the outcome variable being predicted 

is categorical, rather than linear.  For much of healthcare modelling, including this research project, 

the outcome is binary i.e., dead vs alive, event vs non-event, 1 vs 0.  Other types are available, such 

as multinomial regression where there are >2 outcomes, and ordinal regression where the outcomes 

follow an inherent order71.  Given that the outcome being investigated in this research project is 

post-operative mortality and therefore binary, this is what we are referring to when discussing 

logistic regression.  Logistic regression only has two possible outcomes (1 or 0), unlike linear 

regression where the outcomes are measured on a continuous scale.  It overcomes this by 

estimating the probability of 𝑌 = 1, rather than estimating a value of either  𝑌 = 0 or 𝑌 = 1 from 

the x-axis.  To do this it fits the probability of this binary outcome (0 to 1), onto a log-odds scale 

which runs from −∞ to +∞.  This transformation is performed by the logit function 𝑙𝑜𝑔𝑒 (
𝑝

1−𝑝
) 

where 𝑝 is the probability of the outcome occurring and is how logistic regression gets its name.  The 

regression equation is comparable to linear regression, except the predicted outcome is 

𝑙𝑜𝑔𝑒(𝑜𝑑𝑑𝑠[𝑒𝑣𝑒𝑛𝑡]) rather than a value of 𝑌.  The same goes for the intercept which is the log-odds 

of the outcome event when 𝑋 = 0.  Thus, the logistic regression equation is 𝑙𝑜𝑔𝑒(𝑜𝑑𝑑𝑠) =  𝛽0 +

 𝛽1𝑋1 +  𝛽2𝑋2.   The 𝛽 coefficients (𝛽1 and 𝛽2) can be easily converted to odds ratios (OR) using the 

exponential 𝑒(𝛽1), as they are much more clinically interpretable.  This is how the results of 

regression analysis are usually presented in observational studies, where regression has been used 

to investigate the association between outcome and patient variables, while controlling for 

confounding factors66,69,71.  Logistic regression is prone to the same problems of non-linearity with its 

predictor variables as linear regression, requiring predictor transformations in the pre-processing 

steps of analysis67,73.   
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There are several more complex modelling techniques which utilise supervised learning to improve 

the accuracy of predictive models by reducing overfitting, such as regularised regression or 

multivariate adaptive regression splines.  Beyond regression analysis are widely used classification 

systems like k-nearest neighbours, decision trees and random forests, which also utilise supervised 

learning to calculate the probability of the outcome occurring72.  For the purposes of discussing risk 

prediction model development, we will continue to focus on logistic regression.   

1.2.3 Identifying the study population and sample size  

As with all clinical research, the study population must be representative of the patient population 

likely to get the health condition/outcome being modelled67.  Failure to develop the model on a 

dataset that does not adequately represent the population of interest, can lead to the model being 

completely inaccurate despite using otherwise robust methodology.  This tends to be more 

problematic for models created using data from randomised trials, as they are usually less inclusive 

than observational studies64.  The establishment of national electronic registries for index health 

conditions and procedures has generated large and comprehensive datasets for such studies64.  

Ideally models will be developed as part of multicentre research, where the model can be trained on 

data from one centre and then tested (externally validated) on data from another.  Where only data 

from one centre exists, the model must be internally validated on the same dataset, the methods for 

which we shall discuss later in Chapter 1.  While this can still produce accurate models, it increases 

the chance of overfitting, where the model too closely memorises the dataset and loses its accuracy 

on external validation with a different population67,70,74.  One thing that must also be considered 

when appraising external validation studies, is whether the model was developed on a patient 

population with the same health conditions as the one it is being tested on.  If the populations are 

completely different e.g., patients on intensive care vs those in an outpatient setting, model 

performance is likely to be poor. Ideally, the populations from the two studies should at least be 

comparable.   

Historically the method for calculating sample size in logistic regression model building, is that there 

must be at least 10 events per predictor variable (EPV) in the study population75.  However, research 

using simulated datasets has revealed that the 10 EPV rule can be liable to error depending on the 

sample size and outcome rate76.  Recent work by Riley et al has shown that a sample size of at least 

139 participants is required when the outcome proportion in the study population is 0.1 (10%) and a 

margin of error of 0.05, for logistic regression modelling75.  Where caution must be taken 

interpreting results is if the outcome rate is low (i.e., ≤1%), particularly is the study population is 
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small.  The reason being that the model will be trained on mostly data where the outcome does not 

occur, and this can only be offset by having a suitably large dataset or using a resampling technique 

to amplify the patients with the event76.  Models developed in such a way may have excellent 

performance on internal validation, as they correctly classify nearly 99% of the cases that do not 

have the outcome, but then do badly in external validation studies where the outcome rate is higher 

and population more diverse76. 

1.2.4 Handling missing data  

There will inevitably be some missing data items that will need to be investigated and handled prior 

to any modelling process.  This is because most algorithms cannot handle missingness, except for a 

few tree-based models72.  Informative missingness is when there is a methodological reason for the 

absent values, such as coding errors or poor data collection71,72.  A good example would be sick 

patients who are moved to a different ward before the data can be recorded.  Data missing at 

random follow no clear pattern and are presumed to be independent of the data collection process.  

Missing items can be replaced with a best guess value, in a process called imputation.  In its simplest 

form this involves estimating either the mean, median or mode for that predictor variable and 

imputing it in the missing value71,72.  This can be quite effective for a variable such as blood tests, 

where the normal range is considered the same for most patients.  However, when the variable has 

a more dynamic range or is related to other attributes, such as height and weight, this may lead to 

spurious results.  More complex machine learning techniques are available, where imputation is 

performed during the resampling process.  In k-nearest neighbours the predictor variables that are 

most like the ones with the missing values are identified, and then used to calculate the mean/mode 

missing value which is imputed.  While effective these techniques can be computationally very 

demanding72.  It is easy to exclude patients with missing data items, but this can lead to incorrect 

estimates of predictive power and requires careful assessment of this group prior to doing so.  If a 

predictor variable has large amounts of missing data, then it should probably be excluded to prevent 

potential errors67.  Further data handling decisions will also need to be taken, such as calculating 

new variables like the mean arterial pressure from the systolic and diastolic blood pressure, during 

the data inspection and wrangling process67,71.  Continuous variables displaying non-linearity will 

also need transformation during the pre-processing steps, to optimise their predictive 

capabilities67,72,73,77.   
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1.2.5 Methods for selecting predictor variables 

In a clinical setting, a combination of literature review and consensus from experts in the field 

should provide a decent guide as to which predictor variables are likely to be influential in a risk 

model67.  Exploratory data analysis will also reveal new trends within the data and can help inform 

which predictors should be retained.  In terms of the modelling process, there is no definitive best 

method of selecting predictors to keep in the final regression model.  The backward elimination 

approach starts off with all the predictor variables in the model and a pre-defined significance level 

(e.g., p=0.05).  Candidate predictors that fall outside the significance level are then sequentially 

removed, leaving the important variables.  However, using significance testing to select predictors 

can be liable to selection bias and overfitting, particularly at the 0.05 threshold.  While all the 

predictors have achieved statistical significance, on testing the final model on a new dataset its 

performance turns out to be poor, as it has too closely adapted to the training dataset.  

Nonetheless, predictor variables well below this threshold (p≤0.01) are likely to have a strong 

association with the outcome67,77.  The full model approach includes all candidate predictor variables 

in the final model and is suggested to reduce the risk of selection bias and overfitting.  This does 

however come at the cost of a large, complex model which is clinically hard to interpret and utilise.  

Furthermore, many of the included predictors will contribute little to the model and could be safely 

removed to improve its utility67,70  

1.2.6 Data splitting and resampling methods 

Before we can build a model or discuss how model performance is assessed, we need to decide how 

to use our final dataset.  In an ideal study we would develop the risk prediction model on a 

“training” dataset from one centre and then validate it on a “test” dataset from another 

independent centre.  This would provide reliable, external validation and is one of the benefits of a 

multicentre study64,70.  However, a multicentre study is beyond the resources of this educational 

project, and we must therefore make best use of the available dataset.  Here an accepted method is 

to divide the main dataset into a separate test and training dataset often with ≥60% of the data in 

the training set, though the exact amount does really depend on how much data you have. The data 

splitting process is often stratified by the outcome to ensure that it is evenly distributed between 

test and training and prevents the unlikely but unfortunate scenario where most of the outcomes 

are in only one of the datasets72,78.  It is crucial that the model is then only developed on data from 

the training set, as assessing the model on the test set prior to final model selection biases the 

result.   
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This method creates a problem as to how to decide which is the best model to then validate on the 

test dataset, as we can only use it once.  While the significance level of candidate predictors is a 

helpful guide to prune variables from the regression model, and prior knowledge from literature 

review and exploratory data analysis further serve to assist this process, it doesn’t provide an 

indication of how well the model performs67.  Resampling methods overcome this problem by 

providing an effective strategy to assess model performance on the test dataset.  They do this by 

randomly dividing the training dataset and fitting the model on one part of it then assessing its 

performance on the other part. Two commonly used methods are bootstrap resampling and V-fold 

cross validation67,72,74,78.   

Bootstrap resampling was originally created to approximate the sampling distribution of data and 

calculate confidence intervals.  It’s use in assessing model performance is a secondary application.  A 

bootstrap sample is randomly taken from the training set with something called “replacement”.  This 

means that once a datapoint has been included in the subset it can still be used again, resulting in 

each bootstrap likely to contain duplicate values72,78,79.  A bootstrap sample will be the same size as 

the original dataset and contain a similar distribution of values.  It will also contain on average 

≈63.21% of the original training dataset.  The bootstrap sample is used to develop the model which 

is then tested on the remaining data from the training set and contains on average ≈36.79% of the 

original data.  This process can then be repeated multiple times, each time developing and testing a 

subtly different model (see Figure 1 for illustration).  As bootstrapping replicates observations there 

tends to be less variability in error than other resampling methods.  However, it can often 

underestimate the performance of the model, introducing bias and is particularly problematic in 

small datasets (n≤1000)72,78.   
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Figure 1.  Illustration of bootstrap resampling process.  Coloured squares represent each row in the dataset. 

V-fold cross validation is another well-established resampling technique, where the training set is 

randomly divided into V sets of roughly equal size, referred to as “folds”.  Each datapoint is then part 

of its own fold within the dataset.  For each resample all the datapoints for one of the folds are 

reserved to test the model’s performance and the rest of the data is then used to develop the 

model.  This process is repeated V number of times, each time using one of the folds to assess model 

performance (see Figure 2 for illustration)72,78.  There is no correct number of folds to use, but as V 

increases the difference between the estimated performance on the training set and true 

performance on the test set will eventually decrease72.  The typically accepted values for V are 5 to 

10, with 10-fold cross validation the most prevelant72,78.  Overall, 10-fold cross validation works well 

with smaller data sets (n≤10,000) compromising on accuracy and providing an estimate of 

variability72  

Total Data 

         

         

 
 Bootstrap 1    Bootstrap 2  

         

         

         

         

 
 Bootstrap 3    Bootstrap 4  

         

         

         

         

 
 
 

Data  Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8  Fold 9 Fold 10 

 Train Train Train Train Validate Train Train Train Train Validate 

 Validate Train Train Train Train Train Validate Train Train Train 

 Train Train Validate Train Validate Train Train Train Train Train 

 Train Validate Train Train Train Train Train Validate Train Train 

 Train Train Train Train Validate Train Train Train Train Train 

 Train Validate Train Train Train Train Train Train Train Validate 

 Validate Train Train Train Train Train Train Validate Train Train 

 Train Train Train Validate Train Train Train Train Validate Train 

 Train Train Train Train Train Validate Train Train Train Train 

 Train Train Train Train Train Validate Train Train Train Train 

 Train Train Validate Train Train Train Train Train Validate Train 

 Train Train Train Train Train Train Validate Train Train Train 

 Train Train Train Validate Train Train Train Train Validate Train 

 Validate Train Train Train Train Train Train Train Train Train 

 Train Train Validate Train Train Train Validate Train Train Train 

 Train Train Train Train Train Validate Train Train Train Train 

 Train Validate Train Train Train Train Train Train Train Validate 

 Train Train Train Validate Train Train Train Validate Train Train 

  



37 

 

 

Figure 2.  Illustration of 10-fold cross validation process. Coloured squares represent each row in the dataset. 

1.2.7 Assessing model performance 

When it comes to assessing a regression model’s performance, we are essentially looking at how 

well the model estimates the probability of the outcome for each datapoint in the test dataset. The 

recommended performance measures for logistic regression are discrimination and calibration64,70,74.   

Discrimination assesses the model’s ability to differentiate between patients with the outcome 

(dead) from those without it (alive) by assigning a greater probability to those patients.  A model 

with good discrimination will have a wide spread of predictions, with some predicted to have the 

outcome and others to not74,80. It is often assessed visually by plotting receiver operating 

characteristic (ROC) curves, where the sensitivity (true positive rate) is plotted on the y-axis and the 

1 – specificity (false positive rate) on the x-axis, for increasing thresholds of predicted risk.  The area 

under the ROC curve (AUC) is equivalent to the concordance, or c-statistic, and is how discrimination 

is commonly quantified72,74.  A c-statistic of 1.0 has perfect discrimination and will correctly classify 

outcomes 100% of the time, whereas a value of 0.5 is a useless model whose discriminatory ability is 

no better than chance80.  Typically models with a c-statistic of ≥0.7 are considered adequate, ≥0.8 to 

have clinical utility and ≥0.9 excellent67,74,80.  The c-statistic can be generated using resampling 

techniques on the training dataset during model development, allowing its performance to be 
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assessed prior to validation72,78.  However, while a model’s discrimination may be excellent, it can 

still provide individual risk estimates that are wildly inaccurate if it is poorly calibrated81.   

Calibration refers to the relationship between the observed and predicted outcomes for a model.  It 

is best assessed graphically by plotting the observed outcomes on the y-axis and the predicted 

outcomes on the x-axis74,81.  This can be done using the observed values (0 or 1) and the predicted 

probability (0 to 100%) with a regression line to create the calibration plot.  Alternatively, we can 

divide the dataset into groups of similar predicted risk, such as deciles.  The mean predicted risk is 

then be plotted for each decile against the mean observed risk, again with a calibration plot to 

display the trend74.  Perfect predictions will follow the line of best fit where the ratio of observed to 

predicted outcomes exactly match and has an intercept of 0 and a slope of 174,81,82.  Calibration-in-

the-large compares the overall event rate of the outcome to the average predicted risk for the test 

dataset, providing a simplistic but general overview.  It is also known as observed versus expected 

(O:E) outcome ratios.  Weak calibration suggests that on average the model provides reasonable risk 

estimates and does not under or over-predict risk.  It is evaluated by calculating the calibration slope 

and intercept for the calibration plot.  The intercept has a target value 0, with positive values 

indicating an underestimation of risk and negative values an overestimation.  The slope assesses the 

spread of predicted risks and has a target value of 1. A slope of >1 suggests that the predicted risks 

are too extreme, with high-risk cases being over-predicted and low-risk cases under-predicted.  The 

opposite occurs with a slope of <1 which indicates that risk predictions are too moderate74,81.  

However, interpretation of the calibration slope without the intercept is liable to error, as a 

calibration plot may have a slope of 1 but an intercept of -4, meaning the model substantially over-

predicts risk and is miscalibrated82.  Moderate calibration is assessed in more detail by plotting a line 

of best fit through the observed versus predicted outcomes (calibration plot).  It suggests that the 

predicted risk correspond to the observed proportion of outcomes.  For example, in cases with 10% 

predicted risk, 10 out of 100 will have the outcome81.  Visually we want to see the calibration plot 

passing as close to the line of best fit as possible, and any deviations will reveal where the model is 

over or under-predicting risk.   

Hosmer–Lemeshow goodness-of-fit is a comparative statistical test to assess calibration.  It 

compares observed to predicted outcomes (typically in deciles) and provides a p-value, which is non-

significant if there is overall good calibration.  This methodology is not recommended however, as it 

provides an oversimplified view of calibration, with models that substantially over or under-predict 

risk still achieving non-significance.  Furthermore, if there is miscalibration, Hosmer–Lemeshow 
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reveals no indication as to the direction or extent of it74,81,82.  Thus, we will not be using this test to 

assess model calibration.   

There are also aspects of model development that can influence calibration and must be considered. 

Overfitting is a common problem that occurs when the model is too complex for the dataset it is 

developed on. This tends to happen with small datasets, in flexible machine learning algorithms, and 

when too many predictor variables are included or are chosen based purely on significance testing.  

The overfitted model essentially memorises the training dataset, capturing too much random noise, 

and subsequently performs poorly on validation72,81.  This can be avoided by limiting the number of 

predictor variables, non-linear effects and interaction terms, and using a simpler modelling strategy 

like logistic regression81.  The data source and items themselves can also affect calibration, 

independent of the modelling process.  If there is substantial variability in the outcome between 

different populations this can affect model performance in validation, such as comparing a model 

developed in primary care on patients in a hospital setting81.  While variations in outcomes from 

emergency bowel surgery are associated with hospital level organisational factors, and population 

attributes such as social deprivation, the overall variations in mortality are small8,83.  Furthermore, 

the overall mortality rate for the PHU NELA dataset is 12% and comparable to the national 

average10.  Other data issues such as measurement and inter-observer bias can also influence 

calibration and will be considered when selecting candidate predictor variables81.  

Two final measures of model performance we will discuss are accuracy and the Brier score.  

Accuracy is essentially the proportion of cases that the model correctly classified as having the 

outcome (true positives) or not (true negatives) and is a value between 0 and 1.  While it is not 

routinely used to validate prediction models, it is used to assess their performance when resampling 

during model development along with the c-statistic67,72,74.  The Brier score is a measure of accuracy 

of probability predictions and was originally developed to compare observed to predicted weather 

conditions.  For binary outcomes it is essentially the average mean-squared error of the observed vs 

predicted outcomes, providing a score of 0 to 1, with more accurate the predictions having a lower 

score.  It initially gained popularity as it provides an overview of both discrimination and calibration 

but has since been shown to be inaccurate at evaluating risk model predictions, as the Brier scores 

are also dependent on the prevalence of the outcome84.  It has been used in some of the studies 

discussed below, but we will not be using it as a performance metric in this research project.   
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1.2.8 Summary of risk modelling 

In this section of chapter 1 I have discussed the basic risk modelling techniques and methods of 

model assessment for logistic regression.  I have considered the target population for this project 

and outlined a strategy for identifying predictor variables.  When developing a new risk model, I 

have provided evidence of the importance of using a training and test dataset, and the key role 

resampling techniques have in assessing model performance without introducing bias.  In chapter 2 I 

will provide a narrative review of risk models and will appraise the literature in line with the 

methodological principles discussed in this chapter.  
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Chapter Two: Risk models in major surgery 

2.1 Introduction 

Historically, the development and validation of risk prediction models in major abdominal surgery 

has been somewhat haphazard, with several seminal models permeating the literature85.  This is in 

many respects understandable in the era before electronic health records, given the challenges in 

collecting the large amounts of data required for model development.  From 2010 onwards there 

has been an explosion of interest in prognostic modelling of outcomes after emergency abdominal 

surgery86–90.  This has notably coincided with the initiation of prospective national registries, 

providing large scale patient data with reliable outcomes, and a growing interest in emergency 

bowel surgery2,5,91,92.  In this chapter I will provide a narrative review of risk models created for 

and/or validated in major abdominal surgery, and specifically intestinal emergencies.  One of the 

focuses here will be to identify predictor variables in established models which are available pre-

operatively and do not rely on presumed operative data.  I shall first discuss the older models that 

were developed for a diverse range of clinical applications but have since been widely validated in 

major abdominal and emergency bowel surgery.  I will then concentrate on models developed in the 

last decade, using modern data on patients having major abdominal and emergency bowel surgery, 

but have not been so extensively validated.  Looking more widely, I will discuss developments in 

prediction models in other clinical fields which utilise variables that are available prior surgery but 

have yet to be investigated in the context of intestinal emergencies.  The summary will review 

realistic data analysis options for this project using pre-operative variables that are available from 

the electronic hospital records, for patients who have had emergency intestinal surgery at PHU.   

2.2 Methods and search strategy  

The available literature on risk prediction modelling in healthcare is extensive, with numerous 

models being developed or applied in different fields or patient populations.  For this research study, 

the potential predictor variables available from electronic hospital records at PHU were known at 

the start of the project, such as patient vital signs and blood tests.  Thus, I decided to conduct a 

narrative review of the literature focussing on the study population and the data items that were 

likely to be available for risk modelling.   This was to provide the best possible evidence base to 

guide the data analysis phase of the study, while limiting the workload in terms of literature review.  

This was necessary as I also had to spend a considerable amount of time learning to write code and 

use R statistical computing software.  
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Initial structured literature searches were performed using the Healthcare Databases Advanced 

Search (HDAS) system which runs the search strategy through EMBASE and Medline to generate a 

pdf of abstracts.  The searches performed were designed to identify papers on risk modelling in 

major surgery, emergency laparotomy/laparoscopy and early warning scores in surgery.  Two 

predictor variables of interest were serum CRP and albumin, as neither had been included in the 

most well-known risk models.  Both are now widely used in clinical practice and we thought they 

may be associated with post-operative mortality, so focused searches for them were also conducted.  

The search dates were from 1980 until September 2019.  The searches performed include:  

1. “risk prediction model” OR “risk prediction” AND “surgery” NOT “cardiac” 

2. “emergency” AND “lap” 

3. “early warning score” OR “EWS” AND “surgery NOT “cardiac” 

4. “albumin” AND “risk prediction” 

5. “crp” OR “CRP” AND “risk prediction”  

HDAS exports were reviewed, and the relevant abstracts highlighted.  An inclusive strategy was 

adopted due to the diverse range of studies/models available: 

• Inclusion criteria: studies assessing the risk of mortality after major abdominal surgery or 

during emergency hospital admission in adults.   

• Exclusion criteria: studies including pregnant women or children (<18 years old), focusing 

solely on neurosurgery or cardiothoracic surgery.  

Based on the article abstracts, relevant articles were then reviewed in full.  Further articles were 

identified during the literature search from the text and reference lists.  A reliable method for 

identifying external validation studies of a risk model was to screen the original article’s list of 

citations.  When reviewing the literature some important measures of methodological quality that 

we have discussed in chapter 1 were considered and can be summarised as70:  

• Model developed on a robust patient dataset of reasonable size from the relevant 

population.  

• Limited number of missing data items with transparent and fair imputation methods.  

• Model developed on training dataset and then validated on a separate test dataset.  If only 

one dataset is used, then the model performance is validated using a resampling technique.  

• Model discrimination is assessed using ROC curves and c-statistic.  
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• Model calibration is assessed using calibration plots with a calibration curve and/or 

calculating the intercept and slope of the curve.  At the very least, observed versus expected 

outcome ratios and/or HL test is provided.  

• External validation in other centres/countries assessing model performance in terms of 

discrimination and calibration. 

• Model recalibration/updating on more recent patient data.  

2.3 Long-standing risk models validated in major and emergency bowel surgery 

Helpfully, comprehensive systematic reviews of risk models validated in major and emergency bowel 

surgery have been published relatively recently.  They identify a number of widely validated and 

established risk models that precede the NELA era.  Both reviews have also used rigorous standards, 

mandating that studies assessed discrimination with the c-statistic and calibration where 

appropriate85,86.  The first investigated studies validating risk models in all types of major non-cardiac 

surgery in an emergency and elective setting (including GI, vascular, head and neck, orthopaedic, 

urology and gynaecology).  It identified a total of 34 risk stratification tools evaluated in 27 studies, 

with 8 of the models validated in multiple studies.  The Portsmouth modification of the Physiological 

and Operative Score for the enUmeration of Mortality and morbidity (P‑POSSUM) and the Surgical 

Risk Scale were found to be the most widely validated and consistently accurate models in this 

review85.  The second investigated studies validating risk models used specifically in emergency 

laparotomy.  It identified 20 studies that assessed 25 risk stratification models, with 7 models 

validated in multiple studies.  The best performing model that was validated in multiple studies was 

the Acute Physiology and Chronic Health Evaluation II score (APACHE II).  P‑POSSUM and the 

American Society for Anaesthesiology physical status (ASA) grade were also frequently studied and 

performed relatively well 86.  There is a reasonable amount of overlap between the two reviews of 

the best performing and most investigated risk models.  We shall therefore discuss the individual 

models in more detail, including further relevant literature. 

P‑POSSUM 

P‑POSSUM was created in 1998 as a recalibrated version of POSSUM, which was itself developed as 

a risk-adjustment tool to provide fair comparison of patient outcomes in surgical audit93,94.  POSSUM 

contains 12 physiological and 6 operative predictor variables which were identified using 

multivariable analysis and formed into a logistic regression equation.  P‑POSSUM was developed on 

prospectively collected data on adults having emergency and elective inpatient general abdominal 

surgery, from August 1993 to December 1995 in a single centre.  POSSUM was validated on the total 
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dataset (n=10,000) and found to increasingly over-predict risk by comparing O:E ratios for different 

ranges of predicted mortality.  Logistic regression was applied to a training dataset (n=2,500) to 

create a new regression equation 𝑙𝑜𝑔𝑒 (
𝑝

1−𝑝
) =  −9.065 + (0.1692 ×  𝑝ℎ𝑦𝑠𝑖𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙 𝑠𝑐𝑜𝑟𝑒) +

(0.1550 ×  𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑠𝑐𝑜𝑟𝑒) where 𝑝 is the predicted risk of mortality94.  The physiological and 

operative scoring is detailed in Table 5.  The recalibrated model was then sequentially tested on the 

remaining dataset (n=7,500) in three evenly divided groups.   

Table 5.  Physiological and operative scores for POSSUM and P‑POSSUM. 

Physiological Score 

Variable 1 point 2 points  4 points  8 points 

Age (years) ≤60 61-70 ≥71  

Cardiac Signs  

Chest x-ray 

Normal 

Normal 

Cardiac drugs/steroids 

(Cardiac 2) 

Oedema, warfarin 

Mild cardiomegaly 

(Cardiac 3) 

JVP raised 

Cardiomegaly 

(Cardiac 4) 

Respiratory Signs  

Chest x-ray 

Normal 

Normal 

Breathless on exertion 

Mild COPD 

(Respiratory 2) 

Breathless on stairs 

Moderate COPD 

(Respiratory 3) 

Breathless at rest 

Any other changes 

(Respiratory 3) 

Systolic blood 
pressure (mmHg) 

110-130 100-109 or 131-170 90-99 or ≥171 ≤89 

Pulse (bpm) 50-80 40-49 or 81-100 101-120 ≤39 or ≥121 

Glasgow Coma Score  15 12-14 9-11 ≤8 

ECG Normal  Atrial fibrillation  Any other changes 

Haemoglobin (g/dL) 13-16 11.5-12.9 or 16.1-17 10-11.4 or 17.1-18 ≤9.9 or ≥18.1 

WCC (x1012/L) 4-10  3.1-3.9 or 10.1-20  ≤3 or ≥20.1  

Sodium (mEq/L) >136 131-135 126-130 125 

Potassium (mEq/L) 3.5-5  3.2-3.4 or 5.1-5.3 2.9-3.1 or 5.4-5.9 ≤2.8 or ≥6 

Urea (mmol/L) <7.5  7.6-10 10.1-15 ≥15.1 

Operative Score 

Variable 1 point 2 points  4 points  8 points 

BUPA Operative Severity Minor Intermediate Major Major+ 

No. of procedures within 

30 days 
1  2 >2 

Blood loss (mL) <100 101-500 501-100 ≥1000 

Peritoneal Contamination None Serous fluid Local pus Free pus, bowel content or blood  

Malignancy Present None Primary  Lymph nodes Metastatic disease 

Urgency of Surgery Elective  <24 hours <2 hours 

Performance was assessed crudely using O:E ratios and HL test for each of the 3 groups, showing 

agreement between observed and predicted outcomes.  Calibration on the final group was provided 
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in more detail by comparing O:E ratios for different ranges of predicted mortality with again, close 

agreement94.  While the methods of model assessment were suboptimal, P‑POSSUM was developed 

using training and test sets from a large and representative dataset.  A concise logistic regression 

model was used, and the reporting of methodology and final algorithm is also transparent.   

P‑POSSUM has been extensively validated as a predictor of post-operative morality in major surgery 

(5 studies) with overall excellent discrimination (c-statistic 0.68-0.92)85.  It’s performance in 

emergency bowel surgery is less impressive, but fair (c-statistic 0.65-0.82) with adequate calibration 

overall 86.  More recent research has found that P‑POSSUM still has reasonable discriminatory ability 

in emergency bowel surgery (c-statistic 0.71-0.84) but that it increasingly over-predicts risk in terms 

of calibration87,95,96.  P‑POSSUM’s overall good performance is probably due to its development on 

reliable data, using sound methodology and a diverse range of risk predictors.  It includes variables 

that reflect physical fitness and co-morbidities (cardiac and respiratory signs), disturbances in acute 

physiology (vital signs, ECG and blood tests) and relevant operative data (urgency of surgery and 

peritoneal contamination)94.  For the purposes of selecting predictors that are available pre-

operatively, this suggests that markers of chronic ill health, vital signs and blood tests are 

candidates.   

In terms of P‑POSSUM’s impact on clinical practice, an international comparison of risk-adjusted 

mortality rates calculated using P‑POSSUM, caused controversy 5 years after its publication.  The 

study compared outcomes after major non-cardiac surgery in two hospitals in the UK and USA and 

identified that risk-adjusted mortality rates were up to 4 times higher in the UK cohort13.  The 

findings made headlines of national newspapers in England and forced the authors to have to 

publicly defend their work14,15.  It was one of the early studies that led to the NCEPOD inquiry and 

RCS report on the high-risk surgical patient1,18.  P‑POSSUM was adopted by the NELA audit as its first 

risk stratification tool, providing pre-operative risk predictions to identify high-risk patients and post-

operative risk-adjusted statistics for hospital level comparisons2.  The model has also been further 

re-calibrated and applied to abdominal aortic aneurysm repairs, as well as gastro-oesophageal and 

colorectal cancer resections97–99. 

APACHE II  

APACHE II was created in 1985 as a classification tool to predict the risk of in-hospital mortality for 

patients on admission to ICU.  It was developed on prospectively collected data on patients admitted 

to 13 ICUs in the USA, from 1979 to 1981.  It consists of 12 physiological predictor variables that 

were selected in a stepwise fashion, from the original prototype model’s 34 variables.  This was done 
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based on clinical judgement, whether the variable was routinely measured and appeared to be 

associated to mortality in descriptive statistics.  This was then combined with a score for chronic 

health status, age, and surgical status.  The final APACHE II scoring system was then validated in a 

multivariable regression model. This included data on medical admissions and patients who’d had 

major surgery (though coronary artery bypass grafts were excluded due to low mortality rates).  Its 

performance was assessed with the c-statistic and classification matrix for different thresholds of 

risk, but calibration was not evaluated100.  The variables and scores are summarised in Table 6.  

Table 6.  APACHE II variables and score. 

A - Acute Physiology Score  

Each variable scores 0 to 4 points 

• Temperature (˚C) 

• Mean arterial pressure (mmHg) 

• Heart rate (bpm) 

• Ventilation rate (bpm) 

• Oxygenation (mmHg) 

• Arterial pH 

• Sodium (mmol/L) 

• Potassium (mmol/L) 

• Creatinine (mg/100ml) 

• Haematocrit (%) 

• WCC (x1012/L) 

• Bicarbonate (mmol/L) 

• Glasgow Coma Score  

B - Age 

• ≤44 years = 0 points 

• 45-54 years = 2 points 

• 55 – 64 years = 3 points 

• 65 – 74 years = 5 points 

• ≥75 years = 6 points 

C - Chronic Health 

If the patient has severe organ system insufficiency or is 
immunocompromised score as follows: 

• 2 points for elective post-operative patients 

• 5 points for non-operative or emergency surgery patients 

Chronic health conditions defined as: 

• Cirrhosis of the liver. 

• New York Heart Association Class IV cardiovascular disease. 

• Severe COPD. 

• Renal dialysis. 

• Immunocompromised. 

APACHE II score is the sum of the A + B + C scores 

APACHE II has been validated in 3 studies on major non-cardiac surgery but performed variably (c-

statistic 0.54-0.78). Of note, only one of the studies applied it properly by using the most abnormal 

variables in first 24 hours of ICU admission101.  In emergency bowel surgery, APACHE II was the 

mostly widely investigated (7 studies) and best performing model for a range of intestinal 

pathologies (c-statistic 0.76-0.98), and largely had adequate calibration.  Interestingly, 4 of the 

studies calculated APACHE II using purely pre-operative data86.  A more recent study found that 

APACHE II continued to be a reasonable discriminator (c-statistic 0.76) but was mis-calibrated in 

emergency bowel surgery, with a statistically significant HL test87. 

APACHE II’s consistent and reasonable performance, despite being developed on a dataset that’s 30-

40 years old, suggests that its predictor variables are very much still relevant to emergency bowel 

surgery today.  It is like P‑POSSUM in that it uses both markers of acute physiology (vital signs, full 

blood count, biochemistry), chronic organ dysfunction and age, as core parts of the model.  The 
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absence of any operative data also helps to strengthen the case that purely pre-operative variables 

can be used to provide risk predictions on post-operative mortality86.  It certainly makes intuitive 

sense that a patient who is older, with a significant co-morbidity or acutely deranged physiology is at 

a greater risk of post-operative mortality than one who does not.  However, a limitation that must 

be considered is that APACHE II was developed exclusively on patients admitted to ITU.  This will 

inevitably introduce selection bias as these represent some of the sickest patients in hospital with 

the highest mortality rates.  This could result in the model being completely inaccurate in a more 

general hospital population or performing poorly in lower risk patients who are clinically stable. 

ASA Grade, the Surgical Risk Scale, Surgical Risk Score and SORT 

The ASA grade was first created in 1941 as a simple classification system for patients’ physical status, 

to help evaluate outcomes from anaesthesia.  It was revised in 1961 after a large observational study 

found that certain ASA grades correlated poorly with post-operative mortality; and then further 

updated in 2014.  The modern system is still very similar to the original and provides an overview of 

a patient’s physical fitness and comorbidities, as well as reflecting of the urgency of surgery and 

severity of surgical pathology.  It is provided with a range of examples of differing health/surgical 

conditions making it relatively easy to apply, despite being a somewhat subjective (see Table 7)102.   

Table 7.  ASA physical status classification system. 

ASA  Definition Examples 

1 Normal health Healthy, non-smoking, no or minimal alcohol use 

2 Mild systemic 
disease 

Mild diseases only without substantive functional limitations. Examples 
include (but not limited to): current smoker, social alcohol drinker, pregnancy, 
30 < BMI < 40, well-controlled diabetes/hypertension, mild lung disease 

3 Severe systemic 
disease 

Substantive functional limitations. One or more moderate to severe diseases. 
Examples include (but not limited to): poorly controlled DM or hypertension, 
COPD, morbid obesity (BMI ≥ 40), active hepatitis, alcohol dependence or 
abuse, implanted pacemaker, moderate reduction in ejection fraction, renal 
failure undergoing regularly scheduled dialysis, history (> 3 months) of stroke 
or heart attack, recent coronary stent (60 weeks) 

4 Severe systemic 
disease that is a 
constant threat to 
life 

Examples include (but not limited to): recent (< 3 months) stroke/heart 
attack/coronary stents, ongoing cardiac ischaemia or severe valve 
dysfunction, severe reduction in ejection fraction, sepsis, acute respiratory 
distress, or acute renal failure 

5 Moribund: survival 
not expected 
without surgery 

Examples include (but not limited to): ruptured abdominal/thoracic aneurysm, 
massive trauma, intracranial bleed with mass effect, ischaemic bowel in the 
face of significant cardiac pathology or multiple organ/system dysfunction 

It has been found to be an overall good discriminator of post-operative mortality in both major 

surgery and emergency bowel surgery (c-statistics 0.81-0.93 and 0.66-0.91 respectively)85,86.  

Furthermore, it has been used as a predictor variable in the Surgical Risk Scale (SRS), Surgical Risk 
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Score and Surgical Outcome Risk Tool (SORT), which were developed to provide risk predictions for 

major non-cardiac surgery.  The SRS combines ASA grade with the British United Provident 

Association (BUPA) operative severity score, NCEPOD urgency of surgery score.  It was developed in 

2002 on data from patients undergoing elective and emergency general surgery in a single centre 

during 1997-1999 (n=4308), then internally validated on a separate dataset from 1999-2000 

(n=2780).  It had excellent discrimination on the test set (c-statistic 0.95) and was moderately well 

calibrated103.  It has been externally validated in 2 studies on major surgery with good performance 

(c-statistic 0.85-0.89) but fared less well in a study in emergency bowel surgery (c-statistic 0.66 with 

acceptable goodness of fit)85,86.   

The Surgical Risk Score combines ASA grade with age, the John Hopkins surgical severity and urgency 

of surgery.  It was created in 2004, from data on all types of non-cardiac surgery in two centres 

collected in 1998-1999, and then internally validated on data from 2002.  It had better overall 

calibration than P‑POSSUM, but slightly inferior discrimination (c-statistic 0.88 vs 0.91)104.  External 

validation in major surgery found its performance to be worse (c-statistic 0.73) and calibration not 

assessed85. 

Table 8.  Predictor variables for the Surgical Risk Scale, Surgical Risk Score and SORT. 

Variable Surgical Risk Scale Surgical Risk Score SORT 

ASA grade 1 to 5 1 to 4 3 to 5 

Age NA <50, 50-69 or ≥70 years <65, 65-79 or ≥80 years 

Urgency of 
Surgery 

Elective, Scheduled, Urgent or 
Emergency 

Elective vs Emergency  Expedited, Urgent or 
Immediate 

Severity of 
Surgery 

Minor, Intermediate, Major, 
Major Plus or Complex Major 

Grade 1, 2 or 3 Major Plus or Complex Major 

Other NA NA Cancer Diagnosis 

High Risk Specialty (GI, 
thoracic or vascular) 

The Surgical Outcome Risk Tool (SORT) was developed using patient data from the NCEPOD 

“Knowing the Risk” report18.  This prospective multicentre cohort study collected data on all types of 

inpatient surgery performed over a 7-day period in 2010, from 326 hospitals across the UK 

(n=16,788).  The data were divided into a training and test dataset, and univariable analysis used to 

identify candidate predictors achieving statistical significance.  These were then built into a 

multivariable logistic regression model using stepwise backward selection and significance 

thresholds (p>0.1 then p>0.05)105.  The predictor variables used in the final model are summarised in 

Table 8.  It had excellent discrimination in the test dataset, outperforming the Surgical Risk Scale and 

ASA grade alone (c-statistic 0.91 vs 0.88 and 0.87).  Calibration was assessed with a non-significant 
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HL test, O:E outcome ratios and calibration plot.  This displayed reasonable calibration, though 8 of 

the 9 points on the plot were below 2% predicted mortality, with the 9th point at 10% predicted 

mortality, making it slightly difficult to appreciate the trend. This is likely related to the overall low 

mortality rate of 1.4%, with the high-risk cases sitting in the top data point105.  SORT has been 

recently externally validated as part of the EPICCS study.  This international, multicentre prospective 

cohort study collected data on all patients having inpatient surgery over a 7-day period during 2017, 

in 274 hospitals.  SORT, P‑POSSUM and SRS all had excellent discrimination (c-statistic 0.90, 0.89 and 

0.85 respectively).  However, P‑POSSUM and the SRS substantially over-predicted mortality in 

calibration plots, which SORT did too but by a smaller margin.  The study also asked clinicians to 

provide their subjective assessment of risk of 30-day mortality.  Remarkably, it too had excellent 

discrimination (c-statistic 0.89), though it substantially over-predicted mortality in calibration plots.  

A combined model was built using SORT and the subjective assessment, with superior discrimination 

on bootstrapped internal validation (c-statistic 0.92) and demonstrated continuous net-

reclassification improvement (a subjective measure of how a new model reclassifies predicted 

outcomes)106.  

These studies all provide a strong evidence base to suggest that ASA grade, urgency of surgery and 

the severity of the procedure, are good predictor variables.  ASA grade does provide a simple overall 

measure of physical fitness, chronic health problems and severity of surgical pathology.  However, it 

does have some potential pitfalls, requiring clinical interpretation and the risk of inter-observer 

bias102.  Nonetheless, it has been used to great effect in a new risk model, the NELA score, which we 

discuss later in the chapter.  Urgency of surgery is also subjective, particularly less urgent emergency 

procedures, or where the operative findings change the urgency.  For example, surgery for small 

bowel obstruction could be considered expedited, but this would change if the bowel became 

necrotic and require immediate surgery.  Operative severity seems a very sensible choice for a 

predictor variable, given that the major procedures like liver resection will carry greater mortality 

than less invasive procedures, such as gallbladder surgery.  However, in emergency bowel surgery 

there is a relative unknown as to the severity of the procedure.  Colonic resection for diverticulitis 

failing medical management will have their predicted mortality substantially upgraded if found to 

have widespread faecal contamination in theatre.  While clinical examination findings, blood tests 

and radiology can guide the decision making and discussion with the patient, absolute certainty on 

exact operative steps is impossible to provide.   
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2.4 New and emerging risk models in emergency bowel surgery 

In the last twenty years there has been great interest in the development of risk prediction tools in 

surgery, particularly for higher risk procedures.  In the United States, the American College of 

Surgeons (ACS) has been collecting data on inpatient surgery since 1999, as part of the National 

Surgical Quality Improvement Programme (NSQIP).  This was originally started in response to 

pressure from the federal government to address high post-operative mortality in Veterans Health 

Administration hospitals.  It was so successful it became a national programme with private health 

care providers asking to join, and now has 700 participating centres107.  Data from the programme 

has been used in seminal observational studies investigating the relationship between failure to 

rescue complications after major surgery and post-operative mortality108–111.  It has also been used 

to develop a range of risk prediction models for major and emergency bowel surgery which we shall 

discuss in more detail112.   

ACS-NSQIP Surgical Risk Score 

This model was created by the ACS to provide a universal risk calculator for most procedures, to 

assist with pre-operative patient consultations and hospital level risk-adjusted statistics.  It has been 

developed on a huge dataset (n= 1,414,006) encompassing 1,557 procedures, from the 2009-2012 

ACS-NSQIP audit.  The dataset was split two-thirds and a generalised linear mixed model developed 

with empirical shrinkage adjustment to account for clustering of risk profiles in different procedure 

types113,114.  It utilises 21 predictor variables to model the risk of 7 post-operative complications and 

30-day mortality.  It’s performance on internal validation displayed excellent discrimination (c-

statistic 0.94) but calibration was only assessed with a Brier score (0.011)113.  The model has 

subsequently had its calibration examined in detail using NSQIP audit data from 2010-2014 (n= 

2,743,679).  Data were split into a development (60%), validation (20%) and test (20%) datasets and 

the ACS-NSQIP model externally validated on the confusingly named development dataset.  

Discrimination had remained excellent (c-statistic 0.94), but the model was slightly mis-calibrated.  It 

was recalibrated on the validation dataset using 21 predictor variables for 11 outcomes (see Table 9 

for summary), with the revised model displaying improved discrimination/calibration on the test 

dataset.  However, a sub-analysis of high-risk general surgical procedures (colonic, liver, pancreatic 

and oesophageal resections) identified poor to acceptable discrimination (c-statistic 0.61-0.71) and 

variable calibration115.   
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Table 9.  ACS-NSQIP predictor and outcome variables. 

Predictor Variable Outcome Variables 

• Operative procedure: one of 1,557 procedure codes 

• Age: <64, 65-74, 74-84 and >85 years old 

• Gender 

• Functional status: independent, partially or totally dependent for ADLs 

• Emergency or Elective 

• ASA grade 1 to 5 

• Chronic steroid use: yes or no 

• Ascites present 30 days prior to surgery: yes or no 

• Systemic sepsis 48 hours prior to surgery: yes or no 

• Ventilated prior to surgery: yes or no 

• Active metastatic cancer: yes or no 

• Diabetes: no, yes-treated with oral medication or yes-treated with insulin 

• Hypertension treated with medication: yes or no 

• Congestive heart failure in 30 days prior to surgery: yes or no 

• Shortness of breath: no, with moderate exertion or at rest 

• Smoker within 1 year: yes or no 

• Severe COPD: yes or no 

• Acute or chronic renal failure requiring dialysis: yes or no 

• Acute renal failure: yes or no 

• Body mass index (kg/m2) 

• 30-day mortality  

• Any complication 

• Serious complication 

• Pneumonia 

• Cardiac complication  

• Sepsis  

• Surgical site infection  

• Urinary tract infection 

• Venous thromboembolism 

• Renal failure 

• Readmission to hospital 

• Return to theatre 

• Discharge to rehabilitation 

or nursing home facility 

The updated model has been externally validated for predicting complications in 2 separate studies, 

using prospectively collected data on patients undergoing emergency bowel surgery in American 

hospitals, though neither of them report 30-day mortality as an outcome116,117.  An Italian study 

validated it in emergency general surgery performed in a single centre during 2018 (n=317).  The 

model displayed excellent discrimination (c-statistic 0.88), but calibration was only assessed using 

Brier scores (0.106)118.  A multicentre Australian study validated its performance in emergency 

bowel surgery using data from 4 centres collected in 2016-2017.  It demonstrated that ACS-NSQIPs 

performance was equivalent to P‑POSSUM and the NELA score, but this was only assessed using O:E 

outcome ratios for 3 thresholds of risk (<5%, 5-10% and >10%)119.  A small single centre Australian 

study (n=58) conducted with data from 2018-2019, found that ACS-NSQIP had good discrimination in 

high-risk emergency bowel surgery (c-statistic 0.84), but largely overpredicted mortality in the 

calibration plot120.  A larger single centre study from New Zealand (n=758) used data from 2012-

2017 on patients undergoing emergency bowel surgery to compare its performance to P‑POSSUM, 

APACHE II and the NELA score.  All models displayed good discrimination (c-statistics 0.71-0.83) but 

only the NELA score had acceptable calibration, with all other models having significant HL tests87.  A 

meta-analysis attempted to quantify ACS-NSQIP’s performance in emergency bowel surgery but 
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found marked heterogeneity between studies.  The only measure of study performance they present 

is an O:E outcome ratio for each study, with no comparison of c-statistics, calibration curves, HL tests 

or Brier scores88. It is therefore of limited value.   

The ACS-NSQIP model has been developed on a huge dataset, using robust modelling techniques 

and is free to use online with a simple graphic user interface, providing a universal risk calculator for 

a myriad of procedures. However, it’s performance in a sub-study of major bowel surgery was below 

par, and external validation on non-ACS-NSQIP data demonstrated poor calibration87,115,118.  This 

suggests that while ACS-NSQIP has been proven to be a good all-round model, it currently lacks 

validity in major bowel surgery and further research is needed in this cohort.  Perhaps the reason it 

performs poorly for these cases is that it doesn’t consider markers of physiological derangement, 

such as blood tests or vital signs, unlike APACHE II or P‑POSSUM86.  It does provide useful 

information about potential predictor variables and is the first model we have discussed which 

utilised patient functional status or BMI, or chronic and acute health problems.  All of these are 

available pre-operatively and relatively free of inter-observer bias.   

Emergency Surgery Score  

Recognising the differences between patients undergoing elective and emergency surgery and 

subsequent discrepancy in outcomes, data from the ACS-NSQIP audit was used to develop the 

Emergency Surgery Score (ESS) in 2016.  The score included all patients undergoing emergency 

surgery and was developed on data from 2011, then validated on the 2012 dataset (n= 18,439).  It 

utilised demographic and co-morbidity variables used in the ACS-NSQIP risk score, but also included 

blood tests.  Continuous variables were categorised with cut offs based on clinical plausibility or the 

normal/abnormal ranges defined by ACS-NSQIP audit.  Multivariable logistic regression was used to 

identify statistically significant predictor variables, and a risk score derived from weighted averages 

of the odds ratios (see Table 10).  Internal validation demonstrated excellent discrimination (c-

statistic 0.86) with observed vs predicted outcomes largely matching with increasing score89.  It has 

been recently externally validated for emergency bowel surgery in an international prospective 

study, with 19 centres collecting data from 2018-2019.  ESS had excellent discrimination (c-statistic 

0.84) and bar plots of 30-day mortality for increasing ESS scores demonstrated a clear positive trend, 

but calibration was in no way assessed121.  It has also been validated on a mix of old and more recent 

ACS-NSQIP data (2007-2015) of patients undergoing emergency bowel surgery (n= 359,849).  ESS 

had remarkable discrimination in this dataset (c-statistic 0.94), and bar plots of cumulative mortality 

for increasing ESS scores were informative, but assessment of calibration was still not presented122.  



53 

 

A small study compared the performance of ESS in Greek and American cohorts (n=214) using 

prospectively collected data on emergency bowel surgery during 2018-2020.  Discrimination was 

good in both (c-statistic 0.79-0.83).  While the study provided useful descriptive comparisons of 

demographics, co-morbidities and operative outcomes between the two cohorts, no measure of 

calibration was provided123.  The same group who created ESS, then created an abbreviated 

Physiological-Emergency Surgery Score, which uses the laboratory variables and ventilator 

requirement in its algorithm.  Developed using the same 2011-2012 data from ACS-NSQIP and 

methodology, the model had good discrimination (c-statistic 0.79), but no measures of calibration 

were provided124.  It has not been externally validated125. 

Table 10.  Predictor variables and scores for ESS. 

Demographic Variables Laboratory Variables 

Age > 60 years = 2  

White race = 1 

Transfer from outside emergency department = 1 

Transfer from another hospital = 1 

Albumin < 3.0 U/L = 1 

Alkaline phosphatase > 125 U/L = 1 

Blood urea nitrogen > 40 mg/dL = 1 

Creatinine > 1.2 mg/dL = 2 

International normalized ratio > 1.5 = 1 

Platelets < 150 x 103/μL = 1  

SGOT > 40 U/L = 1  

Sodium >145 mg/dL = 1 

WBC x 103/μL  

<4.5 = 1 

>15 and ≤25 = 1  

>25 = 2 

Comorbidity Variables 

Ascites present = 1 

BMI < 20 kg/m2 = 1 

Disseminated cancer = 3 

Breathlessness = 1 

Functional dependence = 1 

History of COPD = 1 

Hypertension = 1 

Steroid use = 1 

Ventilator requirement within 48 h preoperatively = 3 

Weight loss > 10% in the preceding 6 months = 1 

Emergency General Surgery Model 

The Emergency General Surgery (EGS) model was created on the principles that patients undergoing 

emergency bowel surgery are a heterogenous yet unique cohort, and that 30-day mortality could be 

predicted using simple pre-operative variables.  Data on patients having emergency bowel surgery 

from the ACS-NSQIP years 2005-2014 were randomly divided into a training and test dataset (n= 

79,835).  A simple multivariable logistic regression model was built in a stepwise fashion and the 

equation is summarise in Table 11.  The model performed well in internal validation, with good 

discrimination (c-statistic 0.83) and calibration plots (calibration curve slope = 0.96 and intercept = 

0.005)126.  Unfortunately, it has not been externally validated, but does demonstrate that age, frailty 

status, pre-operative sepsis, urea and albumin are effective predictor variables.   
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Table 11.  Summary of EGS model. Age is in years and categorical variables yes = 1 and no = 0. 

risk of 30-day mortality =  

(0.034 × age) + 

(0.8 × non independent status) + 

(0.88 × preoperative sepsis) + 

1.1 (if urea ≥29) or 0.57 (if urea 18 to 28) +  

1.6 (if albumin <27) or 0.61 (if albumin 27 to 34) 

Predictive OpTimal Trees in Emergency Surgery Risk Score 

The Predictive OpTimal Trees in Emergency Surgery Risk score (POTTER) is the most recent of the 

risk models created using the ACS-NSQIP database.  This again was in recognition that patients 

undergoing emergency surgery, differ to elective cases, requiring their own risk prediction tools.  

Data on patients undergoing emergency surgery from 2007-2014 was collected, with the 2014 data 

reserved for internal validation (n= 382,960).  A supervised learning technique called Optimal 

Classification Trees (OCT) was used to develop 18 decision tree models for 30-day mortality and the 

range of post-operative complications recorded by ACS-NSQIP.  A simple decision tree works by 

separating the dataset into groups (called nodes) with similar characteristics, by sequentially 

splitting them up based on the values of their predictor variables.  For example, the first split may be 

age <75 or ≥75 years, then the next split albumin ≤28 or >28 and so on.  Each node consists of a 

group of patients from which the mean rate of the outcome (e.g., post-operative mortality) is 

measured, with the final nodes providing the predicted probability.  A problem with simple decision 

trees when using numerous predictor variables, is that each of the individual splits occur in isolation 

and may not fully capture the underlying associations between predictor variables and outcome72.  

OCT attempts to overcome this problem by considering each predictor variables’ split and its 

association to the other splits being made.  This optimisation method aims to reduce the number of 

nodes in the tree while retaining high accuracy predictions127.  The authors do not provide the exact 

predictor variables used in the model, but state that between 4 to 11 predictor variables are needed 

for its calculation of mortality.  One of these variables is ASA grade, as 2 models were created with 

and without it.  The model has been built into a smartphone app with a simple graphic user 

interface90.  Trial and error with the app revealed that the variables used include patient age, 

demographic and comorbidities, as well as blood tests, similar to those used in ESS.  The authors of 

the study have been contacted but have yet to respond.  POTTER had excellent discrimination in 

internal validation, with and without ASA grade (c-statistic 0.92 and 0.91 respectively), yet no 

measures of calibration were reported.  It performed only slightly better than ASA, ESS and ACS-
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NSQIP risk model (c-statistic 0.87, 0.88 and 0.89 respectively) and with no assessment of model 

calibration provided it is hard to see how POTTER can be differentiated from the other models, 

beyond the availability of an iPhone app90.  It has been externally validated on patients undergoing 

emergency general surgery and emergency laparotomy, from the 2017 ACS-NSQIP dataset (n= 

59,955).  POTTER had excellent discrimination in emergency general surgery, but less so for the 

higher-risk emergency laparotomy (c-statistic 0.93 and 0.86 respectively).  Again, no measures of 

calibration were provided128.  

POTTER should represent the ideal modern risk model for emergency surgery, given that it is 

developed on a large, up to date surgical registry, maintaining discrimination in internal and external 

validation.  The use of an optimised decision tree takes advantage of the benefits of this type of 

supervised learning algorithm, as it handles continuous non-linear variables easily without the need 

for transformation and has managed to avoid overfitting which complex decision trees are prone 

to72,127.  The iPhone app also makes it very easy to use and see the number of patients in the final 

node that provides the risk prediction.  However, the complete lack of any measure of calibration 

means further validation of POTTER’s performance is warranted.  It could be wildly under and 

overpredicting risk and still have excellent discrimination81.  Furthermore, the authors have provided 

no clear details of the predictor variables in their publications, which is frustrating as this is useful 

information for clinicians and those seeking to develop new models.   

The NELA Score 

At the start of the NELA audit, P‑POSSUM was adopted as its risk model to provide pre-operative risk 

predictions for individual patients and post-operative risk-adjusted hospital level statistics.  As part 

of the second audit report, a new risk model was created called the NELA score.  This was because at 

that time there was no available risk model designed and validated for emergency bowel surgery, 

but also it had been identified that P‑POSSUM was poorly calibrated and overpredicting risk beyond 

20% predicted mortality95,129.   

The NELA score was developed using prospectively collected data on emergency bowel surgery from 

hospitals across England and Wales, during December 2013 to November 2015 (n= 38,830).  

Candidate predictors were selected based on reviews of existing risk models, expert consultation, 

and national guidelines.  The study also specified that predictors must reflect patient risk prior to 

surgery, be routinely measured, free of inter-observer bias and likely to be missing at random.  The 

22 selected predictor variables included patient characteristics, blood tests, physiological 

measurements, markers of chronic diseases, ASA grade, urgency of surgery and operative data95.  
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Many of the variables used by P‑POSSUM were included in NELA score development94,95.  Descriptive 

statistics were used to evaluate the candidate predictors association with 30-day mortality.  

Continuous variables were winsorised at the 1st and 99th percentile to remove outliers and those 

showing non-linear relationship to mortality were transformed. Some categorical variables with 

highly skewed distributions grouped in a clinically reasonable manner to provide more even 

distribution of data.  A multivariable logistic regression model was built on the entire dataset using 

all candidate predictors, with variables removed in a backward-stepwise fashion.  The notable 

variable removed was Haemoglobin. Interactions between certain variables and ASA grade were 

investigated using bootstrap resampling with 100 samples.  Interactions achieving significance level 

of <0.01 in at least 90% of bootstrap samples were included in the final model (see Table 12).  Model 

performance was internally validated using bootstrap resampling (with 100 samples).  The NELA 

scores performance was compared to P‑POSSUM, the colorectal recalibration of P‑POSSUM (CR-

POSSUM), SORT, the Identification of Risk in Colorectal Surgery (IRCS) model and the Biochemistry 

and Haematology Outcome Model (BHOM).  As part of validation these 5 models were recalibrated 

to better fit the data by calculating their predicted log odds of mortality for each patient, then fitting 

the log odds into a new logistic regression model on the dataset.  The intercept from this regression 

model was then combined with the original predicted log odds to obtain a re-calibrated value.  The 

rationale for this was to allow fair comparison to the NELA score, so that the 5 models reflected the 

mortality rate of the NELA dataset while retaining their original weightings for each predictor 

variable.  The NELA score performed well on internal validation with a c-statistic of 0.86 and 

excellent calibration, with the difference of observed vs predicted risk no more than 3% in all 

deciles.  SORT and P‑POSSUM had good discrimination (c-statistics 0.81 and 0.80) with SORT also 

displaying good calibration, though P‑POSSUM was noted to slightly underpredict risk in high-risk 

deciles and overpredict it in low-risk. The other models had poor discrimination and calibration.   

Table 12.  Algorithm for the NELA score.  See Table 5 for the definitions of Cardiac and Respiratory variables. 

Part A =  

0.0280548 x Female + 

0.1054722 x (Cardiac 2) + 0.2655433 x (Cardiac 3) + 0.3017798 x (Cardiac 4) –  

0.0617987 x (Urgency 6-18hrs) + 0.0787992 x (Urgency 2-6hrs) + 0.4708663 x (Urgency <2hrs) +  

0.3375291 x (AF rate 60-90 bpm) + 0.1411111 x (AF rate >90bpm/other abnormal rhythm) –  

0.2888454 x (Operations n=2) – 0.1316191 x (Operations n>2) + 

0.2043578 x (Operative severity Major plus) +  

0.0563362 x (Blood loss 101-500ml) + 0.3148512 x (Blood loss 501-999ml) –  

0.0278452 x (Blood loss ≥1000ml) +  

0.1727508 x (Peritoneal Soiling = Serous fluid) – 0.0837140 x (Peritoneal Soiling = Localised pus) +  
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0.4387634 x (Peritoneal Soiling = Free bowel content, pus or blood) +  

0.0332072 x (Malignancy = Primary only) + 0.3666088 x (Malignancy = Nodal metastases) +  

0.9988459 x (Malignancy = Distant metastases) +  

0.6355512 x (GCS 9-12) + 0.7842625 x (GCS 3-8) +  

0.0132113 x (Pulse centred) – 0.0001264 x (Pulse centred2) –  

0.0090343 x (Systolic BP centred) + 0.0001137 x (Systolic BP centred2) –  

0.3093507 x (Creatinine centred) + 0.2428102 x (Creatinine centred2) –  

0.0994759 x (Potassium centred) + 0.1699467 x (Potassium centred2) +  

0.4227387 x (Urea centred) – 0.0542346 x (Urea centred2) –  

0.0072917 x (WCC centred) + 0.0013263 x (WCC centred2) –  

0.0007271 x (Sodium centred3) + 0.0002304 x (Sodium centred3) x log(Sodium centred) 

ASA grade Log odds of 30-day mortality calculated as: 

1-2 Loge (odds) = Part A – 4.3488269 +  

0.0572932 x (Age centred) + 0.0001274 x (Age centred2) +  

0.5395227 x (Respiratory 2) + 1.2601628 x (Respiratory 3) 

3 Loge (odds) = Part A – 4.3488269 + 1.0573609 + (0.0572932 – 0.0235901) x  

(Age centred) + (0.0001274 – 0.0001441) x (Age centred2) + (0.5395227 – 

0.1807609) x (Respiratory 2) + (1.2601628 – 0.5437609) x (Respiratory 3) 

4 Loge (odds) = Part A – 4.3488269 + 1.8546010 + (0.0572932 – 0.0276586) x  

(Age centred) + (0.0001274 + 0.0000669) x (Age centred2) + (0.5395227 – 

0.3157025) x (Respiratory 2) + (1.2601628 – 0.8688040) x (Respiratory 3) 

5 Loge (odds) = Part A – 4.3488269 + 2.6489194 + (0.0572932 – 0.0337041) x  

(Age centred) + (0.0001274 + 0.0002500) x (Age centred2) + (0.5395227 – 

0.3012922) x (Respiratory 2) + (1.2601628 – 0.9052032) x (Respiratory 3) 

The NELA score has been externally validated on NELA audit data from 2015-2017, as part of an 

observational study investigating the relationship between pre-operative anaemia and 30-day 

mortality.  It maintained excellent discrimination (c-statistic 0.86) and calibration, with non-

significant HL tests and calibration curve that followed the line of best fit reasonably well, though did 

slightly underpredict mortality between 20-40% and increasingly overpredicted mortality after 

60%130.  It has also been externally validated in a single centre study from New Zealand which used 

data from 2012-2017, to compare its performance to P‑POSSUM, APACHE II and the ACS-NSQIP 

score (n=758).  It had the best discrimination (c-statistic 0.83) and was the only model to have a non-

significant HL test, though more detailed assessment of calibration was not provided87.  The model 

was recently recalibrated using up to date data from NELA audit years 4-6, as the overall mortality 

rate has reduced, and it was also felt that the more recent data were likely to be of higher quality131.  

The NELA score provides an excellent risk-adjustment tool for emergency bowel surgery.  It has been 

developed on a prospectively collected, large and robust dataset, using resampling methods to 

assess its performance.  The methodology of how a complex multivariable regression model has 

been developed is well documented and reproducible.  It’s discrimination and calibration on internal 
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and external validation have been excellent, and clearly displayed in published articles.  It provides 

clear evidence that age, certain blood tests and vital signs are strong and relevant predictors of risk 

in emergency bowel surgery.  Again, ASA seems to be an important variable, which in this case has 

been used as an interaction term, to modify the impact that age and respiratory signs have on 

predicted mortality95.  So does urgency of surgery, which like ASA is utilised in the original and 

recalibrated SORT model, as well as POTTER90,105,106.  However, there are potential limitations of the 

NELA score (and P‑POSSUM) in providing pre-operative risk predictions, namely the use of operative 

predictor variables which can only be known for certain after the procedure.  While the degree of 

blood loss, peritoneal soiling, malignancy status and operative severity can be anticipated prior to 

surgery, through clinical experience, blood tests and radiology, they cannot be known for certain.  

Any risk model for emergency surgery that utilises operative variables in this way will introduce a 

new element of error, which is not measured as part of the model development or validation 

process.  The NELA score and P‑POSSUM were both developed on confirmed operative findings, so 

the use of this data for post-operative risk-adjustment is entirely valid.  It is only in the case of pre-

operative risk prediction that there is potential for unmeasured error.   

2.5 Related relevant models and candidate predictors 

So far, I have discussed existing models that have been developed for or simply validated on patients 

undergoing major abdominal and emergency bowel surgery.  They have provided a wealth of 

potential predictors that are available pre-operatively and are associated with post-operative 

mortality.  I shall now discuss relevant models and potential predictor variables developed outside 

the field of surgical risk prediction, that have we have not covered yet.  The first is early warning 

scores, which have become part of a nationalised patient safety programme to identify unwell 

patients132.  The second is frailty, which has emerged as an important marker of decreased 

physiological reserve (independent of age) and correlates with short and longer-term post-operative 

mortality133–135.  

The National Early Warning Score 

Patient’s vital signs or observations are routinely measured as part of in-patient hospital care, at 

regular intervals depending on the patient’s condition.  They broadly include heart rate, respiratory 

rate, oxygen saturations (SaO2), blood pressure, temperature, and conscious level.  Early warning 

scores (EWS) were created to provide a formal structure to indicate whether a patient’s vital signs 

were abnormal or not, with the score calculated at the bedside by the ward staff taking the 

observations. They are then prompted to alert the nurse in charge and a doctor if the EWS is 
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elevated beyond a set threshold, so timely medical review of a potentially unwell patient occurs, and 

necessary intervention taken136.  In 2007, the National Institute for Clinical Excellence (NICE) and 

Royal College of Physicians London, recommended that all hospitals providing care to emergency 

admissions must use a comprehensive and structured early warning score137,138.   

At this time most hospitals recorded observations on paper charts at the bedside, making collecting 

the data to model this process challenging.  However, an electronic vital signs system called 

VitalPACTM was able to overcome this problem, allowing health care professionals to record vital 

signs on tablet computers.  Data collected on emergency medical admissions at PHU during 2006-

2008 (n=35,585) were used to develop a VitalPACTM early warning score (ViEWS)136.  This dataset 

yielded numerous sets of observations (n= 198,755), so the final observation set before 

discharge/death for each patient was selected to train the model (n= 35,585).  A pragmatic 

weighting system using scores of 0 to 3 was decided upon for each predictor variable, to keep the 

model simple and interpretable.  The weightings were then adjusted using a trial-and-error approach 

on the training dataset, to find the model that had the best discrimination for predicting in-hospital 

mortality within 24 hours of the observations being taken (see Table 13 for summary).  The ViEWS 

model was then internally validated on the total observation set and its performance compared to 

33 other EWS available.  ViEWS had excellent discrimination and outperformed the other scores (c-

statistic 0.89 vs 0.8-0.85).  It was also highly efficient at identifying patients likely to die in the next 

24 hours, with a ViEWS score of 5 capturing 82% of all deaths but only consisting of 20% of the total 

observations recorded136.   

The ViEWS score was adopted by the Royal College of Physicians London, with subtle adjustments 

made based on clinical consensus, to produce the National Early Warning Score (NEWS).  NEWS was 

then validated on the same dataset but using some additional outcomes.  It had good to excellent 

discrimination at predicting cardiac arrest, unintended admission to ICU and in-hospital mortality (c-

statistic 0.72, 0.85 and 0.89 respectively).  Like ViEWS it was highly efficient at identifying patients at 

risk of the 3 outcomes, with a NEWS of 5 identifying 75% of outcomes but requiring a doctor to 

review the patient for only 17% of the total observations recorded132.  NEWS has since been 

validated on data from emergency surgical and medical admissions at PHU during 2011-2013.  The 

authors had planned to use data on elective admissions too, but the rate of outcomes was too low 

to permit robust analysis (0.7-1.5%).  Large cohorts were available for both emergency surgical (n= 

20,626) and medical admissions (n= 48,747).  NEWS had excellent discrimination at predicting death 

within 24 hours of observations being taken but performed better in the surgical cohort (c-statistic 

0.91 vs 0.90).  It also had good to excellent discrimination at predicting cardiac arrest and 
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unintended admission to ICU (c-statistic 0.74-0.76 and 0.86 respectively).  NEWS maintained its 

efficiency in detecting patients at risk of the outcomes, with a score of 5 in medical patients and 4 in 

surgical detecting approximately 70% of outcomes and requiring only 12.3% or 6.1% of the workload 

respectively139.  The weightings used in the NEWS algorithm have been confirmed in a further study 

where a decision tree model was used to produce an independent EWS algorithm.  The scores 

produced by the decision tree were extremely similar to NEWS and had the same performance on 

internal validation140.  

Table 13.  Predictor variables and scoring system for ViEWS and NEWS scores. 

ViEWS Score 

Vital Sign 3 2 1 0 1 2 3 

Pulse (bpm)  ≤40 41-50 51-90 91-110 111-130 ≥131 

Respiratory rate 

(bpm) 

≤8  9-11 12-20  21-24 ≥25 

Temperature (˚C) ≤35  35.1-36.0 36.1-38.0 38.1-39 ≥39.1  

Systolic BP 

(mmHg) 

≤90 91-100 101-110 111-249 ≥250   

SaO2 (%) ≤91 92-93 94-95 ≥96    

Inspired O2     Air   Any O2 

Conscious level 

(APVU scale) 

   Alert    Voice/Pain 

Unresponsive 

NEWS Score 

Vital Sign 3 2 1 0 1 2 3 

Pulse (bpm) ≤40  41-50 51-90 91-110 111-130 ≥131 

Respiratory rate 

(bpm) 

≤8  9-11 12-20  21-24 ≥25 

Temperature (˚C) ≤35  35.1-36.0 36.1-38.0 38.1-39 ≥39.1  

Systolic BP 

(mmHg) 

≤90 91-100 101-110 111-219   ≥220 

SaO2 (%) ≤91 92-93 94-95 ≥96    

Inspired O2     Air  Any  

Conscious level 

(APVU scale) 

   Alert    Voice/Pain 

Unresponsive 

Since 2013, NEWS has been widely adopted across the UK, and the regular monitoring of vital signs 

with an EWS continues to be a NICE requirement of acute care hospitals137,141.  Furthermore, recent 

international guidelines on the peri-operative management of emergency bowel surgery, have 

stressed the importance of screening for physiological disturbance with early warning scores.  They 

emphasise the need to promptly identify common abnormalities such as sepsis or hypovolaemia, by 
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checking EWS at regular intervals, with rapid escalation to senior review if they are deranged142.  

While the timing of when the predictor variables are taken and the outcome occurs differs between 

NEWS and the surgical risk models (24 hours vs 30-day mortality), it is certainly reasonable to 

suggest that NEWS and its composite vital signs could be applied to emergency bowel surgery.  All 

the risk models that have been successfully developed or validated on it have used at least one of 

the vital signs in their algorithm.  It also makes intuitive sense that patients who are unwell prior to 

surgery with abnormal vital signs are more likely to need critical care support and develop 

complications than if they were stable.  A limitation of the NEWS studies is that they do not report 

on model calibration but focus on metrics relevant to early warning scores.  The cumulative 

mortality rates for each NEWS score are helpful indicators of NEWS’s relationship to mortality, and 

the EWS efficiency curves inform on the thresholds set clinical review to be triggered141.  It is quite 

possible that NEWS scores alone can discriminate post-operative mortality but are poorly calibrated.  

A benefit of investigating NEWS and its relationship to post-operative mortality is that NEWS is now 

widely used by surgeons as part of daily clinical practice142.  It is also simple to interpret on a paper 

chart, making potential findings easily relatable132.  If a NEWS score of say 5 correlated with a 

substantial increase in post-operative mortality (>10%), as an observational finding alone this would 

further help identify high-risk patients who may need urgent surgery.   

So far EWS has been investigated in two small studies in the context of emergency bowel surgery, 

the first as a post-operative screening tool to stratify patients to either ICU or HDU to make best use 

of resources.  This single centre Italian study found that introducing a EWS threshold of 3 to 4 

reduced admissions to ICU post-operatively, without altering complication rates or mortality143.  A 

single centre English study found that pre-operative EWS was a mediocre discriminator of mortality 

compared to ASA and POSSUM (c-statistic 0.70 vs 0.81).  Interestingly, EWS on day-2 post-

operatively had good performance in predicting mortality (c-statistic 0.83) and Kaplan-Meier survival 

plots showed that patients with deteriorating EWS had double the mortality rate of those whose 

EWS were improving144 It is therefore of great interest and value to see if pre-operative NEWS has 

any relationship to 30-day mortality and is something we should be able to achieve with the 

electronic data available from PHU.  

The Laboratory Decision Tree Early Warning Score 

The laboratory decision tree early warning score (LDTEWS) was created as a track and trigger system 

to identify ‘at risk’ patients, who are unwell and could deteriorate if appropriate action not taken.  It 

was developed on similar principles to NEWS, that emergency admissions have blood tests routinely 
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taken and could provide a reliable indicator of physiological derangement140.  The study used data 

from 2006-2012 on all emergency medical admissions (n= 86,472), dividing the dataset evenly into a 

training set and 22 validation sets.  Commonly performed serum haematology and biochemistry 

taken on the first or second day of admission were used as predictor variables (Haemoglobin - Hb, 

White Cell Count - WCC, Sodium - Na, Potassium – K, Urea - Ur, Creatinine - Cre, and Albumin - Alb).  

Datasets were then split by gender, to account for any differences in reference ranges.  Decision tree 

models were then developed for men and women, analysing each predictor variable independently 

with their own tree structure.  The model was constrained so that each leaf node had no fewer than 

5% of total cases, to limit the number of nodes/splits and prevent overfitting.  To retain the simple 0 

to 3 weighting system of NEWS, risk bands were allocated based on the relative risk of the leaf 

nodes.  When the relative risk was < mean in-hospital mortality it was given a score of 0.  If the risk 

was ≥ mean in-hospital mortality but <2 times the mean risk, it was given a score of 1.  If the risk was 

≥2 but <3 times mean in-hospital mortality, it was given a score of 2, and if it was ≥3 times mean in-

hospital mortality as score of 3 was given.  If there were more leaf nodes than the number of risk 

bands then the leaves with the most similar risk were merged.  LDTEWS was then validated on the 

22 test datasets demonstrating slightly variable but adequate discrimination (c-statistic 0.76-0.80).  

There was substantial overlap between confidence intervals, with the authors noting that this 

suggests no significant difference in discrimination between the datasets.  LDTEWS was efficient at 

identifying in-hospital mortality, with a threshold of 4 identifying 79.7% of deaths from only 40.7% of 

test results145.  It has been externally validated in a single centre Danish study on acute medical 

admissions in 2008-2010 (n=4,902).  It had good discrimination at predicting in-hospital mortality (c-

statistic 0.81) and a non-significant HL test, but slightly overpredicted mortality for low/high risk 

cases and underpredicted for moderate risk146.   

Table 14.  LDTEWS predictor variables and scoring system. 

Male 2 1 0 1 2 3 

Hb ≤11.1 11.2-12.8 ≥12.9    

WCC   ≤9.3 9.4-16.6 16.7  

Na ≤132  133-140 ≥141   

K  ≤3.7 3.8-4.4 4.5-4.7 ≥4.8  

Ur   ≤9.4 9.5-13.7  13.8 

Cre   ≤114 115-179 180  

Alb ≤30 31-34 ≥35    

Female 2 1 0 1 2 3 

Hb  ≤12 12.1-14.8 ≥14.9   
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WCC   ≤12.6 12.7-14.8 ≥14.9  

Na  ≤134 135-140 ≥141   

K  ≤3.3 3.4-4.5 ≥4.6   

Ur   ≤8.4 8.5-13.8  ≥13.9 

Cre   ≤91 92-157 ≥158  

Alb ≤28 29-34 ≥35    

This provides evidence that the physiological abnormalities captured by routine blood tests can 

accurately reflect the severity of illness, risk of deterioration and death.  Other models such as the 

NELA score, APACHE II, P‑POSSUM, ESS and POTTER all incorporate components of haematology and 

biochemistry tests in their algorithms.  It also makes intuitive sense that patients needing surgery 

who have sepsis, renal impairment, electrolyte imbalance, poor nutrition or chronic illness will have 

worse outcomes, compared to if they had not.  These markers should to some degree capture this. 

Haemoglobin is a vital protein contained in red blood cells that acts as the main transporter for 

oxygen in blood.  Low Hb reduces oxygen delivery to tissues and has been shown to be associated 

with an increased risk of post-operative mortality with emergency bowel surgery130.  WCC are well 

established markers of acute infection and inflammation used in clinical practice.  They are a 

predictor variable in most of the risk models developed for major abdominal surgery we have 

discussed.  Sodium is an essential cation that maintains the distribution of water between cells, 

blood vessels and the extracellular space.  Levels are closely controlled by the kidney.  High sodium 

often occurs with dehydration and low sodium from fluid losses with diarrhoea, vomiting or bowel 

obstruction in general surgical patients34,147.  Another essential cation is potassium, which generates 

the resting cell-membrane potential and allows electronic impulses to be transmitted in muscles, 

nerves and cardiac tissue.  It is also key to maintaining blood pressure, gut motility, hormone 

secretion, renal function and electrolyte balance.  Low potassium levels occur with vomiting, 

diarrhoea or bowel obstruction and high levels occur with acute and chronic renal impairment, both 

of which commonly occur in intestinal emergencies.  If potassium is not kept within the normal 

range, cardiac arrhythmias can occur which are fatal if untreated28,147,148.  Urea is a breakdown 

product of nitrogen, and creatinine a product of protein and muscle metabolism.  Both chemicals are 

readily excreted by the kidney and commonly used serum markers of renal function, with rising 

creatinine corresponding to worsening function28.  Patients requiring major abdominal surgery are 

prone to fluid losses and acute kidney injury, particularly if there is concomitant infection147,149.  

Albumin is an abundant protein found in blood and has a key role in generating oncotic pressure and 

maintaining the intravascular space. It also acts as a binding agent transporting cations, fatty acids, 

hormones and other proteins150.  The pathophysiology of low albumin and its relationship to surgical 
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outcomes is still not fully understood.  During infections or surgical stress response capillary 

permeability increases, and albumin leaks into the interstitial space resulting in reduced serum 

albumin.  States of chronic major illness such as renal, cardiac or liver disease are also associated 

with low albumin.  It has also been hypothesised that low albumin is directly linked to poor nutrition, 

though the evidence to substantiate this is lacking and no nutritional intervention has been proven 

increase albumin levels151.  What has been reliably demonstrated is that low albumin levels pre-

operatively, and significant drop in albumin levels post-operatively are strongly correlated with 

mortality152,153.  It is probable that albumin’s relationship to the severity of acute inflammation, as 

well as the presence of chronic illness, account for this to a degree154.  It is one of the predictor 

variables which has been least utilised in the recent and long-standing risk models, with ESS, EGS 

and POTTER being the exceptions.  A limitation of blood tests is that they may still be normal for 

many patients and/or a procedure which is high-risk.  An example would be an older person 

undergoing major colonic or gastric resection but is otherwise well peri-operatively.  Thus, using 

them as the sole predictor variables is liable to mis-classify certain patients.  Still the findings from 

LDTEWS and observational studies provides tempting evidence suggesting that it is a good candidate 

predictor variable, and one which should be accessible from the PHU electronic hospital records. 

LDTEWS-NEWS Risk Index and HAVEN Project 

Further research on the detection of deteriorating patients in hospital has looked at combining both 

NEWS and LDTEWS together, as part of the Hospital-wide Alerting via Electronic Noticeboard 

(HAVEN) project.  The LDTEWS-NEWS risk score was created using data on adult emergency medical 

admissions from PHU and Oxford University Hospitals (OUH).  It was specifically developed using 

data from PHU during 2011-2015 (n= 97,933) and then validated on more recent data from both 

PHU and OUH in 2016 (n=21,028 and n=16,383 respectively)155.  The original NEWS and LDTEWS 

scores were used, as displayed in Table 13 and Table 14132,145.  To provide an overall score between 0 

to 1, the NEWS and LDTEWS scores were divided by their maximum total score (20 and 15 

respectively).  Because blood tests are taken less frequently than vital signs, a weighting was created 

to progressively reduce the impact that bloods tests had in the algorithm, as the older they are the 

less relevant they are likely to be.  This was calculated using the time elapsed from blood test results 

to the time the vital signs were taken, up to a 5-day period.  The greater the time lapse the smaller 

the weighting LDTEWS is given.  The weighting (𝜔), is calculated by: 

𝜔 =  0.26(1 −  
𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑎𝑏𝑠

120
).   

The score is calculated by: 
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𝐿𝐷𝑇𝐸𝑊𝑆 𝑁𝐸𝑊𝑆 𝑅𝑖𝑠𝑘 𝐼𝑛𝑑𝑒𝑥 =  𝜔 ×  𝐿𝐷𝑇𝐸𝑊𝑆 + (1 − 𝜔) ×  𝑁𝐸𝑊𝑆 

The combined LDTEWS-NEWS model performed better than NEWS alone in the PHU and OUH 

validation datasets (c-statistic 0.90 vs 0.88 and 0.92 vs 0.90 respectively), with limited difference 

between centres.  LDTEWS-NEWS score of 0.27 had equivalent specificity to NEWS score of 5, but 

with a higher positive predictive value. A limitation of this study, like the original NEWS and LDTEWS 

papers, is that calibration is not reported.  This is probably because as a track and trigger system, the 

trigger threshold which prompts medical review is more important than calibrating risk bands.  

Nonetheless it still provides evidence to suggest that LDTEWS-NEWS alone could be used as a 

predictor variable, that contains data robust to inter-observer bias and is available pre-operatively.   

The project has gone on to create a more complex machine learning algorithm called the HAVEN 

system, which was developed using data from all adult medical and surgical hospital admissions.  

HAVEN utilises the dynamic physiological variables used in NEWS and a more comprehensive range 

of laboratory tests, including those in LDTEWS.  These were combined with static variables age, sex, 

diagnostic codes for common chronic diseases and for frailty. The model was developed on data 

from PHU during 2012-2015 (n=230,415) and validated on data from PHU and OUH during 2016-

2017 (n=266,295).  The modelling technique used is a popular type of Gradient Boosting Machine 

(GBM) called XGBoost156,157.  GBMs work by building multiple small decision trees in sequence, with 

each tree learning from the variables in the previous tree that performed poorly.  In isolation each 

tree is usually a weakly predictive model, but when each tree is “boosted” by fixing the previous 

trees mistakes, the collective predictive model is highly accurate.  XGBoost is an optimised GBM that 

maximises computational efficiency and has been developed to run on multiple operating systems 

and programming languages72.  HAVEN had excellent discrimination in internal validation and 

outperformed NEWS and LDTEWS-NEWS (c-statistic 0.90 vs 0.84 and 0.86 respectively).  It’s 

calibration curve closely followed the line of best fit across all risk bands, though calibration of the 

other models was not presented156.  While the primary outcomes modelled were cardiac arrest and 

unintended admission to ICU, it further supports the evidence that vital signs and blood tests can 

predict the probability of death in unwell patients.  HAVEN goes further than LDTEWS-NEWS by 

including patient demographics, chronic diseases and markers of frailty which are also clearly 

influential variables.  It certainly makes intuitive sense to include these types of variables in a risk 

model for emergency bowel surgery if they are available pre-operatively and robust to inter-

observer bias.  
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Frailty Scores 

One of the major future challenges for surgical services, is that the number of older patients 

undergoing elective and emergency surgery is steadily increasing61.  As I have discussed in Chapter 1, 

a significant proportion of patients needing emergency bowel surgery are older and more likely to 

be high-risk; but have also seen the greatest benefit from improved standards of care10,21,158.  While 

both age and chronic diseases are well known to be associated with worse post-operative outcomes, 

the concept of patient frailty has been increasingly recognised as an important factor.  Frailty is an 

age-related reduction in physiological reserves across multiple organ systems, so they are close to 

symptomatic failure.  This leaves frail patients prone to significant changes in health status from mild 

to moderate illnesses, as they have limited capacity to recover.  It explains in part why robust 

independent elderly patients with no chronic health problems may have a much better recovery 

than younger patients with multiple co-morbidities159.  Numerous ways of measuring frailty have 

been investigated.  Physical characteristics include reduced walking speed and weak forearm grip 

strength, or symptoms like un-intended weight loss and self-reported exhaustion.  Markers of frailty 

such as cognitive function, recurrent falls, depression, chronic diseases, abnormal blood tests (e.g., 

albumin) and level of dependence on others, have all been built into a range of frailty scores159,160.  A 

review in 2012 of frailty scores used on surgical populations, identified a diverse range of frailty 

measures validated on all types of major surgery.  The composite finding of the review was that 

markers of increasing frailty were all associated with increased post-operative mortality, 

complications, length of stay, and institutionalisation rate160.   

Clinical Frailty Scale 

Frailty and the care of older persons has been monitored from early-on in the NELA audit, but only 

recently has a formal frailty score been included22.  The Emergency Laparotomy and Frailty (ELF) 

study recently investigated outcomes for older patients undergoing emergency bowel surgery and 

its relation to patients’ Clinical Frailty Scale (CFS) score134.  The CFS is a descriptive score, similar in 

principle to ASA grade, which provides a generalised overview of patient’s frailty on a 7-point scale 

(see Table 15)161.  This multicentre observational study captured data on patients ≥65 years during 

March to June 2017 in 49 UK hospitals. 30-day morality was higher than average (14.6%).  The 

adjusted odds ratios for 90-day mortality were 3-times higher for CFS of 5, and 6-times higher for 

CFS of 6/7.  Increasing frailty was also associated with increased complications, length of stay, ICU 

stay and readmission within 30-days134.  Further analysis looking at level of care on discharge, found 

that increasing frailty was associated with the odds of increased care needs162.  More widely, an 
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international cohort study of ICU admissions ≥80 years found that increasing CFS was significantly 

associated with 30-day mortality, while controlling for confounding factors.  Patient cognition and 

activities of daily living (an indicator of levels of independence) were found not to be influential, 

despite being included in a range of frailty scores159,160,163.  While the CFS has not been used in a 

prediction model for emergency bowel surgery, the findings from the regression analysis in this 

observational study suggest there is a clear association.  The fact that it alone can risk stratify 30-day 

mortality for critically ill elderly patients admitted to ICU is also helpful, as recovering from 

emergency bowel surgery puts the body through a similar pathophysiological process34,142.  CFS 

scores could certainly be considered a candidate predictor variable if there is enough complete data 

in the PHU NELA dataset.   

Table 15.  The Clinical Frailty Scale score. 

1. Very fit — robust, active, energetic, well-motivated and fit; these people commonly exercise regularly 

and are in the most fit group for their age. 

2. Well — without active disease, but less fit than people in category 1.  

3. Well, with treated comorbid disease — disease symptoms are well controlled compared with those in 

category 4.   

4. Apparently vulnerable — although not frankly dependent, these people commonly complain of being 

“slowed up” or have disease symptoms. 

5. Mildly frail — with limited dependence on others for instrumental activities of daily living.  

6. Moderately frail — help is needed with both instrumental and non-instrumental activities of daily 

living. 

7. Severely frail — completely dependent on others for the activities of daily living, or terminally ill 

The Modified Frailty Index 

The CFS was developed as part of the Canadian Study of Health and Aging, a prospective cohort 

study investigating the epidemiology and outcomes from dementia in Canada, but also went on to 

develop a detailed frailty index (CSAH-FI).  The CSAH-FI contains 92-items related to frailty that are 

broadly broken down into symptoms (e.g., memory problems), signs (e.g., tremor), blood tests, 

diagnosis codes (e.g., Parkinson’s disease) and dependency level164.  It has been shown to strongly 

correlate with the risk of in-hospital mortality and institutionalisation in studies on elderly medical 

patients159.  The frailty markers from CSAH-FI have been mapped to equivalent data items recorded 

by ACS-NSQIP, to create the 11-item modified frailty index (mFRI).  This was first applied to 

retrospective data from ACS-NSQIP, on patients undergoing lung lobectomies from 2005-2010.  

Descriptive analysis found that high frailty scores were associated with significantly higher rates of 

complications and mortality165.  The mFRI has been further consolidated to a 5-item score, in a 

retrospective study on older patients undergoing hiatus hernia repairs166. The 5-item mFRI has been 



68 

 

further investigated in ACS-NSQIP data on pancreatic cancer, combined colonic/liver and colorectal 

resections.  All these studies have broadly shown that high mFRI scores are associated with 

significantly increased morbidity and mortality, with both comparative statistics and controlling for 

confounding factors in a regression model166–169.  A single centre study from New Zealand has 

incorporated the 5-item mFRI as a predictor variable into P‑POSSUM, APACHE II, ACS-NSQIP and the 

NELA score, after externally validating the original models in emergency bowel surgery.  It found that 

including mFRI, as well as recent weight loss or loss of appetite, resulted in a small improvement in 

the discriminatory ability of all the models87.  While its development has been slightly haphazard and 

with limited data for mFRI’s performance as a predictor variable, its simple structure using diagnosis 

codes would make it easy to apply in our study using retrospective electronic patient data.   

Table 16.  The 11 and 5-item modified frailty scores. 

11-item mFRI 5-item mFRI 

• COPD, or recent pneumonia 

• PVD or ischemic rest pain 

• Congestive heart failure 

• Functional status (not independent) 

• Myocardial infarction 

• Hypertension requiring medication 

• Previous cardiac stents or surgery, or angina 

• Diabetes mellitus 

• Stroke with neurological deficit 

• Impaired sensation 

• COPD, or recent pneumonia 

 

• Congestive heart failure 

• Functional status (not independent) 

 

• Hypertension requiring medication 

 

• Diabetes mellitus 

 

Each variable scores 1-point.  mFRI score calculated 

by dividing total score by 11.  mFRI >0.27 is 

considered high-risk of frailty. 

Each variable scores 1-point. 0 = low-risk frailty, 1 = 

moderate-risk frailty, ≥2 = high-risk of frailty.   

The Hospital Frailty Risk Score 

The Hospital Frailty Risk Score (HFRS) was developed to be a gold-standard method of identifying 

frail patients at risk of adverse events, using hospital coding systems.  It was created using the 

Hospital Episode Statistics (HES) database from 2013-2015, which records data on all patients 

admitted to NHS hospitals in England.  This includes International Statistical Classification of Diseases 

and Related Health Problems-Tenth Revision (ICD-10) diagnostic codes, which are recorded by 

professional coders to capture the primary cause of admission and patients related health problems.  

Patient demographics, length of stay, hospital costs and mortality were also included.  A 

development cohort of patients ≥75 years (n=22,139) was used for cluster analysis, identifying a 

distinct group of ICD-10 diagnosis codes associated with a cluster of patients with high emergency 
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hospital bed use.  A scoring system was devised using the diagnosis codes that were twice as 

prevalent in the frail cluster compared to the rest of the cohort, with a total of 109 codes identified.  

Points were allocated to each ICD-10 code based on the coefficients from a logistic regression 

model, where membership of the frail cohort was the binary outcome variable.  A shrinkage penalty 

was applied to the coefficients of diagnosis codes displaying multicollinearity, to prevent over-fitting.  

Cut-offs of low, intermediate, and high-risk of frailty were created to strongly define the cohorts 

with different outcomes.  HFRS was internally validated on the national cohort (n=1,013,590) but 

displayed poor to moderate discrimination for 30-day mortality, readmission and prolonged hospital 

stay (c-statistic 0.60, 0.56 and 0.68 respectively).  However, when controlling for confounding factors 

in a regression model, high HFRS risk of frailty was associated increased odds of the three adverse 

outcomes compared to low risk of frailty. A second local validation study was conducted (n=569) to 

compare the HFRS to two other clinical frailty scores: the Fried Phenotype and Rockwood Frailty 

Index.  It displayed moderate agreement with the Rockwood Frailty Index and fair overlap with 

dichotomised Fried and Rockwood scores170.  While its predictive performance alone is mediocre, it 

is the first of the frailty scores we have discussed which attempt to use it as a primary risk model.  It 

is also an attractive candidate predictor variable, as diagnosis codes are robust to clinical inter-

observer bias, can be identified pre-operatively and will be available in PHU electronic hospital 

records.   

HFRS has been externally validated in a single centre cohort study from Switzerland, investigating 

emergency medical admissions ≥75 years of age during 2015-2018 (n= 4,957).  It displayed similar 

discriminative ability for 30-day mortality (c-statistic 0.66).  Adjusting for confounding factors, 

moderate and high-risk HFRS scores had significantly increased odds of 30-day mortality and adverse 

outcomes, compared to low-risk scores171.  A much larger multicentre cohort study validated HFRS in 

emergency hospital admissions ≥75 years of age between 2004-2010 in Ontario, Canada 

(n=452,785).  In this study HFRS was poor at discriminating 30-day mortality but performed 

acceptably for prolonged length of stay (c-statistic 0.55 and 0.71).  Like the preceding studies, 

patients with high-risk HFRS had significantly increased odds of 30-day mortality and adverse 

outcomes in a regression model172.  HFRS has been further assessed in a multicentre validation study 

on emergency hospital admissions ≥75 years of age, in the Yorkshire and Humber region of England 

(2011-2017, n= 674,615).  Patients with intermediate and high frailty risk had a significantly 

increased odds of prolonged length of stay and in-hospital mortality.  However, model 

discrimination was not assessed173.  The HFRS has also been included as a predictor variable in the 

HAVEN system for identifying unwell patients in hospital.  Analysis of the final model has found that 
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HFRS is one of the top 20 predictors in terms of feature importance for the HAVEN gradient boosting 

machine156.  This provides reassuring evidence that while HFRS as a standalone model is insufficient 

to predict mortality for emergency hospital admissions, when combined with other variables it can 

be a valuable predictor.   

2.6 Summary 

In this chapter I have discussed a diverse range of risk models and their predictor variables, that 

have been developed for and adapted to a multitude of clinical applications.  A running theme of the 

most successful and widely validated models is their simplicity and transparency, allowing 

researchers to easily calculate scores for their own patients.  Some models, such as P‑POSSUM, have 

been international successes but are now being replaced by up-to-date risk predictors like the NELA 

score.  Nonetheless, there is much that can be learnt from P‑POSSUM’s development and predictor 

variables, and there are still limitations of the NELA score such as its reliance on operative data. 

The aim of this project is to investigate predictor variables that are reliably available pre-operatively 

and are robust to inter-observer bias.  The first and most obvious is age, being utilised in nearly all 

the risk models discussed, except for early warning scores.  There is also substantial evidence from 

observational studies demonstrating the association between increasing age and post-operative 

mortality.  Physiological variables, notably vital signs in various forms, have been widely utilised in 

most of the models discussed.  They are robust to inter-observer bias and should be available pre-

operatively for most patients in the PHU NELA database.  Similarly, laboratory blood tests are 

another thoroughly investigated predictor variable, providing an indicator of physiological 

derangement, and associated increased operative risk.  Both NEWS, LDTEWS and their composite 

risk index provide easily adoptable models that could both be validated and included as predictor 

variables in this study.  Frailty has recently become an increasingly important factor in identifying 

patients at high-risk of poor outcomes in emergency bowel surgery.  While the methods of 

measuring frailty are quite diverse, several frailty scores based on diagnostic codes have been 

demonstrated to have a clear association with in-hospital mortality for general emergency and ICU 

admissions.  We will have good access to diagnostic codes for the PHU NELA dataset, which will be 

particularly suited to the HFRS as they are ICD-10 codes.  A long-standing predictor variable that 

continues to be utilised in modern risk models is ASA grade.  As an overall measure of physical 

fitness, it seems intuitive to include this in the analysis/model building process.  The only potential 

limitation of ASA is that the severity of a patient’s chronic disease can be subjective and inter-

observer bias can occur. Akin to this is the urgency of surgery, as this may change based on 
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operative findings or patients’ condition during anaesthesia.  While worth considering for descriptive 

analysis of the dataset, they may not be suitable as candidate predictor variables for a purely pre-

operative risk model.   
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Chapter Three: Creating the study dataset and exploratory data 

analysis 

3.1 Introduction 

In this chapter I shall discuss the data extraction process, methodology and findings from the 

interrogation of the study datasets and how the datasets for final analysis were produced.  I will also 

discuss the findings from the simple descriptive analysis of the study population and exploratory 

data analysis investigating the relationship between candidate predictor variables and post-

operative mortality.   

This chapter is written in line with the TRIPOD statement where applicable (checklist is included in 

Appendix 1)70.  All the data analysis in this project was performed using R: A language and 

environment for statistical computing. R Core Team (2021). R Foundation for Statistical Computing, 

Vienna, Austria. 

3.2 Methods 

Ethical approval and data sharing 

This educational research study is a collaborative project between Portsmouth Hospitals University 

NHS Trust (PHU) and the University of Portsmouth (UoP), using confidential patient data from PHU.  

As such, Health Research Authority approval was obtained for this study from an NHS Research 

Ethics Committee (REC reference: 20/SC/0156) and the HRA Confidentiality Advisory Group (CAG 

reference: 20/CAG/0055).  The leading reason for needing HRA/CAG approval was that the study 

uses confidential patient data without seeking individual consent from patients and also shares the 

data outside of the NHS institution of origin.   We have applied the NHS opt out to the study 

population and provided a local patient dissent mechanism.  Patient identity has been protected by 

removing all identifiable patient data in exchange for a pseudonymised identity number, prior to 

transfer to UoP for analysis. 

Approval for data sharing was also obtained from the Information Governance committee at PHU, 

following submission of a data protection impact assessment.  An information sharing agreement 

was agreed and signed by representatives from both institutions.  All patient data has been stored 

on either trust servers or an encrypted laptop supplied by the University and handled in line with 

GDPR requirements and institutional policies.   
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Study participants  

The target population of this study is seemingly obvious – adults undergoing emergency intestinal 

surgery.  This retrospective cohort study used the local NELA database for Portsmouth Hospitals 

University NHS Trust (PHU) from 01/12/2013 to 31/01/2020 as the study population (n=1,508).  The 

NELA data is collected prospectively and provides an easily accessible sample population.  NELA 

records data on all adults (>18 years old) having most types of emergency bowel surgery, involving 

the stomach, small bowel, large bowel or rectum10.  The data is uploaded by the responsible 

clinicians at the time of the patient's surgery, with follow up data completed at 60 days.  It also 

contains numerous demographic, operative and clinical data items that are not available from 

electronic hospital records and may be useful for descriptive or exploratory data analysis8,10,83,95,174.   

The data entry process relies on the on-call surgical team to input data real time, which can be liable 

to errors and selection bias.  One could argue that the sickest patients may get missed due to the 

need for rapid transfer to theatre and clinicians not having time to enter the data.  However, the 

audit has promoted numerous ways to improve data entry from its inception and case 

ascertainment has been good at approximately 80-90% throughout2,10,22,129,175.  NELA does apply its 

own dissent mechanism for patients who do not wish for their data to be recorded, so this may also 

result in a small number of unknown exclusions but is unavoidable.  

A limitation of using this dataset is that it comes from a single centre and any findings could be 

considered to lack external validity.  However, undertaking a multicentre study raises major 

obstacles, notably cost and the politics of collaborating with other centres, as well as increasing 

requirement for ethical approval and data sharing agreements which are beyond the resources of 

this research project.  While not ideal, numerous risk models developed on single centre data have 

gone on to be widely utilised in their clinical field, so we feel this is justified64. 

Data source and extraction process 

The two data sources for this study were the NELA database and electronic hospital records, 

collected as part of routine patient care at PHU.  All patient entries during the study period were 

downloaded from the NELA website onto the PHU server.  The identifiable patient data were then 

compared to patient admissions recorded in PAS (Patient Administration System) to generate a list 

of validated NHS numbers, producing a cleaned NELA extract.  The NHS digital national opt out was 

then applied to this list using a MeSH client to remove any patients who had applied for it, 

generating the final study cohort.  All identifiable patient data were then removed from the final 

study cohort and replaced with a pseudonymised identity number.  Patient episodes from PAS for 
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the final study cohort were then linked to the other clinical systems to extract diagnosis and 

procedure codes, theatre data, ICU admissions, laboratory tests and vital signs.  See data flow 

diagram in Figure 3.  

Outcome 

The primary outcome being investigated and modelled in this study is 30-day mortality after 

emergency bowel surgery.  The secondary outcomes also investigated in the exploratory data 

analysis section of this study include 90-day, 180-day and 1-year post-operative mortality, length of 

ICU stay and post-operative length of stay.  

Selecting predictor variables 

When selecting predictor variables, it is standard practice to include those that are known to be 

prognostic or likely to be clinically relevant to the outcome67,77. The aim of this project is to 

investigate variables that are available pre-operatively and is thus one of the inclusion criteria. The 

variables also need to be robust rather than subjective, such as blood tests, with limited risk of inter-

observer bias.  This can be particularly problematic with clinical examination findings or 

interpretation of certain types of imaging64.  Furthermore, predictors know to have significant 

measurement error should be used with caution as this will affect their prognostic value67.   

Thus, when it comes to selecting candidate predictors they must be:  

• Available pre-operatively.  

• Robust to inter-observer variability and bias.  

• Clinically interpretable and related to the outcome (30-day mortality).  

• Independent to the other predictors (non-collinearity).  

• Present with limited missing data in the dataset.  

Dataset development  

A total of 9 separate csv files were included in the final study dataset, each containing the electronic 

data from the different healthcare data sources (see Figure 3).  All data handling and analysis was 

performed using R statistical computing software in RStudio176,177. 

Admission data and demographics 

Admission data from PAS was extracted into a single dataset with 1,508 patient episodes.  This 

contains data such as patient age, sex, Charlson Co-morbidity Index (CCI), admission and discharge 
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date/time, admission specialty, ward of admission and discharge.  The relevant data items were 

selected into a new dataset which formed the foundation of data development process.   

Recoding the NELA dataset 

The NELA data set provides all current and historical data items recorded by the audit, with 268 data 

items in total.  Approximately half of these data items are partially complete, as they are no longer 

recorded by the audit or were introduced partway through.  Most of the partially complete items 

are of limited relevance to this project and were removed without issue (such as 

S01LearningDisabilities), but a few such as pre-operative NELA score predicted mortality were 

retained.  The NELA dataset also required extensive recoding of date/time formats and numeric data 

items to characters using the two data dictionaries provided on the NELA website.  The column 

headings were also renamed to shorten them and remove their numeric ID e.g., 

S03PreOpPPOSSUMPredictedMortality to PPOSSUM_Mortality.   

The NELA dataset provided several key data times for this study, which would have been challenging 

to obtain from electronic hospital records.  These include but are not limited to, P‑POSSUM and 

NELA score predicted mortality, ASA grade, date/time into theatre, operative approach and findings, 

and primary procedure performed.   

Identifying the correct date/time into theatre 

The date/time into theatre timestamp, is a crucial piece of information for this study as it allows us 

to reliably identify which vital signs and blood tests were recorded pre-operatively.  Getting it wrong 

would result in a catastrophic systematic error and could lead to the rest of the analysis being 

inaccurate.  There are two data sources for this timestamp are: the NELA dataset and theatre data 

from TheatreManTM software.  
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Figure 3. Data flow diagram for data extraction process and study dataset formation. 
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TheatreManTM sequentially records all the relevant information of a patient's journey through the 

operating theatre, such as date/time of anaesthetic or knife to skin, names of the 

surgeons/anaesthetist, and procedure codes.  Data is entered in real-time by the operating theatre 

staff, so it should provide the most accurate timestamp into theatre.  NELA data is recorded by the 

responsible clinicians around the time of surgery and is likely to be accurate, but less so than 

TheatreManTM.  However, the theatre dataset contains entries for all the theatre admissions for each 

patient episode, not just the emergency bowel surgery recorded by NELA.  Thus, some patient 

episodes had more than one procedure recorded in TheatreManTM.  This problem was approached 

by calculating the time difference between the timestamp into theatre from TheatreManTM and 

NELA datasets (in hours).  Patient episodes with only one theatre admission were then inspected, 

with no time difference between the two timestamps of >24 hours observed.  Thus, the date/time 

into theatre from TheatreManTM for these episodes was retained.  Patient episodes with multiple 

theatre admissions were then assessed in the same way.  Fortunately, only a small number of 

episodes had multiple admissions, allowing each record to be visually inspected and the correct 

theatre admission selected.  A minority of patient episodes had no theatre admissions (n=267) so 

the timestamp from the NELA dataset was used for these cases.  The reason why this data was 

missing is unknown but could be due to human error during data entry or extraction process, or 

computer error with TheatreManTM software.   

Laboratory data  

The laboratory data were extracted into two datasets: one containing information about the 

individual blood samples, such as the date/time it was collected or received by the lab, and the other 

containing the actual haematology/biochemistry results.  A large amount of data were available with 

57,895 specimens and 859,061 test results.   

The date/time the specimen was received by the lab was selected to be the date/time stamp for 

when the blood test was “taken”.  The alternative available was the collection date/time which is 

generated when the blood test is requested on the computer.  However, the delay between the 

blood test request and the sample being taken from the patient is unknown.  It is often that requests 

are placed in the evening by ward doctors and then taken in the morning on the following day by 

phlebotomists (healthcare support workers trained to take blood tests).  Thus, it was felt that the 

date/time blood tests were received by the laboratory was likely to be closer to the time the 

samples were taken from the patient, as blood samples are normally taken straight to the lab in 

person or via a chute.   
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The column with the date/time the sample was received by the lab was joined to the test result 

dataset.  The time difference between when a sample was taken and the date/time into theatre was 

then calculated.  Flags were then created to label samples taken within 24, 48 and 72-hours prior to 

theatre and the dataset filtered so that only blood tests in this period were retained.  The time-

period of 72-hours was felt to be clinically reasonable as blood tests may not have been taken in the 

1-2 days prior to surgery.  The dataset was then pivoted wider so that each blood test (e.g., 

Haemoglobin) had its own column.  This data set was further filtered so that the most complete 

blood tests that were taken closest to the date/time into theatre were selected for each patient 

episode.  This full dataset contained both complete and incomplete blood test results.  A further 

dataset of episodes that had the complete data required to calculate LDTEWS was also created, and 

LDTEWS scores calculated using the methodology detailed on page 61.   

Vital signs data 

The vital signs data were extracted into one complete dataset with 133,348 recorded observations, 

including the calculated NEWS score.  Similar to the blood tests dataset, the time difference 

between the date/time a vital sign was recorded and the date/time into theatre was calculated.  

Vital signs taken in the 24-hours prior to surgery were labelled and filtered into a separate dataset.  

Most patient episodes had several sets of vital signs recorded in this 24-hour period. The vital signs 

with the worst NEWS score were selected by filtering for the highest score, then filtering for the 

score that was closest to surgery. This provided the worst NEWS score taken prior to surgery for the 

final dataset.  Unlike blood tests where individual components were missing but most of the results 

were otherwise intact (e.g., serum potassium in urea and electrolytes), vital signs were either 

entirely complete or missing.  This may be because the VitalPacTM software that recorded them 

would only accept and save a complete data entry required to calculate a NEWS score.  For more 

details on missing data see the section below.   

Calculating the LDTEWS-NEWS risk score 

The LDTEWS-NEWS risk score was calculated using a methodology adapted from its original paper155.  

To provide an overall score between 0 to 1, the NEWS and LDTEWS scores were divided by their 

maximum total score (20 and 15 respectively).  Because blood tests are taken less frequently than 

vital signs, a weighting was created to progressively reduce the impact that blood tests had in the 

algorithm, as the older they are the less relevant they are likely to be.  This was calculated using the 

time elapsed from blood test results to the time the vital signs were taken, up to a 3-day period.  The 
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greater the time lapse the smaller the weighting LDTEWS is given.  The weighting (𝜔), is calculated 

by: 

𝜔 =  0.26(1 −  
𝑇𝑖𝑚𝑒𝑆𝑖𝑛𝑐𝑒𝐿𝑎𝑏𝑠

72
).   

The score is calculated by: 

𝐿𝐷𝑇𝐸𝑊𝑆 𝑁𝐸𝑊𝑆 𝑅𝑖𝑠𝑘 𝐼𝑛𝑑𝑒𝑥 =  𝜔 ×  𝐿𝐷𝑇𝐸𝑊𝑆 + (1 − 𝜔) ×  𝑁𝐸𝑊𝑆 

Diagnosis codes and Hospital Frailty Risk Score 

The diagnosis code data were extracted from PAS into one dataset containing a total of 26,229 

codes, with up to 55 codes recorded per patient episode.  These diagnosis codes are recorded by 

professional coders once the patient has been discharged from hospital, based on the clinical 

documentation from the admission and using the ICD-10 coding scheme.  Thankfully they required 

only limited recoding so that the 3- and 4-digit ICD-10 codes were all in the same string format.  For 

example, some 4-digit codes had an X at the end rather than a 0, so R18.X was recoded as R18 and 

R18.0.  Duplicate diagnosis codes for each patient episode were also removed, so that only unique 

codes for each episode remained.  

The HFRS scores were calculated using the methodology described by Gilbert et al170.  The 109 

diagnosis codes with the respective scores were loaded into R from a csv file (see Appendix 3).  This 

file was then joined to the main diagnosis code dataset, allocating a score to each diagnosis code, 

with codes not included in HFRS given a score of 0.  This was then summarised into a total score for 

each patient episode and an additional column added labelling scores as either low (<5), 

intermediate (5-15) or high-risk of frailty (>15).  The maximum HFRS score is 99, but there were so 

few patient episodes with scores ≥50 that we limited the maximum score to this threshold.   

Intensive care admission data 

ICU admission data were extracted into a single dataset, with 778 admissions.  The dataset provided 

summary data such as date/time of admission and discharge from ICU, reason for admission and 

APACHE II scores.  In patient episodes with multiple ICU admissions, the admission closest to 

date/time of surgery was extracted.  This was linked to the main dataset with APACHE II scores and 

length of ICU stay extracted.  We could not calculate APACHE II scores for the patient episodes that 

did not have an ICU admission, as arterial pO2 and pH were not available.   
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Calculating the Surgical Outcomes Risk Tool mortality 

The SORT predicted mortality was calculated for each patient episode using the NELA dataset.  The 

algorithm from the first version of the model was used, as the updated model has an additional 

variable for a clinician’s subjective assessment of risk, which we do not have data for105,106.  SORT 

predicted mortality was available for all patient episodes.   

Statistical analysis  

Patient demographic, operative and outcome data were summarised using descriptive statistics, 

with the median and interquartile range (IQR) for continuous data and counts and proportions (%) 

for categorical data.  Comparative statistics were performed using Chi2 and Mann-Witney U tests, 

with a significance threshold of <0.05.  In exploratory data analysis, the relationships between each 

potential candidate predictor variable and 30-day mortality were visualised by plotting mortality 

against each variable with a smoothed-regression line to display any trends.  

Sample size  

Sample size calculation for logistic regression has historically used the ten events per predictor 

variable as the minimum criterion for sample size76.  With an overall mortality (event) rate of 12.4%, 

one could argue that this crudely demonstrates our dataset is sufficient for regression modelling.  

However, statistical simulations have shown that this method can introduce error and overfitting in 

smaller datasets76.  Thus, we have also used another recently published method by Riley et al, using 

their "pmsampsize” package in R75.  With the disease prevalence of 0.1, anticipated R2 of 0.2 and a 

0.05 margin of error, a minimum sample size of 538 participants would be required for a model 

using a maximum of 15 predictor variables.  We feel that the sample population in this study, while 

small, is adequate for logistic regression modelling.   

Missing data  

While it is unheard of for vital signs or blood tests not to be taken by clinical staff, they may not all 

be correctly recorded in electronic hospital records.  To address this problem, the final dataset was 

inspected for missing data items (see Table 17).  As expected, NELA score mortality was only 

available for half of cases as it was introduced for year 3 of the audit cycle, and APACHE II scores for 

those with an ICU admission.  The LDTEWS-NEWS risk score, vital signs and NEWS scores were the 

other most frequent missing data items (16.98% and 11.01% respectively), followed by serum 

Potassium (5.84%).  It is reasonable that the LDTEWS-NEWS score has such a high number of missing 

data items as it requires a complete set of vital signs and blood tests to be calculated. The pattern of 
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missingness was visualised using a missing data values map (see Figure 4).  This plots each patient 

episode on the x-axis and the data items on the y-axis, with boxes shaded dark blue or light blue 

depending on whether the data item is present or missing.  The pattern of missingness visually 

appeared to be at random over time and for a limited number of variables or patient episodes.   

We also compared the demographic, operative and outcome variables for patients with complete 

vital sign and biochemistry/haematology data to those with missing values (see Table 18).  Patients 

with incomplete data had a significantly higher ASA grade, predicted and 30-day mortality, requiring 

more urgent or major surgery.  This suggests that patients without complete vital sign/blood test 

data may have been more unwell and needed more urgent surgery than their counterparts with 

complete data.  Thus, there may have been less time to record vital signs or send blood tests in the 

pre-operative period for them.  It is also probable that vital signs were missing for some patients 

because not all parts of PHU use the electronic vital signs system (VitalPACTM) to record data 

electronically, such as the emergency department and the ambulatory area on the surgical 

assessment unit.  While this does provide evidence that data is not completely missing at random, 

we do not feel that the differences have resulted in selection bias.  The overall mortality rate for the 

cohort with complete data is comparable to those nationally (11.2%) even if the rate for the missing 

data cohort was higher (18.1%).  While the ratio of Major vs Major+ procedures had a statistically 

significant difference too, there are still sufficient cases for analysis.  Furthermore, no differences in 

patient age, Charlson Co-morbidity Index, clinical frailty or HFRS score were observed.  We therefore 

feel that the patients with complete data remain representative of the broad range of patients 

undergoing emergency bowel surgery.   

Table 17.  Missing data items for final dataset. 

 Missing  Missing 

Variable n % Variable n % 

Clinical Frailty Scale 1302 86.34 LDTEWS Score 123 8.16 

NELA Mortality 859 56.96 Potassium 88 5.84 

APACHE II Mortality 783 51.92 CRP 58 3.85 

ICU Stay 783 51.92 Haemoglobin 50 3.32 

LDTEWS-NEWS Score 256 16.98 White Blood Cell Count 50 3.32 

NEWS Score 166 11.01 Albumin 46 3.05 

Pulse 166 11.01 Urea 32 2.12 

Respiratory Rate 166 11.01 Sodium 28 1.86 

Temperature 166 11.01 Creatinine 28 1.86 

Systolic BP 166 11.01 Bloods to Theatre  24 1.59 
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Diasystolic BP 166 11.01 Post-op length of stay 11 0.73 

Mean Arterial Pressure 166 11.01 CCI 13 0.86 

Oxygen Saturations 166 11.01 HFRS Score 3 0.20 

Oxygen Flow 166 11.01 HFRS Risk 3 0.20 

 

 

Figure 4.  Missing data items map.  Present items are coloured dark blue and missing items are light blue. 
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3.3 Results  

Descriptive analysis 

Overall, 199 of the 1 362 patients died within 30-days of emergency bowel surgery (13.2%).  A 

sensitivity analysis of patient episodes with complete and incomplete data is provided in Table 18.  A 

summary of demographic, operative data and outcomes for survivors and non-survivors is provided 

in Table 19, and the most frequently performed procedures in Table 20.   

Table 18.  Demographic, operative and outcome data for patients with complete and missing vital sign, biochemistry and 

haematology data.  Data presented as counts (%) or median (interquartile range). 

Complete Data  
Yes 

n = 1,237 
No 

n = 271 
p 

Patient Age 68.0 (53.0 to 78.0) 66.0 (51.0 to 77.0) 0.148 

Female Sex 675 (54.6) 138 (50.9) 0.306 

Admission Specialty     

General Surgery 995 (80.4) 225 (83.0) 0.370 

Other  242 (19.6) 46 (17.0)  

Admission Type     

Emergency 1158 (93.6) 258 (95.2) 0.395 

Elective 79 (6.4) 13 (4.8)  

Charslon Co-Morbidity Index 3.0 (0.0 to 9.0) 3.0 (0.0 to 9.0) 0.945 

Clinical Frailty Score 0.0 (0.0 to 0.0) 0.0 (0.0 to 0.0) 0.075 

HFRS Score 3.9 (1.1 to 9.3) 4.0 (1.4 to 10.7) 0.253 

ASA Grade 2.0 (2.0 to 3.0) 3.0 (2.0 to 4.0) 0.001 

APACHE II Mortality 10.7 (6.7 to 19.4) 12.7 (7.5 to 25.4) 0.012 

P‑POSSUM Mortality 5.7 (2.3 to 18.3) 13.1 (3.3 to 44.2) <0.001 

NELA Score Mortality 3.3 (0.9 to 10.2) 4.1 (1.2 to 19.7) 0.072 

SORT Mortality 2.7 (1.3 to 8.1) 4.6 (1.3 to 14.0) <0.001 

Number of Procedures    

Primary 1076 (87.0) 232 (85.6) 0.026 

Second 152 (12.3) 32 (11.8)  

Multiple 9 (0.7) 7 (2.6)  

BUPA Operative Severity    

Major 925 (74.8) 179 (66.1) 0.004 

Major+ 312 (25.2) 92 (33.9)  

Urgency of Surgery    

<2 hours 102 (8.2) 72 (26.6) <0.001 

2-6 hours 514 (41.6) 117 (43.2)  
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6-18 hours 421 (34.0) 60 (22.1)  

>18 hours 200 (16.2) 22 (8.1)  

Blood Loss     

<100ml 769 (62.2) 153 (56.5) 0.141 

101-500ml 389 (31.4) 93 (34.3)  

501-999ml 49 (4.0) 12 (4.4)  

>1000ml 29 (2.3) 13 (4.8)  

Degree of Peritoneal Soiling    

None 423 (34.2) 84 (31.0) <0.001 

Serous Fluid 393 (31.8) 70 (25.8)  

Localised Pus 91 (7.4) 9 (3.3)  

Gross Contamination 330 (26.7) 108 (39.9)  

Malignancy Present    

None 995 (80.4) 236 (87.1) 0.005 

Primary Disease 115 (9.3) 22 (8.1)  

Nodal Metastases 33 (2.7) 8 (3.0)  

Distant Metastases 94 (7.6) 5 (1.8)  

Return To Theatre    

None 1116 (90.2) 232 (85.6) 0.009 

Planned 7 (0.6) 6 (2.2)  

Unplanned 114 (9.2) 33 (12.2)  

Time To Theatre 2.0 (0.9 to 4.4) 0.5 (0.2 to 2.5) <0.001 

Length Of Stay 14.4 (8.6 to 27.5) 13.0 (6.3 to 27.1) 0.009 

Post-Op Length of Stay 9.9 (5.4 to 18.6) 11.2 (5.2 to 22.2) 0.489 

ICU Length of Stay 2.8 (1.4 to 5.4) 4.5 (1.8 to 8.1) <0.001 

30-day Mortality 138 (11.2) 49 (18.1) 0.002 

1-year Mortality  249 (20.1) 67 (24.7) 0.109 

 

Table 19.  Summary of demographic, operative data and outcomes for survivors and non-survivors. Data presented as 

counts (%) or median (IQR). 

 Survivor 
n=1 321 

Non-Survivor 
n=187 

Age 66.0 (51.0 to 77.0) 75.0 (67.0 to 83.0) 

Female Sex 715 (54.1) 98 (52.4) 

Admission Type   

Elective 78 (5.9) 14 (7.5) 

Emergency 1 243 (94.1) 173 (92.5) 

Admission Specialty   

General Surgery 1 088 (82.4) 132 (70.6) 

Other 233 (17.6) 55 (29.4) 
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 Survivor 
n=1 321 

Non-Survivor 
n=187 

Charlson Comorbidity Index 0.0 (0.0 to 8.0) 10.0 (4.0 to 20.0) 

ASA Grade 2.0 (2.0 to 3.0) 3.0 (3.0 to 4.0) 

Urgency of Surgery   

<2 hours 127 (9.6) 47 (25.1) 

2-6 hours 559 (42.3) 72 (38.5) 

6-18 hours 431 (32.6) 50 (26.7) 

>18 hours 204 (15.4) 18 (9.6) 

Time to Surgery 1.7 (0.7 to 3.9) 1.7 (0.7 to 6.4) 

BUPA Operative Severity   

Major 1 070 (81.0) 115 (61.5) 

Major Plus 251 (19.0) 72 (38.5) 

Operative Approach   

Open 526 (39.8) 130 (69.5) 

Laparoscopic 547 (41.4) 26 (13.9) 

Converted 191 (14.5) 27 (14.4) 

Laparoscopically Assisted 57 (4.3) 4 (2.1) 

Peritoneal Soiling   

None 457 (34.6) 50 (26.7) 

Serous Fluid 413 (31.3) 50 (26.7) 

Localised Pus 91 (6.9) 9 (4.8) 

Gross Contamination 360 (27.3) 78 (41.7) 

Malignancy   

None 1 090 (82.5) 141 (75.4) 

Primary Disease 120 (9.1) 17 (9.1) 

Nodal Metastases 34 (2.6) 7 (3.7) 

Distant Metastases 77 (5.8) 22 (11.8) 

Return to Theatre   

None 1 207 (91.4) 141 (75.4) 

Planned 11 (0.8) 2 (1.1) 

Unplanned 103 (7.8) 44 (23.5) 

ICU Length of Stay 0.0 (0.0 to 2.7) 1.6 (0.0 to 6.1) 

Post-Operative Length of Stay 10.4 (5.6 to 19.4) 8.4 (2.1 to 21.0) 
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Table 20.  Summary of most frequently performed procedures.  Data presented as counts (%). 

Procedure 
Survivor 
n=1 321 

Non-Survivor 
n=187 

Adhesiolysis 296 (96.4) 11 (3.6) 

Small Bowel Resection 209 (86.0) 34 (14.0) 

Right Colectomy 159 (86.4) 25 (13.6) 

Hartmann's Procedure 91 (79.1) 24 (20.9) 

Stoma Formation 93 (86.1) 15 (13.9) 

Perforated Peptic Ulcer Repair 66 (86.8) 10 (13.2) 

Subtotal Colectomy 50 (83.3) 10 (16.7) 

Washout Only 52 (94.5) 3 (5.5) 

Drainage Of Abscess 45 (93.8) 3 (6.2) 

Other 43 (87.8) 6 (12.2) 

Left Colectomy/Anterior Resection 30 (83.3) 6 (16.7) 

Repair of Intestinal Perforation 27 (90.0) 3 (10.0) 

Other Colorectal Resection 22 (81.5) 5 (18.5) 

Gastric Surgery 22 (91.7) 2 (8.3) 

 

Exploratory data analysis 

The relationship between post-operative mortality and candidate predictor variables was 

investigated by plotting the variables against 30-day mortality and then fitting a smoothed 

regression line to visualise the relationship.  While the primary outcome is 30-day mortality, we also 

had mortality data up to 1-year from surgery, so included plots for 30, 90, 180-day and 1-year 

mortality to examine if relationships altered with longer-term outcomes.  In the figures below, 

mortality is plotted on the y-axis (0 = alive and 1 = dead) with the predictor variable on the x-axis.  

The points are jittered so that spread of outcomes can be seen, otherwise the points overlap each 

other.  The green line is a smoothed regression line that is fitted between the two outcomes, and 

the purple shading represents the 95% Confidence Interval (95% CI).  Here we have included the 

variables that have displayed the strongest trends or have a significant clinical relevance.  Predictor 

variables with limited interpretable associations have been included in Appendix 4.  
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Age 

 

Figure 5.  Relationship between patient age and post-operative mortality. 

As expected, increasing patient age shows a clear, nearly linear association with 30-day mortality, 

with narrow confidence intervals up to 85 years.  The risk of death also increased over time, nearly 

doubling in some age groups over the age of 50 and displaying the most pronounced increase in 1-

year mortality of any predictor variable.  This provides strong supporting evidence to include age as 

a predictor variable.  
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ASA grade 

 

Figure 6.  Relationship between ASA grade and post-operative mortality. 

ASA grade displayed a similar trend to those published in the NELA score development paper, with 

the probability of mortality rising sharply above an ASA grade of ≥395.  It has been used extensively 

as a risk-adjuster and predictor variable, and this strong association with narrow confidence intervals 

does make it an attractive candidate variable.   
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Clinical Frailty Score 

 

Figure 7.  Relationship between Clinical Frailty Scale and post-operative mortality. 

The Clinical Frailty Scale (CFS) has been recorded in the NELA dataset from December 2018.  

Unfortunately, it displayed very limited trends and was highly skewed by single variables, due to the 

small amount of data and because the low frailty scores (1-3) are grouped together (see Figure 7).  

CFS has only been recorded from 2018 onwards, and while it has been shown to have a clear 

relationship to post-operative mortality in the ELF study, we have insufficient data/evidence to use it 

here134. 
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Hospital Frailty Risk Score  

 

Figure 8.  Relationship between HFRS and post-operative mortality. 

The HFRS displayed an increasing, linear risk of mortality up to a score of 15, after which it plateaus 

to the maximum score (see Figure 8). This mirrors the findings of the original study, where 

thresholds of low, intermediate, and high-frailty risk were set at scores of <5, 5-15 and >15 

respectively.  This suggests that HFRS is a suitable variable to predict post-operative mortality, and 

the raw scores as well as the ordinal risk-thresholds can be used.  
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Pulse rate 

 

Figure 9.  Relationship between pulse rate and post-operative mortality. 

The pulse rate is set by the heart's own pacemaker cells and controlled by nerve impulses from the 

autonomic nervous system178.  Rising pulse rate displayed a subtle linear trend with increasing risk of 

mortality.  Clinically, there is a plausible relationship with tachycardia (heart rate >80bpm) 

potentially reflecting dehydration, sepsis or an abnormal cardiac rhythm. Extremely low or fast pulse 

rates (<50/>150bpm) had too-limited numbers of outcomes to display a trend.   
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Blood pressure 

 

Figure 10.  Relationship between systolic blood pressure (BP) and post-operative mortality. 

Blood pressure (BP) is determined by several complex physiological processes, including heart rate, 

the volume of blood pumped out of the heart, the resistance of arteries and veins, and the total 

blood volume178.  Systolic, diastolic and mean arterial BP all displayed similar trends with increasing 

hypotension (low BP) correlating with increased risk of mortality.  This was most pronounced with 

systolic BP, which also had the narrowest confidence intervals.  Clinically, this is appropriate, with 

pre-operative hypotension at best being due to dehydration, and at worst from septic shock or 

haemorrhage28.  Systolic BP is displayed in Figure 10 and the others in Appendix 4.  
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Respiratory rate  

 

Figure 11.  Relationship between respiratory rate and post-operative mortality. 

Respiratory rate is controlled by the respiratory centre in the brainstem.  It is altered in response to 

changes in oxygen, carbon dioxide and pH levels in blood, and is also under conscious control178.  It 

displayed the most pronounced relationship of all the vital signs, with mortality sharply rising as 

respiratory rate increased.  While the clinical basis for this is less obvious than heart rate or blood 

pressure, rapid breathing reflects a broader range of underlying physiological abnormalities such as 

impaired respiratory function, increased oxygen demand, acidosis from poor tissue perfusion or 

kidney failure28.    
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Oxygen saturations 

 

Figure 12.  Relationship between oxygen saturations and post-operative mortality. 

Oxygen saturations are the proportion of haemoglobin that are bound to oxygen, out of the total 

available haemoglobin in the blood.  Normal levels are ≥95%, with anything less considered hypoxia, 

and levels ≤80% defined as severe hypoxia likely to cause significant organ dysfunction178.  Oxygen 

saturations displayed a strong inverse relationship with mortality, which was particularly 

pronounced for severe hypoxia, though with increasingly wide confidence intervals. 
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NEWS Score 

 

Figure 13.  Relationship between NEWS score and post-operative mortality. 

Increasing NEWS scores displayed a clear linear relationship with mortality, with narrow confidence 

intervals up to a score of 10.  This is not surprising given the strong predictive ability of NEWS 

displayed in previous studies132.  What is interesting is that NEWS has a much more linear 

relationship than its composite vital signs, making it easier to include into a regression model as less 

pre-processing is required such as transformation of variables73.   
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Haemoglobin 

 

Figure 14.  Relationship between haemoglobin and post-operative mortality. 

Haemoglobin is an iron-containing protein that is the main oxygen transporter in blood, and crucial 

to delivering oxygen to tissues.  Low levels are referred to as anaemia and can have detrimental 

effects to patients’ post-operative recovery178.  Increasing anaemia between 120-80g/dL displayed 

an inverse relationship with mortality.  Clinically this seems reasonable and research from NELA data 

has also shown that anaemia is associated with increased post-operative morbidity and mortality130. 
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White cell count 

 

Figure 15.  Relationship between white cell count and post-operative mortality. 

White bloods cells are a key component of the body’s immune system, with white cell count (WCC) 

providing an overall measure of the number of these cells in the blood.  Clinically, WCC is used to 

monitor for infection and inflammation, with a high value indicating this179.  Low WCC can be the 

result of an impaired immune system, and both low and high WCC are part of the SIRS/sepsis 

criteria.  The mortality plots seemed to mirror this, with both low and high WCC associated with an 

increasing probability of mortality28.   
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C-reactive protein 

 

Figure 16.  Relationship between CRP and post-operative mortality. 

The c-reactive protein (CRP) is a protein found in blood that binds to dying cells and bacteria, 

labelling them to be broken down by white blood cells.  It is used clinically in tandem with WCC to 

monitor infection and inflammation in the body, with increasing levels roughly corresponding with 

the degree of inflammation179.  Increasing CRP from 0 to 200mg/L displayed a strong correlation with 

mortality, after which this falls slightly then plateaus. The reason why is not clear but may be 

because the clinical difference between a CRP of 300 or 600 is limited, as both indicate severe 

infection/inflammation.   
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Sodium 

 

Figure 17.  Relationship between sodium and post-operative mortality. 

Sodium is an essential salt that maintains the distribution of water between cells, blood vessels and 

tissues.  High sodium often occurs with dehydration and low sodium from fluid losses34,147.  It 

displayed a U-shaped relationship with mortality, which is in keeping with high and low sodium 

levels indicating a degree of physiological dysfunction and operative risk.   
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Potassium 

 

Figure 18.  Relationship between potassium and post-operative mortality. 

Potassium is a key salt in cells for transmitting electronic impulses in the body.  Low potassium levels 

can occur with vomiting, diarrhoea or bowel obstruction and high levels occur with kidney 

impairment, both of which commonly occur in intestinal emergencies.  If potassium is not kept 

within the normal range, patients are at risk of abnormal heart rhythms28,147,148.  It displayed a weak 

U-shaped relationship with mortality, which was less pronounced than sodium’s.  One reason for 

this may be because abnormal potassium levels are normally corrected aggressively peri-operatively 

due to risk of abnormal heart rhythms, whereas sodium is corrected more slowly, so the correlation 

is subtly masked despite efforts to retain the worst blood results in 72-hours prior to surgery.   
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Urea 

 

Figure 19.  Relationship between urea and post-operative mortality. 

Urea is the main breakdown product of nitrogen-containing compounds in the body, which is 

excreted via the kidney, and also plays a key role in concentrating urine180.  Elevated levels can 

indicate dehydration or kidney impairment, but it is not the main marker of renal function147,178.  

Increasing urea levels appeared to be associated with increasing risk of post-operative mortality, 

though with a slightly irregular pattern and wide confidence intervals above 25mmol/L.   
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Creatinine  

 

Figure 20.  Relationship between creatinine and post-operative mortality. 

Creatinine is a breakdown product from protein and muscle metabolism.  It is the most frequently 

used acute marker of renal function, as it is reliably released from muscles and then excreted by the 

kidney.  Maximum normal levels vary based on sex, ethnicity and muscle bulk, and are 

approximately 60μmol/L to 110μmol/L for males and 45μmol/L to 90μmol/L for females180.  

Significant rises above normal (or patient's baseline level) indicate acute renal impairment.  

Increasing creatinine beyond a threshold of 90μmol/L was associated with a significant rise in 

probability of mortality.  This then plateaued between 300-400μmol/L and then reduces, though 

with very few cases.  Patients with a creatinine ≥300μmol/L will either have severe acute or chronic 

renal failure, so further changes in creatinine levels may have limited impact on risk of mortality, as 

patients all have a disease process of similar severity.   
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Albumin  

 

Figure 21.  Relationship between albumin and post-operative mortality 

Albumin is a common protein found in blood, whose main action is to retain fluid in the vessels and 

act as a transporting agent for salts, hormones and fatty acids150.  The cause of low albumin levels is 

multifactorial, but it can be due to malnutrition, states of severe acute illness, or chronic diseases 

like heart or renal failure151.  Increasingly low albumin levels below 30g/L were associated with 

increasing risk of post-operative mortality, which concurs with findings from other studies152,153. It is 

possible that albumin’s relationship to the severity of acute inflammation, as well as the presence of 

chronic illness, accounts for this to a degree154. 
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LDTEWS Score 

 

Figure 22.  Relationship between LDTEWS and post-operative mortality. 

LDTEWS displayed a strong association with mortality up to a score of 10, beyond which confidence 

intervals do widen considerably, though the direction of the curve remains largely the same.  Like 

NEWS, LDTEWS has a much more linear relationship with mortality than its composite predictor 

variables.   
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LDTEWS-NEWS Risk Score 

 

Figure 23.  Relationship between LDTEWS-NEWS Risk Score and post-operative mortality. 

The combined LDTEWS-NEWS risk score displayed very similar trends to NEWS and LDTEWS scores, 

as one would expect.  There is a clear linear association between increasing LDTEWS-NEWS score 

and the probability of post-operative mortality, with reasonably narrow confidence intervals and 

spread of data points.   
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Logistic regression analysis 

To further investigate the strength of the relationship between the candidate predictor variables and 

30-day mortality, we performed a simple logistic regression analysis.  Predictor variables achieving a 

significance threshold of <0.05 were then included in the multivariable model (see Table 21).   

Table 21.  Logistic regression analysis for 30-day mortality and potential candidate predictor variables. 

Predictor Variable 
Odds Ratio – Univariable 

(95% CI, p value) 
Odds Ratio – Multivariable 

(95% CI, p value) 

Patient Age 1.04 (1.03-1.06, p<0.001) 1.03 (1.01-1.05, p=0.001) 

Sex - Male 1.07 (0.79-1.46, p=0.659) - 

ASA Grade 3.02 (2.52-3.66, p<0.001) 1.56 (1.18-2.07, p=0.002) 

Charlson Comorbidity Index 1.07 (1.06-1.09, p<0.001) 1.06 (1.04-1.08, p<0.001) 

Clinical Frailty Score 0.97 (0.86-1.09, p=0.668) - 

Hospital Frailty Score 1.10 (1.08-1.13, p<0.001) 1.04 (1.00-1.07, p=0.046) 

Haemoglobin 0.99 (0.98-0.99, p<0.001) 1.01 (1.00-1.02, p=0.040) 

White Blood Cell Count 1.04 (1.02-1.06, p<0.001) 1.03 (1.00-1.05, p=0.079) 

C-Reactive Protein 1.00 (1.00-1.00, p<0.001) 1.00 (1.00-1.00, p=0.108) 

Sodium 0.99 (0.95-1.03, p=0.523) - 

Potassium 1.45 (1.15-1.87, p=0.003) 1.18 (0.88-1.53, p=0.231) 

Urea 1.09 (1.07-1.12, p<0.001) 1.04 (0.99-1.09, p=0.127) 

Creatinine 1.00 (1.00-1.01, p<0.001) 1.00 (1.00-1.00, p=0.422) 

Albumin 0.90 (0.88-0.92, p<0.001) 0.90 (0.87-0.87, p<0.001) 

LDTEWS Score 1.30 (1.24-1.38, p<0.001) 1.12 (0.86-1.45, p=0.387) 

LDTEWS-NEWS Risk Score 
388.81 (115.08-1350.74, 

p<0.001) 
0.00 (3.84-411.98, 

p=0.395) 

NEWS Score 1.26 (1.19-1.33, p<0.001) 1.34 (0.69-2.58, p=0.377) 

Pulse Rate 1.02 (1.01-1.03, p<0.001) 1.01 (0.99-1.02, p=0.408) 

Systolic Blood Pressure 0.98 (0.98-0.99, p<0.001) 0.91 (NA-3.18, p=0.988) 

Diastolic Blood Pressure 0.96 (0.95-0.97, p<0.001) 0.80 (NA-9.80, p=0.986) 

Mean Arterial Pressure 0.97 (0.96-0.98, p<0.001) 1.33 (0.03-NA, p=0.988) 

Temperature 0.79 (0.59-1.05, p=0.107) - 

Respiratory Rate 1.11 (1.07-1.14, p<0.001) 1.04 (0.99-1.11, p=0.134) 

Oxygen Flow Rate 1.16 (1.08-1.23, p<0.001) 1.01 (0.92-1.11, p=0.775) 

Oxygen Saturations 0.87 (0.82-0.92, p<0.001) 0.96 (0.89-1.05, p=0.399) 

Glasgow Coma Score 0.82 (0.78-0.87, p<0.001) 1.05 (0.93-1.16, p=0.441) 

Model Metrics: AIC = 661.3, C-statistic = 0.864, H&L = 7.85 (p=0.448) 

Most of the variables achieved statistical significance in the univariable model, with ASA grade and 

LDTEWS-NEWS risk score having the greatest odds ratios, though the one for LDTEWS-NEWS is 

markedly high.  Of note, gender, Clinical Frailty Scale and sodium displayed no association with 30-
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day mortality.  When built into the multivariable model the number of variables with a clinically 

meaningful odds ratio or achieving statistical significance reduced.  Patient age and ASA grade stood 

out in this regard, and while NEWS, LDTEWS and HFRS have odds ratios which are clinically relevant, 

they do not achieve significance.  This suggests that these variables are most strongly associated 

with 30-day mortality, when controlling for the influence of other factors.   

Why many of the variables appear to have a relationship in univariable, but not multivariable 

analysis, could simply be due to the fact that a few standout predictors account for the majority of 

the risk of mortality.  This analysis also includes the raw variables used to calculate NEWS and 

LDTEWS, as well as the NEWS and LDTEWS scores.  It is probable that the composite scores are much 

more representative of the risk of mortality, than the individual variables (e.g., NEWS vs oxygen 

saturations).  In addition, there will also be some multi-collinearity between these variables which 

will distort the results of the regression.  Investigating for this with techniques like a correlation 

matrix requires a significant amount of extra work, and while considered was not performed at this 

stage of the study73.  Another possible reason is that most of these variables are numerical and do 

not have a simple linear relationship with mortality, being either U-shaped or skewed.  This makes it 

harder for the regression model to quantify the strength of the relationship between variables and 

30-day mortality.  This could be improved by transforming variables to give a more symmetrical 

distribution.  However, transforming variables makes the clinical interpretability of odds ratios 

rather challenging, as the output will then be the odds of log(creatine) rather than creatinine.  Thus, 

we did not perform this extra analysis as we felt we have sufficient information to plan the next 

stage of the study.   

3.4 Summary 

In this chapter we have discussed the methodology for the data extraction process, and the findings 

from dataset interrogation and integration, used to produce the final dataset for this study.  We 

have also reported on the findings from exploratory data analysis investigating the association 

between candidate predictor variables and post-operative mortality.   

The total study population (n=1,508) and population with complete candidate predictor variables 

(n=1,237) are large enough to meet the minimum sample size required (n=538).  The most 

frequently missing raw data items were vital signs/NEWS scores (11.01%) and LDTEWS scores 

(8.16%) in the 24- and 72-hours prior to surgery.  While the proportion of missing blood tests were 

much lower (1.86-5.84%), the cumulative effect of single variables missing for different patients 

meant that the combined LDTEWS-NEWS risk score had 16.98% missing.   Comparison of patients 
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with missing or complete data revealed that those with missing data had a higher overall operative 

risk and were likely to need more urgent or extensive surgery.  While we cannot definitively say why 

these patients had missing data, we hypothesise that one contributing factor may be the rush to 

transfer an unwell patient to theatre.  Nonetheless, the operative and demographic characteristics 

of patients with complete data remained representative, particularly in terms of overall mortality 

rate (11.2%)10.  Thus, we feel it is reasonable to use this data without undue risk of introducing 

selection bias.   

In descriptive analysis the only notable finding was that rates of attempted and completed 

laparoscopic surgery were substantially higher than the national average (57.9% and 38.9% vs 20.2% 

and 10.0%)10.  Both P‑POSSUM and the NELA score have been shown to over-predict mortality for 

emergency bowel surgery performed laparoscopically, so this may subtly affect their performance in 

this dataset181.  However, patient demographic, operative characteristics and the most frequently 

performed procedures were comparable to those reported in the NELA audit, supporting our 

conclusion that the dataset is representative10,22.  In exploratory data analysis, most of the blood 

tests and individual vital signs used in currents risk models displayed intelligible associations with 

post-operative mortality.  Indeed, the shape of the smoothed regression curves were comparable to 

those included in the appendix material of the NELA score paper95.  Increasing NEWS, LDTEWS and 

the combined NEWS-LDTEWS risk scores were all associated with a direct linear relationship with 

post-operative mortality.  Interestingly, HFRS was associated with an increasing risk of mortality up 

to a threshold of 15, beyond which this plateaued.  This fits with HFRS’ performance in its original 

studies where its creators defined high-risk of frailty as a score >15, and beyond which the 

probability of adverse events does not increase further, despite the maximum score being 99170,173.   

In conclusion, we have demonstrated that we have enough complete data from a representative 

population of patients who have had emergency bowel surgery for this study.  Furthermore, 

exploratory data analysis has revealed that there are a significant range of pre-operatively available 

variables that appear to have an intelligible association with post-operative mortality.    
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Chapter Four: External validation study of NEWS, LDTEWS, LDTEWS-

NEWS risk score and HFRS as predictors of 30-day mortality for 

emergency bowel surgery 

4.1 Introduction 

In chapter four we observed that NEWS, LDTEWS, combined LDTEWS-NEWS and HFRS risk scores all 

appeared to have clear associations with post-operative mortality.  Unlike clinical variables such as 

age or white cell count, these scores have been purposefully developed to predict or identify 

patients in hospital who are at an increased risk of adverse outcomes132,145,155,170.  They have also 

never been externally validated as predictors of 30-day mortality after emergency bowel surgery.  

Thus, I felt it would be prudent to investigate whether NEWS, LDTEWS, combined LDTEWS-NEWS 

and HFRS risk scores could act as stand-alone risk prediction models for emergency bowel surgery 

and that is the focus of this chapter.   

4.2 Methods 

This chapter is written in line with the TRIPOD statement (see Appendix 1).  Ethical approval, study 

participants, data source, sample size and missing data have already been discussed in the 

methodology section of Chapter Four.   

Outcome 

The primary outcome being investigated in this external validation study is 30-day mortality after 

emergency bowel surgery.   

Statistical analysis 

Score performance was assessed in terms of discrimination and calibration.  Discrimination 

demonstrates how likely the model is to correctly classify whether a patient is dead or alive at the 

defined endpoint.  It is assessed by plotting receiver operating characteristic (ROC) curves and 

calculating the c-statistic (equivalent to the area under the curve).  A c-statistic above 0.7 is 

considered good, 0.8 high enough to have clinical utility and 0.9 excellent, with 0.5 no better at 

predicting the outcome than random chance182.  Calibration is assessed by evenly dividing the data 

into deciles of predicted risk, then plotting the observed vs predicted mortality rate for each decile.  

A line-of-best-fit is plotted through the data points to help visualise how well the model’s 
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predictions match observed outcomes as risk increases74,81.  The relationship between each NEWS, 

LDTEWS, LDTEWS-NEWS risk and HFRS scores were plotted against mortality rate, to visualise the 

thresholds of risk for each possible score.   

4.3 Results 

Complete data were available for NEWS (n=1,342), LDTEWS (n=1,385), LDTEWS-NEWS risk score 

(n=1,252) and HFRS (n=1,505) for external validation.  All the four scores demonstrated fair to good 

discrimination for 30-day mortality (see Figure 24).  NEWS, LDTEWS and LDTEWS-NEWS risk score 

did not perform as well as predictors of post-operative mortality, as they did for 24-hour mortality in 

the original published studies (c-statistic NEWS: 0.708 vs 0.894; LDTEWS: 0.724 vs 0.755-0.802; 

LDTEWS-NEWS risk score: 0.740 vs 0.901-0.916)132,145,155.  HFRS performed slightly better as a 

predictor of post-operative mortality than for 30-day mortality in emergency medical admissions 

(c-statistic 0.683 vs 0.600)170. 

 

Figure 24.  ROC curves and c-statistics for NEWS, LDTEWS, LDTEWS-NEWS risk score and HFRS. 

 

Calibration plots demonstrated that all scores were to some degree mis-calibrated (see Figure 25).  

HFRS’ calibration line most closely followed the line of best fit, though did underpredict mortality in 
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lower risk deciles.  This was followed by NEWS and LDTEWS-NEWS risk score, but they increasingly 

overpredicted mortality in all but the low-risk deciles.  LDTEWS score had the worst calibration, 

consistently overpredicting mortality across all risk deciles.   

 

Figure 25.  Calibration plot for NEWS, LDTEWS, LDTEWS-NEWS risk score and HFRS. 

Figure 26 shows the cumulative distribution of each NEWS score as a proportion (blue bars), with 

the mortality rate for each score plotted over (black points) and a line of best fit to display the trend.  

Beyond a threshold NEWS score of 4, the overall mortality rate increased above the average for the 

dataset (13.2%).  While there was some variability in mortality rate for the higher NEWS scores 

because of the low number of cases, the trend of increasing mortality is very clear.  It suggests that 

patients requiring emergency bowel surgery with a NEWS of ≥4 are empirically high-risk.  The same 

trend is seen with LDTEWS (Figure 27), with a score of ≥4 equating to increasingly higher-than-

average mortality rate.  LDTEWS-NEWS produces a numerical risk score between 0 and 1.  To allow 

the cumulative distribution of scores vs mortality to be plotted, scores were grouped together into 

increments of 0.05.  Unsurprisingly, a similar trend to the individual NEWS/LDTEWS scores was 

visualised (Figure 28), with a score of ≥0.20 being associated with higher-than-average mortality 

rate.  The HFRS scores were grouped together in increments of 5, as the creators of HFRS define the 



112 

 

risk of frailty as either low (<5), intermediate (5-15) or high (>15), despite the maximum score being 

99.  The reason for this is that an increasing score from 15 to 99 appeared to have no clinical or 

statistically significant difference in outcomes170,173.  The low-risk frailty group had a mean mortality 

rate between just under 10-20%.  This rises to >20% for intermediate/high-risk of frailty and 

increasing further for scores >15.  While the trends for HFRS are not quite as distinct as those for the 

other scores, they are still informative.   
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Figure 26.  Cumulative distribution NEWS scores as a proportion (blue bars), with the mortality rate for each score (black 

points) and a line of best fit to display the trend. 

 

Figure 27.  Cumulative distribution LDTEWS scores as a proportion (blue bars), with the mortality rate for each score (black 

points) and a line of best fit to display the trend. 
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Figure 28.  Cumulative distribution LDTEWS-NEWS scores as a proportion (blue bars), with the mortality rate for each score 

(black points) and a line of best fit to display the trend. 

 

Figure 29.  Cumulative distribution HFRS scores as a proportion (blue bars), with the mortality rate for each score (black 

points) and a line of best fit to display the trend. 
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4.4 Summary  

In this chapter I have presented the results from the first study to externally validate NEWS, 

LDTEWS, the combined LDTEWS-NEWS risk score and HFRS as stand-alone predictors of 30-day 

mortality after emergency bowel surgery.  Despite being developed on patients admitted with acute 

medical conditions, to predict a range of adverse outcomes at both 24-hours and 30-days, they have 

performed relatively well132,145,155,170.  In terms of discrimination LDTEWS-NEWS had the highest c-

statistic of 0.740, which is considered adequate, if not quite good enough for clinical utility182.  All 

the three NEWS/LDTEWS scores did not perform as well at predicting post-operative mortality, as 

they did for 24-hour mortality in their original studies132,145,155.  This finding is not unsurprising, as 

vital signs and blood tests alone represent only part of a patient’s operative risk.  For example, an 

85-year-old with an obstructing bowel cancer may have normal observations and blood tests, but 

the need for a colonic resection through a large laparotomy will still mean there is significant 

operative risk.  The scores were also mis-calibrated, with their calibration plots increasingly over-

predicting mortality, and for LDTEWS markedly so.  This too is to be expected given that the scores 

were all developed to predict imminent (24-hour) rather than short-term (30-day) morality.  This 

means that patients with a high NEWS or LDTEWS score are indeed unwell, and without appropriate 

intervention will continue to deteriorate and may die in the next 24-hours.  However, this cohort of 

patients should have received at least some of the required treatment (including surgery) to reduce 

the chance of this.  Thus, while the operative risk is also increased due to the patient being unwell, 

the magnitude of risk of imminent vs short-term mortality is not equitable, hence all three scores 

over-predict mortality.   

While HFRS had the worst discrimination of all the scores validated, it actually performed better as a 

predictor of post-operative mortality than in the original study (c-statistic 0.683 vs 0.600)170.  It also 

displayed the best calibration of all the scores, with the calibration plot most closely overlying the 

line of best fit, though it did moderately under-predict mortality in two risk deciles.  The mediocre 

performance of HFRS at discriminating between outcomes for different individuals is recognised by 

the authors as a limitation of the score170.  Why it performs better in an emergency surgical 

population is not known for certain, but there are possible explanations beyond random chance.  

The most likely is that frailty has a more significant impact on 30-day mortality in emergency bowel 

surgery, than in acute medical admissions, so HFRS is better at discriminating between the binary 

outcomes in this population78.  This argument is supported by the findings of the ELF study, which 

demonstrated that moderate and severely frail patients undergoing emergency bowel surgery had a 

significantly increased risk of 30-day mortality relative to healthy comparisons (adjusted odds ratio 
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of 3.18 and 6.10 respectively)134.  Also, worth noting from Figure 29 is that there are very few cases 

with a high-risk of frailty (HFRS >15) because most are either intermediate (5-15) or low-risk (<5).  In 

the original study these thresholds were developed as the patient group with scores >15 had 

significantly increased odds of 30-day mortality170.  Interestingly, the difference in mortality rate 

between low and intermediate frailty jumps from 8% to 18-30%, with a similar trend seen in 

exploratory data analysis (see Figure 8).  This too suggests that a lower threshold HFRS score is 

required in patients undergoing emergency bowel surgery, because frailty has a more pronounced 

impact on 30-day mortality.   

In conclusion, I have demonstrated that NEWS, LDTEWS, LDTEWS-NEWS and HFRS scores can predict 

30-day mortality after emergency bowel surgery.  However, their performance as standalone risk-

scores are limited, due to mediocre/good discrimination and overall mis-calibration.  This is partly 

because the scores were developed on a different patient population and not were designed to 

predict post-operative mortality.  Furthermore, a variety of factors influence operative risk, such as 

age, co-morbidities, surgical findings and procedure performed, which are not included in the 

scores.  Nonetheless, they are all clearly associated with post-operative mortality, and likely to be 

valuable predictor variables when combined in a multivariable prediction model.   
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Chapter Five: Development and internal validation of the PRE-OP risk 

model  

5.1 Introduction  

In chapter 4 we saw how NEWS, LDTEWS, HFRS and the combined LDTEWS-NEWS risk scores can 

predict 30-day mortality for emergency bowel surgery.  The scores all displayed mediocre to good 

discriminative ability, which makes sense given that patient vital signs and blood tests are used in a 

range of established risk models, and that frailty is associated with worse post-operative 

outcomes94,95,134.  However, the levels of discrimination were not good enough for clinical utility, and 

overall calibration was poor.  This mis-calibration is likely to be because the scores were not created 

using a representative surgical population or designed to predict post-operative mortality.  A way to 

address this problem would be to re-calibrate the scores and test their performance using the study 

dataset.  A similar if alternative solution to this is to use the scores as candidate predictor variables 

in a new risk prediction model.  We have also seen in chapter 3 the relationship between patient 

age, ASA grade, the individual vital signs and blood tests and 30-day mortality.  In this chapter I will 

develop novel risk prediction model called PRE-OP and compare its performance to four established 

risk models.   

5.2 Methods 

This chapter is written in line with the TRIPOD statement (see Appendix 1).  Ethical approval, study 

participants, data source, sample size and missing data have already been discussed in the 

methodology section of chapter four.   

Outcome 

The primary outcome being modelled in this study is 30-day mortality after emergency bowel 

surgery.   

Predictor variables 

In the exploratory data analysis in chapter 3, the relationships between each candidate predictor 

variable and 30-day mortality were visualised by plotting them against mortality, with a smoothed-

regression line to display any trends.  Patient age, NEWS, LDTEWS, LDTEWS-NEWS and HFRS risk 

score displayed clear linear associations with mortality.  Both NEWS and LDTEWS had much stronger 

linear relationships with mortality than the individual variables used to calculate the scores, which 
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all displayed varying degrees of non-linearity/U-shaped relationships.  Based on these observations, I 

opted to use the composite NEWS/LDTEWS scores in risk model development, rather than the 

individual vital signs and blood tests.   

CRP is a blood test which is not included in LDTEWS but is routinely used in clinical practice and 

showed a promising relationship with mortality in exploratory data analysis.  However, I decided not 

to include it as a predictor variable as it will share multicollinearity with WCC in LDTEWS, as both are 

markers of infection and inflammation.  Its relationship with mortality also plateaued at a CRP of 

>200, indicating that levels higher than that conferred no increase in risk (see Figure 16).  

Furthermore, WCC also displayed a stronger association with mortality, and its U-shaped 

relationship is regularised by the LDTEWS decision tree.  I have not included CRP as a predictor 

variable for these reasons.   

ASA grade showed a strong linear association with post-operative mortality between grades 3 to 5 

(see Figure 6).  It has also been used quite extensively in other risk models, most recently in the 

NELA score as an interaction term and the recalibrated SORT95,102–106.  Given that it is easily 

calculated pre-operatively it would seem an ideal predictor variable.  However, it has a flaw in that 

there can be considerable inter-observer bias in assigning ASA grades as it is a subjective score 102.  

This is most prominent in higher ASA grades where it is easier for clinicians to disagree on how 

severe a co-morbidity is.  Disagreement also occurs between anaesthetists and other specialties who 

are less familiar with the score, such as surgeons102.  Thus, I have decided not to include it as a 

predictor variable, due to the potential for inter-observer bias.   

Dividing the dataset 

Complete data were available for PRE-OP model development and internal validation in 1,237 

patient episodes.  The total dataset was randomly divided into a training (n=989) and test datasets 

(n=248) using an 80/20 split and stratified by 30-day mortality.  A comparison of demographic, 

predictor variables and operative outcomes was conducted with no significant differences observed 

(see Appendix 2).   

Comparison to established risk models 

APACHE II predicted mortality was extracted from the intensive care dataset for those patients who 

were admitted to ICU (n=725).  I was not able to calculate it for the remaining patients because 

arterial pO2 and pH were not available.  Mortality predictions for P‑POSSUM and the NELA score 
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were extracted from the NELA dataset.  P‑POSSUM and SORT predicted mortality were available for 

the total cohort (n=1,508), and NELA score from 2016 onwards (n=649).  

Statistical analysis 

Model performance was assessed in terms of discrimination and calibration.  Discrimination was 

assessed by plotting receiver operating characteristic (ROC) curves and calculating the c-statistic 

(equivalent to the area under the curve).  Calibration was assessed by evenly dividing the data into 

deciles of predicted risk, then plotting the observed vs predicted mortality rate for each decile.  A 

line-of-best-fit is plotted through the data points to help visualise how well the model’s predictions 

match observed outcomes as risk increases74,81.   

Logistic regression models were developed on the training dataset using patient age, NEWS, 

LDTEWS, LDTEWS-NEWS and HFRS risk scores as predictor variables.  The performance of models 

using either NEWS and LDTEWS as separate variables, or the composite LDTEWS-NEWS risk score, 

were compared using 10-fold cross validation to generate c-statistics.  The final model’s 

performance was internally validated on the test data set, and compared to the performance of 

P-POSSUM, the NELA score, SORT and APACHE II on the entire data available for each of these 

models.   

5.3 Results 

The model developed using the individual NEWS and LDTEWS scores had slightly better performance 

than the combined LDTEWS-NEWS risk score, in 10-fold cross validation in the training dataset (c-

statistic 0.802 vs 0.793).  Thus, the individual NEWS and LDTEWS scores were included in the final 

PRE-OP model.  The model coefficients are displayed in Table 22.   

Table 22.  β Coefficients for PRE-OP model. 

 𝛽 Coefficient Standard Error p value 

Intercept 6.5253060 0.6793031 <0.001 

Age -0.0377797 0.0086576 <0.001 

NEWS Score -0.1460451 0.0351015 <0.001 

LDTEWS Score -0.1695041 0.0399985 <0.001 

HFRS Score -0.0541965 0.0183294 0.003 
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Figure 30.  ROC curves for PRE-OP, P‑POSSUM, NELA score, SORT and APACHE II. 

PRE-OP demonstrated good discrimination in the test dataset (c-statistic 0.827, see Figure 30).  It 

was also well calibrated with the calibration plot closely overlying the line of best fit, and predicted 

mortality matching observed mortality throughout most of the risk deciles.  However, for the two 

highest-risk deciles it did over and under-predict mortality (see Figure 31).   

PRE-OP’s performance on the test dataset was compared to the performance of P‑POSSUM, SORT, 

APACHE II and the NELA score for the complete available data.  The NELA score had the best 

discrimination (c-statistic 0.861) but was closely followed by PRE-OP (c-statistic 0.827).  SORT and 

P-POSSUM demonstrated similar levels of good discrimination (c-statistic 0.808 and 0.796 

respectively).  APACHE II was the worst of the established models (c-statistic 0.734).  ROC curves and 

c-statistics are displayed in Figure 30.   

In terms of calibration the NELA score performed well, with its calibration plot closely following the 

line of best fit, though it did slightly underpredict mortality in the higher-risk deciles.  SORT was not 

particularly well calibrated with the lowest risk deciles concentrated below 5% predicted mortality, 

and then increasingly underpredicted mortality beyond this.  P‑POSSUM was overall poorly 

calibrated, increasingly overpredicting mortality beyond 20%, but was accurate in the deciles below 
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this threshold.  APACHE II appeared to have overall good calibration, but the individual risk deciles 

varied considerably between over and under-predicting risk (see Figure 31).   

 

 

Figure 31.  Calibration plots for PRE-OP, P‑POSSUM, NELA Score, SORT and APACHE II. 

5.4 Summary  

In this chapter I have developed a logistic regression model using patient age, NEWS, LDTEWS and 

HFRS scores to predict 30-day post-operative mortality.  This is the first study to investigate and use 

these variables (excluding age) to predict outcomes after emergency bowel surgery.  The PRE-OP 

model has displayed good performance on internal validation, with a c-statistic of 0.827 and 

calibration plot closely following the line of best fit.  It was out-performed in terms of discrimination 

by the NELA score but only by a small margin (c-statistic 0.861), with both models displaying 

excellent calibration.  The good performance of the NELA score is not surprising given that it was 

developed on a large modern dataset of patients undergoing emergency bowel surgery (n=38,830).  

It also utilises data on operative findings, urgency of surgery and ASA grade, in addition to laboratory 
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tests, some vital signs and markers of chronic diseases95.  These diverse predictor variables represent 

many of the factors that influence operative risk, and partly explain its good performance in this and 

other studies87,130.  The fact that PRE-OP can perform nearly as well as the NELA score without 

including any operative data, strongly suggests that NEWS, LDTEWS and HFRS are robust predictors 

of 30-day mortality.   

PRE-OP did outperform the SORT model, but this was by a small margin (c-statistic 0.808).  However, 

SORT was not well calibrated and consistently underestimated risk beyond 5% predicted mortality.  

A recent external validation of SORT in the EPICCS study found it had excellent discrimination 

(c-statistic 0.90) and was reasonably well calibrated up to 50% predicted mortality106.  However, this 

study included a range of emergency and elective procedures from all surgical specialties, and 

overall mortality rate was much lower than for emergency bowel surgery (1.4%)106.  It is possible 

that SORT underestimated risk in the emergency laparotomy cohort because of the higher outcome 

rate and being restricted to emergency gastrointestinal procedures.  An updated version of SORT 

was created as part of the EPICCS study, using clinicians’ subjective impression of operative risk to 

improve its performance106.  Unfortunately, we were unable to calculate the updated model as we 

did not have this information available.   

P‑POSSUM demonstrated adequate discrimination (c-statistic 0.796) and was well calibrated up to 

20% predicted mortality, but considerably overpredicted risk beyond this skewing the calibration 

line.  This poor calibration is probably because P‑POSSUM was developed on data from nearly 30 

years ago, when mortality rates were significantly higher for certain procedures.  Its development 

dataset is therefore no longer representative of modern surgical outcomes or patient population24,94.  

Interestingly, P‑POSSUM had much better discrimination in the EPICCS study (c-statistic 0.89) but 

was still poorly calibrated.  Perhaps it shares a similar problem to SORT in that it is less good at 

differentiating outcomes in the higher-risk emergency bowel surgery population.   

APACHE II had the worst discrimination of the established models (c-statistic 0.734) and, while its 

calibration plot was good, the individual risk deciles under/over-predicted mortality quite variably.  

This performance is reasonable given that it was created in the 1980s to predict outcomes for 

patients on admission to ICU100.  While findings from other studies suggested it should have better 

performance, it appears that it is a less capable model than P‑POSSUM or SORT in emergency bowel 

surgery86.  One limitation of our data that may play a part in APACHE II’s suboptimal performance, is 

that we only had scores for patients admitted to ICU, who are presumably high-risk.  This introduces 

an element of selection bias, and it is possible that including a population of lower-risk cases would 
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improve APACHE II’s performance.  However, one could also argue that because APACHE II was 

developed for patients requiring admission to ICU, it should be most accurate in this patient 

population.   

In conclusion, patient age, NEWS, LDTEWS and HFRS risk scores are strong predictors of 30-day 

mortality after emergency bowel surgery.  When combined in a simple logistic regression model 

(PRE-OP), they have comparable performance to the widely established NELA score.  This finding is 

of great clinical significance, as NEWS is routinely used in day-to-day clinical practice, and frailty is 

increasingly recognised in both risk-stratification and as an opportunity for post-operative 

intervention134,137,162.  The variables also have the key advantage of being calculated from data that is 

reliably available pre-operatively and largely robust to inter-observer bias.  A further benefit is that 

these variables could also be used to develop a risk-model for patients who have not undergone 

emergency bowel surgery and received only medical management for their condition.  At present 

there is limited data on outcomes for this cohort of patients and the lack of a risk-prediction tool has 

been highlighted by the Royal College of Surgeons4,183. 
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Chapter Six: Discussion of collective findings and conclusion 

6.1 Summary 

Emergency bowel surgery continues to be a commonly performed and high-risk procedure10.  

Outcomes are closely monitored in the United Kingdom against recommended standards of care, 

through the NELA and Scottish Emergency Laparotomy and Laparoscopy (ELLSA) audits.  The core 

standards measured include timely surgical review, diagnostic imaging and transfer to theatre, with 

consultant-delivered care at each step, and admission to intensive care unit (ICU) for high-risk cases.  

A cornerstone of these processes has been the identification and prioritisation of high-risk patients, 

with a predicted mortality >5%.  Numerous studies have demonstrated the effectiveness of these 

care processes and the benefits that cases identified as high-risk receive6–9,142.  Thus, the use of risk 

prediction models to provide pre-operative risk stratification is now routine4,142.  The aim of this 

thesis was to investigate whether clinical and biochemical variables which are reliably available pre-

operatively, can be used to improve prediction of 30-day mortality after emergency bowel surgery.   

In chapter 1 I have provided an overview of how historically operative risk has been poorly 

recognised and peri-operative resources underutilised.  This was noted to be particularly bad for 

emergency bowel surgery, in several key reports from professional bodies and the results of a 

prospective cohort study led by the Emergency Laparotomy Network1,5,17.  I have discussed how the 

NELA audit and standards of care recommended by the Royal College of Surgeons have transformed 

the care pathway and outcomes for patients receiving emergency bowel surgery1,2,4,10. I have then 

reviewed the methodology behind the development of risk prediction models and assessment of 

their performance, placing a focus on internationally accepted standards of best practice64,69,70,81.  

This provides a framework for both appraising the literature on available risk models and considering 

how to conduct my own risk prediction study.  

Chapter 2 provides a narrative review of current risk models new and old.  The long-standing 

P-POSSUM and APACHE II were not technically developed with many of the modern standards of 

best practice for creating risk models in mind70,94,100.  Yet they have been immensely successful in 

terms of predicting mortality for major surgery and widely adopted in clinical practice85,86.  Both 

models utilise a mix of markers of acute physiology, chronic diseases and age in their algorithms, 

which are visually interpretable and easily calculable.  They were also published in full and free to 

use, at a time when the availability of clinical risk models was limited.  The SORT model effectively 

utilises the ASA grade, age and operative data to provide a simple and more general surgical risk 
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model105.  It has recently been updated to include clinicians’ subjective assessment of risk as one of 

its predictor variables, improving its predictive capabilities and outperforming P-POSSUM106.   

The ACS-NSQIP database in the USA has heralded a plethora of modern risk models designed for all 

manner of surgical procedures, including emergency bowel surgery.  The best performing models 

such as ESS and POTTER, appear to perform extremely well in external validation studies on ACS-

NSQIP data, but disappointingly lack any reporting on calibration or model coefficients.  The NELA 

score provides the best overall risk model for emergency bowel surgery having been developed on a 

large robust dataset, using a sensible and transparent methodology, and demonstrating excellent 

performance in external validation studies87,95,130.  However, a limitation of the NELA score is that it 

was designed to provide post-operative risk-adjusted statistics, rather than the pre-operative risk 

predictions needed to implement the NELA standards of care94,95.  This is in part because it utilises 

several operative variables (procedure performed, blood loss, degree of peritoneal soiling and 

malignant spread) which must be estimated by the clinician.  While these can be anticipated from 

clinical judgement and pre-operative imaging, there is inevitably potential for error.   

Innovative related risk models like NEWS have considerably altered clinical practice and improved 

patient safety by highlighting deteriorating patients to ward staff, so they receive timely clinical 

review and management132,136.  Use of EWS systems to provide a structured assessment of patient 

vital signs is now a mandatory requirement of all acute hospitals in the UK, to ensure unwell patients 

receive the best care possible, and avoidable complications or intensive care admission 

negated137,138,184.  NEWS has also been shown to be more accurate in emergency surgical than 

medical admissions139.  Decision tree risk model LDTEWS was developed to use routine blood tests 

to predict the same outcomes as NEWS145.  While not adopted in clinical practice, LDTEWS has been 

further combined with NEWS in the LDTEWS-NEWS risk score, with improved accuracy at predicting 

in‑hospital mortality155.  In fact, many of the markers of acute physiology and chronic diseases used 

by other successful models like the NELA score, APACHE II and P-POSSUM, are also variables in 

NEWS and LDTEWS (e.g., systolic blood pressure or albumin)95.  While the excellent performance of 

the NELA score is not just due to these blood tests and vital signs alone, it suggests that they are 

likely to be accurate predictors of post-operative mortality.  A strength of NEWS and LDTEWS is that 

they contain a comprehensive set of vital signs and blood tests routinely measured in clinical 

practice, whereas a smaller and more variable set are used in other models. 

Frailty is an age-related reduction in physiological reserves across multiple organ systems159.  The ELF 

study clearly demonstrated that frailty is an independent risk factor for increased post-operative 
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morbidity and mortality after emergency bowel surgery134.  It also affected 20% of patients in the 

study, something which is likely to increase as this patient population is predicted to get 

older24,61,134,158.  Recently published research from the ELLSA audit has corroborated this, as it too 

showing that frailty is a significant prognostic factor in 30-day mortality.  Furthermore, it identified a 

novel finding, that moderate-to-severely frail patients (CFS 6-7) waited significantly longer for the 

expected standards of care for emergency bowel surgery, such as diagnostic imaging or time to 

surgery185.  Frailty scores like mFRI have been successfully incorporated into established risk models 

to improve their predictive performance in emergency bowel surgery, in a single centre study87.  The 

HAVEN model uses markers of frailty with vital signs, blood tests, patient demographics and chronic 

diseases to identify unwell patients at risk of deteriorating similar to NEWS.  It successfully 

incorporates frailty score HFRS in its algorithm, and it is one of the top 20 predictors in terms of 

feature importance156.  HFRS has not been investigated in surgical patients but is readily calculated 

from ICD-10 diagnosis codes and easily investigated in this study.  The available evidence hints that 

there is likely to be an association.   

In chapter 3 I described a retrospective cohort study using the local NELA database for Portsmouth 

Hospitals University NHS Trust as the study population (n=1,508).  Data from 01/12/2013 to 

31/01/2020 were extracted, with more recent years excluded due to the COVID-19 pandemic.  The 

list of patient identifiers was then linked to electronic hospital records to extract all available data on 

patient demographics, diagnosis and procedure codes, theatre data, ICU admissions, laboratory tests 

and vital signs.  The individual datasets were then interrogated looking at data quality and 

integrated to provide a final dataset used for analysis.  Easily the most challenging part of this 

project was interrogating the datasets and accurately linking the desired data items from each set 

into the final datasets, requiring nearly 1,000 lines of code.  I calculated a range of risk model scores 

using the raw data for both descriptive and predictive analysis.  Investigations looking at missing 

data revealed that patient episodes with incomplete data had a significantly higher ASA grade, 

predicted and 30-day mortality, and required more urgent or major surgery.  This suggests that 

patients with incomplete vital sign/blood test data may have been more unwell and needed more 

urgent surgery than their counterparts with complete data.  Nonetheless, the patient episodes with 

complete data had comparable characteristics and outcomes to those reported by NELA.  I therefore 

felt that the episodes with complete data remain representative of the broad range of patients 

undergoing emergency bowel surgery.  In exploratory data analysis I investigated the relationship 

between each candidate predictor variable and post-operative mortality, by plotting them against 

each other with a smoothed regression line to visualise the associations.  I also conducted a multi-
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variable logistic regression analysis to quantify the strength of associations with 30-day mortality.  

Some of the strongest and most linear relationships with mortality appeared to be with NEWS, 

LDTEWS, HFRS and LDTEWS-NEWS risk score.  Thus, I decided to investigate the predictive 

performance of these scores further, rather than trying to build new models from the individual raw 

vital signs and blood tests.   

In chapter 4 I described the first study to externally validate NEWS, LDTEWS, HFRS and LDTEWS-

NEWS risk scores as predictors of 30-day mortality after emergency bowel surgery.  All the scores 

showed promise, demonstrating fair to good discrimination (c-statistic 0.683-0.741), with HFRS 

preforming better than in other studies170–173.  However, the scores were overall not well calibrated, 

notably LDTEWS which markedly overpredicted risk.  I concluded that while the scores all clearly 

have an association with post-operative mortality, they are not good enough as standalone risk 

prediction models.  

In chapter 5 I further investigated whether NEWS, LDTEWS and HFRS can be used to predict post-

operative mortality, by combining them with patient age in a new risk model.  To do this I divided 

the complete available dataset into training (n=989) and test datasets (n=248).  I then developed 

two models on the training set, using age, HFRS and either separate NEWS and LDTEWS scores or 

combined LDTEWS-NEWS risk score as predictor variables.  The performance of the two models was 

assessed in the training dataset using 10-fold cross validation, with the model containing separate 

NEWS and LDTEWS scores displaying slightly superior performance.  This model, named PRE-OP, was 

then internally validated on the test dataset.  It displayed good discrimination with a c-statistic of 

0.827 and was reasonably well calibrated.  I compared PRE-OP to other established risk models, with 

the NELA score displaying the best overall performance (c-statistic 0.861).  The SORT, P-POSSUM and 

APACHE II models fared less well (c-statistics 0.808, 0.796, 0.734 respectively) and were all mis-

calibrated to a degree.   

6.2 Implication of study findings 

It is tempting at this point to suggest that the PRE-OP model is a robust risk predictor, ready to be 

rolled out into clinical practice to provide pre-operative risk predictions for emergency bowel 

surgery, but it is not.  What PRE-OP has done however, is demonstrate that routinely collected vital 

signs, blood tests and markers of frailty can be used (along with age) to make accurate risk 

predictions about 30-day mortality after emergency bowel surgery.  This answers the main aim of 

this thesis and confirms the initial findings from exploratory data analysis and external validation of 

NEWS, LDTEWS and HFRS.  The fact that its performance is comparable to excellent models designed 
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for emergency bowel surgery like the NELA score, or more general risk predictor SORT, also lends 

significant credibility to this study.  These findings provide a significant contribution to knowledge on 

this topic, and a platform for future research.   

A key attribute of PRE-OP and its predictor variables is that they are robust to inter-observer bias 

and reliably available pre-operatively, requiring no assumed information from the clinician.  Further 

research in the form of a multicentre study, with a more complex modelling process and external 

validation study is clearly required.  This would allow HFRS, NEWS, LDTEWS and/or their constituent 

variables to be built into a model with substantial external validity, which could then be 

prospectively tested and, if effective, adopted into clinical practice.  A model like PRE-OP would be 

of great help to clinicians in risk-stratifying patients who need emergency bowel surgery, particularly 

where the procedure to be performed or anticipated operative findings are uncertain.  The benefits 

of pre-operative risk stratification are well established, ensuring high-risk patients have consultant-

delivered care and ICU admission post-procedure6–9,142.  It also assists in deciding if patients are low 

risk and can therefore have their procedure led by anaesthetic/surgical trainees and go to a normal 

ward post-operatively, reducing the burden on precious resources like ICU and consultants.    

More widely, the associations we have seen between increasing NEWS score and post-operative 

mortality are of great clinical relevance.  All NHS hospitals have been required to monitor patients’ 

vital signs using an early warning score like NEWS since 2007, so clinicians are now familiar with the 

scoring systems137,138.  The fact that a NEWS score of ≥4 is associated with a higher-than-average 

mortality rate is an important finding, as it suggests that these patients are empirically high-risk.  It 

also mirrors the results from a previous study evaluating the performance of NEWS in surgical 

patients139.  While it sounds obvious that patients who need emergency bowel surgery will have 

worse outcomes if they are clinically unstable prior to surgery, this provides further evidence to 

support this argument.   

Frailty is now recognised to be associated with increased risk of post-operative morbidity and 

mortality, independent of patient age.  This study’s findings further contribute to the body of 

evidence on this and is the first to validate the Hospital Frailty Risk Score in a surgical population.  

Interestingly, HFRS performed better as a predictor of 30-day mortality in surgical patients of all ages 

than in older medical patients170–172,186.  Perhaps this is because the physiological insult of emergency 

bowel surgery is greater than acute medical conditions like pneumonia, so frailty plays a more 

influential role in outcomes.  Disappointingly the Clinical Frailty Scale had insufficient distribution of 
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data points to allow proper analysis.  This may be partly because a score of 1-3 is combined and also 

it has only been included from 2018 onwards.   

Another strength of this study’s use of pre-operatively available variables is that it could be 

calculated and validated on patients with an intestinal emergency who receive non-operative 

management.  Research suggests this may be as high as one third of admissions183.  The Royal 

College of Surgeons England highlighted the current lack of risk stratification tools for non-

operatively managed intestinal emergencies in the updated “High-Risk General Surgical Patient: 

Raising the Standard” report4.  This is something that models requiring detailed operative data are 

unable to do reliably and the report identifies APACHE II as the best validated model available4.  That 

PRE-OP performed far better than APACHE II in this surgical population, suggests that it could also 

work for cases managed non-operatively, but requires further research to confirm this.   

6.3 Limitations  

This study’s findings are limited by their single centre nature, making them less generalisable to 

other units.  There will potentially be some differences in the characteristics of the study population 

that could result in PRE-OP being less accurate when externally validated in other hospitals or 

geographical areas.  For example, the rates of attempted/successful laparoscopy are significantly 

higher in PHU than the national average (55.9%/37.5% vs 20.2%/10.0%)10.  There is now good 

evidence to show that emergency bowel surgery performed laparoscopically confers a reduction in 

mortality compared to an open approach3.  This could therefore reduce PRE-OP accuracy in data on 

exclusively open surgery.  However, a recently published study using national NELA data has found 

that P-POSSUM and the NELA score consistently over-predict mortality for laparoscopic surgery181.  

Thus, it may be of benefit that PRE-OP has been developed on a more even mix of operative 

approaches, allowing it to provide more balanced if slightly less accurate predictions.   

Any modelling study that does not validate the model on an external dataset is at risk of over-fitting 

being unrecognised.  Over-fitting is when the model fits the training dataset too closely, so is unable 

to generalise well to new data64,74.  We have limited this as much as possible by creating a simple 

logistic regression model using clinically interpretable predictor variables, which has been trained 

and tested on separate randomly divided datasets.  External validation on data from another centre 

would be the next step to confirm this.  As a retrospective observational study, there is potential for 

selection bias.  However, the patient data is recorded prospectively into both the NELA audit and 

electronic hospital records, improving its reliability and reducing the potential for this.  Both vital 

signs and blood tests are technically at risk of measurement bias, but the impact of this on what is 
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recorded is likely to be minimal. HFRS is at risk of observer bias during the coding process.  However, 

coders are highly skilled professionals and can only record what is written in the clinical notes. We 

have also used robust and transparent methodology and adhered to the TRIPOD checklist.  

Unfortunately, we could only compare NELA score and APACHE II performance for approximately 

half of the dataset, with no reliable way of calculating predictions for the remaining episodes.  

Nonetheless we feel that the findings from available data are still valid and useful, even though 

having a larger amount of data may influence their performance.   

A final limitation of this project which we haven’t addressed is the challenge of getting a risk 

prediction model to be adopted into routine clinical practice and having an impact on patient care.  

P-POSSUM became widely used by surgeons and anaesthetists in England as part of the NELA audit, 

and the NELA score has been just as popular since superseding it2,10.  This is in part because the audit 

is mandatory and predicted mortality is calculated as part of the data entry process on the website.  

Nonetheless, data is often entered retrospectively into NELA, limiting the impact calculating 

predicted mortality may have on patient management.  Models like POTTER are available in a smart 

phone app, and both ACS and SORT scores can be easily calculated on their websites, but again this 

requires clinicians to log in and enter the data90,106,113.  A barrier for these models is that while they 

are calculated from electronic health care records, they don’t seamlessly integrate back into them to 

provide clinicians with risk scores real-time187.  However, developing such a system could prove to be 

expensive for hospital trusts with limited perceived benefits.  Thus, prognostic modelling studies 

must consider how their new model will be tested in clinical practice to demonstrate its utility, and 

then encourage its clinical adoption more widely187.  EWS scores provide another good example 

where guidance from national bodies requires health care providers to use them routinely, leading 

to widespread adoption137,138.  The HAVEN model was designed to supersede NEWS and improve the 

detection of unwell patients in hospital to prevent unnecessary admission to ICU.  It is calculated 

from co-morbidities, frailty as well as vital signs and blood tests, and has been developed into a 

software which can communicate real-time with electronic hospital records156.  This type of complex 

modelling project could be the future of improving adoption and clinical utility of risk models, by 

making them so accurate and easy to use that clinicians can’t help but use them187.  

For a future version of PRE-OP, prospective testing as part of a multicentre study would provide 

evidence to demonstrate if using PRE-OP predictions changed clinician’s management decisions for 

the benefit of patients.  A regional collaborative study along these lines could lead to local adoption 

of the model if clinicians found it useful and it was clearly of benefit to patients.  But it would still 

face the same barriers of clinicians having to log into a computer/smartphone to calculate it.  A 
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further problem is that HFRS is calculated from 109 possible ICD-10 codes, which is not easy to 

consolidate into a checklist for user friendly prospective data entry, due to the detailed nature of the 

coding system170.  HFRS has been shown to correlate with other existing frailty scores and were 

PRE-OP successfully recalibrated using the Clinical Frailty Scale then this would ameliorate the 

problem.  Integrating PRE-OP into existing electronic clinical software would be possible in hospital 

trusts where vital signs are recorded electronically, as this is already routine for blood tests and 

diagnosis coding.  PRE-OP predicted mortality could be calculated real-time using the latest blood 

tests and vital signs for a patient, and their diagnosis codes from their last hospital admission.  

However, this would likely be costly and require bespoke software for each hospital trust, as a range 

of systems are used.   

6.4 Future work 

As I have already mentioned, the findings in this thesis require further investigation in a larger 

multicentre study.  This would allow the PRE-OP model to be externally validated and more complex 

models could be built using the raw vital signs, blood tests and diagnosis codes.  It is important that 

PRE-OP is not considered a reliable model until it has been externally validated on a separate 

population.  This does not mean that our findings in this study are not valid, simply that further 

research is required to verify them.  While I have used logistic regression for the modelling approach 

in this study, the binary outcome of post-operative mortality lends itself to powerful ensembled 

decision tree models like random forests and gradient boosted machines (GBM)72.  Random forests 

build independent deep decision tree models with numerous splits, using bootstrapping to randomly 

select data from the training set for each tree.  The predictions across all the trees are then 

aggregated to improve model performance.  GBMs build multiple shallow trees which learn from the 

previous tree, to sequentially improve their performance.  Although the individual trees are only 

weakly predictive, the ensemble of trees is boosted to produce a powerful model without 

overfitting72.  Both models do not require large amounts of pre-processing due to their tree 

structure, as it handles non-linear numeric relationships and categorical variables well.  This would 

be highly beneficial for a surgical risk model where a mix of demographic and diagnostic data are 

combined with continuous physiological variables.  The HAVEN model was designed to identify 

unwell patients on the ward in real-time (like LDTEWS-NEWS) and was built using a GBM technique, 

outperforming all other comparable scoring systems156.   

Another avenue of research that could be pursued is whether there are certain surgical conditions or 

patient groups who have emergency bowel surgery, that high NEWS/LDTEWS scores confer 
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particularly poor outcomes for.  For example, if cases of perforated diverticulitis were found to have 

an observable difference in risk-adjusted mortality at a NEWS threshold of ≥5, this would be a 

valuable finding for surgeons.  It could lead to further prospective studies on the topic, or even a 

change in clinical practice, with surgeons being more pro-active in the management for these cases. 

This also generates the question of whether medical optimisation prior to surgery for patients with 

high NEWS scores leads to improved outcomes.  This could initially be investigated with a case-

matched retrospective study comparing patients who had a high NEWS score which then improves 

prior to surgery, to patients who do not.  This would shed light on whether certain conditions simply 

require prompt damage limitation surgery and control of sepsis irrespective of physiological status, 

or benefit from medical optimisation first.   

This is the first study to investigate the Hospital Frailty Risk Score in a surgical population, or to use it 

to predict mortality after emergency bowel surgery.  It is interesting that it seems to perform better 

in surgical, rather than acute medical admissions.  While HFRS is designed to be calculated from ICD-

10 diagnosis codes, other methods of measuring frailty using electronic patient data do exist.  

Sarcopenia and myosteatosis are conditions where there is severe depletion of skeletal muscle 

structure and quality. They are a surrogate marker of frailty and can be readily calculated from CT 

scan images188.  A recently published multicentre cohort study has demonstrated that patients with 

sarcopenia or myosteatosis were at significantly increased risk of morbidity and mortality after 

emergency bowel surgery.  It also combined the sarcopenia/myosteatosis scores with the NELA 

score, to improve its predictive performance on internal validation with bootstrap resampling (c-

statistic 0.819 to 0.838)188.  It would be interesting to see if HFRS could be combined with the NELA 

score in this way, or whether it correlates with the severity of sarcopenia and myosteatosis.  Another 

relationship that could be investigated within this theme is whether albumin levels correlate with 

HFRS, potentially using CRP as an interaction term, to control for the effect of acute inflammation on 

albumin levels.   

Patient frailty is something this project has investigated as a prognostic marker for post-operative 

mortality; however, it has also been the target of pre-/post-operative interventions.  Analysis of 

early NELA data identified that older patients who received a post-operative review by a specialist in 

geriatric medicine, saw a significant reduction in odds of 30-day mortality (OR 0.35 [95% CI 0.29-

0.42])8.  However, geriatric input for frail patients over 65 years continues to be one of the worst 

performing metrics recorded by NELA, having only increased from 10% to 28.8% since the audits 

started2,10.  Recent results from the ELLSA audit also found that moderate and severely frail patients 

still waited significantly longer for every care process than their non-frail counterparts185.  
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Unfortunately, the study does not shed light on why they waited longer.  It is possible that failed 

trials of non-operative management or more in-depth discussions between clinicians and the patient 

and their family, account for some of these differences185.   

While studies like ELF have investigated the impact frailty has on outcomes, no funded studies (like 

ELPQuiC) have been targeted at improving the provision of geriatric medical care for frail/older 

patients having emergency bowel surgery.  Despite the lack of geriatric input, analysis from the first 

4 years of NELA data found that the biggest drop in 30-day mortality was in patients aged 75-84 and 

>85 years (17% to 15% and 26% to 18% respectively)21.  This suggests that the other care processes 

like identification of high-risk cases, consultant-delivered surgery and post-operative admission to 

ICU, have had a sizeable impact on outcomes for older patients.  Another factor monitored by NELA 

and associated with improved outcomes is operative approach.  A recent analysis of the NELA 

dataset that used propensity score matching, has clearly demonstrated that emergency bowel 

surgery performed laparoscopically had significantly reduced blood loss, post-operative hospital stay 

and mortality3.  Further research on patients aged ≥75 years from national NELA data and local data 

at PHU, has observed an even more pronounced reduction in risk-adjusted mortality for emergency 

surgery performed laparoscopically189.  It is well established that there is limited opportunity to 

optimise or pre-habilitate frail/elderly patients presenting with intestinal emergencies, due to the 

little time available compared to an elective setting142.  It is possible that the reduced blood loss, 

post-operative pain and physiological burden of laparoscopic surgery could translate into a real 

survival advantage for this patient group189.  Future prospective studies in this area are likely to be 

procedure-specific, given the challenges with organising multicentre randomised trials.  

Encouragingly, findings from a recent feasibility study investigating emergency colorectal resections 

were positive, with good recruitment rates and favourable outcomes for laparoscopy48.   

Another related topic, on which there is limited published evidence, is what happens to patients 

with an intestinal emergency who are likely to need but do not have emergency bowel surgery.  

Historically, the consensus has been that outcomes are poor and that patients are unlikely to 

recover.  A single centre cohort study in Scotland was the first to investigate this topic, observing 

that 32% of patients did not undergo emergency bowel surgery.  The 30-day mortality rate for this 

group was 63% compared to 13% for those who had surgery.  Interestingly, the predicted mortality 

rate for the non-operative group (calculated with P-POSSUM) was considerably lower (40%), 

suggesting that some patients may have been more likely to survive with surgery183.  These findings 

are surprising given that a relatively high number of patients don’t have surgery and that the 

mortality rate for this group is perhaps lower than one would naively expect.  It raises the question 
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of whether it would be of benefit if outcomes for intestinal emergencies managed non-operatively 

are included in future risk models.  This may be of particular benefit in frail, elderly or co-morbid 

patients who are unlikely to have a good outcome with surgery, by removing some of the unknown 

with non-operative management.  For example, if the predicted mortality for an elderly patient with 

ischaemic bowel is 40% with surgery and 60% with medical management, then the less-invasive 

option feels much less futile if they are not fit for or do not want surgery.  This could make risk 

models a more pliable clinical tool helping clinicians communicate with patients, rather than simply 

stratifying them as high- or low-risk.  A multicentre prospective study (ELF-2) and a single centre 

retrospective study (BCAE) are currently investigating this topic further in the UK. 

Lastly, something we allude to in this study is that risk models using operative data may introduce 

error in making pre-operative risk predictions if the actual operative findings or procedure are 

different to those anticipated.  Currently, however, there is no published evidence to inform on how 

frequently this occurs, to what degree predicted risk changes and whether certain surgical 

conditions are particularly liable to this.  This could be easily investigated for both P-POSSUM and 

the NELA score using data from the NELA audit, as pre- and post-operative risk predictions are 

recorded.  Other useful data on CT scan reports, the indication for surgery and anticipated pre-

operative findings would allow for an interesting analysis, and hopefully reveal whether this is the 

case.  

6.5 Conclusion 

In this thesis I have investigated whether clinical and biochemical patient data available pre-

operatively, can be used to predict 30-day mortality after emergency bowel surgery.  Having 

selected candidate predictor variables from established risk models in major surgery, critical care 

and early warning scores, I have investigated their relationship with post-operative mortality.  

NEWS, LDTEWS, HFRS and LDTEWS-NEWS risk scores all displayed clear associations and were able 

to predict mortality as standalone scores.  A simple logistic regression model containing patient age, 

NEWS, LDTEWS and HFRS scores was trained and tested.  Its performance was comparable to the 

NELA score, and superior to SORT, P-POSSUM and APACHE II risk models.  While further external 

validation studies are required to confirm these findings, we believe we have demonstrated that 

pre-operatively available clinical and biochemical data can accurately predict 30-day mortality after 

emergency bowel surgery.  
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Appendixes 

Appendix 1.  Tripod checklist 

Section/Topic Item  Checklist Item Page 

Title and abstract 

Title 1 D;V 
Identify the study as developing and/or validating a multivariable prediction model, the 
target population, and the outcome to be predicted. 

Title page 

Abstract 2 D;V 
Provide a summary of objectives, study design, setting, participants, sample size, 
predictors, outcome, statistical analysis, results, and conclusions. 

2 

Introduction 

Background and 
objectives 

3a D;V 
Explain the medical context (including whether diagnostic or prognostic) and rationale for 
developing or validating the multivariable prediction model, including references to 
existing models. 

18-29 

41-71 

3b D;V 
Specify the objectives, including whether the study describes the development or 
validation of the model or both. 

18 

116-118 

Methods 

Source of data 

4a D;V 
Describe the study design or source of data (e.g., randomized trial, cohort, or registry 
data), separately for the development and validation data sets, if applicable. 

71-79 

4b D;V 
Specify the key study dates, including start of accrual; end of accrual; and, if applicable, 
end of follow-up.  

73 

Participants 

5a D;V 
Specify key elements of the study setting (e.g., primary care, secondary care, general 
population) including number and location of centres. 

73 

5b D;V Describe eligibility criteria for participants.  73 

5c D;V Give details of treatments received, if relevant.  73, 84-86 

Outcome 
6a D;V 

Clearly define the outcome that is predicted by the prediction model, including how and 
when assessed.  

72, 108 116 

6b D;V Report any actions to blind assessment of the outcome to be predicted.  NA 

Predictors 

7a D;V 
Clearly define all predictors used in developing or validating the multivariable prediction 
model, including how and when they were measured. 

116-117 

7b D;V 
Report any actions to blind assessment of predictors for the outcome and other 
predictors.  

NA 

Sample size 8 D;V Explain how the study size was arrived at. 79 

Missing data 9 D;V 
Describe how missing data were handled (e.g., complete-case analysis, single imputation, 
multiple imputation) with details of any imputation method.  

79-82 

Statistical 
analysis 
methods 

10a D Describe how predictors were handled in the analyses.  

76-78,  

108-109 

116-117 

10b D 
Specify type of model, all model-building procedures (including any predictor selection), 
and method for internal validation. 

116-120 

10c V For validation, describe how the predictions were calculated.  116-120 

10d D;V 
Specify all measures used to assess model performance and, if relevant, to compare 
multiple models.  

116-118 

10e V Describe any model updating (e.g., recalibration) arising from the validation, if done. NA 

Risk groups 11 D;V Provide details on how risk groups were created, if done.  118 

Development vs. 
validation 

12 V 
For validation, identify any differences from the development data in setting, eligibility 
criteria, outcome, and predictors.  

117 
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Results 

Participants 

13a D;V 
Describe the flow of participants through the study, including the number of participants 
with and without the outcome and, if applicable, a summary of the follow-up time. A 
diagram may be helpful.  

79-83 

109 

117-118 

13b D;V 
Describe the characteristics of the participants (basic demographics, clinical features, 
available predictors), including the number of participants with missing data for 
predictors and outcome.  

79-85 

13c V 
For validation, show a comparison with the development data of the distribution of 
important variables (demographics, predictors and outcome).  

Appendix 2 

Model 
development  

14a D Specify the number of participants and outcome events in each analysis.  109, 118 

14b D 
If done, report the unadjusted association between each candidate predictor and 
outcome. 

84-107 

Model 
specification 

15a D 
Present the full prediction model to allow predictions for individuals (i.e., all regression 
coefficients, and model intercept or baseline survival at a given time point). 

118-119 

15b D Explain how to the use the prediction model. 118-119 

Model 
performance 

16 D;V Report performance measures (with CIs) for the prediction model. 119-120 

Model-updating 17 V 
If done, report the results from any model updating (i.e., model specification, model 
performance). 

119-120 

Discussion 

Limitations 18 D;V 
Discuss any limitations of the study (such as nonrepresentative sample, few events per 
predictor, missing data).  

116-117 

128-130 

Interpretation 

19a V 
For validation, discuss the results with reference to performance in the development 
data, and any other validation data.  

116-122 

19b D;V 
Give an overall interpretation of the results, considering objectives, limitations, results 
from similar studies, and other relevant evidence.  

118-133 

Implications 20 D;V Discuss the potential clinical use of the model and implications for future research.  121-133 

Other information 

Supplementary 
information 

21 D;V 
Provide information about the availability of supplementary resources, such as study 
protocol, Web calculator, and data sets.  

NA 

Funding 22 D;V Give the source of funding and the role of the funders for the present study.  6 
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Appendix 2. Comparison of demographics, predictors and outcomes for training and test 

datasets 

 Test 
n=248 

Train 
n=989 

p value 

Age 68.0 (52.0 to 79.0) 68.0 (54.0 to 78.0) 0.799 

Female Sex 141 (56.9) 534 (54.0) 0.461 

CCI 3.0 (0.0 to 10.0) 3.0 (0.0 to 9.0) 0.901 

ASA Grade 2.0 (2.0 to 3.0) 2.0 (2.0 to 3.0) 0.75 

Operative Severity    

Major 199 (80.2) 787 (79.6) 0.885 

Major+ 49 (19.8) 202 (20.4)  

Length of Stay 14.3 (8.6 to 27.3) 14.5 (8.6 to 27.5) 0.77 

30-day Mortality 28 (11.3) 110 (11.1) 1 

1-year Mortality 55 (22.2) 194 (19.6) 0.417 

Haemoglobin 128.0 (112.0 to 141.0) 124.0 (108.0 to 138.0) 0.077 

White Cell Count 10.0 (7.3 to 14.3) 10.5 (7.2 to 14.1) 0.605 

CRP 54.0 (12.0 to 169.2) 79.0 (17.0 to 196.0) 0.057 

Sodium 136.0 (133.0 to 138.0) 136.0 (133.0 to 138.0) 0.541 

Potassium  4.0 (3.7 to 4.4) 4.0 (3.7 to 4.3) 0.384 

Urea 6.5 (4.2 to 9.5) 6.2 (4.3 to 9.4) 0.926 

Creatinine 71.0 (55.8 to 99.0) 70.0 (56.0 to 97.0) 0.855 

Albumin 31.0 (25.0 to 36.0) 30.0 (24.0 to 35.0) 0.494 

NEWS Score 3.0 (1.0 to 5.0) 3.0 (1.0 to 5.0) 0.699 

HFRS Score 3.2 (1.0 to 7.2) 3.0 (0.9 to 6.8) 0.576 

HFRS Risk Thresholds    

High 15 (6.1) 49 (5.0) 0.523 

Intermediate 78 (31.7) 286 (29.2)  

Low 153 (62.2) 646 (65.9)  

LDTEWS Score 4.0 (2.0 to 6.0) 4.0 (2.0 to 6.0) 0.345 

LDTEWS-NEWS Risk Score 0.2 (0.1 to 0.3) 0.2 (0.1 to 0.3) 0.976 

P-POSSUM Mortality 5.6 (2.1 to 15.5) 5.7 (2.3 to 18.7) 0.561 

NELA Score Mortality 3.5 (1.0 to 9.0) 3.3 (0.9 to 10.3) 0.584 

APACHE II Mortality 11.5 (7.2 to 19.9) 10.7 (6.7 to 17.7) 0.147 

  

  



149 

 

Appendix 3. Hospital frailty risk score ICD-10 codes 

ICD-10 code and diagnosis description Score 

F00 Dementia in Alzheimer's disease 7.1 

G81 Hemiplegia 4.4 

G30 Alzheimer's disease 4 

I69 Sequelae of cerebrovascular disease (secondary codes) 3.7 

R29 Other symptoms and signs involving the nervous and musculoskeletal systems (R29.6 Tendency to fall) 3.6 

N39 Other disorders of urinary system (includes urinary tract infection and urinary incontinence) 3.2 

F05 Delirium, not induced by alcohol and other psychoactive substances 3.2 

W19 Unspecified fall 3.2 

S00 Superficial injury of head 3.2 

R31 Unspecified haematuria 3 

B96 Other bacterial agents as the cause of diseases classified to other chapters (secondary code) 2.9 

R41 Other symptoms and signs involving cognitive functions and awareness 2.7 

R26 Abnormalities of gait and mobility 2.6 

I67 Other cerebrovascular diseases 2.6 

R56 Convulsions, not elsewhere classified 2.6 

R40 Somnolence, stupor and coma 2.5 

T83 Complications of genitourinary prosthetic devices, implants and grafts 2.4 

S06 Intracranial injury 2.4 

S42 Fracture of shoulder and upper arm 2.3 

E87 Other disorders of fluid, electrolyte and acidbase balance 2.3 

M25 Other joint disorders, not elsewhere classified 2.3 

E86 Volume depletion 2.3 

R54 Senility 2.2 

Z50 Care involving use of rehabilitation procedures 2.1 

F03 Unspecified dementia 2.1 

W18 Other fall on same level 2.1 

Z75 Problems related to medical facilities and other health care 2 

F01 Vascular dementia 2 

S80 Superficial injury of lower leg 2 

L03 Cellulitis 2 

H54 Blindness and low vision 1.9 

E53 Deficiency of other B group vitamins 1.9 

Z60 Problems related to social environment 1.8 

G20 Parkinson's disease 1.8 

R55 Syncope and collapse 1.8 

S22 Fracture of rib(s), sternum and thoracic spine 1.8 

K59 Other functional intestinal disorders 1.8 

N17 Acute renal failure 1.8 
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L89 Decubitus ulcer 1.7 

Z22 Carrier of infectious disease 1.7 

B95 Streptococcus and staphylococcus as the cause of diseases classified to other chapters 1.7 

L97 Ulcer of lower limb, not elsewhere classified 1.6 

R44 Other symptoms and signs involving general sensations and perceptions 1.6 

K26 Duodenal ulcer 1.6 

I95 Hypotension 1.6 

N19 Unspecified renal failure 1.6 

A41 Other septicaemia 1.6 

Z87 Personal history of other diseases and conditions 1.5 

J96 Respiratory failure, not elsewhere classified 1.5 

X59 Exposure to unspecified factor 1.5 

M19 Other arthrosis 1.5 

G40 Epilepsy 1.5 

M81 Osteoporosis without pathological fracture 1.4 

S72 Fracture of femur 1.4 

S32 Fracture of lumbar spine and pelvis 1.4 

E16 Other disorders of pancreatic internal secretion 1.4 

R94 Abnormal results of function studies 1.4 

N18 Chronic renal failure 1.4 

R33 Retention of urine 1.3 

R69 Unknown and unspecified causes of morbidity 1.3 

N28 Other disorders of kidney and ureter, not elsewhere classified 1.3 

R32 Unspecified urinary incontinence 1.2 

G31 Other degenerative diseases of nervous system, not elsewhere classified 1.2 

Y95 Nosocomial condition 1.2 

S09 Other and unspecified injuries of head 1.2 

R45 Symptoms and signs involving emotional state 1.2 

G45 Transient cerebral ischaemic attacks and related syndromes 1.2 

Z74 Problems related to care-provider dependency 1.1 

M79 Other soft tissue disorders, not elsewhere classified 1.1 

W06 Fall involving bed 1.1 

S01 Open wound of head 1.1 

A04 Other bacterial intestinal infections 1.1 

A09 Diarrhoea and gastroenteritis of presumed infectious origin 1.1 

J18 Pneumonia, organism unspecified 1.1 

J69 Pneumonitis due to solids and liquids 1 

R47 Speech disturbances, not elsewhere classified 1 

E55 Vitamin D deficiency 1 

Z93 Artificial opening status 1 
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R02 Gangrene, not elsewhere classified 1 

R63 Symptoms and signs concerning food and fluid intake 0.9 

H91 Other hearing loss 0.9 

W10 Fall on and from stairs and steps 0.9 

W01 Fall on same level from slipping, tripping and stumbling 0.9 

E05 Thyrotoxicosis [hyperthyroidism] 0.9 

M41 Scoliosis 0.9 

R13 Dysphagia 0.8 

Z99 Dependence on enabling machines and devices 0.8 

U80 Agent resistant to penicillin and related antibiotics 0.8 

M80 Osteoporosis with pathological fracture 0.8 

K92 Other diseases of digestive system 0.8 

I63 Cerebral Infarction 0.8 

N20 Calculus of kidney and ureter 0.7 

F10 Mental and behavioural disorders due to use of alcohol 0.7 

Y84 Other medical procedures as the cause of abnormal reaction of the patient 0.7 

R00 Abnormalities of heart beat 0.7 

J22 Unspecified acute lower respiratory infection 0.7 

Z73 Problems related to life-management difficulty 0.6 

R79 Other abnormal findings of blood chemistry 0.6 

Z91 Personal history of risk-factors, not elsewhere classified 0.5 

S51 Open wound of forearm 0.5 

F32 Depressive episode 0.5 

M48 Spinal stenosis (secondary code only) 0.5 

E83 Disorders of mineral metabolism 0.4 

M15 Polyarthrosis 0.4 

D64 Other anaemias 0.4 

L08 Other local infections of skin and subcutaneous tissue 0.4 

R11 Nausea and vomiting 0.3 

K52 Other noninfective gastroenteritis and colitis 0.3 

R50 Fever of unknown origin 0.1 
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Appendix 4.  Plots displaying the relationship between candidate predictor variables and 

post-operative mortality 
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Appendix 5.  UPR16 – Research ethics review checklist 
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Appendix 6. Health research authority ethical approval 
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