The rise of big clinical databases – what’s not to like?
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ABSTRACT

Background:  The routine collection of large amounts of clinical data, ‘Big Data’, is becoming more and more common as are research studies, which make use of these data sources. Big data offer many unique benefits enabling research studies to be carried out which address new questions and make use of a large and potentially comprehensive dataset. Additionally, they offer the opportunity to utilise existing data sources to address clinical research questions without requiring prospective study specific data collection. Whilst they can be expensive to initially set up and maintain, once this has established they provide a platform for conducting numerous cost efficient research studies in comparison to studies with bespoke data collection. However, these data sources are not without limitations and their suitability needs to be considered against the particular use. 


Objective: The aim of this paper is to provide an overview of the uses of data from large clinical databases, and to discuss the advantages and disadvantages associated with using these data sources for research studies.
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MANUSCRIPT
Introduction
Routinely collecting large amounts clinical data is becoming more and more common as are research studies that use utilise such data 1-3. This is a burgeoning area and these rich data sources offer many potential benefits enabling research studies to be carried that otherwise could not be carried out.  Our focus in this article is to describe how large databases, which seek to collect patient level data in a comprehensive manner across multiple institutions can be used for research. Such studies are not new4, though recently they have been more numerous and prominent.1, 3-5 Reasons for this include the dramatic evolution in IT infrastructure over the recent decades, and the corresponding ability to store, share, manipulate and process large amounts of data, along with recognition of the value of routinely collecting clinical data and growth in the associated science of conducting such studies. Using large data, a variety of research questions with corresponding research studies and design can be carried out. In 2013 alone, the British Journal of Surgery published numerous studies which have made use of large clinical databases, including; the American College of Surgeons National Surgical Quality Improvement Program (ACS NSQIP) database5, 6, the Dutch Surgical Colorectal Audit7), Hospital Episode Statistics (HES) which records all admissions to hospitals in England8, 9, the Swedish Colon Cancer Registry2, Clinical Practice Research Datalink (CPRD) which records data from general practitioners in the United Kingdom10, and the Danish Clinical Register of Emergency Surgery11 amongst others.  Big data has certainly arrived in clinical research. 

In this article we will consider the types of data sources, the research questions which can be addressed using big data along with associated study designs. Additionally we will consider the main challenges associated with using these data sources for research purposes. Clinical databases come in three basic forms (Box 1); administrative database (e.g. HES in England12 or insurance claims data in the US, such as Medicare13) set up to routinely collect management and/or reimbursement data, clinical registries focussed upon a disease (Swedish Colon Cancer Registry2), or device or procedure based registries (UK TAVI registry14) which tend to be focussed primarily for quality improvement purposes and secondarily enabling research. The main advantages of using such data sources are their comprehensive nature (some provide complete coverage for an entire population2), the relatively large number of patients they comprise allow for subgroups and rare events to be investigated, and the ability to compare healthcare providers (both at the institution and individual healthcare professional level). While they can be very expensive to set up and maintain, once this infrastructure has been put in place they provide a platform that enable numerous cost and resource-efficient research studies to be carried out, in comparison to studies utilising bespoke data collection. 
Uses of data from large clinical databases
There are various uses for which data from large clinical databases can contribute to improved patient care15. These include a) providing population characteristics, b) identifying risk factors and developing prediction (diagnostic or prognostic) models, c) observational studies comparing different interventions, d) exploring variation between healthcare providers (institutions or surgeons over time) and e) as a supplementary source of data for another study (e.g. a randomised controlled trial).  A research study may use the data in more than one way. We will consider and illustrate briefly each of the main uses in turn with examples. Each research study should be considered in light of the suitability of the data source and also the study methodology (see Box 2 for questions to ask when assessing studies). Five common uses are given below:
a) Providing an overview of the population, treatment process and outcomes: The simple use for these types of dataset is to present a global representation of care for the area of focus and ultimately to improve patient outcome. Monitoring the flow of patients and outcome allows the incidence and prevalence of conditions use of treatments and overall outcome in the population to be calculated. This can lead to useful insights regarding representing the overall population, areas for further exploration and ultimately stimulate quality improvement. In some cases specific measures of quality may also be used. Moller and colleagues report on data from the Danish registry for patients perforated peptic ulcer patients15. This registry was purposefully set-up to drive quality improvement by routine collection of a number of process of care measures (e.g. daily assessment of fluid balancing, vital sign and weight) recorded along with 30-day mortality. Kodeda and colleagues recently reported on over 18,000 patients with colon cancer from Swedish Colon Cancer Registry2. This study reported on patient characteristics, preoperative investigation process measures, treatment details as well as on mortality and morbidity. From this, areas for further investigation based upon findings were identified including further analysis of difference in care between elective and emergency patients. 

b) Identifying risk factors and developing risk prediction models: Large clinical datasets are frequently used to discover and validate new risk factors associations16.  Risk factors could be used to identify patients with the onset of a new disease (diagnostic) or to predict a future health outcome (prognostic). Leporrier and colleagues17 assessed prognostic factors associated with the treatment of hepatic metastases from colorectal cancer. Moore and colleagues looks at presentation of a rare disease18 while another group10 used CPRD and HES data to look at presentation and adverse events after femoral hernia surgery. Borgquist and colleagues looked at the sensitivity of two imaging methods for detecting arrhythmogenic right ventricular cardiomyopathy using patients from the Nordic ARVC Registry19. By combing multiple risk factors, multivariable risk prediction models can be developed (and validated) that predict the risk (or probability) that a certain outcome is present or will occur in the future20.  Predicting post-operative outcomes, such as 30-day mortality or bleeding, are common settings where prediction models have proliferated.  Examples of well-known prediction models in surgery include EuroSCORE II and POSSUM21 risk scores.

c) Comparing outcome between interventions: Another common usage is to use the data to conduct an observational comparison of outcome between interventions22. However, in the absence of randomisation, the case-mix (i.e. distribution of patient characteristics) will usually differ between those who did and did not receive a particular intervention.  Risk adjustment or propensity score methods are commonly used to overcome imbalances in case-mix.  Recent examples include a comparison of outcome after abdominal perineal excision and extralevator APE for low rectal cancer using data from the Spanish rectal cancer registry (see Box 3 for further details) which used a propensity score analysis to seek allow for difference participants23. Another compared 90 day survival between endoscopic retrograde cholangiopancreatography, laparoscopic and open surgery for common bile duct stones in a Cox regression model adjusted for potential risk factors using data from the Swedish Hospital Discharge Registry and the Causes of Death Registry24. 

d) Assessing variation in health care utilisation and delivery: Variation in health care delivery (whether clinical process or outcome), according to patient, regional health authority, time period, institution and surgeon are all areas of interest. Comparison of units may be carried out to in order to detect outliers25 associated with poor outcome, or to look at the volume by outcome relationship between surgical groups or institutions. Burns and colleagues used HES data to look at the impact of NHS trust and surgeon caseload upon post-operative outcomes after colorectal cancer resection (see Box 4 for further details regarding the study methodology26). Goode and colleagues looked at whether centre volume had an impact upon mortality and complication following an iliac artery intervention. Other examples include a comparison of institutional mortality using an administrative data (HES)27, and other study which28 looked at variation between institution and predictors of institutional performance. Such analyses of institutions by assessment of volume and outcome have influenced to re-organisation of healthcare systems 29 and the evaluation of the impact of re-organisation30, 31. Evaluation of surgeon specific performance is another use of such data sources; surgeon specific performance reports utilising ACS NSQIP data32 was found to have a generally positive impact upon performance. The timing of treatment and the potential impact on outcome have also been explored7. Variations in usage according to geographical region, or key patient demographics (e.g. gender or socio-economic status) is another area for exploration33. 

e) Supplementary data source: Clinical trials often use routine administrative data to supplement or verify data collected34. The Knee arthroplasty Trial (KAT) comparing total and partial knee replacement used HES and information Services Division (ISD) Scotland data regarding hospital admission, further surgery supplementing patient reporting of these events35. Embedding or “nesting” a randomised controlled trial within the population covered by a routine data collection systems such as a large clinical database is a growing area of interest36, 37 both in terms of reducing costs and improving the external validity of RCT findings. 

Challenges in using large clinical databases for clinical research
Challenges when using data from large clinical databases to conduct one or more of the above studies include demonstrating data quality and justifiability applying a causal interpretation to the study findings.
1. Data quality 
The quality of the data can be considered in two main ways: completeness and accuracy. The completeness of the available data refers to both how well it represents the population of interest and also how comprehensive the collection of relevant information is, whilst accuracy concerns validity and reliability38. The coverage of the population of interest along with the completeness of important variables will vary between clinical area and data types. A number of studies have shown supported coverage of cancer cases to be very high in cancer registries39. Some data collection systems have the added advantage of being mandatory and multiple individuals responsible for ensuring completeness of data entry(e.g. National Cancer Registry in Sweden2). 


Evidence on the accuracy and validity of the data from large clinical databases is mixed and varies between clinical areas, the individual database and the use of data1, 13, 24, 38, 40-42. Data entry errors are to some degree inevitable43. Much more concerning are systematic inconsistencies and omissions in the coding which could lead to misleading findings40. Misclassification commonly occurs where a procedure may be used to treat more than one condition and also regarding coding of the nature of the admission (emergency or otherwise). Widely used international standard coding systems are International Classification of Diseases, (now in its tenth revision44) and the OPCS Classification of Interventions and Procedures (currently in version 4.7)40 for diagnosis and procedures exist and are incorporated into a number of administrative database (e.g. HES, ISD Scotland in the UK). A comparison of two data collection methods for a single institution demonstrated the inconsistencies between data sources even though the data was being used for the same purpose (risk-adjustment)45. 

The accuracy and completeness of data are influenced by the purpose for which the dataset was created and maintained for11, 46. Particular care is needed when the data is being used for a purpose which data collection was not specifically designed for. Administrative data is primarily focussed on management purposes, providing an overview of clinical areas, and limited to the immediate healthcare usage (e.g. between admission and discharge to hospital). Key physiological, disease severity (e.g. Cancer Stage27, 47) or treatment related information may not be recorded in these databases (e.g. lung resection33). Clinical registries typically have primary diagnoses, morbidity and treatment information though like administrative databases may be limited to short term clinically focussed outcomes6 though patient reported outcome and other outcomes may be available by linkage to other sources48. Patient level socio-economic information is rarely available27. Accuracy of diagnostic coding particularly with regards to identification of all cases can vary greatly between diagnostic categories42, 49. Coding of secondary diagnoses is often inferior to primary coding, resulting in missing co-morbidity information3, 41. A further problem can be accurate identification and timing of the primary diagnosis leading to incorrect times to future health outcome events (e.g. treatment, readmission or death)39. The process by which individuals are identified for inclusion in the database can also result in subtle biases (such as lead time bias as a consequence of a screening programme)2. Even when present some important patient prognostic factors can be missing for a subset of participants11.
Procedure codes at least as far is useful for management or reimbursement may be more accurate than diagnostic coding in administrative databases though tend to lack detail13. Information on variations in treatments beyond those which can be clearly detected by device or drug use are particularly lacking. This limits the value of such data sources for evaluating surgical techniques. In surgical databases, information about the operating surgeon is often lacking26, 50, and therefore the only reliable unit may be a surgical team (e.g. represented by consultant surgeon with overall responsibility for the patient) given the nature of practice in many healthcare systems47. The reporting of the nature of the operation (primary or revision) is also often deficient as is whether the recorded operation was that one that was originally planned or a conversion. Similarly, complication of operations may also be particularly poorly recorded in both administrative and clinical data where only one post-operative diagnosis may be collected51-53. Complication may be identified from the conduct of a later treatment. Sufficient information should be provided in reports of research studies which may use of these data sources to enable an assessment of the data quality.

Various approaches can be used to maximise the completeness and accuracy of the data. Careful generation of clear and user-friendly coding structures when setting up a routine data collection system along with ongoing monitoring of the appropriateness of the coding structure to changes health care (though alterations in coding may lead to difficulties in assessing data over time54) can minimise inconsistencies and omissions. Trained, fulltime and dedicated staff responsible for data entry with regular audit of their performance such as used by ACS NSQIP is the optimal, though expensive45. Exceptionally high quality data can be achieved though it may be necessary to restrict data checking to a random sample of patients to ensure the workload is manageable. Where payment is dependent upon data submitted, this can also lead to improved data quality3. However, reliable data collection systems are expensive to set-up and maintain. Careful selection of codes to use which a cross-validation of a sample of patient records can go some way to addressing the problems and selecting appropriate data though not without losing some of the comprehensive nature of the dataset or resulting in less sensitivity selection of cases. Finally, the use of multiple data sources (e.g. an administrative data collection system and a clinical registry) may offset the limitations of an individual data source by maximising case ascertainment and also broadening the coverage of important patient characteristics and treatment information as well as providing a means to assess data reliability and completeness12.

1. Causal interpretation of the data
Given sufficient reassurance about the completeness and quality of the data, large clinical databases can provide a wealth of information enabling researchers to conduct a variety of insightful analyses. These data sources are well suited for use in research studies which summarise what has occurred, explore associations and variations in the data, or which generate diagnosis or predictive models.  More caution is needed when a causal interpretation is made (as is true for any observational studies22, 55). There are two main areas where a causal interpretation comes into play. 
The first is when interpreting apparently excessive variation between units exists, whether between individual surgeons, institutions. Surgeon level analyses will generally require a clinical data source as administrative database often do not have accurate reporting of the operating or responsible surgeon or their respective grade56. Outliers can be identified but is important to be cautious about applying the interpretation25 particularly as full anonymisation of data may not be possible. It should also be noted that even where attribution of the operation is accurate, results should be interpreted within the context of wider care57 and not just assigned to the operating surgeon as pre and post-operative management are often very important contribution factors58. There are multiple possibilities which might explain at least in part why some units have atypical outcomes including incomplete or misleading data collection, differences between patients, unmeasured factors, violation of modelling assumptions, secular trends, or chance occurrences. Some form of adjustment for systematic differences between the groups is needed in order to provide a more informative (and fairer) comparison. Common approaches include multivariable regression adjusting for important factors. The adequacy of the analysis should be treated with particular caution where data on key prognostic variables were missing. Limitations in the data sources and associated risk prediction models can lead to substantive differences in the estimated risk-adjusted outcome for the same institution between risk-adjustment methods45. Such analyses can though be helpful and lead to improved outcomes over time or identification of areas to explore further but care is needed in interpretation29, 32. Another common area of interest is whether the outcome varies according to surgical volume59. Though better outcome is frequently observed in higher volume centres, it does not necessarily follow that concentration of practice in fewer centres would necessarily improve outcome overall due either to confounding factors not adequately accounted for or implementation differences associated with further concentration of services. Similarly, improvement in outcomes observed over time could be due to changes in classification (“stage migration”)39 and not necessarily underlying improvement in care. Such an interpretation relies not only on the validity of the assessment of observed variation and model assumptions, but also on the ability to replicate the outcome currently achieved for additional patients where the system is to be re-organised (presenting both practically and clinical challenges). Notwithstanding such problems this type of study can lead to identification of areas for further investigation and lead to quality improvement32.
[bookmark: _GoBack]The second area where a causal interpretation is commonly applied is using data from a large clinical database to compare the outcome of treatments6, 60. Implicit in the interpretation of the statistical analysis of an observational study is that the study design (either through patient selection or analysis) is able to compensate for any differences between the treatment groups other than the treatment received61, otherwise the treatment effect will be estimated with bias. While an analysis which corresponds to a RCT may be attempted62, how well an unbiased estimate of the intent-to-treat treatment effect can be achieved is debatable. It is challenging for two main reasons; first, reliable ascertainment of who was due to receive a particular intervention can be difficult. A challenge in many surgical settings is that the intended surgical procedure may not be identifiable from the available data even after linkage to other data sources either because the distinction of interest is not recorded (e.g. the type of laparoscopic procedure) or that only the “final” intervention may be reported in the database in circumstances where the approach has been altered during the operation2, 6, 56. Such operations tend to be the more challenging ones or where a surgical event (e.g. excessive intra-operative bleeding) has occurred leading to poorer outcomes. Similarly, it is often not readily determinable whether an operation is primary or a revision procedure. Naively comparing the reported treatments may led to these patients outcomes being attributed to the “rescue” intervention and not the original intervention which could result in misleading results. The first observed operation for a patient within the available data time period may be assumed to be the primary operation though for some this will likely not be true. Second, assuming that a reasonable mechanism of identifying the treatments of interest and the patients who have received them can be used, a fair comparison taking into account patient characteristics, prognosis and treatment-related factors is not straightforward. Unfortunately, the groups of patients who received different treatments will typically vary and the corresponding likelihood of selection bias needs to be addressed. Various approaches have been used including various forms of multivariable regression adjustment for known prognostic factors. More recently the use of propensity scores, modelling the propensity to receive a particular treatment, have become popular61. Propensity scores can be used in various ways,61 to create comparable groups by matching23, to stratify the study population into subsets with similar estimated propensity scores60 and/or adjustment accounting for any residual confounding between factors outcome (including weighting each observation according the propensity to receive a particular treatment62, 63. All analyses rely on the validity of the underlying data to create a fair and unbiased comparison and as such are dependent upon sufficient and reliable data analysed in an appropriate manner. Furthermore, propensity score analyses rely on the presence of observed key prognostic factors, and whilst matching can be achieved on observed characteristics, there may still be imbalance of unmeasured confounders (unlike randomisation of intervention). Key (prognostic) information on patient history and disease severity may not be available even within clinical registries50, 64. A greater understanding of the disease area and the drivers of outcome following treatment is needed in a way which is not the case for a randomised comparison due to the benefit of random allocation which avoids selection biases. It should also be noted that the effect calculated by an observation often do not equate to the primary estimate of a RCT61, 62, 65. Whenever a causal interpretation is applied to data form such complex observational studies we concur with others that “"it cannot be over-emphasised that…data need to be interpreted with a high degree of caution"66.

Summary
Large clinical database research studies are becoming ubiquitous. This is to be welcomed with potential benefits including representativeness, data from large numbers of patients, identification of systemic problems, and precision of estimation in statistical analyses. They are particularly well suited to summarising a population and looking at associations and variations between groups or over time. However, the limitations of such data sources must not be overlooked and each research study needs to be carefully considered in its own right and the appropriateness of the data used for this purpose. Large numbers should not preclude nor supersede assessment of the relevance, fitness to purpose and reliability of the data collected and statistical methodology adopted. Accordingly reports of research studies using such a data source need to contain adequate information that is presented to allow an in-depth assessment. In particular, conclusion of causation should be careful scrutinised with subtle biases likely. Understanding of the complexities of using clinical databases for research, the relationships between disease and outcome in these settings and implicit assumptions associated with any analyses are still at an early stage though it is developing rapidly. Better reporting of the study methodology is needed and replication of findings using another data source is invaluable that can provide some much needed reassurance of the robustness of the findings.




Box 1: Types of Clinical Database and examples
	Administrative
Routine data collected for the purpose of administering health care. The data can be used to monitoring activity and support local service planning as well as some form of clinical quality assessment. An important distinction is between where the data is being collected primarily for clinical management and process monitoring purposes and where it is used for health insurance reimbursement for services. However, only limited patient characteristics (e.g. age, gender, postcode and presentation) along with diagnosis and procedure information are typically recorded.

Clinical management database:
The Hospital Episode Statistics (HES)67 database is an administrative database of hospital admission, outpatient appointments and A&E attendances at NHS hospitals in England. Data collection end once the patient has been completed the hospital episode (e.g. discharged from hospital). 

Health insurance reimbursement claims database example:
The Medicare Provider Analysis and Review file (MedPAR)68 is an addministrative database which contains data on Medicare beneficiaries who receive services at
in-patient facilities in the United States. Each Medicare beneficiary has a unique identification number. 

Clinical database
These include databases where the data has been specifically collected to assess a particular clinical outcome. Eligibility may be disease based or procedure/device based. In contrast to administrative data, important relevant clinical factors are collected and also a wider range of outcome will be collected and information on co-morbidities. 

Disease based clinical database example:  The Swedish Colon Cancer Registry, set-up in 2007, seeks to collect data on all patients diagnosed with adenocarcinoma of the colon in Sweden.2 The primary aim of the registry is to monitor clinical quality. Data is collected on The data collected includes patient demographic and diagnosis, preoperative management, surgical procedure, pathology report and outcomes.

Treatment based clinical database example: The American College of Surgeons National Surgical Quality Improvement Program (ACS NSQIP) database collected data on patients receiving major surgery at a participation institution, which are mostly US Department of Veteran Affairs hospitals though some private institutions along with institutions in other countries. The data collection was specifically set-up to enable risk-adjusted clinical outcome to be calculated. Data is collected on a sample of eligible patients for each institution and includes patient demographics, preoperative medical history, intraoperative data, clinical findings (e.g. post-operative diagnosis) and laboratory investigations along with post-discharge outcome data (complications, further procedures and mortality) for 30 days after surgery. 



Box 2: Questions to ask when appraising an observational research study which use data from a large clinical database

	Aims
· What is the aim of the study? 
· How suitable are the available data sources to achieve the aim of the study?

Data quality
· Has the data quality for this purpose been assessed? 
· What is the completeness of the data? 
· How well has the eligible population been captured?
· Which variables and outcomes are available, how were they collected and defined, and what was the follow-up period? 
· Are any important variables (e.g. prognostic factors) and outcomes missing?
· Has any verification of the accuracy of the key data variables (either internally within this data source or against another) been carried out?

Analysis
· Does the analysis appropriate account for any key variables that may influence outcome?
· How have the groups of interest been formed? 
· How did any statistical analysis account for important factors which may influence outcome?

Conclusions
· Are the conclusions justified? 
· Where a causal interpretation has been made, are there plausible alternative explanations (e.g. changes in the organisation of care over time)?
· To whom are the results generalizable? How representative is the data of the population of interest?



 


Box 3 Variations between hospitals and surgeons example26 
	Aim
To explore the impact of surgeon and institution volume on outcome following colorectal surgery 

Data source
Hospital Episode Statistics database data from 2000-2008. 

Definition of the population of interest
The ICD-10 diagnostic codes (C18, C19, C20, C21 and C26) were used to identify colorectal cancer. OPCS-4 codes were used to identify relevant procedures and approaches – right sided resection (H06-H08), left-sided resection (H09,H10,H33.5), panproctocolectomy and colectomy (H04.1, H04.3, H04.8, H04.9, H05,H11) and rectal resection including anterior and abominoperineal resection (H33.2, H33.3, H33.4, H33.6, H33.7, H33.8, H33.9, APE H33.1). The first resection in the data period was assumed to be primary operation. 

Outcomes
30-day mortality, 28-day emergency readmission to hospital, re-operation (any subsequent operation for an intra-abdominal procedure or wound complication), and primary admission length of stay.

Formation of the groups of interest
Institution code was used to group patient data according to NHS trust. The recorded responsible consultant code was used to group according to surgeon.

Statistical analysis 
Multilevel regression with three levels (hospital, surgeon and patient) adjusted for age, sex, co-morbidity, social deprivation, year of surgery, operation type and surgical approach. Two models were used with volume included either as a continuous or categorical factor (low, medium and high).
 
Findings
109,261 elective cancer colorectal operations were included in the analysis. Caseloads increased over the time period. A greater surgeon and institutional caseload volume was an independent predictor of length of hospital stay but not of the morality, re-admission or re-operation. No statistical association was observed between higher provider volume and postoperative mortality, 28-day reoperation or readmission rates.

Conclusions
There may be a small benefit in post-operative outcome associated with greater elective colorectal cancer caseload.




Box 4 Treatment comparison example23
	Aim
To compare outcomes after conventional Abdominal Perineal Excision (APE) and ExtraLevator  Abdominal Perineal Excision (ELAPE) in patients with low rectal cancer.

Data source
Spanish rectal cancer project registry which records data on patients operated for rectal cancer from 88 national health service hospitals. The Spanish death registry provided mortality data.

Definition of the population of interest 
Patients who underwent APE or ELAPE for low rectal adenocarcinoma between January 2008 and March 2013. Low rectal cancer was defined as a tumour 6 cm or less from the anal verge measured by MRI. Patients with macroscopic residual tumour in the pelvis after surgery were excluded. 

Outcomes
Postoperative overall morbidity (including surgical-site infection, perineal wound problems, urinary infections, respiratory and heart complications), postoperative mortality (30-day or in-hospital), circumferential resection margin and intraoperative tumour perforation (surgically induced rectal lumen defect), 2 year reoperation and local recurrence in the pelvis including the perineal wound.

Formation of the groups of interest
Patients who underwent APE or ELAPE for low rectal adenocarcinoma. 

Statistical analysis 
A treatment propensity score was generated using logistic regression incorporating gender, ASA grade, preoperative chemoradiotherapy, tumour level, resection type, quality of mesorectal excision and pathological TNM stage. Patients with any missing data were excluded. Patient who have received ELAPE were matched one-to-one with patients who had received APE according to the propensity score using the optimal matching method without replacement. Matching was assessed using histogram of the propensity score and assessment of the standardised mean difference. An unadjusted comparison of outcome for the matched treatment groups was carried out using χ2 Fisher’s exact test or log rank test. 

Findings
Of the available 1909 patients who received either APE and ELAPE and had sufficient data for the analysis, 447 of each group were pair matched. No differences were found for any outcome. 

Conclusions
No difference in outcome between the APE and ELAPE.




Box 5 – Risk score example69
	Aim
To develop a model for risk-adjusting UK elective abdominal aortic aneurysm (AAA) mortality results to enable fair comparisons between individual surgeons or vascular centres, and to facilitate clinical decision-making by providing patient specific estimates of in-hospital mortality risk following open AAA repair or endovascular repair.

Data source
The National Vascular Database (NVD) maintained by the Vascular Society of Great Britain and Ireland (VSGBI), collects data on a range of vascular surgical procedures from approximately 140 hospitals.

Definition of the population of interest 
Consecutive patients undergoing elective AAA repair from the National Vascular Database between April 2008 and March 2011.

Outcomes
The study outcome measure was in-hospital mortality

Statistical analysis 
A multiple logistic regression model was fitted including all variables deemed clinically relevant. Model performance was assessed using bootstrap methodology to sample repeatedly from the complete data set and refit the final multiple logistic regression model 40 times. Model performance summary statistics were calculated at each stage and averaged over all bootstrapped samples. Model calibration was evaluated using four different methods. The first method, the Hosmer–Lemeshow test, which is not based on bootstrapped data, allows inspection of calibration within specific decile groups and an overall measure of calibration (or goodness-of-fit) based on a χ2 test. 

Findings
Variables associated with in-hospital death included in the final model were: open repair, increasing age, female sex, serum creatinine level over 120 μmol/l, cardiac disease, abnormal  electrocardiogram, previous aortic surgery or stent, abnormal white cell count, abnormal serum sodium level, AAA diameter and American Society of Anesthesiologists fitness grade. The area under the receiver operating characteristic (ROC) curve was 0·781 with a bias-corrected value of 0·774. Model calibration was good (P = 0·963) based on the Hosmer–Lemeshow goodness-of-fit test, (bias-corrected) calibration curves, risk group assessment and recalibration regression.

Conclusions
This multivariable model for elective AAA repair can be used to risk-adjust outcome analyses and provide patient-specific estimates of in-hospital mortality risk for open AAA repair or EVAR.





Figure 1: Add Figure 1. From: Burns et al British Journal of Surgery 2013; 100: 1531–153
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