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Abstract
Introduction: Patients with kidney failure undergoing non-cardiac surgery have a significantly
higher risk of adverse cardiovascular events and mortality than the general population. Existing
risk prediction tools have limited accuracy in estimating the risk of major post-operative events
for people with kidney failure. To close this gap, Harrison et al. developed three risk prediction
models to predict the risk of major post-operative events in individuals with kidney failure
(AKDN models). These models, however, require external validation to ensure their reliability

and accuracy in different populations.

Objective: The objectives of this research were to 1) externally validate the established AKDN
models and 2) develop and validate a new risk prediction model using machine learning
methods that can predict the risk of major cardiovascular events and mortality in patients with
kidney failure within 30 days of undergoing outpatient or inpatient non-cardiac surgery in the

Manitoba population.

Methods: Data was sourced from Manitoba Health. The cohort included adults (> 18 years) with
pre-existing kidney failure (estimated glomerular filtration rate [eGFR] < 15 mL/min/1.73m? or
receipt of maintenance dialysis) undergoing non-cardiac surgery procedures between April 1,
2007, and December 31, 2019. The primary outcome of this study was a composite acute
myocardial infarction (AMI), cardiac arrest, ventricular arrhythmia, and all-cause mortality. The
performance of the AKDN models was evaluated through Area Under the Receiver Operating
Characteristic Curve (AUC-ROC), Area Under the Precision Recall Curve (AUC-PR), calibration,
Brier score and other metrices on Manitoba data using two approaches:

1. Model deployment: The coefficients from AKDN models were extracted and then used to
make predictions on Manitoba data.

2. Model refitting: We used logistic regression to re-estimate the coefficients of the models
using Manitoba data while maintaining the same variable structure as used in the AKDN

models.



To develop a machine learning model, data was split into 70% for training, 15% for validation,
and 15% for testing. The training set was used to tune the hyperparameters and train the
models; the validation dataset was used for feature selection and evaluate model performance,
while the testing set evaluated the model’s final performance. We used XGBoost and random
forest, selecting a model with reasonable and balanced AUC-ROC and AUC-PR. The final model

was externally validated using Alberta data.

Results: We identified 12,082 surgeries performed in 4,175 participants and observed 569
outcomes (5%). Models discriminated well, with AUC-ROC ranging from 0.821 for model 1 to
0.874 for model 3. The calibration slopes for models 1, 2, and 3 were 1.32, 1.40, and 1.24,
respectively. Model refitting improved discrimination and calibration, with AUC-ROC ranging
from 0.830 (model 1) to 0.861 (model 3). Calibration slopes were 1 across all the refit models.
Brier scores were consistently low for all the models in both approaches. Using the machine
learning approach, the final model (XGBoost) included surgery type, surgery setting (emergency
inpatient, outpatient), history of myocardial infarction, albumin, and hemoglobin levels. It had
an estimated AUC-ROC of 0.861, an AUC-PR of 0.304, and a Brier score of 0.038 in the testing
cohort. External testing in Alberta showed similar performance. Calibration plots demonstrated

excellent calibration, except for under-estimation at the highest predicted risks.

Conclusion: This external validation confirms the discrimination and calibration of the AKDN
models in an independent population. Our new machine learning models also demonstrated
good performance, and were more parsimonious than existing AKDN models. Future work
should focus on implementation of these tools to test the impact of risk-guided approaches to

perioperative care.
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Introduction:
Chronic Kidney Disease and the Risk of Perioperative Events
Chronic Kidney Disease (CKD) is a condition when the kidneys slowly stop working over time.
The kidneys play a crucial role in filtering blood, removing waste products, and maintaining the
body’s fluid and electrolyte balance. When the kidneys do not function effectively, harmful
levels of waste can accumulate in the body, leading to various health conditions. According to
Kidney Disease: Improving Global Outcomes (KDIGO), CKD is defined by changes in categories of
glomerular filtration rate (GFR) and albuminuria (Figure 1), or abnormalities in kidney

structure.!

Figure 1: CKD definition based on GFR and albuminuria category.?

Prognosis of CKD by GFR and albuminuria category

Persistent albuminuria categories
Description and range
A1 A2 A3
Prognosis of CKD by GFR
and Albuminuria Categories: NO"_PGI" to Moderately Severely
KDIGO 2012 incr:rr"egsyed increased increased
<30 mg/g 30-300 mg/g >300 mg/g
<3 mg/mmol 3-30 mg/mmol >30 mg/mmol
&E G1 | Normal or high >90
™
N o )
- o G2 Mildly decreased 60-89
EC
Ev Mildly to moderately
;é S | 83 | decreased L
e
n o Moderately to
Q= .
235 |G severely decreased tlres,
o T
23
w0 | G4 Severely decreased 15-29
=]
o
('-'5 G5 | Kidney failure <15
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Orange: high risk; Red, very high risk.



CKD is a growing problem in Canada and globally?, contributing to 1.2 million deaths worldwide.
Between 1990 and 2017, the mortality rate from CKD increased by 42%.3 The prevalence rate of
end stage kidney disease among Manitobans is 1530 per million population, which is higher
than the average Canadian rate (1193 per million population).* The prevalence of kidney failure
(CKD G5) has been increasing over several decades® with over 50,000 Canadians affected in
2020.2 Most patients with kidney failure experience severe symptoms and complications and

thus require ongoing dialysis treatment or a kidney transplant.

The Lancet Commission on Global Surgery estimated around 313 million surgeries
worldwide yearly.® Most of the surgeries occur in developed or high-income countries, and 6%
in low-income countries. In Canada, about 2.8 million surgeries were performed in 2019.°
During the same period, there were about 101,225 surgeries performed in Manitoba. The
number of surgeries decreased in Manitoba and Canada during the pandemic.” Having a surgery
has an underlying risk associated with it. A recent report from the Lancet Commission on Global
Surgery suggested that at least 4.2 million die worldwide annually within 30 days of surgery
which makes it the third leading cause of mortality worldwide, after ischaemic heart disease

and stroke.?

A systematic review and meta-analysis showed an increased odds ratio of post-operative
mortality in patients on dialysis compared to those with normal kidney function.® The odds ratio
ranged from 3.96 (3.23-4.87) after vascular surgery to 10.76 (7.30-15.86) after orthopaedic
surgery.’ In addition, the incidence of major adverse cardiovascular events at baseline (without
surgery) in adults with kidney failure is 16 times higher than in adults with normal Estimated
Glomerular Filtration Rate (eGFR).1° Surgical procedures, whether outpatient or inpatient, can

further exacerbate these risks by placing additional stress on the body.>112

A large cohort study carried out in the US utilizing the National Surgical Quality

Improvement Program (NSQIP) database found that dialysis patients were more likely to



develop post-operative complications. Dialysis patients were 3.92 times more likely to have a
post-operative myocardial infarction (2.08, 7.39), and 9.41 times more likely to die within 30
days post surgery (8.05, 11.01).13 The numbers were attenuated after adjusting for a few
covariates but remained statistically significant. Another study done on chronic hemodialysis
patients who had abdominal surgery found that morbidity and mortality rates were 39% & 14%
respectively.* In a colorectal surgery study conducted from 1993 to 2007, the risk of mortality
was 4.83 times higher for dialysis recipients compared to patients not on dialysis.!> So, the
existing studies established that individuals with kidney failure have poor outcomes after

surgeries.>11

Enhanced care during the perioperative period, which encompasses the preoperative,
intraoperative, and postoperative phases of surgery, is crucial for ensuring patient safety and
optimizing outcomes. By making informed decisions during this period, healthcare providers can
significantly mitigate the risk of post-surgery complications. Risk prediction models are rules or
algorithms designed to predict the probability of a specific event for a given individual based on
a set of predictors. These models aid in clinical decision-making by forecasting patient outcomes
based on certain risk factors. Effective risk prediction tools, when used during the perioperative
period, can provide critical information that, when acted upon, has the potential to inform
strategies to mitigate adverse outcomes post-surgery, leading to improved patient safety and

recovery.

Internal and external validation in risk prediction models:

Developing a risk prediction model requires both internal and external validation to
ensure the models are accurate and generalizable.'® Internal validity refers to the degree to
which a study accurately establishes a relationship between the predictor variables and the
outcome. It needs a study that is well-designed i.e. it should have clearly defined predictor
variables that are precisely measurable, and the outcome should be unambiguously defined and
assessed equally among all participants and have sufficient power. The models should be

derived using appropriate statistical or machine learning approaches. The selection of an



algorithm should be appropriate for the characteristics of the data. For example, logistic
regression is preferred when follow-up period is well defined and there is minimal censoring.
However, when the timing of an event is a crucial factor, it may be advantageous to adopt a
survival analysis method. Internally validating a prediction model involves comparing the
predicted risks to the actual observed outcomes in a population. There are two important
elements to assess the model performance: calibration and discrimination. Calibration assesses
how well the predicted probabilities agree with the observed outcomes. Calibration measures
includes calibration-in-the-large, calibration plot and calibration slope. Discrimination is the
ability of the model to distinguish between patients who do and do not experience the outcome

and can be assessed by computing AUC-ROC, AUC-PR, Brier score etc.'6-1?

External validation verifies the model’s generalizability, as it assesses how well the model
performs in patient populations not previously involved in its development. This verification is
crucial as it provides evidence that the model can effectively predict outcomes across diverse
populations, making it more robust and suitable for broader clinical adoption.?° A clinical
example by Bleeker et al.?! includes a case study to illustrate the limitations of internal
validation. It describes how a prediction model’s performance decreased significantly when
applied to a data from extra hospitals (validation set), making the model less useful for pediatric
care. The study emphasized that internal validation alone is not sufficient to determine the
generalizability of a prediction model to future settings. External validation, which involves
testing the model on a different population, is necessary to ensure its performance in real-world
scenarios. Cohorts for external validation differ fundamentally from development cohort and
can include temporal, geographic and external domain validation. Temporal validation means
testing the model on data from the same population but from a different time period.
Geographic validation means testing the model on data from a different geographic location.
Different domains include different hospital or care settings, and this can even be extended to

using the model to predict different outcomes or transformations of the initial outcome.®”



Machine learning:

Machine learning is a component of artificial intelligence that allows computers to learn
from and make decisions based on data. It uses algorithms to learn patterns in data and make
predictions or decisions. Machine learning can be broadly categorized into three main types:
supervised learning, unsupervised learning, and reinforcement learning.

1. Supervised Learning: This type involves training an algorithm on a labeled dataset to
predict outcomes by recognizing patterns. Supervised learning is often used for
classification and regression tasks, such as predicting the risk of an event based on input
features.

2. Unsupervised Learning: In unsupervised learning, the algorithm is trained on unlabeled
datasets. The goal is to discover inherent patterns or groupings in the data, such as
clustering patients based on similarities in their medical records. It's useful for
exploratory data analysis or identifying hidden patterns.

3. Reinforcement Learning: This type involves an algorithm learning to make decisions by
taking certain actions in an environment to achieve a goal. It learns from the
consequences of its actions, rather than from explicit training data, and adjusts its

strategy to maximize desired behaviors.

Medical experts are increasingly relying on risk-assessment models to make decisions. It is
essential to validate prediction models externally before their widespread adoption. This is
because these models often do not perform well outside their initial development cohort.
Flawed risk prediction models can lead to misallocation of healthcare resources, diverting
attention and interventions from high-risk patients to those who may not need them.
Additionally, these models might fail to recognize patients needing critical care, increasing the
risk of preventable adverse events in conditions like acute heart failure.?%?3 Many prediction
models are available, and only a fraction undergoes external validation. While creating a new
model might seem attractive, many of these models remain unused in clinical practice.

Validating existing models externally can help optimize their utility in real-world scenarios.'”?°



Machine learning in healthcare is transforming the way medical professionals and
researchers approach diagnosis, treatment planning, and patient care. Machine learning-based
methods have been adopted to enhance the efficiency in managing electronic health records,
detecting abnormalities in blood samples, as well as in organs and bones through medical
imaging and monitoring. Machine learning techniques were also applied to a broad spectrum of
clinical operations, ranging from diagnostic tasks like automated skin lesion classification and
arrhythmia detection, to predictive tasks such as forecasting 30-day hospital readmissions.
Moreover, the application of machine learning has significantly expedited testing and hospital
responses during the COVID-19 crisis.?*#?> The application of machine learning in clinical settings
is on the rise?® and have shown success in various medical fields, including predicting disease
onset.?’ This is because many machine learning algorithms can naturally capture non-linear
relationships between predictors and outcomes.?® Several studies show that machine learning
can improve the performance in clinical outcome prediction?>3? provided they are properly
validated.?33* However, a recent systematic review found that machine learning offers no
performance benefit over logistic regression in clinical prediction models.3> However, many
studies in this systematic review had a relatively small number of events for each predictor,
which is a problem.3> To the best of our knowledge, and following an extensive review of the
current literature, there appear to be no risk prediction models that use machine learning
algorithms for the prediction of major cardiovascular events and mortality. This gap underscores
the potential impact of our study, which aimed to fill this void by leveraging machine learning

algorithms.

Literature review
Models to predict MACE outcomes in the general population after non-cardiac surgery:
The development of a risk prediction model for major CV events and death in patients who
undergo non-cardiac surgery is an important area of research. A retrospective study analyzed
data on emergency general surgeries (EGS) performed in England between 2004 and 2019 to
compare outcomes of patients with kidney failure (either on dialysis or with a kidney transplant)

to the general population.?® The study found that mortality after EGS was higher for patients



with kidney failure, with CV events being the most common cause of death. Dialysis patients
had a higher risk for major adverse cardiovascular events (MACEs) after emergency laparotomy
in the post-operative interval. The study suggests that kidney failure is a contributing risk factor
for mortality after EGS, and the risk may differ between patients on dialysis and with a kidney
transplant compared to the general population. There are several risk prediction tools (Risk
Stratification Tools for Predicting Morbidity and Mortality in Adult Patients Undergoing Major
Surgery) available to predict morbidity and mortality in adult patients undergoing major non-
cardiac surgery for the general poulation. North American preoperative risk stratification

guidelines recommend some of the tools which are discussed below3”:

1. P-POSSUM, or Portsmouth Physiological and Operative Severity Score for the
enUmeration of Mortality and Morbidity uses physiological score and an operative
severity score to calculate risks of mortality and morbidity.38 It includes a set of
physiological variables such as age, cardiac status, respiratory status, blood pressure,
and other health parameters and operative variables like operative severity, number of
procedures, and mode of surgery. P-POSSUM has been extensively studied and validated
in clinical research to assess its accuracy in predicting outcomes for surgical patients, but
it does not include specific predictors relevant to patients with CKD undergoing surgery.

2. The Surgical Risk Scale (SRS) is a tool used to assess the risk of surgical procedures and
was calculated for each procedure by adding Confidential Enquiry into Perioperative
Deaths (CEPOD), American Society of Anesthesiologists (ASA) and British United
Provident Association (BUPA) scores.?® However, it is a risk prediction tool similar to P-
POSSUM and does not include predictors for CKD patients.

3. The CArdiovascular, Literature-Based, Risk Algorithm (CALIBRA) is a literature-based
naive-bayes classifier (NBC) designed to predict the risk of cardiovascular
hospitalizations among patients with kidney failure.*® An NBC is an algorithm based on
Bayes' theorem. The calculator incorporates 31 predictors, ranging from patient-specific
factors like age and sex to CVD risk indicators such as Low-Density Lipoprotein (LDL) and

High-Density Lipoprotein (HDL) cholesterol levels. It also accounts for comorbidities and



various other risk factors, including those specifically related to chronic kidney disease
(i.e. kidney function measures eGFR, albuminuria or proteinuria, uric acid, C-reactive
protein, among others). However, it only considers patients with non-dialysis dependent
chronic kidney disease in the model. Also, it does not include surgical variables. This
means that any risks associated with surgeries, either related or unrelated to kidney
disease, are not directly considered in the risk predictions.

The Revised Cardiac Risk Index (RCRI) provides guidelines for perioperative cardiac risk
assessment and management for patients undergoing non-cardiac surgery.*! It includes
six independent predictors: high-risk surgical procedure (includes intraperitoneal,
intrathoracic, or suprainguinal vascular surgery), patient’s history of coronary artery
disease, cerebrovascular disease, congestive heart failure, preoperative insulin use,
preoperative creatinine > 177 umol/L. The tool allocates either 0 or 1 point for each of
six criteria, and the total score correlates with expected post-operative outcomes. One
study found that the chances of experiencing a myocardial infarction, cardiac arrest, or
death were 3.9% (95% Cl, 2.8% to 5.4%) for those with an RCRI score of 0, 6.0% (95% Cl,
4.9% to 7.4%) for those with an RCRI score of one, 10.1% (95% Cl, 8.1% to 12.6%) for an
RCRI score of 2, and 15.0% (95% Cl, 11.1% to 20.0%) for individuals with an RCRI score of
3 or above.3* Even though RCRI scores are widely used, their value in estimating the risk
of major post-operative events for those with kidney failure is limited. The tool includes
serum creatinine as a binary variable, and so cannot differentiate between risk for
moderate CKD and kidney failure.*? It does not estimate patient’s kidney function
(eGFR), which is becoming more popular than serum creatinine among nephrology
community as it includes patient’s age and sex in the calculation. An external validation
study amongst people with kidney failure and undergoing surgery, found this tool
overestimated the risk of major cardiac events or death within 30 days of surgery. It
suggested that the use of RCRI scores should be carefully considered for patients with
kidney failure.*?

NSQIP Myocardial Infarction or Cardiac Arrest (MICA) tool is also widely used to estimate

risk of perioperative myocardial infarction or cardiac arrest after surgery.** It includes the



variables of American Society of Anesthesiologists (ASA) class, dependent functional
status, age, abnormal creatinine (>1.5 mg/dL), and type of surgery. The risk model was
validated on a separate dataset and showed high predictive performance, surpassing
that of the RCRI. The tool uses a dichotomized variable for creatinine above >1.5 mg/dL,
it does not discriminate risk between moderate chronic kidney disease and kidney
failure.*?

National Surgical Quality Improvement Program (NSQIP) American College of Surgery
(ACS) is an online tool and is a widely used surgical risk calculator to estimate the risk of
most operations.* It takes into account 21 preoperative factors including demographics,
comorbidities, and procedure. The regression models developed for the tool predict
eight outcomes within the 30-day post-operative period based on these preoperative
risk factors. This calculator is based on data gathered from 1.4 million patients across
400 ACS NSQIP hospitals between 2009 and 2012. It incorporates preoperative dialysis
variable; however, it does not distinguish between patients undergoing maintenance

dialysis and those experiencing acute kidney injury.

A recent systematic review that aimed to evaluate the accuracy and generalizability of

existing prediction models found that existing prediction models had AUC-ROC ranging from

0.710 to 0.752 in predicting mortality risk in chronic dialysis patients.*® Based on the

calibration results, most models tended to overestimate the likelihood of mortality. It means

that the models were not always generalizable to different populations, underscoring the

significance of conducting external validation.*® While the risk of CVD and mortality in

patients with kidney failure undergoing surgery has been studied extensively, there is a lack

of consensus on the best approach to manage these patients perioperatively. Therefore,

there is a need for a more accurate and parsimonious risk prediction tool to predict the risk

of major cardiac events in patients with kidney failure following surgery. Such a tool could

guide preoperative planning and optimization, and post-operative management.



Alberta Kidney Disease Network (AKDN) models for predicting MACE events after non-cardiac

surgery in adults with kidney failure:
Three novel models to predict major clinical events for people with kidney failure having
surgery were developed and internally validated using the Alberta Kidney Disease Network
(AKDN) database.*? The study used a retrospective, population-based cohort from Alberta,
Canada, covering surgeries between 2005-2019. Kidney failure was defined as an estimated
glomerular filtration rate (eGFR) of less than 15 mL/min/1.73m? or those who are on
maintenance dialysis (hemodialysis or peritoneal dialysis). The outcomes were death or
major cardiac events within 30 days post-surgery, which included acute myocardial infarction
(AMI) and non-fatal ventricular arrhythmias. The cohort consisted of 38,541 surgeries, with

1,204 outcomes.

The models were designed to be used by clinicians to identify high-risk patients and to
inform preoperative decision-making. Logistic regression models were used for the analysis.
The first model (model 1) includes demographic variables such as age, and sex, as well as
clinical variables such as kidney failure type (dialysis or non-dialysis), type of surgery, and the
setting where the surgery is performed (inpatient or outpatient). The second model (model
2) includes all variables from the first model with the addition of comorbidities such as
cancer, cerebrovascular disease, chronic pulmonary disease, dementia, diabetes, heart
failure, history of myocardial infarction, hypertension, liver disease, obesity, and peripheral
vascular disease. The third model (model 3) includes all variables from the second model and
adds preoperative albumin and hemoglobin, as these may be available in some but not all

perioperative settings.

All three models were internally validated and showed good performance, with AUC-
ROC (95%Cl) ranging from 0.785 (0.771, 0.800) to 0.818 (0.806, 0.831). The models were
internally validated using bootstrap resampling with 1000 samples; bootstrapping is a
statistical resampling technique used to estimate the sampling distribution of a statistic by

repeatedly resampling with replacement from the observed data. The models demonstrated
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excellent calibration slopes, indicating that the predicted probabilities closely match the
observed outcomes. Decision curve analysis showed that using any of these models could
result in a net benefit compared to default strategies of intervening in all or not intervening

at all in the participant group.

The benefits of these models over other tools are notable. First, the models are specific
to patients with kidney failure, which is an important population to consider given their
increased risk for post-operative complications. Second, the models include a wide range of
variables that are known to be associated with post-operative complications, including
demographic, clinical, and laboratory variables. Third, the models were developed and
validated using a large observational cohort study, which provides strong evidence for their

accuracy and reliability.

However, the models have not been externally validated. The study has limitations
because the definitions of comorbidities and outcomes may be specific but not very
sensitive, possibly leading to an underestimation of risk. Second, preoperative natriuretic
peptides, useful in general populations for assessing postoperative risk, are hard to interpret
in patients with kidney failure.*? Additionally, significant outcome risk variability within
predictor categories were not accounted for in the model estimates that can significantly

impact risk assessments for individual patient contexts.*?

This research proposal externally validated models developed using the Alberta Kidney Disease
Network (AKDN) database*? and developed and validated a risk prediction model using machine
learning methods for major cardiovascular events and mortality in patients with kidney failure

within 30 days of undergoing outpatient or inpatient non-cardiac surgery.
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Research objectives
1. To externally validate existing the AKDN models for perioperative major cardiovascular
events or death in adults with kidney failure within 30 days of outpatient or inpatient
non-cardiac surgery in the Manitoba population.
2. To develop and validate a new risk prediction model using machine learning methods
that can predict the risk of major cardiovascular events or death within 30 days of

outpatient or inpatient non-cardiac surgery for patients with kidney failure.

Data Sources

Manitoba Health (MH) is the publicly funded health insurance agency providing
comprehensive health insurance, including coverage for hospital and outpatient physician
services, to the province’s 1.3 million residents. Coverage is universal, with no eligibility
distinction based on age or income, and participation rates are very high (>99%).%” Insured
services include hospital, physician, and preventive services, including vaccinations. MH
maintains several centralized, administrative electronic databases that are linkable using a
unique personal health identification number (PHIN). The completeness and accuracy of these

databases are well established.*84?

We used the MH Population Registry (MHPR), which captured addresses and dates of
birth, death and health insurance coverage for all insured persons, to identify the source
population. We used the Hospital Abstracts Database (HAD), and Medical Services Database
(MSD) to obtain information on surgeries and comorbidities. Since 1971, the HAD recorded
virtually all services provided by hospitals in the province, including admissions and day
surgeries.*® The data collected comprise demographic as well as diagnosis and treatment
information including primary diagnosis and service or procedure codes, coded using the
International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) before
April, 2004, and the ICD-10-CA (Canadian adaptation of the ICD-10) and the Canadian
Classification of Health Interventions (CCl) afterwards. Shared Health Diagnostic Services (SHDS)

data were used to determine serum creatinine, hemoglobin and serum albumin. Serum
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creatinine was used to calculate eGFR using CKD-EPI Equation®° for Chronic Kidney Disease

Stage 5 Not on Dialysis (CKD G5ND) cohort.

For the external validation of our newly developed risk prediction model using Manitoba
data, we derived a retrospective, population-based cohort from the Alberta Kidney Disease
Network (AKDN) database, utilizing linked administrative health, laboratory, and kidney failure

datasets from Alberta, Canada.”!

Cohort Definition

The Manitoba Centre for Health Policy (MCHP) databases were used to create a cohort of adult
patients (218 year-olds) with renal failure (both non-dialysis and dialysis), who underwent an
inpatient or outpatient non-cardiac surgical procedure between April 1, 2007, and December

31, 2019. The index date for each patient in the cohort was the day of the surgery.

1. Non-Cardiac Surgery

Surgical procedures were defined based on CCl coding, developed by CIHI??, which involves the
Tenth Revision International Statistical Classification of Diseases and Related Health Problems
(ICD) codes that have been adapted for Canadian use (i.e. ICD-10-CA).
These procedures were categorized into 11 different types of surgeries based on CCl codes, as
per derived and internally validated models from Harrison et al*?. The surgery types included
arteriovenous fistula (AVF) surgery, head and neck, intra-abdominal, kidney transplantation,
musculoskeletal, neurosurgery, peritoneal dialysis (PD) catheter surgery, skin and soft tissue,
vascular, low-risk surgeries (composite of anorectal, breast, ophthalmologic, thoracic, lower
urologic and gynecologic, and retroperitoneal)*?, and more than one surgery type. As per our
derivation cohort, we considered surgeries that meet the codes in Appendix 1 from both
ambulatory and inpatient hospitalization data sources. The CCl codes, grouped by section,
group, and intervention used to categorize surgeries, are included in Appendix 1. It is important
to note that only therapeutic procedures, not diagnostic ones, were included by selecting

certain CCl codes. Additionally, procedures typically performed as an outpatient (such as
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colonoscopy, bronchoscopy) were excluded after screening the CCl code guide. Our analysis also

accounted for cases where participants underwent multiple surgeries.

2. CKD G5 definition

To define the status of CKD G5 correctly, we utilized two specific criteria: Firstly, we considered
patients whose estimated glomerular filtration rate (eGFR), a key indicator of kidney function,
fell below 15mL/min/1.73m? during an outpatient assessment. Secondly, we identified patients
who were already receiving chronic kidney replacement therapy, such as hemodialysis or

peritoneal dialysis, as outpatients before their scheduled surgical procedure.

CKD G5 = CKD G5D + CKD G5ND

Chronic Kidney Disease Stage 5 on Dialysis (CKD G5D) was defined by receipt of chronic kidney
replacement therapy (hemodialysis, peritoneal dialysis) (Appendix 2) as an outpatient for at
least 90 days prior to the admission that included the procedure. It is important to note that this
cohort definition excluded patients who have undergone kidney transplantation (they are

typically classified under kidney failure categories CKDG1-5T)

CKD G5ND was distinguished by analyzing the levels of outpatient serum creatinine measured
before the procedure. It required a minimum of two outpatient serum creatinine measurements
taken within 7 to 365 days before the surgery as per a validated algorithm>3. The estimated
glomerular filtration rate (eGFR) was calculated using the CKD Epidemiology Collaboration (CKD-
EPI) equation?, utilizing the data obtained from the outpatient creatinine measurements.
Patients whose calculated average eGFR is found to be less than 15 mL/min/1.73m? were
included in the CKD G5ND group. By considering at least two outpatient serum creatinine
measurements, we minimized the risk of misclassifying individuals with temporary fluctuations
in kidney function due to acute kidney injury, allowing us to focus specifically on patients with

stable and significant impairment in kidney function.
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Patients that out-migrate (including “other” reasons for leaving the data registry) within the 30

days after the procedure were excluded.

Outcome

We were interested in predicting the probability of death or a major CV event within 30 days of

the index procedure (outcome ascertainment period: April 1, 2007 to January 30, 2020). This

composite outcome was defined as acute myocardial infarction (AMI), fatal and non-fatal

cardiac arrest or ventricular arrhythmia, and all-cause mortality, with each component of this

composite defined in Table A.

Table A. Composite outcome for prediction model, with ICD codes and relevant validation

studies

Component of

ICD-9-CM diagnostic

ICD-10-CA

Validation or

data)

Outcome codes diagnostic codes Summary Studies
Acute Myocardial 410 (hospitalization 121, 122 (54, 55)
Infarction data) (hospitalization

Fatal and Non-fatal
Cardiac Arrest,
Ventricular Arrhythmia

Hospitalization data:
427.1,427.4,427.41,
427.42,427.5,427.9,
798, 798.1, 798.2
(hospitalization data
— manually converted
to ICD-10)

147.2, 149.01, 149.02,
146.9, 149.9, R99

(56)

All-cause Mortality

From Manitoba Health Insurance Registry, cancellation of coverage
due to death within 30 days of index surgical procedure.

We narrowed our focus on CV outcomes, specifically targeting acute myocardial infarction

(AMI), cardiac arrest, and ventricular arrhythmia. The RCRI and NSQIP ACS algorithms define

cardiac events as cardiac arrest and AMI.

By including ventricular arrhythmia as part of the composite outcome, we acknowledged

that ventricular arrhythmias can often progress to cardiac arrest without immediate

intervention, similar to “non-fatal” cardiac arrest. Validation studies reinforced our choice to

incorporate ventricular arrhythmia into the composite outcome. This composite is consistent
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with other postoperative risk tools and was guided by guidelines for perioperative cardiac risk
assessment.3” Moreover, incorporating all-cause mortality as part of the composite helped
minimize concerns related to competing risks. A competing risk is an event whose occurrence
precludes the occurrence of the primary event of interest. Since patients with CKD G5 have a
significantly high risk of mortality, their eligibility for the AMI outcome could be compromised if
they were to pass away within the 30-day post-operative period. Including all-cause mortality in
the composite helped address this issue and allowed us to account for the potential impact of
competing risks. Composite endpoints were recommended in settings where the risk of

competing outcomes, such as death, is frequent.>”>2

Predictors

We identified demographics characteristics such as sex and birth date from the MHPR. Surgeries
were categorized into 11 surgery types based on CCl codes. The surgery setting was classified
using the HAD as an outpatient, inpatient elective, or inpatient emergency. Chronic conditions
and other comorbidities including AMI, cancer, chronic pulmonary disease, dementia, diabetes,
heart failure, hypertension, liver disease, peripheral vascular disease, and stroke were identified
using the HAD and MSD based on validated algorithms of ICD-9-CM and ICD-10-CA codes®® with
an unrestricted lookback period for permanent conditions and 5 years for temporary conditions
(Appendix 2). Kidney failure treatment was classified as non-dialysis, hemodialysis, or peritoneal
dialysis. Most recent preoperative outpatient serum albumin (in g/L) and serum hemoglobin (in

g/L) within the year before surgery were also included.

Exclusions
1. Patients that out-migrate within 30 days after the procedure.
2. Missing serum albumin or hemoglobin: Approximately 2.6% of participants were
excluded to preserve the integrity and accuracy of the analysis, given the clinical
significance of these biomarkers.

3. Unknown surgery settings.
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Analysis

Objective 1: External validation of AKDN models

Descriptive analyses were conducted to understand the characteristics of the cohort. This
included the calculation of medians and interquartile ranges (IQRs) for continuous variables and
counts and percentages for categorical variables. Age was centred at 18 years. We assessed the
performance of all the three risk prediction models developed using the Alberta Kidney Disease
Network (AKDN) database on Manitoba data as follows:

1. Model deployment: It involved utilizing a predictive model's parameters developed using
AKDN database and applied them to Manitoba data. The coefficients from AKDN models
were extracted and then used to make predictions on Manitoba data.

2. Model refitting: It involved re-estimating the coefficients of the models using Manitoba

data while we maintained the same variable structure as used in the AKDN models.

We used the following statistical methods and metrics to evaluate the performance of the
models:

1. Area Under the Receiver Operating Characteristic Curve (AUC-ROC) or Concordance
Statistic (AUC-ROC): A comprehensive measure that evaluates the model's ability to
distinguish between classes across various thresholds, with a higher AUC indicating
better performance.

2. Area Under the Precision-Recall Curve (AUC-PR): Measures the trade-off between
precision and recall for different probability thresholds. It is more informative of model
discrimination with infrequent outcomes.>®

3. Calibration Plot: Visualizes the relationship between predicted probabilities and actual
outcomes, assessing the reliability of probabilistic predictions.

4. Calibration Slope: The calibration slope assesses the relationship between predicted and
observed probabilities. A slope of 1 indicates perfect calibration®%¢?, while a slope
greater than 1 and less than 1 indicates underprediction and overprediction,

respectively.
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10.

11.

12.

Brier Score: It is the mean squared difference between observed binary outcomes and
predicted probabilities. A lower Brier score indicates better model performance.*®
Sensitivity (True Positive Rate): The proportion of true positives correctly identified by
the model.

Specificity (True Negative Rate): The proportion of true negatives correctly identified by
the model.

Positive Predictive Value (PPV): The proportion of positive results that are true positives.
Negative Predictive Value (NPV): The proportion of negative results that are true
negatives.

We examined the sensitivity, specificity, positive and negative predictive values of the
models at 5%, 10%, and 15% predictive thresholds, which were identified as critical to
both patients and care providers in perioperative literature.5%63

Decision curve analysis: This method estimates the net benefit of prediction methods
across a range of risk threshold probabilities for an intervention.?4> Net benefit is
calculated as the weighted balance of true and false positives and is compared to a
strategy where there is no “intervention,” which is context specific. This is where
threshold probabilities become important as they are patient and care provider specific,
and defined as the risk threshold that warrants intervention.3’

Net Reclassification Improvement (NRI): This evaluate the improvement in
reclassification of risk when additional predictors are included in the model. Clinically
significant categories of < 5%, 5-15%, and >15%, were utilized. These thresholds were
recommended in perioperative prognostic literature as pertinent to both patients and
healthcare providers.523

Net Absolute Reclassification Index (NARI): This quantifies the improvement in
classification accuracy of a predictive model. We computed NARI using same risk
categories as NRI, determined as the net count of correctly reclassified individuals per

1,000 patients.
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Objective 2: Develop and validate a machine learning model

This objective involved developing a machine learning model on Manitoba data and externally
validating it on Alberta data. Descriptive analyses were conducted to understand the
demographics and other characteristics of the cohort. We used Pearson’s correlation to
measure the strength of association between continuous variables and Chi-Square Test of
Independence to determine if there was a significant relationship between categorical variables.
We used machine learning to develop the model. Once we developed the final model, we
validated the model externally on Alberta data. The dataset used for external validation was
same as used by Dr. Harrison to develop AKDN models.*?

Different machine learning models can be used for risk prediction:

1. Decision trees: A decision tree is a flowchart-like tree structure where an internal node
represents a feature (or attribute), a branch represents a decision rule, and each leaf
node represents the outcome. The problems with decision trees are that they are prone
to overfitting (which tends to capture the random noise in the data rather than the
underlying relationship), and small changes in the data can lead to completely different
trees and bias to the dominant class.®® We did not use this algorithm for risk prediction.

2. Neural Networks: They are a set of algorithms modeled loosely after the human brain,
designed to recognize patterns in data. They generally work well on large amounts of
data to train effectively and not easily interpretable. We did not use this algorithm for
risk prediction.

3. Random forest®”¢8: Random forest is an ensemble learning method used for
classification. It operates by constructing multiple decision trees during training and
outputs the mode of the classes (for classification) of the individual trees. It handles
overfitting and is more robust than decision trees. They also work well on small datasets
and are less complex than neural networks, thus making them more interpretable.®® We
used this algorithm for risk prediction.

4. XGBoost (eXtreme Gradient Boosting): XGBoost uses gradient boosting algorithms,
which create new models that predict the residuals or errors of prior models and then

add them together to make the final prediction.”® It is widely used to solve real-world
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problems. XGBoost includes a regularized model to prevent overfitting. We used this
algorithm for risk prediction. We used the XGBoost library for the machine learning

analysis in this study.”®

We used random forest and XGBoost in our analysis and finalized the model based on the

performance as described in the following sections.

We prepared an analytical dataset that included all the demographic and clinical characteristics
of the patient. We used the “get_dummies” function to transform categorical variables with
multiple categories into binary variables, making them suitable for use in machine learning
models. The dataset was unbalanced, therefore, we used stratified sampling on outcome
variable to split the dataset into training, validation, and testing sets. The data split ratios were
70% for training, 15% for validation, and 15% for testing. The training set was used to tune the
hyperparameters and train the models, the validation dataset was used for feature selection
and evaluating model performance, while the testing set was used to evaluate the model’s final

performance.

We used the following metrics to evaluate the performance of the models:

1. Area Under the Receiver Operating Characteristic Curve (AUC-ROC): A comprehensive
measure that evaluates the model's ability to distinguish between classes across various
thresholds, with a higher AUC indicating better performance.

2. Area Under the Precision-Recall Curve (AUC-PR): Measures the trade-off between
precision and recall for different probability thresholds. It is more informative of model
discrimination with infrequent outcomes.>®

3. Calibration Plot: Visualizes the relationship between predicted probabilities and actual
outcomes, assessing the reliability of probabilistic predictions.

4. Brier Score: It measures the accuracy of probabilistic predictions. A lower Brier score

indicates better model performance.
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5. Sensitivity (True Positive Rate): The proportion of actual positives correctly identified by
the model.
6. Specificity (True Negative Rate): The proportion of actual negatives correctly identified
by the model.
7. Positive Predictive Value (PPV): The proportion of positive results that are true positives.
8. Negative Predictive Value (NPV): The proportion of negative results that are true
negatives.
We examined the sensitivity, specificity, positive and negative predictive values for the models
at different predictive thresholds, which were identified as critical to both patients and care
providers in perioperative literature.®%3 We utilized ‘confidenceinterval’ library to calculate
sensitivity, specificity, PPV, NPV, and their confidence intervals using the Wilson method. 7! The
ROC AUC score and its confidence interval were determined using the DeLong method, while
the Brier score confidence interval was calculated through bootstrapping with 5000 iterations.”*
Additionally, the AUC-PR confidence interval was obtained using bootstrapping with 5000

iterations.

Once we had an analytical dataset, we used the following steps to create a machine learning
model:

1. Tuning the hyperparameters: A hyperparameter is a parameter whose values help guide
the learning process. The grid search method (GridSearchCV) was employed to fine-tune
hyperparameters such as the number of trees, depth of trees, and learning rate.
GridSearchCV systematically explores combinations of specified hyperparameters using
cross-validation, ensuring optimal model tuning and thereby improving the predictive
performance of the model.”? Predicting the best hyperparameter values manually would
be time-consuming and resource-intensive, which was why GridSearchCV was employed
for hyperparameter tuning. In GridSearchCV, we used a 5-fold cross-validation (cv=5)
approach. This meant the data was divided into five parts, with the model being trained
on four parts and validated on the fifth. This cycle was repeated five times, each time

with a different part used as the validation set. We used all the available features to fine-
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tune the hyperparameters. We made hyperparameters selection based on the highest
AUC-ROC score from GridSearchCV. We used AUC-ROC because it provided a

comprehensive measure of a model's performance across all classification thresholds.

a. To find best hyperparameters for random forest model, we used the following range

of values:
Parameter Range Best value?
Number of trees 300 to 550 in increments of 50 | 450

(n_estimators)

Tree depth (max_depth) 10 to 50 in increments of 10 10

Samples required to split a 2to 6 inincrements of 1 2

node (min_samples_split)

Minimum number of samples | 3 to 19 in increments of 1 15
required at a leaf node

(min_samples_leaf)

Class weight (class_weight) balanced, None
balanced_subsample, and

None

Samples bootstrapping True True

a Based on highest AUC-ROC score from GridSearchCV

b. To find best hyperparameters for XGBoost model, we used the following range of

values:

Parameter Range Best value®

Learning rate (learning_rate) | 0 to 0.45 in increments of 0.35000000000000003
0.05

Number of trees 50 to 450 in increments of 50 | 50

(n_estimators)
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Minimum sum of instance 0 to 5inincrements of 1 2
weight (hessian) needed in a

child (min_child_weight)

Tree depth (max_depth) 1to9inincrements of 1 3
L1 regularization term on 1to 13 in increments of 2 11
weights (reg_alpha)

Minimum loss reduction 0to 0.4 inincrementsof 0.1 |0
(gamma)

Subsample ratio (subsample) | 0to 0.9 inincrements of 0.1 | 0.8

Subsample ratio of columns
for each split

(colsample_bytree)

0to 0.9 in increments of 0.1

0.6000000000000001

Objective

binary:logistic

binary:logistic

a Based on highest AUC-ROC score from GridSearchCV

Feature selection: After we found the best hyperparameters, feature selection played a

crucial role in selecting the best model. We implemented the following methods on the

training set to evaluate the importance of features using the best hyperparameters:

a. Variable Importance (VIMP): This method involved measuring the importance of

each feature in a predictive model. Both random forest and XGBoost have built-in

mechanisms for selecting important features within their respective algorithms.

Random forest uses the impurity-based feature importances, known as Mean

Decrease in Impurity (MDI) or Gini importance. It is computed as the (normalized)

total reduction of the criterion brought by that feature. The higher, the more

important the feature.”> XGBoost used the average gain across all splits the feature is

used in to get impotance of each feature.

b. Lasso Regression (L1 Regularization): It was used for feature selection as it tends to

shrink the coefficients of less important features to zero.
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c. We compiled the feature rankings derived from the above methods (VIMP including
random forest and XGBoost, and Lasso Regression), computed the average rank for
each variable, and then re-ranked them based on these averages. This process

helped in pinpointing the most influential features across different models.

For each of the above method (a, b, and c), features were ranked by their importance.
Starting with the most important feature, we iteratively added one feature at a time,
according to the importance ranking, and retrained the model on the training set. After
each iteration, the model was evaluated on a validation set, and AUC-ROC and AUC-PR
were calculated. We also included or excluded certain features to the model, retrained
the model and evaluated on a validation set. In refining our model selection process, we
encountered instances where a model displayed a high AUC-ROC score but a lower AUC-
PR value, or vice-versa. So, we selected models that presented reasonable and balanced
values for both metrics. This helped us in selecting models that were consistently
reliable across varied scenarios.

Once we had the final model, we evaluated its performance on the testing set. We also
reported performance at different thresholds, and so we were able to control the trade-
off between various evaluation metrics such as PPV and sensitivity. After we were
satisfied with the model, we performed cross-validation on the full dataset. Cross-
validation is a sampling-based method used to assess the effectiveness of the model. It
involves partitioning data into two or more subsets, systematically performing analysis
on training set while validating the analysis on the testing set. The purpose of cross-
validation was to highlight problems like overfitting and to give an insight on the
generalization of the model. Specifically, we used 10-fold cross-validation, in which the
dataset was divided into 10 distinct folds and the cross-validation process was
conducted in 10 iterations. In each iteration, 9 folds were used for training the model,
and the remaining fold was used for testing the model. We computed the mean and
standard deviation (SD) of two metrics to evaluate the performance of our model: Area

Under the Receiver Operating Characteristic Curve (AUC-ROC) and the Area Under the
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Precision-Recall Curve (AUC-PR). The mean indicated the average performance of the
model across different subsets of the data, thereby offering insights into the model's
overall effectiveness. The standard deviation measured the variation of the metric values
from the mean. A lower standard deviation indicates that the metric values across folds
are close to the mean, suggesting that the model's performance is consistent across

different data subsets.

In our study, we utilized two models. The first model, designated as the baseline model,
included all available features. This comprehensive model served as a reference point. The
second model was developed with a focus on optimizing performance. The aim was to construct
a model that not only performed better in terms of performance metrics but also offered
greater simplicity and interpretability. We finalized the second model based on its performance
in validation set. We then evaluated the chosen model on testing dataset that the models have
not seen during training or validation. The final models were saved to disk using “joblib”.
“joblib” saved the entire state of a model, including all the model features, hyperparameters,

and model structure.

External validation:

The saved models were shared with our Alberta counterparts to externally validate. The dataset
used for external validation was the same dataset used by Dr. Harrison to develop AKDN
models.*? Prior to validation, the Alberta dataset underwent several preprocessing steps to align
it with the format of the Manitoba data like encoding of categorical variables and aligning
variable names. Model performance was evaluated using the same metrics as described for the

internal validation.
Sensitivity analysis

We restricted the MB cohort to include only the first surgery for each patient (first surgery

cohort). The data was split into a training set and a test set in a 70:30 ratio. We applied the
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same features and hyperparameters as used in the original ML models. The models were
trained on the training set and their performance was evaluated on the test set.

An additional sensitivity analysis was performed to evaluate the robustness of our
original ML models predicting the risk of major cardiovascular events and death in patients with
kidney failure undergoing non-cardiac surgery. For this analysis, we used first surgery cohort as
defined above. We applied the pre-trained original ML models directly to the entire cohort and

assessed their performance.

Statistical analyses were conducted using SAS (9.4), and Python (v. 3.9.13). The analysis was

performed using Scikit-learn, a Python-based library.”>
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Results
Figure 2: Cohort flow diagram. The number of patients that were included and excluded at

each step of cohort formation

n = 12,826 surgeries (4,325 participants)
In people with kidney failure and atleast one non-
cardiac surgery in MB between April 1, 2007, and
December 31, 2019

n = 84 surgeries (30 participants)
Non-adults n = 2 surgeries (0 participants)
MB health coverage ended within 30 days of
surgery

n = 633 surgeries (112 participants)
Missing albumin and hemoglobin values

n = 25 surgeries (8 participants)
Unknown surgery setting

n = 12,082 surgeries (4,175 participants)
Final cohort
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Descriptives

Table 1 Frequency (%) of surgeries by outcome and selected demographics and clinical

characteristics

Characteristic

Total Surgeries
Sex, No. (%)
Male
Female
Age, Median (Q1-Q3)
Surgery type, No. (%)
Intra-abdominal
Musculoskeletal
Head and neck
Vascular
Skin and soft tissue
Neurosurgery
Peritoneal dialysis catheter
Arteriovenous Fistula
Kidney Transplant
Low-risk®
More than one
Surgery setting, No. (%)
Outpatient
Elective inpatient
Emergency inpatient

Kidney failure type, No. (%)

Mortality or MACE

No Yes Total
11,513 (100.0) 569 (100.0) 12,082 (100.0)
6,529 (56.7) 334 (58.7) 6,863 (56.8)
4,984 (43.3) 235 (41.3) 5,219 (43.2)

60.6 (50.3-69.5)

848 (7.4)
1,216 (10.6)
527 (4.6)
1,412 (12.3)
S
S
1,479 (12.8)
2,688 (23.3)
388 (3.4)
1,810 (15.7)
827 (7.2)

7,231 (62.8)
2,153 (18.7)
2,129 (18.5)

65.0 (56.2-72.9)

47 (8.3)
124 (21.8)
17 (3.0)
151 (26.5)
S
<6 (<1.0)
32(5.6)
39 (6.9)
12 (2.1)
34 (6.0)
92 (16.2)

89 (15.6)
84 (14.8)
396 (69.6)

60.9 (50.5-69.7)

895 (7.4)
1,340 (11.1)
544 (4.5)
1,563 (12.9)
255 (2.1)
84 (0.7)
1,511 (12.5)
2,727 (22.6)
400 (3.3)
1,844 (15.3)
919 (7.6)

7,320 (60.6)
2,237 (18.5)
2,525 (20.9)
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Non-dialysis

Hemodialysis

Peritoneal dialysis
Cerebrovascular disease, No. (%)
Chronic pulmonary disease, No. (%)
Dementia, No. (%)
Diabetes, No. (%)
Heart failure, No. (%)
History of myocardial infarction, No. (%)
Hypertension disease, No. (%)
Liver disease (mild and moderate/severe),
No. (%)
Peripheral vascular disease, No. (%)
Cancer, No. (%)

Albumin, Median (Q1-Q3)

Hemoglobin, Median (Q1-Q3)

Mortality, No. (%)

3,195 (27.8)
6,591 (57.2)
1,727 (15.0)
3,453 (30.0)
8,390 (72.9)
443 (3.8)
8,437 (73.3)
5,322 (46.2)
2,768 (24.0)

10,482 (91.0)

1,549 (13.5)

3,141 (27.3)

1,665 (14.5)

33.0 (29.0-36.0)

105.0 (95.0-
115.0)

0 (0.0)

137 (24.1)
312 (54.8)
120 (21.1)
246 (43.2)
445 (78.2)
48 (8.4)
470 (82.6)
382 (67.1)
358 (62.9)
540 (94.9)

99 (17.4)

273 (48.0)
99 (17.4)

29.0 (23.0-33.3)

302 (53.1)

3,332 (27.6)
6,903 (57.1)
1,847 (15.3)
3,699 (30.6)
8,835 (73.1)
491 (4.1)
8,907 (73.7)
5,704 (47.2)
3,126 (25.9)
11,022 (91.2)

1,648 (13.6)

3,414 (28.3)
1,764 (14.6)
32.9(29.0-36.0)

103.0 (92.0-113.0) 105.0 (94.0-115.0)

302 (2.5)

aincludes anorectal, breast, ophthalmologic, thoracic, lower urologic and gynecologic, and retroperitoneal surgeries

S = Suppressed, because number of events involved was between one and five.

We identified 12,082 surgeries performed in 4,175 participants (Figure 2) and 569 (5%) of those

led to death or a major cardiac event (outcome) within 30 days of the surgery (Table 1). Among

these 569 outcome events, the deaths constituted 53% of the events. About 57% of the total

surgeries were performed on males. The median age among the group with outcome was 65.0

years (IQR: 56.2-72.9) and 60.6 years (IQR: 50.3-69.5) among group with no outcome.

Arteriovenous fistula (23%), low-risk (15%) and vascular (13%) were the most common surgery

types. Notably, musculoskeletal surgeries accounted for about 22% in the group having the

outcome compared to 11% in the group with no outcome. Vascular surgeries were also more

29



prevalent in the group with the outcome (27%) than in the no outcome group (12%). About 61%
of surgeries were outpatient surgeries. About 63% of surgeries in the group with no outcome
were outpatient, while 70% of surgeries in the group with outcome were emergency inpatient.
Approximately 57% of the surgeries were conducted on individuals undergoing hemodialysis.
The most prevalent comorbid conditions were hypertension (91%), followed closely by diabetes
(74%), and chronic pulmonary disease (73%). There was a notable difference in the history of
myocardial infarction between the two groups. While 24% of the surgeries in the no outcome
group had a history of myocardial infarction, this rate was significantly higher (63%) in the group
with outcome. The preoperative median hemoglobin level was recorded at 105 g/L, with an
interquartile range (IQR) of 94 to 115 g/L, and the median albumin level was 33 g/L, with an IQR

spanning from 29 to 36 g/L.

Objective 1: External validation of AKDN models (Model deployment)

Table 2 Overall model performance for each risk prediction model

Model 1 Model 2 Model 3
Outcome/ Surgeries (N) 569/12,082 569/12,082 569/12,082
AUC-ROC (95% ClI) 0.821 (0.803-0.838) 0.868 (0.853-0.883) 0.874 (0.859-0.888)
AUC-PR 0.179 0.411 0.393
Calibration slope 1.32 1.4 1.24
Brier score 0.041 0.038 0.037

Model 1 included age, sex, dialysis modality, surgery type and setting.
Model 2 included model 1 and comorbidities
Model 3 included model 2 and preoperative hemoglobin and albumin

We assigned coefficients from the AKDN models to MB data and calculated AUC-ROC,
AUC-PR, calibration slope, and Brier score (Table 2). AUC-ROC ranged from 0.821 (95% Cl 0.803-
0.838) for model 1 to 0.874 (95% Cl 0.859-0.883) for model 3, indicating good discriminative
ability. Model 1 had an AUC-PR of 0.179, which was substantially lower compared to the other
models, indicating less precision and recall balance. Model 2 and model 3 had AUC-PR of 0.411

and 0.393 respectively, reflecting a significantly better performance in capturing the positive
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class. Models 1, 2, and 3 had calibration slopes of 1.32, 1.4, and 1.24 respectively, indicating a
tendency to under-predict outcomes which means model's predicted probabilities are
systematically lower than the actual observed outcomes. The low Brier scores in all the three

models indicated high level of accuracy in the model’s probabilistic predictions.

Figure 3: Calibration plot for model 1 (deployment)
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Figure 4: Calibration plot for model 2 (deployment)
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Figure 5: Calibration plot for model 3 (deployment)
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Figure 6: Decision curve analysis
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The calibration plots for all the models demonstrated strong calibration throughout,
except for overestimation at the highest predicted risks, as shown in Figures 3 through 5. The
clinical usefulness of the three models was assessed through Decision Curve Analysis (DCA).
Each model exhibited comparable positive net benefit relative to approaches where all or none
of the participants received a perioperative cardiac monitoring intervention (Figure 6). The
models were advantageous, yielding net benefit at predicted risk thresholds ranging from 0 to

40%.
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Table 3 Sensitivity, specificity, NPV and PPV (%) at different thresholds of predicted probability

of major postoperative outcomes

Sensitivity Specificity PPV NPV

At 5%

Model1 76.3 76.9 14.0 985
Model 2 78.9 76.8 144 98.7
Model 3 81.2 76.0 143 98.8
At 10%

Model1 55.5 89.0 19.9 97.6
Model 2 63.8 88.7 21.8 98.0
Model 3  70.5 87.1 21.2 98.4
At 15%

Model1  22.5 95.8 20.8 96.2
Model 2 48.0 95.4 33.8 974
Model 3 55.4 93.5 29.6 97.7

Model 1 included age, sex, dialysis modality, surgery type and setting.
Model 2 included model 1 and comorbidities
Model 3 included model 2 and preoperative hemoglobin and albumin

Table 3 shows sensitivity, specificity, NPV and PPV (%) at different thresholds of
predicted probability of major postoperative outcomes. As the threshold increases from 5% to
15%, there is a general trend of decreasing sensitivity and increasing specificity across all
models. Each model exhibits a trade-off between sensitivity and specificity at different
thresholds, with model 3 consistently showing higher sensitivity and model 1 maintaining
higher specificity at higher thresholds. The PPV tends to increase with higher thresholds,
indicating a higher percentage of true positives among positive predictions. Conversely, the NPV

slightly decreased, reflecting the proportion of true negatives among negative predictions.
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Table 4 Event and non-event Reclassification Tables between models, stratified by clinically
important probability categories

Model 2 versus model 1

36

Risk model 2
predicted
probability
threshold
Risk model
Correct Incorrect
Outcome | 1 predicted 5- >
<5% Total percentage percentage NRI
status probability 15% | 15%
reclassification | reclassification
threshold
<5% 109 26 0 135
5-15% 11 134 | 161 | 306
Present 32.9% 4.7% 28.1%
>15% 16 112 128
Total 120 | 176 | 273 | 569
<5% 8573 | 280 8853
5-15% 272 | 1674 | 227 | 2173
Absent 3.9% 4.4% -0.5%
>15% 179 | 308 | 487
Total 8845 | 2133 | 535 | 11513
Category-
based Net
Absolute NARI = 8.6
Reclassific | per 1000
ation patients
Index
(NARI)




Model 3 versus model 2

Risk model 3
predicted
probability
threshold
Risk
model 2 Correct Incorrect
Outcome 5- >
predicted | <5% Total percentage percentage NRI
status 15% | 15%
probability reclassification | reclassification
threshold
<5% 105 15 0 120
5-15% 2 116 | 58 176
Present 12.8% 3.2% 9.7%
>15% 16 | 257 | 273
Total 107 | 147 | 315 | 569
861
<5% 231 8845
4
5-15% 135 | 1700 | 298 | 2133
Absent 1.9% 4.6% -2.7%
>15% 83 | 452 | 535
874
Total 2014 | 750 | 11513
9
Category-
based Net NARI = -
Absolute 21.2 per
Reclassificat | 1000
ion Index patients
(NARI)

Table 4 demonstrated event and non-event reclassification tables between models and

calculated NRI and NARI. In comparing model 2 against model 1, for events (presence of
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outcome), a NRI of 28.1% was achieved. For non-events (absence of outcome), there was a
slight negative NRI of -0.5%. The Net Absolute Reclassification Index (NARI) showed an
improvement of 8.6 per 1,000 patients. In the comparison between model 3 and model 2, for
the presence of the outcome, model 3 achieved a NRI of 9.7%. For absence of outcome, the NRI
was negative (-2.7%). The Net Absolute Reclassification Index (NARI) was -21.2 per 1000

patients, indicating a decrease in the predictive accuracy of a model 3 compared to model 2.

Objective 1: External validation of AKDN models (Model refit)

Table 5 Odds ratio (95% Cl) and overall model performance for each risk prediction model

Model 1 Model 2 Model 3
Sex
Male Ref. Ref. Ref.
Female 0.90 (0.75-1.08) 0.95(0.79-1.14) 0.90 (0.75-1.09)
Age 1.03(1.02-1.03) 1.02(1.01-1.03) 1.02(1.01-1.03)

Surgery description
Intra-abdominal
Head and Neck
Vascular

Skin and Soft Tissue
Neurosurgery
Peritoneal Dialysis Catheter
Arteriovenous fistula
Kidney Transplant
Low-risk
Musculoskeletal
More than one
Surgery setting

Outpatient

Ref.
1.03 (0.56-1.89)
3.22 (2.24-4.61)
1.07 (0.61-1.90)
1.05 (0.24-4.59)
0.72 (0.44-1.18)
1.02 (0.64-1.63)
0.99 (0.50-1.95)
1.14 (0.71-1.84)
1.06 (0.74-1.52)
1.79 (1.22-2.62)

Ref.

Ref.
1.16 (0.63-2.15)
2.57 (1.77-3.72)
1.01 (0.56-1.81)
0.97 (0.22-4.30)
0.74 (0.45-1.22)
1.03 (0.64-1.66)
1.25(0.63-2.51)
1.09 (0.67-1.78)
0.91 (0.63-1.32)
1.65 (1.11-2.45)

Ref.

Ref.
1.22 (0.66-2.26)
2.67 (1.84-3.89)
0.88 (0.49-1.59)
0.98 (0.22-4.34)
0.69 (0.42-1.15)
1.01 (0.63-1.63)
1.50 (0.74-3.04)
1.09 (0.67-1.78)
0.86 (0.59-1.24)

1.56 (1.05-2.32)

Ref.
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Elective inpatient

Emergency inpatient

Kidney failure type
Non-dialysis
Hemodialysis
Peritoneal dialysis
Cerebrovascular disease
Chronic pulmonary disease
Dementia
Diabetes
Heart failure
History of myocardial infarction
Hypertension disease
Liver disease (mild and
moderate/severe)
Peripheral vascular disease
Cancer
Albumin
Hemoglobin
Model Fit and Performance
Outcome/ Surgeries (N)

AIC, BIC

AUC-ROC

Area under precision recall curve

Calibration slope

3.23 (2.30-4.54)
14.33 (10.91-
18.81)

Ref.
0.88 (0.71-1.10)

1.25 (0.94-1.65)

569/12,082
3726, 3852

0.830 (0.812-
0.847)

0.226

1.01

3.17 (2.25-4.48)

12.15 (9.18-
16.08)

Ref.
0.82 (0.65-1.04)
1.32 (0.99-1.77)
1.15 (0.95-1.40)
1.11 (0.89-1.39)
1.36 (0.96-1.94)
1.14 (0.89-1.47)
1.14 (0.92-1.40)
3.31(2.71-4.05)
0.83 (0.55-1.26)
1.16 (0.91-1.48)

1.07 (0.88-1.30)

1.10 (0.86-1.40)

569/12,082
3552, 3752
0.853 (0.837-
0.870)
0.297
0.98

3.17 (2.25-4.49)

11.06 (8.33-
14.69)

Ref.
0.83 (0.66-1.05)
1.02 (0.76-1.38)
1.17 (0.96-1.41)
1.14 (0.91-1.42)
1.31 (0.92-1.86)
1.08 (0.84-1.39)
1.10 (0.90-1.36)
3.30 (2.70-4.04)
0.90 (0.59-1.38)
1.12 (0.88-1.43)

0.98 (0.80-1.19)
1.11 (0.87-1.43)
0.95 (0.93-0.96)
1.01 (1.00-1.01)

569/12,082
3513, 3727
0.861 (0.845-
0.876)
0.290

1.01
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Brier score 0.040 0.038 0.038

Model 1 included age, sex, dialysis modality, surgery type and setting.
Model 2 included model 1 and comorbidities
Model 3 included model 2 and preoperative hemoglobin and albumin

We developed a prediction model using logistic regression incorporating the same
predictors as those used in the AKDN models, and allowed coefficients and intercept to vary.
Table 5 shows odds ratios, along with their respective 95% confidence interval (Cl) for all the
three models. Models 2 and 3 show lower AIC and BIC values suggesting an improved model fit
compared to model 1. AUC-ROC ranged from 0.83 (95% Cl 0.812-0.847) for model 1 to 0.861
(95% Cl 0.845-0.876) for model 3, indicating good discrimination capability. AUC-PR increased
from 0.226 for model 1 to 0.297 and 0.29 for models 2 and 3 respectively. All the models
demonstrated excellent calibration at 1. Furthermore, the Brier scores were consistently low
across all three models, reflecting a higher precision in the probability estimates. The calibration

plots for all models displayed excellent calibration across all predicted risks (Figures 7-9).
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Figure 7: Calibration plot for model 1 (refit)
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Figure 8: Calibration plot for model 2 (refit)
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Figure 9: Calibration plot for model 3 (refit)
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Figure 10: Decision curve analysis
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Decision Curve Analysis (DCA) was employed to evaluate the clinical usefulness of the
three models. All models demonstrated a similar positive net benefit when compared to
strategies where all or none of the participants received a perioperative cardiac monitoring
intervention (Figure 10). The models were beneficial, offering a net benefit in guiding

perioperative cardiac monitoring decisions at predicted risk thresholds ranging from 0 to 40%.
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Table 6 Sensitivity, specificity, NPV and PPV (%) at different thresholds of predicted probability

of major postoperative outcomes

Sensitivity Specificity PPV NPV

5% Threshold

Model 1 76.4 784 149 98.5
Model 2 77.5 784 15.0 98.6
Model 3 77.2 79.1 155 98.6
10% Threshold

Model 1 63.6 859 18.2 979
Model 2 59.8 89.5 219 978
Model 3 63.3 89.3 22,6 98.0

15% Threshold

Model 1 44.6 92.8 235 971
Model 2 50.4 93.0 263 974
Model 3 52.0 931 27.1 975

Model 1 included age, sex, dialysis modality, surgery type and setting.
Model 2 included model 1 and comorbidities
Model 3 included model 2 and preoperative hemoglobin and albumin

Table 6 shows sensitivity, specificity, NPV and PPV (%) at different thresholds of
predicted probability of major postoperative outcomes. Across all thresholds, the models
demonstrated a trade-off between sensitivity and specificity. As the threshold increased,
sensitivity generally decreased from about 77% at 5% threshold to 50% at 15% threshold for all
the models while specificity increased from 78% at 5% threshold to 93% at 15% threshold for all
the models. The PPV improved with higher thresholds (about 15% at 5% threshold to 26% at
15% threshold), indicating a greater proportion of true positive predictions as the threshold
increased, while the NPV slightly decreased (about 98.5% at 5% threshold to 97% at 15%
threshold).
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Table 7 Event and non-event reclassification tables between models, stratified by clinically
important probability categories

Model 2 versus model 1

46

Risk model 2
predicted
probability
threshold
Risk
model 1 Correct Incorrect
Outcome 5- >
Predicted | <5% Total percentage percentage NRI
status 15% | 15%
probability reclassification | reclassification
threshold
<5% 106 | 28 0 134
5-15% 22 74 85 181
Present 19.9% 13.0% 6.9%
>15% 52 | 202 | 254
Total 128 | 154 | 287 | 569
858
<5% 435 9022
7
5-15% 435 | 848 | 379 | 1662
Absent 7.3% 7.1% 0.2%
>15% 405 | 424 | 829
902
Total 1688 | 803 | 11513
2
Category-
based Net
Absolute
NARI = 5.4 per 1000 patients
Reclassificat
ion Index
(NARI)




Model 3 versus model 2
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Risk model 3
predicted
probability
threshold
Risk
model 2 Correct Incorrect
Outcome 5- >
predicted | <5% Total percentage percentage NRI
status 15% | 15%
probability reclassification | reclassification
threshold
<5% 119 9 0 128
5-15% 11 121 | 22 154
Present 5.4% 4.2% 1.2%
>15% 13 | 274 | 287
Total 130 | 143 | 296 | 569
884
<5% 175 9022
7
5-15% 264 | 1332 | 92 | 1688
Absent 3.2% 2.3% 0.8%
>15% 100 | 703 | 803
911
Total 1607 | 795 | 11513
1
Category-
based Net
Absolute
Reclassific | NARI = 8.6 per 1000 patients
ation
Index
(NARI)




Table 7 demonstrated event and non-event reclassification tables between models and
calculated NRI and NARI. In the evaluation of model 2 versus model 1, a NRI of 6.9% was
observed for events, with a marginal NRI of 0.2% for non-events. The Net Absolute
Reclassification Index (NARI) showed an improvement of 5.4 per 1,000 patients. When
comparing model 3 to model 2, the NRI for events achieved by model 3 was 1.2%, and for non-
events, there was a slight net improvement of 0.8%. The Net Absolute Reclassification Index

(NARI) was 8.6 per 1,000 patients.

Objective 2: Developed and validated a machine learning model

Table 8 shows the distribution of clinical characteristics across the training, validation, and
internal testing cohorts. The table suggested a high degree of similarity, indicating that the
cohorts are comparable and well-balanced. This similarity supported the validity of the study's
findings by ensuring that the predictive models developed from the training data were

applicable to similarly composed validation and testing cohorts.

Table 8: Baseline characteristics of development, validation, and testing cohorts

Characteristics Training Validation Testing
Outcome, No. (%) 398 (4.7) 85 (4.7) 86 (4.7)
Age, Median (Q1-Q3) 60.8 (50.4-69.6) 61.4 (50.8-69.8) 60.8 (51.0-69.8)
Female, No. (%) 3642 (43.1) 788 (43.5) 789 (43.5)

Surgery type, No. (%)

Intra-abdominal 608 (7.2) 136 (7.5) 151 (8.3)
Musculoskeletal 926 (10.9) 205 (11.3) 209 (11.5)
Head and neck 376 (4.4) 84 (4.6) 84 (4.6)
Vascular 1075 (12.7) 268 (14.8) 220 (12.1)
Skin and soft tissue 172 (2.0) 44 (2.4) 39 (2.2)
Neurosurgery 60 (0.7) 13 (0.7) 11 (0.6)
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Peritoneal dialysis
catheter

Arteriovenous fistula

Kidney transplant

Low-risk®

More than one
Surgery setting, No. (%)

Outpatient

Elective inpatient

Emergency inpatient
Kidney failure type, No. (%)

Non-dialysis

Hemodialysis

Peritoneal dialysis
Comorbidities, No. (%)

Cerebrovascular disease

Chronic pulmonary
disease

Dementia

Diabetes

Heart failure

History of myocardial
infarction

Hypertension disease

Liver disease (mild and
moderate/severe)

Peripheral vascular
disease

Cancer

1080 (12.8)

1940 (22.9)
278 (3.3)
1277 (15.1)
665 (7.9)

5120 (60.5)
1577 (18.6)
1760 (20.8)

2366 (28.0)
4821 (57.0)
1270 (15.0)

2525 (29.9)
6175 (73.0)

320 (3.8)
6202 (73.3)
3956 (46.8)

2160 (25.5)

7717 (91.2)
1127 (13.3)

2367 (28.0)

1225 (14.5)

211 (11.6)

388 (21.4)
68 (3.8)
276 (15.2)
119 (6.6)

1095 (60.4)
327 (18.0)
390 (21.5)

468 (25.8)
1044 (57.6)
300 (16.6)

577 (31.8)
1357 (74.9)

89 (4.9)
1350 (74.5)
869 (48.0)

520 (28.7)

1660 (91.6)
264 (14.6)

512 (28.3)

279 (15.4)

220 (12.1)

399 (22.0)
54 (3.0)
291 (16.1)
135 (7.4)

1105 (60.9)
333 (18.4)
375 (20.7)

498 (27.5)
1038 (57.3)
277 (15.3)

597 (32.9)
1303 (71.9)

82 (4.5)
1355 (74.7)
879 (48.5)

446 (24.6)

1645 (90.7)
257 (14.2)

535 (29.5)

260 (14.3)
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Albumin, Median (Q1-Q3)

Hemoglobin, Median (Q1-

Q3)

33.0 (29.0-36.0)
105.0 (94.0-116.0)

33.0 (29.0-36.0)
104.0 (94.0-115.0)

32.2 (28.0-36.0)
105.0 (95.0-114.0)

aincludes anorectal, breast, ophthalmologic, thoracic, lower urologic and gynecologic, and retroperitoneal surgeries

The results of the random forest models in predicting the risk of major cardiovascular

events and death for individuals with kidney failure undergoing non-cardiac surgery were

presented in Table 9. This table includes information about the performance of two models

across different threshold probabilities. Model 1 was the baseline model and included all the

features. Model 2 was optimized model and included selected features namely age, sex, surgery

type (vascular, more than one, peritoneal dialysis, arteriovenous fistula, musculoskeletal, low-

risk surgeries), surgery setting (emergency inpatient and outpatient), kidney failure type

(hemodialysis), comorbidities (history of myocardial infarction, dementia, chronic pulmonary

disease, liver disease, peripheral vascular disease, cancer), alboumin and hemoglobin values.

Table 9: Model performance (95% Cl) of the random forest model at different thresholds of

predicted probability of major postoperative outcomes in the testing cohort

Threshold 5% 10% 15%

Model 1 2 1 2 1 2

Sensitivity ~ 81% (72%- 83% (73%- 62% (51%- 59% (49%- 42% (32%- 44% (34%-
88%) 89%) 71%) 69%) 52%) 55%)

Specificity ~ 76% (74%- 76% (74%- 88% (87%- 89% (87%- 94% (93%- 94% (93%-
78%) 78%) 90%) 90%) 95%) 95%)

PPV 14% (12%-  15% (12%- 21% (16%- 21% (16%- 25% (19%- 26% (20%-
18%) 18%) 26%) 26%) 33%) 34%)

NPV 99% (c 99% (98%- 98% (97%- 98% (97%- 97% (96%- 97% (96%-

99%) 99%) 98%) 98%) 98%)
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AUC-ROC 0.863 0.863 0.863 0.863 0.863 0.863

(0.825- (0.825- (0.825- (0.825- (0.825- (0.825-
0.902) 0.902) 0.902) 0.902) 0.902) 0.902)
AUC-PR 0.315 0.332 0.315 0.332 0.315 0.332
(0.212- (0.232- (0.212- (0.232- (0.212- (0.232-
0.417) 0.440) 0.417) 0.440) 0.417) 0.440)
Brier 0.039 0.038 0.039 0.038 0.039 0.038
(0.032- (0.032- (0.032- (0.032- (0.032- (0.032-
0.047) 0.046) 0.047) 0.046) 0.047) 0.046)

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely age, sex, surgery type (vascular, more than one, peritoneal dialysis, arteriovenous
fistula, musculoskeletal, low-risk surgeries), surgery setting (emergency inpatient and outpatient), kidney failure type
(hemodialysis), comorbidities (history of myocardial infarction, dementia, chronic pulmonary disease, liver disease, peripheral
vascular disease, cancer), albumin and hemoglobin values

For a threshold probability of 5%, model 1 demonstrated a sensitivity of 81% (95% ClI
72%-88%) and a specificity of 76%(95% Cl 74%-78%), with a PPV of 14%(95% Cl 12%-18%) and a
NPV of 99%(95% Cl 12%-18%). The AUC-ROC was 0.863 (95% Cl 0.825-0.902) and the area
under the precision-recall curve was 0.315 (95% Cl 0.212-0.417). AUC-ROC indicated good
discriminative ability and AUC-PR reflected the good balance between precision and recall. Brier
score for both the models was low, 0.039 (95% Cl 0.032-0.047) for model 1 and 0.038 (95% Cl
0.032-0.046) for model 2, indicating good model performance. Model 2, under the same
threshold, shows slightly higher sensitivity and PPV but maintained the same specificity and
NPV. The AUC-ROC was similar to model 1 but AUC-PR was slightly higher than those of model
1.

As the threshold probability increased to 10%, both models displayed a decrease in
sensitivity to 62% (95% Cl 51%-71%) for model 1 and 59% (95% Cl 49%-69%) for model 2 while
specificity increased to 88% (95% Cl 87%-90%) for model 1 and 89% (95% Cl 87%-90%) for
model 2. The PPV and NPV also adjusted to 21% and 98%, respectively. At a threshold
probability of 15%, there was a further decrease in sensitivity, 42% (95% Cl 32%-52%) for model

1 and 44% (95% Cl 34%-55%) for model 2, and an increase in specificity to 94% (95% Cl 93%-
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95%) for both models. The PPV increased to about 26%, and the NPV slightly decreased to 97%
(95% Cl 96%-98%). The calibration plot for both the random forest models demonstrated strong
calibration throughout, except for overestimation at the highest predicted risks, as shown in
figures 11 and 12.

Figure 11: Calibration plot for random forest (model 1) in the testing cohort
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Figure 12: Calibration plot for random forest (model 2) in the testing cohort
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We further evaluated the XGBoost model results and presented them in Table 10. Model
1 was the baseline model and included all the features. Model 2 was optimized model and
included selected features namely surgery type (vascular, more than one, peritoneal dialysis),
surgery setting (emergency inpatient and outpatient), comorbidities (history of myocardial
infarction), albumin and hemoglobin values. At a threshold probability of 5%, the model 1
demonstrated a sensitivity of 74% (95% Cl 64%-82%) and specificity of 81% (95% Cl 79%-83%).
The PPV and NPV were 16% (95% Cl 13%-20%) and 98%(95% Cl 98%-99%), respectively. The
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AUC-ROC for this model was 0.863 (95% ClI 0.826-0.900), indicating a strong discriminative

ability between those who would and would not experience the event. The AUC-PR was 0.306

(95% Cl1 0.215-0.410), reflecting the model's effectiveness in identifying true positives among

the predicted positives.

Table 10: Model performance (95% Cl) of the XGBoost model at different thresholds of

predicted probability of major postoperative outcomes in the testing cohort

Threshold 10% 15%
Model 1 2 1 2 1 2
Sensitivity ~ 74% (64%-  74% (64%- 59% (49%- 60% (50%- 50% (40%- 49% (39%-
82%) 82%) 69%) 70%) 60%) 59%)
Specificity  81% (79%- 80% (78%- 90% (89%- 89% (88%- 93% (92%- 93% (92%-
83%) 82%) 92%) 91%) 95%) 94%)
PPV 16% (13%- 16% (13%- 23% (18%- 22% (17%- 28% (21%- 26% (20%-
20%) 20%) 29%) 28%) 35%) 33%
NPV 98% (98%- 98% (98%- 98% (97%- 98% (97%- 97% (97%- 97% (96%-
99%) 99%) 98%) 98%) 98%) 98%)
AUC-ROC 0.863 0.861 0.863 0.861 0.863 0.861
(0.826- (0.824- (0.826- (0.824- (0.826- (0.824-
0.900) 0.899) 0.900) 0.899) 0.900) 0.899)
AUC-PR 0.306 0.304 0.306 0.304 0.306 0.304
(0.215- (0.210- (0.215- (0.210- (0.215- (0.210-
0.410) 0.411) 0.410) 0.411) 0.410) 0.411)
Brier 0.038 0.038 0.038 0.038 0.038 0.038
(0.032- (0.032- (0.032- (0.032- (0.032- (0.032-
0.046) 0.046) 0.046) 0.046) 0.046) 0.046)

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely surgery type (vascular, more than one, peritoneal dialysis), surgery setting
(emergency inpatient and outpatient), comorbidities (history of myocardial infarction), albumin and hemoglobin values
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For the same threshold probability, model 2 showed a sensitivity of 74% (95% Cl 64%-
82%) and a slightly lower specificity of 80% (95% Cl 78%-82%). The PPV and NPV were 16% (95%
Cl 13%-20%) and 98% (95% Cl 98%-99%), respectively, with a AUC-ROC of 0.861 (95% Cl 0.824-
0.899) and an AUC-PR of 0.304 (95% Cl 0.210-0.411). These metrics indicated a comparable
performance to the first model. Brier score for both the models was low, 0.038 (95% Cl 0.032-

0.046) for model 1 and model 2.

As the threshold probability increased to 10% and then to 15%, both models exhibited a
general trend of increased specificity and NPV, alongside decreased sensitivity and PPV. This
trend illustrated the models enhanced ability to accurately exclude individuals without the risk
at higher thresholds, albeit at the expense of missing some true positive cases. At a threshold of
10%, model 1 reported a sensitivity of 59% (95% Cl 49%-69%), specificity of 90% (95% Cl 89%-
92%), PPV of 23% (95% Cl 18%-29%), and NPV of 98% (95% Cl 97%-98%). Model 2, under the
same threshold, reported a sensitivity of 60% (95% Cl 50%-70%), specificity of 89% (95% C| 88%-
91%), PPV of 22% (95% ClI 17%-28%), and NPV of 98% (95% Cl 97%-98%). At a threshold of 15%,
model 1 reported a sensitivity of 50% (95% Cl 40%-60%), specificity of 93% (95% Cl 92%-95%),
PPV of 28% (95% Cl 21%-35%), and NPV of 97% (95% Cl 97%-98%). Model 2, under the same
threshold, showed a sensitivity of 49% (95% Cl 39%-59%), specificity of 93% (95% Cl 92%-94%),
PPV of 26% (95% Cl 92%-94%), and NPV of 97% (95% Cl 96%-98%). The calibration plot for both

the XGBoost models demonstrated strong calibration throughout as shown in figures 13 and 14.
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Figure 13: Calibration plot for XGBoost model (model 1) in the testing cohort
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Figure 14: Calibration plot for XGBoost model (model 2) in the testing cohort
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Table 11: Cross-validation results of random forest models

Model no. | Mean AUC-ROC | SD AUC-ROC | Mean AUC-PR | SD AUC-PR

1 0.91 0.009 0.424 0.043

2 0.911 0.008 0.424 0.043

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely age, sex, surgery type (vascular, more than one, peritoneal dialysis, arteriovenous
fistula, musculoskeletal, low-risk surgeries), surgery setting (emergency inpatient and outpatient), kidney failure type
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(hemodialysis), comorbidities (history of myocardial infarction, dementia, chronic pulmonary disease, liver disease, peripheral
vascular disease, cancer), albumin and hemoglobin values

Table 12: Cross-validation results for XGBoost models

Model no. | Mean AUC-ROC | SD AUC-ROC | Mean AUC-PR | SD AUC-PR

1 0.875 0.011 0.354 0.042

2 0.862 0.015 0.328 0.044

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely surgery type (vascular, more than one, peritoneal dialysis), surgery setting
(emergency inpatient and outpatient), comorbidities (history of myocardial infarction), albumin and hemoglobin values

Table 11 and 12 presented the cross-validation results for random forest and XGBoost models,
showcasing the mean and SD for both the AUC-ROC and the AUC-PR for each model. In random
forest cross-validation results (table 11), model 1 achieved a mean AUC-ROC of 0.91 with a SD of
0.009, alongside a mean AUC-PR of 0.424 with an SD of 0.043. Model 2 reported slightly higher
performance metrics, with a mean AUC-ROC of 0.911 and an SD of 0.008, and a mean AUC-PR
of 0.424 with an SD of 0.043.

In cross-validation of XGBoost models (table 12), model 1 exhibited a mean AUC-ROC of
0.875 with a standard deviation of 0.011, and a mean AUC-PR of 0.354 with a standard
deviation of 0.042. Model 2 shows a slightly lower mean AUC-ROC of 0.862 with the standard
deviation of 0.015, and mean AUC-PR of 0.328 with a standard deviation of 0.044.

The relatively low standard deviations in both AUC-ROC and AUC-PR indicated a high
level of consistency in their performance across the different folds of the cross-validation

process.

Table 13 presented the performance metrics of random forest on Alberta data evaluated
at different thresholds (5%, 10%, and 15%). At a 5% threshold, model 1 shows a sensitivity of
63% and a specificity of 87%, with a positive predictive value (PPV) of 13% and a negative

predictive value (NPV) of 99%. Model 2 has similar metrics with slightly lower sensitivity and
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higher specificity and PPV. As thresholds increase to 10% and 15%, the sensitivity of both

models decreases significantly, while specificity and PPV improve, especially at 15% where the

PPV reaches 54% and 60% for model 1 and model 2, respectively. The AUC-ROC was 0.842 (95%

C1 0.831-0.854) and 0.839 (95% CI 0.827-0.851) for models 1 and 2, respectively. These scores

were slightly lower than the AUC-ROC of 0.863 obtained from the testing cohort (table 9).

However, AUC-PR scores were slightly higher in external validation, 0.334 (95% Cl 0.308-0.361)

for model 1 and 0.340 (95% Cl 0.314-0.367) for model 2, compared to 0.315 for model 1 and

0.332 for model 2 in the testing cohort (table 9). The calibration plot for both the random forest

models demonstrated strong calibration throughout in Alberta cohort, except for

underestimation at the highest predicted risks, as shown in figures 15 and 16.

Table 13: Model performance in external validation of the random forest model at different

thresholds of predicted probability of major postoperative outcomes in the Alberta cohort

Threshold 10% 15%
Model 1 2 1 2 1 2
Sensitivity ~ 63% (60%- 61% (58%- 41% (38%- 39% (37%- 23% (21%- 23% (21%-
66%) 64%) 43%) 42%) 25%) 26%)
Specificity ~ 87% (86%- 88% (88%- 96% (96%- 96% (96%- 99% (99%- 99% (99%-
87%) 89%) 96%) 97%) 99%) 100%)
PPV 13% (12%-  14% (12%- 24% (22%- 26% (24%- 54% (50%- 60% (55%-
14%) 15%) 26%) 28%) 59%) 64%)
NPV 99% (99%- 99% (98%- 98% (98%- 98% (98%- 98% (97%- 98% (97%-
99%) 99%) 98%) 98%) 98%) 98%)
AUC-ROC 0.842 0.839 0.842 0.839 0.842 0.839
(0.831- (0.827- (0.831- (0.827- (0.831- (0.827-
0.854) 0.851) 0.854) 0.851) 0.854) 0.851)
AUC-PR 0.334 0.340 0.334 0.340 0.334 0.340
(0.308- (0.314- (0.308- (0.314- (0.308- (0.314-
0.361) 0.367) 0.361) 0.367) 0.361) 0.367)
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Brier 0.027 0.027 0.027 0.027 0.027 0.027
(0.026- (0.025- (0.026- (0.025- (0.026- (0.025-
0.028) 0.028) 0.028) 0.028) 0.028) 0.028)

Model 1: Baseline model includes age, sex, surgery type, surgery setting, kidney failure type, comorbidities, albumin and
hemoglobin values

Model 2: Includes selected features namely age, sex, surgery type (vascular, more than one, peritoneal dialysis, arteriovenous
fistula, musculoskeletal, low-risk surgeries), surgery setting (emergency inpatient and outpatient), kidney failure type
(hemodialysis), comorbidities (history of myocardial infarction, dementia, chronic pulmonary disease, liver disease, peripheral
vascular disease, cancer), albumin and hemoglobin values

Figure 15: Calibration plot for random forest (model 1) in the Alberta cohort
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Figure 16: Calibration plot for random forest (model 2) in the Alberta cohort
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Table 14 displayed the performance metrics of XGBoost on Alberta data evaluated at
different thresholds (5%, 10%, and 15%). At a 5% threshold, both models have a sensitivity of
56%. Model 1 shows a slightly higher specificity (91%) compared to model 2 (90%). Both models
have very high NPVs (98%) and the PPV was relatively low (16% for both models). At a 10%
threshold, the sensitivity for both models decreased, with model 1 at 34% and model 2 at 32%.

Specificity increased to 98% for both model 1 and model 2. The PPV almost doubled, 31% for
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model 1 and 34% for model 2. Both models maintained a high NPV of 98%. At a 15% threshold,
there was a further reduction in sensitivity, with model 1 at 22% and model 2 at 23%, while
specificity improved for both models (99% for model 1 and 100% for model 2). PPV improved
drastically to 57% for model 1 and 67% for model 2, while NPV was constant at 98%. The AUC-
ROC values were 0.849 (95% Cl 0.837-0.861) and 0.841 (95% Cl 0.828-0.854) in models 1 and 2,
respectively. They were slightly lower than AUC-ROC in the testing cohort (0.863 in model 1 and
0.861 in model 2, table 10). However, the AUC-PR was 0.335 (95% Cl 0.309-0.362) and 0.350
(95% Cl 0.323-0.376) for models 1 and 2, respectively, which was slightly higher than in testing
cohorts (0.306 in model 1 and 0.304 in model 2, table 10). Brier score for both the models was
low at 0.027 (95% Cl 0.025-0.028). The calibration plot for both the XGBoost models

demonstrated strong calibration throughout in the Alberta cohort, except for underestimation

at the highest predicted risks, as shown in figures 17 and 18.

Table 14: Model performance in external validation of the XGBoost at different thresholds of

predicted probability of major postoperative outcomes in the Alberta cohort

Threshold 10% 15%
Model 1 2 1 2 1 2
Sensitivity ~ 56% (53%- 56% (53%- 34% (31%- 32%(29%- 22% (20%- 23% (21%-
59%) 59%) 37%) 34%) 25%) 25%)
Specificity ~ 91% (90%- 90% (90%- 98% (97%- 98% (98%- 99% (99%- 100%
91%) 91%) 98%) 98%) 100%) (100%-
100%)
PPV 16% (15%- 16% (15%- 31% (28%- 34% (31%- 57% (52%- 67% (63%-
17%) 17%) 33%) 37%) 61%) 72%)
NPV 98% (98%- 98% (98%- 98% (98%- 98% (98%- 98% (97%- 98% (97%-
99%) 99%) 98%) 98%) 98%) 98%)
AUC-ROC 0.849 0.841 0.849 0.841 0.849 0.841
(0.837- (0.828- (0.837- (0.828- (0.837- (0.828-
0.861) 0.854) 0.861) 0.854) 0.861) 0.854)
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AUC-PR 0.335 0.350 0.335 0.350 0.335 0.350

(0.309- (0.323- (0.309- (0.323- (0.309- (0.323-
0.362) 0.376) 0.362) 0.376) 0.362) 0.376)
Brier 0.027 0.027 0.027 0.027 0.027 0.027
(0.025- (0.025- (0.025- (0.025- (0.025- (0.025-
0.028) 0.028) 0.028) 0.028) 0.028) 0.028)

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely surgery type (vascular, more than one, peritoneal dialysis), surgery setting
(emergency inpatient and outpatient), comorbidities (history of myocardial infarction), albumin and hemoglobin values
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Figure 17: Calibration plot for XGBoost model (model 1) in the Alberta cohort
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Figure 18: Calibration plot for XGBoost model (model 2) in the Alberta cohort
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Both random forest (RF) and XGBoost models exhibited commendable and comparable
performance. In the testing cohort, while XGBoost utilized a smaller set of features, random
forest achieved a slightly higher AUC-ROC and AUC-PR scores. However, in the Alberta cohort,
XGBoost model displayed a slightly higher AUC-ROC and AUC-PR scores than random forest
model. We provided a 8 variable XGBoost model and a 20 variable random forest model, both of

which demonstrated excellent performance.
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Sensitivity analysis:

Table 15: Random forest model performance (95% Cl) in first surgery cohort

Retrain and apply? Apply model?
Surgeries 4,175
Model 1 2 1 2
ROC-AUC 0.851 (0.792- 0.842 (0.779- 0.915 (0.896- 0.917 (0.898-
0.910) 0.904) 0.935) 0.937)
AUC-PR 0.339 (0.206- 0.310 (0.189- 0.430 (0.357- 0.439 (0.365-
0.471) 0.445) 0.506) 0.514)
Brier 0.035 (0.028- 0.035 (0.028- 0.033 (0.029- 0.032 (0.028-
0.045) 0.045) 0.037) 0.037)

1 Split the cohort into training (70%) and test set (30%). Retrained the models on training set and assessed performance on test
set.

2 Applied the pretrained models on the cohort and assessed their performance.

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely age, sex, surgery type (vascular, more than one, peritoneal dialysis, arteriovenous
fistula, musculoskeletal, low-risk surgeries), surgery setting (emergency inpatient and outpatient), kidney failure type
(hemodialysis), comorbidities (history of myocardial infarction, dementia, chronic pulmonary disease, liver disease, peripheral
vascular disease, cancer), albumin and hemoglobin values

The performance of the random forest models on the cohort restricted to only the first surgery
per participant, which consisted of 4,175 surgeries, was summarized in table 15. Model 1
achieved a ROC-AUC of 0.851, an AUC-PR of 0.339, and a Brier score of 0.035 when retrained on
the training set and evaluated on the test set. Model 2 showed a ROC-AUC of 0.842, an AUC-PR
of 0.310, and a Brier score of 0.035. However, when the original pre-trained models were
applied to the full cohort, model 1 ROC-AUC was 0.915, an AUC-PR of 0.430, and the Brier score
of 0.033. Model 2 exhibited a slight increase in performance with a ROC-AUC of 0.917, AUC-PR
of 0.439, and a Brier score of 0.032.

Table 16: XGBoost model performance (95% Cl) in first surgery cohort

Retrain and apply? ‘ Apply model?
Surgeries 4,175
Model 1 2 1 2
ROC-AUC 0.855 (0.795- 0.852 (0.793- 0.876 (0.850- 0.856 (0.826-
0.915) 0.911) 0.903) 0.887)
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AUC-PR 0.342 (0.215- 0.307 (0.176- 0.353 (0.279- 0.329 (0.029-
0.484) 0.428) 0.430) 0.038)

Brier 0.034 (0.027- 0.035 (0.027- 0.033 (0.256- 0.034 (0.030-
0.044) 0.044) 0.406) 0.039)

1 Split the cohort into training (70%) and test set (30%). Retrained the models on training set and assessed performance on test
set.

2 Applied the pretrained models on the cohort and assessed their performance.

Model 1: Baseline model includes all features namely age, sex, surgery type, surgery setting, kidney failure type, comorbidities,
albumin and hemoglobin values

Model 2: Includes selected features namely surgery type (vascular, more than one, peritoneal dialysis), surgery setting
(emergency inpatient and outpatient), comorbidities (history of myocardial infarction), aloumin and hemoglobin values

For the XGBoost model (table 16), model 1 achieved a ROC-AUC of 0.855, an AUC-PR of
0.342, and a Brier score of 0.034 when retrained and tested. Model 2 had slightly lower
performance metrics with a ROC-AUC of 0.852, AUC-PR of 0.307, and a Brier score of 0.035.
When the pre-trained models were applied to the full cohort, model 1 exhibited ROC-AUC was
0.876, an AUC-PR of 0.353, and the Brier score was 0.033. Model 2 showed ROC-AUC of 0.856,
AUC-PR of 0.329, and a Brier score of 0.034.

When the pre-trained models were applied to the first surgery cohort, the calibration
plots for both random forest and XGBoost models (figures 19 and 20) demonstrated strong
calibration except for underestimation at the highest predicted risks. However, when models
were retrained and applied, they exhibited poor calibration. Both discrimination and calibration
results indicated that applying the pre-trained models on the first surgery cohort performed

better then retrained models.
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Figure 19: Calibration plot for random forest models in the first surgery cohort
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Figure 20: Calibration plot for XGBoost models in the first surgery cohort
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Discussion
In this external validation study, we assessed the performance of the AKDN models in an
independent population. The models indicated good discriminative ability between those who
would and would not experience the event. The calibration plots showed strong calibration
throughout, except for overestimation at the highest predicted risks. We developed a new
parsimonious machine-learning models for perioperative outcomes in patients with kidney
failure undergoing non-cardiac surgery. Our findings show that machine-based approaches to
predict peri-operative events performed well. These methods also demonstrated clinical utility
and usability through their use of routinely collected data. Our findings support the use of
either modeling approach and turn the focus to knowledge translation of these findings to
clinical decision support through integration in electronic health records and patient-facing

decision aids.

Most patients facing major surgery are appropriately concerned about the risk of
adverse perioperative outcomes. In the setting of elective surgery, the risk of outcomes, if high,
may inform the decision to forego the procedure and consider a conservative approach. Existing
risk prediction tools may not adequately consider the specific variables associated with kidney
failure, which can lead to underestimation or overestimation of risk. RCRI is a commonly used
tool that provides perioperative cardiac risk assessment and management guidelines for
patients undergoing non-cardiac surgery. However, the tool showed poor external validity
among the cohort of people with kidney failure.** The inclusion of kidney failure-specific
predictors as well as a focus on building models exclusively for this population, as done in these
models helps fill this gap, providing clinicians with a more refined tool. To our knowledge, this
research describes the first two externally validated prediction models that predict the risk of
major cardiovascular events and death for people with kidney failure having non-cardiac

surgery.

Patients with kidney failure were more likely to develop post-operative complications

and mortality.>*3 Incorporating unique predictors that affect those with kidney failure
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addressed the limitations of the current perioperative risk prediction tools. Both AKDN and ML
models offer a more tailored and precise approach to risk prediction, allowing for better
preparedness and personalized care strategies. The potential for these models to transform care
practices underscores the need for continued research and validation in diverse clinical settings,
aiming to standardize and improve the quality of care for patients with kidney failure

undergoing surgery.

We also developed and externally validated machine learning algorithms to predict the
risk of major cardiovascular events and death for people with kidney failure having non-cardiac
surgery. Previously, much clinical data was either overlooked or not collected due to its
complexity and the lack of collection and storage methods. Now, advancements in data
collection are opening doors to better analyze this data. Machine learning algorithms are being
utilized more frequently to assist in predicting clinical outcomes, to enhance healthcare

epidemiology by leveraging the collected data more effectively.?®

In various studies, machine learning models have consistently demonstrated superior
performance over logistic regression. For instance, the random forest model outperformed the
logistic regression model in predicting diabetes with higher precision, recall, and area under the
curve values in a study conducted in Saudi Arabia.”> Another meta-analysis compared logistic
regression with machine learning models for prognostic prediction studies in pregnancy care
and found that machine learning algorithms performed better than logistic regression models
for several outcomes.’® Similarly, machine learning models outshone traditional logistic
regression models in predicting cardiovascular risks among Chinese patients with
hypertension.”” At the same time, there are also studies where machine learning models
performed at or below par with logistic regression models and logistic regression was chosen

for better model interpretability and simplicity.3>78-82

Our results indicated that random forest and XGBoost models could effectively identify

high-risk patients for major cardiovascular events and death. We tested several thresholds of
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the predicted probabilities, and each threshold provided a different balance in accurately
detecting those truly at risk and correctly ruling out those who are not. This offered crucial
insights for customizing risk assessment strategies when caring for kidney failure patients who
are undergoing non-cardiac surgery. We provided a 8 variable XGBoost model and a 20 variable

random forest model, both of which demonstrated excellent performance.

Study strengths
A noteworthy strength of our study was the external validation of the AKDN models, which
were developed using Alberta data, using Manitoba data. By successfully applying these models
to a separate cohort, we demonstrated their potential for widespread use and contributed
valuable evidence to support their effectiveness outside their initial development cohort. This
significantly bolsters the generalizability of the AKDN models, offering a solid foundation for
their adoption in healthcare environment and facilitating improved patient outcomes through

informed decision-making.

We leveraged a retrospective design and utilized secondary data from the MCHP
databases to develop a risk prediction model, which saved significant time and financial
resources compared to developing a prospective registry for CKD G5 patients undergoing major
non-cardiac surgery.3 Another strength of our study was external validation on Alberta data,
which is critical for machine learning models. This was particularly vital because external
validation verified model’s generalizability and provided evidence about its robustness and

suitability for clinical adoption.%°

Study limitations
A significant limitation of this study was the lack of external validation on non-Canadian
populations. Our models were developed using data from Manitoba and then externally
validated using data from Alberta; both are Canadian provinces and may not universally
represent diverse patient populations. Without validation through external datasets outside

Canada, the generalizability of our models in other countries remains uncertain. We did not

72



account for clustering in our models, however, when we restricted to one surgery per patient,

both random forest and XGBoost models performed well.

We were limited by the available data and were unable to include biomarkers (such as
Troponin T or BNP/NT-proBNP) in our model. Some of these markers are known to have strong
associations with perioperative outcomes?4, but their limited availability in both provinces did

not allow us to examine their potential utility in perioperative risk prediction

Next steps
We will seek to externally validate the machine learning model in different populations to verify
the model’s generalizability. We will consider incorporation into relevant electronic databases to
facilitate use in clinical care. We will also consider the development of an online medical
calculator such as Calculate by QxMD or the perioperative risk calculator database, to assist

healthcare professionals in making patient centered decision.?>8¢

Conclusion
In conclusion, we present two highly accurate and externally validated models to predict MACE
or mortality in patients with kidney failure undergoing non-cardiac surgery using population-
based routinely collected data. In addition, we also demonstrate the potential benefits of
utilizing machine-learning methods in clinical settings through the innovative application of
machine learning techniques in developing a new parsimonious model. This study lays the
groundwork for future model development for perioperative events using machine learning

methods in the general population.
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Appendix 1. Surgical Categories by Canadian Classification of Health Intervention (CCl) codes

Surgery Type

Section, Group, Intervention Components Codes based on Canadian
Classification of Interventions (CCl)

Arteriovenous fistula

1JM50 1JM51 1JM57 1JM58 1JM76 1JM80 1JM82 1JM87 1KY76LA 1KY76LAS)
1KY76LAXXA 1KY76LAXXL 1KY76LAXXN 1KY80 1KY76

Head and Neck

1DA56LA 1DAS58 1DA59HATSY 1DA59JAGX 1DA80 1DA82 1DA83 1DA84 1DA87
1DA89 1DA91 1DE56LA 1DES59JAGX 1DE8O 1DE84 1DE86 1DE87 1DE91 1DF53
1DF58 1DF71JA 1DF72LA 1DF80 1DF85 1DF87 1DF89 1DG 1DJ53 1DJ80
1DKS59LAGX 1DK80 1DK85 1DK87 1DK91 1DE53 1DL59LAGX 1DL80 1DL87
1DL89 1DL91 1DM53 1DN76QRQB 1DP53 1DR57 1DR59LAKD 1DR59QRAZ
1DR59QRKD 1DR59QRX7 1DR72 1DR80 1DR89 1DR91 1DZ70 1DZ94 1EA56
1EA58 1EA72 1EA73 1EA74 1EA80 1EA87 1EA92 1EB73LA 1EB74 1EB80 1EB87
1EC 1ED56 1ED73 1ED74 1ED79 1ED80 1ED83 1ED87 1ED91 1EE56 1EES58
1EE71 1EE73 1EE78 1EE79 1EE80 1EE83 1EE87 1EE91 1EF73 1EF74 1EF80 1EG
1EH 1EJ87 1EJ89 1EL53 1EL57LA 1EL72DA 1EL72LA 1EL74 1EL80 1EL83 1EM53
1EM73LA 1EM74 1EM80 1EM86 1EM87 1EN53 1EN73LA 1EN74 1EN80 1EN87
1ENS1 1EP58 1EP72 1EP80 1EP87 1EQ56LA 1EQ59 1EQ70 1EQ87 1EQ94 1ES58
1ES80 1ES87 1ET56LA 1ET57LA 1ET59LAAD 1ET59LAAG 1ETS59LAGX 1ET72LA
1ET73 1ET80 1ET82 1ET86 1ET87 1ET89 1EU87 1EU89 1EV87 1EW80 1EW86
1EW87 1EW91 1EX59 1EX80 1EX87 1EY87 1EY91 1FA53 1FAS6LA 1FA84 1FA87
1FA91 1FB53 1FB80 1FB86 1FB87 1FB91 1FC56LA 1FC80LAXXB 1FC80LAXXE
1FC87 1FG56LA 1FG58 1FG59JAGX 1FG72 1FG80 1FG87 1FH56LA 1FH59JAGX
1FH78 1FH80 1FH87 1FJ56LA 1FJ59JAGX 1FJ72 1FJ74 1FJ80 1FJ87 1FJ91 1FK94
1FL51 1FL57 1FL80 1FL87 1FL89 1FM50 1FM51 1FM57 1FM80 1FM83 1FM87
1FM89 1FM91 1FN51 1FN57 1FN59 1FN80 1FN83 1FN87 1FN89 1FQS56LA
1FQ59HAAW 1FQ78 1FQ80 1FQ87 1FQ89 1FR56LA 1FR59JAGX 1FR87 1FR89
1FU71 1FU87 1FU89 1FU91 1FV83 1FV87 1FV89 1FX56LA 1FX80 1FX86 1FX87
1FX91 1GA74 1GA80 1GA83 1GA87 1GA89 1GB 1GC50 1GC59 1GD53 1GD74
1GD83 1GD87 1GD89 1GE50 1GE56LA 1GE8O 1GE87 1GE89 1GE91 1GH71
1GH84 1GJ50LA 1GJ50LANR 1GJ53LAPM 1GJ56LA 1GJ77 1GJ80 1GJ82 1GI85
1GJ86 1GJ87 1GK52LA 1GK59LAGX 1GK74LA 1GK80 1GK83 1GK87 1GK89
1MB87LA 1MC87 1MC89 1MC91 1ML59 1ML87

Intra-abdominal

1IMG87 1MG89 1MJ87 1MJ89 1MJ91 1MP50 1MP51 1MP59 1MP76 1MP80
1MP87 1INF8ODAXXE 1INFS8ODAXXN 1NF8OLA 1INF8OLAXXE INFS8OLAXXN 1NF82
INF84 1NF86 INF87 1NF89 1INFO0 1NF91 1INF92 1NK53DATS 1INK53LAQB
INKS53LATS INK56DA 1NKS56LA 1NK58 1NK74 1INK76 1INK77 1NK80 1NK82
INK84 1NK85 1NK87DA 1INK87DN 1NK87DP 1NK87DX INK87DY 1NK87LA
INK87RE 1NK87RF 1NK87TF 1INK87TG 1INM56DA 1INMS56LA 1INM58 1NM74
INM76 INM77 INM80 1INM82 1INM87 INM89 1INM91 1INP58 1NP72
INP73LA 1INP85 1NP86 1INV89 10A53 10A58 10A59DAGX 10A59LAGX 10A74
10A85 10A87 10B59DAGX 10B59LAGX 10B74 10B83 10B85 10B87 10B89
10D57 10D76 10D80 10D86 10D89 10E57DAAG 10E57DAAM 10E57DAAS

87




10E57DAAZ 10E57DABD 10E57DAGX 10E57HAAG 10E57HAAM 10E57HAAS
10E57HAAZ 10E57HABD 10E57HAGX 10E57LAAG 10E57LAAM 10E57LAAS
10E57LAAZ 10E57LABD 10E57LAGX 10E59KQ 10E76 10E80 10E84 10E86
10E87 10E89 10J53 10J56 10J76 10J83 10J85 10J87 10J89 10K58 10K85
10K87 10K89 10K91 10T56 10T58 10770 10T72 10T80 10T87 10T91
10W12 10W80DA 10WS80LA 10W87 10W89 10Z94LA

Kidney Transplant

1PC85

Musculoskeletal
(MSK)

1VZ94LA 1VZ70LA 1VS80 1VS72 1VS58 1VR80 1VR72 1VR58 1VR57 1VQ93
1vQ91 1vQ87 1vQ83 1vQ82 1VQ80 1vQ79 1vVQ74 1VvQ73LA 1VQ58 1VP89
1VP87 1VP80 1VP74 1VP73LA 1VP72 1VP53 1VN 1VM 1VL 1VK89 1VK87
1VK80 1VG93 1VG87 1VG83 1VG80 1VG75 1VG74 1VG73LA 1VG72LA
1VG72DA 1VG58DA 1VG57 1VG53 1VES8O 1VE72 1VES58 1VD87 1vD80 1VD72
1vD58 1VvD57 1vC93 1VC91 1vC87 1VC83 1VC82 1VC80 1VC79 1VC74
1VC73LA 1VC58 1VA93 1VA87 1VAS83 1VA80 1VA75 1VA74 1VA73LA 1VAT72LA
1VA72DA 1VA58DA 1VA57 1VA53 1UV80 1UV72 1UV58 1UU84 1UU80 1UU72
1UUS53 1UT84 1UT80 1UT72LA 1UT53 1US80 1US72 1US58 1UK93 1UK87
1UK80 1UK75 1UK74 1UK73LA 1UK72LA 1UK53 1UJ93 1UJ87 1UJ82 1UJ80
1UJ75 1UJ74 1UJ73LA 1UJ71 1UJ58 1UG93 1UG87 1UG80 1UG75 1UG74
1UG73LA 1UG72LA 1UG72JAHB 1UG72JAAZ 1UG57 1UG53 1UF93 1UF87
1UF84 1UF82 1UF80 1UF79 1UF74 1UF73LA 1UC89 1UC87 1UC82 1UC80
1UC79 1C75 1UC74 1UC73LA 1UC72 1UC57 1UC53 1UB93 1UB87 1UB83
1UB80 1UB75 1UB74 1UB73LA 1UB72LA 1UB72DA 1UB58 1UB57 1UB53
1TZ94LA 1TZ70LA 1TV93 1TV91 1TV87 1TV84 1TV83 1TV82 1TV80 1TV79
1TV74 1TV73LA 1TV58 1TS80 1TS72 1TS58 1TQ80 1TQ72 1TQ58 1TQ57
1TM93 1TM87 1TM83 1TM80 1TM75 1TM74 1TM73LA 1TM72LA 1TM72DA
1TM58 1TM57 1TM53 1TK93 1TK91 1TK87 1TK83 1TK82 1TK80 1TK79 1TK74
1TK73LA 1TK58 1TH 1TF80 1TF72 1TF58 1TF57 1TC80 1TC72 1TC57 1TB87
1TB80 1TB74 1TB72LA 1TB72JAHB 1TB72JAAZ 1TB72DA 1TA93 1TA87 1TA83
1TA80 1TA75 1TA74 1TA73LA 1TA72LA 1TA72DA 1TA58 1TA57 1TA53 1SY87
1SY84 1SY80 1SY72 1SY58 1SY57 1SY53 1SW87 1SW74 15Q93 1SQ91 1SQ87
1SQ83 1SQ80 1SQ74 15Q58 15Q53 1SN93 1SN87 1SN75 1SN74 1SN72 1SN58
1SM87 1SM80 1SM74 1SM73LA 1SL91 1SL89 1SL87 1SL80 1SL74 1SL73LA
1SL58 1SK87 1SK80 1SK74 1SK73LA 1SG87 1SG80 1SG72WK 1SG72WJ 15SG58
1SF89 1SF87 1SF80 1SF75 1SF74 1SF73PF 1SE89 1SE87PF 1SE59LAGX 1SE53
1SC89 1SC87 1SC80 1SC75 1SC74 1SC72JAHB 1SC72JAAZ 1SA89 1SA80 1SA75
1SA74

Neurosurgery

1AA53SZPL 1AA80 1AA87 1AB86 1AB87 1AC50 1AC52 1AC53 1AC59 1AC87
1AE53 1AE59 1AE85 1AE87 1AF59 1AF87 1AG87 1AJ53 1AJ87 1AN53 1AN56
1AN59 1AN70 1AN73 1AN87 1AP52 1AP53 1AP59 1AP72 1AP87 1AWS59
1AW72 1AW87 1AX52MES] 1AX52MQSJ 1AX53 1AX56 1AX73 1AX80 1AX86
1AX87 1AZ94 1BA53S5ZDV 1BAS59 1BA72 1BA80 1BA87 1BB53 1BB58 1BB59
1BB72 1BB80 1BB87 1BD58 1BD59 1BD72 1BD80 1BD87 1BF 1BG 1BJ53 1BJ59
1BK59 1BM 1BN 1BP 1BQ 1BS58 1BS59 1BS72 1BS80 1BS87 1BT 1BX53 1BX59

88




1BX72 1BX80 1BX87 1BZ 1JW50 1JW51 1JW57 1JW59 1JW76 1JW89 1JW86
w87

Peritoneal Dialysis
Catheter

10T53 10T54 1YY53LATS 1SY55

Skin and Soft Tissue

1MD87 1MD89 1MK87 1MK89 1MR50 1MR51 1MR52HA 1MR59 1MR76
1MR80 1MR87 1MR91 1MS50 1MS51 1MS52 1MS59 1MS76 1MS80 1MS87
1MS91 1SH56LA 1SH59 1SH87 1SZ56LA 1SZ59 15787 1TX56LA 1TX59LA
1TX59LAGX 1TX87 1UY56LA 1UY57 1UY59 1UY72 1UY80 1UY87 1VX56LA
1VX59LAGX 1VX87 1WV56LA 1WV57 1WV58 1WV59LAGX 1WV72 1WV80
1WV87 1YA14JAXXK 1YAT14JAXXL 1YA14JAXXN 1YA14JAXXP 1YA53 1YAS8
1YA59JAGX 1YA59JALV 1YA80 1YA83 1YA87 1YB14JAXXK 1YB14JAXXL
1YB14JAXXN 1YB14JAXXP 1YB53 1YB58 1YB59JAGX 1YB74 1YB8OLAXXA
1YBBOLAXXB 1YBSOLAXXE 1YB8OLAXXF 1YB87 1YC14JAXXK 1YC14JAXXL
1YC14JAXXN 1YC14JAXXP 1YC58LAXXA 1YC59JAGX 1YC8OLAXXA 1YC80LAXXB
1YCBOLAXXE 1YC87 1YD14JAXXK 1YD14JAXXL 1YD14JAXXN 1YD14JAXXP
1YDS59JAGX 1YD8SOLAXXA 1YD8OLAXXB 1YD8OLAXXE 1YD8OLAXXF 1YD87
1YE14JAXXK 1YE14JAXXL 1YE14JAXXN 1YE14JAXXP 1YES59JAGX 1YE74 1YE78
1YE79LAXXA 1YE79LAXXL 1YE79LAXXN 1YESOLAXXA 1YESOLAXXB 1YESOLAXXE
1YE87 1YF14JAXXK 1YF14JAXXL 1YF14JAXXN 1YF14JAXXP 1YF53 1YF57JACF
1YF58 1YF59JAGX 1YF74 1YF8OLAXXA 1YF80OLAXXB 1YF8OLAXXE 1YF80LAXXF
1YF87 1YG14JAXXK 1YG14JAXXL 1YG14JAXXN 1YG14JAXXP 1YG53 1YG58
1YG59JAGX 1YG74 1YG8OLAXXA 1YG8OLAXXB 1YG8OLAXXE 1YG8OLAXXF
1YG87 1YR14JAXXK 1YR14JAXXL 1YR14JAXXN 1YR14JAXXP 1YR59JAGX
1YR78LA 1YR78LAAZ 1YR8OLAXXA 1YR8OLAXXB 1YR8OLAXXE 1YR8OLAXXF
1YR87 1YS14JAXXK 1YS14JAXXL 1YS14JAXXN 1YS14JAXXP 1YS53 1YS58
1YS59JAGX 1YS74 1YS78LA 1YS78LAAZ 1YS80 1YS87 1YT14JAXXK 1YT14JAXXL
1YT14JAXXN 1YT14JAXXP 1YT53 1YT58 1YT59JAGX 1YT78HA 1YT78LA
1YT78LAAZ 1YT80 1YT87 1YU14JAXXK 1YU14JAXXL 1YU14JAXXN 1YU14JAXXP
1YU53 1YUS58 1YU59JAGX 1YUSOLAXXA 1YUSOLAXXB 1YUSOLAXXE
1YUSOLAXXF 1YU8SOLAXXG 1YU87 1YV14JAXXK 1YV14JAXXL 1YV14JAXXN
1YV14JAXXP 1YV53 1YV58 1YV59JAGX 1YV74 1YV78LA 1YV78LAAZ
1YV8OLAXXA 1YV8OLAXXB 1YV8OLAXXE 1YV8OLAXXF 1YV87 1YW14JAXXK
1YW14JAXXL 1YW14JAXXN 1YW14JAXXP 1YW53 1YWS58 1YW59JAGX
1YWS8OLAXXA 1YWS8OLAXXB 1YWS8OLAXXE 1YWS8OLAXXF 1YW87 1YX80 1YX87
1YX89 1YY14JAXXK 1YY14JAXXL 1YY14JAXXN 1YY14JAXXP 1YY80 1YY87 1YY87
1YY89 1YZ14JAXXK 1YZ14JAXXL 1YZ14JAXXN 1YZ14JAXXP 1YZ53 1YZ58
1YZ59JAGX 1YZ59JALV 1YZ78LA 1YZ78LAAZ 1YZ80LAXXA 1YZ8OLAXXB
1YZ8OLAXXE 1YZ80LAXXF 1YZ87 1YZ94 1YZ94LA

Vascular (excluding
fistula procedures)

1ID57 11D76 11D80 11D82 1ID86 11D87 1JD53 1JD59 1JD89 1JE50 1JE51 1JE57
1JE58 1JE59 1JE76 1JE80 1JE87 1JJ50 1JJ51 1JJ57 1JJ58 1JJ76 11180 11183 11187
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1JK50 1JK51 1JK57 1JK58 1JK76 1JK80 1JK87 1JL50 1JL51 1JL57 1JL58 1JL80
1JL87 1JQ50 1JQ51 1JQ57 1JQ80 1JQ87 1JT50 1JT51 1JT57 1JT58 1JT80 1JT87
1JU 1JY50 1JY51 1JY57 1JY76 1JY80 1JY87 1KA50 1KA53 1KA57 1KA58 1KA76
1KA80 1KA82 1KA87 1KE50 1KE51 1KE57 1KE58 1KE76 1KE80 1KE87 1KG50
1KG51 1KG57 1KG58 1KG76 1KG80 1KG82 1KG87 1KQ 1KR34 1KR50 1KR51
1KR53 1KR57 1KR58 1KR59 1KR76 1KR78 1KR80 1KR83 1KR87 1KT50 1KT51
1KT58 1KT76 1KT80 1KT82 1KT87 1KV53 1KV80 1KX80 1KZ 1KY*

*IKY with the exception of arteriovenous fistula creation (in separate
category)

Low-risk (composite
of Ophthalmologic,
breast, thoracic,
retroperitoneal,
lower urologic and
gynecologic, and
anorectal)

Ophthalmologic:

1CC58 1CC59JAGX 1CC80LAXXA 1CC80LAXXK 1CC80LAXXQ 1CC84 1CC85
1CC87 1CD52 1CD53 1CD80OLAXXA 1CD80LAXXK 1CD87 1CE56LA 1CES6LALZ
1CF59LAGX 1CF87 1CF91 1CG59 1CG71 1CG76 1CG87 1CH59LAGX 1CH72
1CH80 1CH87 1CJ56 1CJ59LAGX 1CJ80 1CJ87 1CL53 1CL56 1CL59 1CL87 1CL89
1CM59LA 1CM89 1CN59LAGX 1CN59LAGY 1CN72 1CP53 1CP56 1CP80 1CP87
1CP89 1CP91 1CQ59LAGX 1€Q72 1€CQ78 1€CQ80 1€Q83 1€CQ87 1CRB0 1CR87
1CS56LA 1CS56LALZ 1CS59JAGX 1CS72 1CS80 1CS84 1CS87 1CT51 1CT59
1CT80 1CT87 1CT89 1CU50 1CU51 1CU56 1CU57 1CUS9LAGX 1CU72 1CU76LA
1CU76LANR 1CU76ML 1CU76MLNR 1CUS80 1CU87 1CU89 1CV 1CX56LA
1CX59JAGX 1CX72 1CX74 1CX78 1CX80 1CX84 1CX87 1CX88 1CZ56LA 1CZ70
1CZ94HA 1CZ94LA

Breast:

1YKS50 1YK58 1YK80 1YK83 1YK84 1YK87 1YK89 1YK90 1YL87 1YL89 1YM58
1YM74 1YM78 1YM79 1YM80 1YM87 1YM88 1YM89 1YM90 1YM91 1YM92
Thoracic

1GMS50LA 1GM56LA 1GM80DAXXE 1GMS80LA 1GMS8OLAXXE 1GM8O0LAXXG
1GM86 1GM87 1GN 1GR 1GT56 1GT58 1GT59 1GT78 1GT80 1GT85 1GT87
1GT89 1GT91 1GV56 1GV59DAGX 1GV59DAZ9 1GV59LAGX 1GV76 1GV80
1GV87 1GV89 1GW56 1GW59 1GW87 1GX78 1GX80 1GX86 1GX87 1GY56
1GY70 1GY72 1GY86 1GY94DA 1GY94LA 1ME87 1ME89 1MF87 1MM 1MN50
1IMN51 1IMN59 1IMN74 1IMN76 1IMN77 1IMN80 1MN87 1NA56DB
INAS6DBXXF 1INA56DBXXG 1NAS6EZ INAS6EZXXG 1NAS6FA 1NAS6FAXXF
INAS6FAXXG 1NA5S6LB 1INAS6LBXXF INAS6LBXXG 1NAS6LP 1NAS6LPXXF
INA56LPXXG 1NA56QB 1NAS6QBXXF 1INA56QBXXG 1NAS56QFXXF
INA56QFXXG 1INA72 1NA74 1INA76 1INA77 1INA8O 1NA82 1NA84 1NA86
1NA87 1NA88 1NA89 1NA9O 1NA91 1NA92

Retroperitoneal:

1PB87 1PB89 1PC51LALV 1PC56 1PC59DAGX 1PC59LAGX 1PC80 1PC82 1PC83
1PC86 1PES50DABD 1PE50DABF 1PES0DABJ 1PES6DA 1PES6LA 1PES9LAAG
1PE59LAGX 1PE76 1PE77 1PE8O 1PE82 1PE87 1PE89 1PG50DABD 1PG50DABF
1PG50DABJ 1PG50LABJ 1PG52DA 1PG56DA 1PG56LA 1PG57DAGX
1PG57LAAM 1PG57LAGX 1PG59DAAG 1PG59DAAS 1PG59DAAT 1PG59DAAZ
1PG59DAGX 1PG59KQAP 1PG59KQAQ 1PG59KQAR 1PG59LAAG 1PG59LAGX
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1PG72 1PG74 1PG76 1PG77 1PG80ODA 1PG80LA 1PG80LAXXE 1PG80LD 1PG82
1PG86 1PG87 1PG98 1PL50LAGX 1PL53 1PL59LAAD 1PL59LAAG 1PL59LAAS
1PL59LAAZ 1PL59LAGX 1PL72LA 1PL72LAAG 1PL74 1PL80 1PL87 1PM56DA
1PM56LA 1PM57DAGX 1PM57LAGX 1PM58LA 1PM59DAAG 1PM59DAAS
1PM59DAAT 1PM59DAAZ 1PM59DAGX 1PM59DAX7 1PM59KQAP
1PM59KQAQ 1PM59KQAR 1PM72 1PM77 1PM79 1PM80AF 1PMS8O0F)
1PM80OLA 1PM82 1PM84 1PM86 1PM87LA 1PM89LA 1PM90 1PM91 1PM92
Lower Urologic and gynecologic:

1MH87 1MH89 1PQ53LAPZ 1PQ56DA 1PQ56LA 1PQ56QY 1PQ57LAAM
1PQ57LAGX 1PQ59FLAD 1PQ59FLAG 1PQ59FLAS 1PQ59FLAZ 1PQ59FLGX
1PQ59LAAZ 1PQ59LAGX 1PQ72 1PQ77 1PQ78 1PQ80 1PQ82 1PQ86 1PQ87
1PQ89 1PV57LAGX 1PV59LAGX 1PV80 1PZ94DA 1PZ94HA 1PZ94LA 1QD72
1QD89 1QE14JAXXK 1QE14JAXXL 1QE14JAXXN 1QE14JAXXP 1QE53 1QES6
1QES58 1QE59LAAD 1QES59LAAG 1QES59LAGX 1QE59LAX7 1QE72 1QE76 1QE80
1QE82 1QE84 1QE87 1QE89 1QG14JAXXK 1QG14JAXXL 1QG14JAXXN
1QG14JAXXP 1QG53 1QG56 1QG59LAAD 1QG59LAAG 1QG59LAGX
1QG59LAX7 1QG78 1QG80 1QG87 1QG89 1QH80 1QH87 1QJ53 1QJ58 1QJ80
1QJ87 1QJ89LA 1QM56 1QM58 1QM74 1QM80 1QM87 1QM89 1QM91 1QON
1QP51 1QP52 1QP72 1QP73 1QP87 1QQ87 1QQ89 1QT87PB 1QT87PK
1QT87PNGX 1QT87QZ 1QT87QZAG 1QT91 1QZ89 1QZ94DA 1QZ94HA
1QZ94LA 1RB56LA 1RB57DA 1RB57LA 1RB58 1RB59 1RB74 1RB80 1RB83
1RB85 1RB87 1RB89 1RD72 1RD89 1RF50DABJ 1RFS50DAGX 1RF50DAKR
1RFS50DANR 1RF50LABJ 1RFS50LAGX 1RF50LAKR 1RFS50LANR 1RF51 1RF56
1RF59DAAG 1RF59DAGX 1RF59LAAG 1RF59LAGX 1RF72 1RF74 1RF80 1RF87
1RF89 1RM56DA 1RM56LA 1RM59DAGX 1RM59LAGX 1RM72CAGX
1RM72DAGX 1RM72LAGX 1RM74 1RM80ODA 1RM80OLA 1RMS80OLAXXA
1RMS8OLAXXE 1IRM8OLAXXF 1IRM8O0OLAXXN 1RM80OLAXXQ 1RM87DAAG
1RM87DAAK 1RM87DAGX 1RM87LAAK 1IRM87LAGX 1RM89 1RM91 1RN74LA
1RNSODA 1RN8OLA 1RN8S8OLAFA 1RN8OLAXXA 1RN8OLAXXE 1RN89LA
1RN89LANRA 1RN89LANRE 1RN89LAXXA 1RN8ILAXXE 1RN89LAXXQ
1RS59DAGX 1RS74 1RS80CAXXA 1RS80CAXXB 1RS80CAXXE 1RS80CAXXG
1RS80CAXXN 1RS80CAXXQ 1RS80DA 1RS80LA 1RS80LAXXA 1RS80LAXXB
1RS80LAXXE 1RS80LAXXG 1RS80LAXXN 1RS80LAXXQ 1RS84 1RS86 1RS87
1RS89 1RW56LA 1RW59 1RW72 1RW80 1RW84 1RW87 1RW88 1RW91
1RW92 1RY14JAXXK 1RY14JAXXN 1RY14JAXXP 1RY56LA 1RY59JAGX 1RY80
1RY87 1RZ94DA 1RZ94LA

Anorectal:

INQ56DA 1NQ56LA INQ59DAAD 1NQ59DAAG 1INQ59DAGX INQ59HAX7
INQS59LAAD INQ59LAAG INQ59LAGX INQ72DA INQ72LA 1INQ72PB
INQ74DW 1NQ74ED 1NQ74E) INQ74PC 1INQ74PD 1INQ74PE 1NQ74SS
INQ74TV INQ74VT 1INQS8O 1NQ84 1NQ86 1NQ87CA 1NQ87DA 1NQ87DF
INQ87DX 1INQ87LA 1NQ87PB 1NQ87PF 1NQ87RD 1INQ87TF 1NQ89 1NQ90
INT53LADV INT53LAPM 1NT56LA INT72 1INT80 1NT84 1INT86 1NT87
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Appendix 2. Data elements

Data Element

| Data Element Source

Data element Description

Demographic Variables

Age Manitoba Health Insurance Registry | Continuous in years, calculated as
surgery date minus date of birth.
Sex Manitoba Health Insurance Registry | Dichotomous Male and Female

Surgical Variables

Category of surgery

Hospitalization Discharge Abstracts
Database (CCl codes)

Categorized into 11 surgical groups
per CCl codes as outlined in
Appendix 1.

Surgery setting

Hospitalization Discharge Abstracts
Database

Categorized into three categories:
Ambulatory surgery based on
surgery location/no planned
admission; Major elective based on
planned hospital admission with
inpatient surgery; Major
Urgent/Emergent based on
unplanned hospital admission with
inpatient surgery.

Kidney Failure Variables

Kidney Failure Type

Medical Claims
Shared Health Diagnostic Services

Hemodialysis: at least 2 of the tariff
codes on different dates (9798,
9799, 3803, 3800, 3801, 3804, 3790,
9801, 9802, 3792, 9814, 9820)

Peritoneal dialysis: at least 2 of the
tariff codes on different dates (9805,
9807, 3793, 3805, 3807, 9806, 9819,
9610, 3794, 9821, 3806)

CKD G5-ND: laboratory data

Comorbidities (defined with unrestricted lookback, or 5 years for cancer)

Cancer (any)

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: C00.x—C26.x, C30.x—
C34.x, C37.x—

C41.x, C43.x, C45.x—C58.x, C60.x—
C76.x, C81.x—C85.x, C88.x, C90.x—
C97.x;

ICD-9-CM: 140.x—172.x, 174.x—195.8,
200.x—208.x, 238.6

ICD-10-CA: C77.x-C80.x;
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ICD-9-CM: 196.x-199.x

Cerebrovascular
disease

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: G45.x, G46.x, H34.0,
160.x-169.x;
ICD-9-CM: 362.34, 430.x-438.x

Chronic Pulmonary
Disease

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: 127.8, 127.9, J40.x—J47 .x,
160.x-167.x,

168.4,170.1, J70.3;

ICD-9-CM: 416.8, 416.9, 490.x—
505.x, 506.4, 508.1, 508.8

Dementia Hospitalization Discharge Abstracts ICD-10-CA: FO0.x—F03.x, F05.1,
Database (ICD-10-CA) and Medical G30.x, G31.1 290.x;
claims (Enhanced ICD-9-CM) ICD-9-CM: 294.1, 331.2
Diabetes Hospitalization Discharge Abstracts ICD-10-CA: E10-14;

Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-9-CM: 250

Heart Failure

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: 109.9, 111.0, 113.0, 113.2,
125.5, 142.0, 142.5-142.9, 143.%, 150.x,
P29.0;

ICD-9-CM: 398.91, 402.01, 402.11,
402.91, 404.01, 404.03, 404.11,
404.13, 404.91, 404.93, 425 .4—-
425.9, 428.x

History of
Myocardial
Infarction

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: 121.x, 122.x, 125.2;
ICD-9-CM:410.x, 412.x

Hypertension

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: 110-113, 115
ICD-9-CM: 401-405

Liver disease (mild
and
moderate/severe)

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: B18.x, K70.0—K70.3,
K70.9,

K71.3—-K71.5, K71.7, K73.x, K74.x,
K76.0, K76.2—K76.4, K76.8, K76.9,
794.4;

ICD-9-CM: 070.22, 070.23, 070.32,
070.33,

070.44, 070.54, 070.6, 070.9,
570.x, 571.x, 573.3, 573 .4,
573.8,573.9,V42.7

ICD-10-CA: 185.0, 185.9, 186.4, 198.2,
K70.4,
K71.1, K72.1, K72.9, K76.5, K76.6,
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K76.7;
ICD-9-CM: 456.0-456.2, 572.2-572.8

Peripheral Vascular
disease

Hospitalization Discharge Abstracts
Database (ICD-10-CA) and Medical
claims (Enhanced ICD-9-CM)

ICD-10-CA: 170.x, 171.x, 173.1, 173.8,
173.9,177.1,

179.0, 179.2, K55.1, K55.8, K55.9,
795.8, 795.9;

ICD-9-CM: 093.0, 437.3, 440.x,
441.x, 443.1-443.9,47.1, 557.1,
557.9,v43.4

Laboratory investigations

Hemoglobin (g/L)

Shared Health Diagnostic Services

Most recent preoperative outpatient
hemoglobin that was drawn prior to
the procedure, i.e. date of
hemoglobin measure minus
admission date is 21 day, from
outpatient lab, and within one year
before the procedure itself.

Albumin (g/L)

Shared Health Diagnostic Services

Most recent preoperative outpatient
albumin drawn prior to the
procedure, i.e. date of albumin
measure minus admission date is 21
day, from outpatient lab, and within
one year before the procedure itself.
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