University of Calgary

A comparison of comorbidity scores to predict 1 year mortality
in critically ill adult patients

by

Susan Quach ©

A THESIS

SUBMITTED TO THE FACULTY OF GRADUATE STUDIES

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR THE

DEGREE OF MASTER OF SCIENCE

DEPARTMENT OF COMMUNITY HEALTH SCIENCES

CALGARY, ALBERTA

NOVEMBER, 2008



CALGARY

The author of this thesis has granted the University of Calgary a non-exclusive
license to reproduce and distribute copies of this thesis to users of the University
of Calgary Archives.

Copyright remains with the author.

Theses and dissertations available in the University of Calgary Institutional
Repository are solely for the purpose of private study and research. They may
not be copied or reproduced, except as permitted by copyright laws, without
written authority of the copyright owner. Any commercial use or publication is
strictly prohibited.

The original Partial Copyright License attesting to these terms and signed by the
author of this thesis may be found in the original print version of the thesis, held
by the University of Calgary Archives.

The thesis approval page signed by the examining committee may also be found
in the original print version of the thesis held in the University of Calgary
Archives.

Please contact the University of Calgary Archives for further information,
E-mail: uarc@ucalgary.ca

Telephone: (403) 220-7271

Website: http://www.ucalgary.ca/archives/




ABSTRACT

Introduction: This study explored the predictive ability of the Charlson and Elixhauser,
as a possible risk adjustment method used in an ICU study sample. The study also
examined whether Charlson and Elixhauser contained all comorbidities that were

associated with mortality in the ICU population.

Methods: Study participants include adult patients admitted to ICU in the Calgary Health
Region between April 2000 and March 2004. Clinical data was collected prospectively
and linked to hospital discharge data. Logistic regression analysis was used to compare
the performance of Charlson index and Elixhauser with APACHE I1. A Delphi process
was used to elicit information from 1CU physicians about comorbidities

Results: The original Charlson index and Elixhauser had adequate ability to predict one
year mortality in ICU patients (C=0.70 to 0.74). The addition of other variables, age and
sex, could substantially improve predictive power (C=0.69 vs. C=0.77). Charlson and
Elixhauser comorbidity lists are complete, with no other comorbidities missing for risk

adjustment in the ICU.

Conclusion: The Charlson index and Elixhauser can be used for risk adjustment of

comorbidities in the ICU population.
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CHAPTER 1: INTRODUCTION AND LITERATURE REVIEW

Over the past decades, there has been a growing demand for critical care services
in Canada. Previous research has shown that utilization of intensive care services
increased between 1969 and 1986 in both Canada and the United States(1). Within-
hospitals, specialized intensive care units are one of the most costly types of care offered.
For example, they accounted for 15.9% of inpatient direct expenses in Ontario acute care
hospitals between 1999-2000 and 2003-2004, but only 8.1% of inpatient days(2). Given
the increase in demands from an aging population that could escalate the costs of new
expensive drugs and technology, critical care services need to continually show that they
are effective for achieving optimal long term outcomes.

Comparisons between ICUs is challenging since patient groups may vary due to a
number of system level and patient factors. Therefore, it is essential to have risk
adjustment methods that compare outcomes and variations in case-mix between intensive
care units (ICUs). In the ICU, risk adjustment has been primarily focused on severity of
iliness models such as Acute Physiology and Chronic Health Evaluation (APACHE)
score, the Simplified Acute Physiology Score (SAPS) or the Mortality Prediction Model
(MPM)(3-8). These models were developed to predict short term mortality outcomes
such as in hospital mortality. Although these systems had excellent discrimination (C
stat> 0.80) in their development, subsequent evaluations have suggested that the
calibration statistics have deteriorated over time, and vary by case-mix. Because of the
change in calibration, either these systems require frequent recalibration for given
populations, or health services researchers must accept the changes in calibration. These
systems require sophisticated data collection which has limited their uptake across ICUs.
Finally, risk adjustment across different scores or different versions of the same score
further limit the widespread applicability of these scores as methods of risk adjustment.
Therefore, there is a need to seek alternative methods.

The Charlson index and Elixhauser comorbidity scores were developed on non
ICU patients but have been used widely to measure and control for comorbidities in a
variety of study populations(9-18). These comorbidity scores can be easily obtained in
administrative data sources and Elixhauser does not require re-weighting of regression

coefficients. Both comorbidity scores were developed to predict 1 year mortality, which
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may be more suitable indicator for risk adjustment in studies interested in longer term
outcomes than hospital mortality. However, few studies have compared how well the
Charlson index or Elixhauser performs for predicting long term mortality in ICU
patients(19-23) and whether it can be used in this population.

Since Elixhauser and Charlson method were not developed for the ICU
population, the purpose of the study is to explore the predictive ability of the Charlson
and Elixhauser in this population. Further investigation will determine whether there are
comorbidities missing in Charlson and Elixhauser that can improve risk adjustment in the

ICU population.

1.0.  The Intensive Care Unit

Over the past decades, there has been a growing concern over health care costs
and the quality of health care received in the hospitals. In 2007, Canadian hospitals
accounted for about 28% of total health spending (forecast to be 10.6% of the gross
domestic product [GDP]) (2)Further, the demand for critical care medicine has been
evolving since the 1960s and now remains a major component of hospital services
provided in Canada. Previous research shows that utilization of intensive care services
increased between 1969 and 1986 in both Canada and the United States(1). As critical
care has become more common, a range of specifically designated types of special care
units has emerged to care for patients. Medical and surgical intensive care units, for
example, remain the most common, accounting for 45% of admissions of critical care
units in 2003-2004(2). These specialized intensive care units are one of the most costly
types of care offered. For example, they accounted for 15.9% of inpatient direct expenses
in Ontario acute care hospitals between 1999-2000 and 2003-2004, but only 8.1% of
inpatient days(2). The types of treatments provided in critical care will need to be
evaluated carefully to justify spending in a system that has a growing elderly population
and escalating drug costs.

This leads to the issue with the appropriateness of prolonging life, in light of the
conflict between patient and societal costs. As discussed in the 2002 Brussels Roundtable
report: Surviving Intensive Care, there is a growing demand for evidence to examine

whether intensive care survivors have optimal long term outcomes and whether ICU care
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decisions would change if physicians knew more about the outcomes(24). Critical illness
is associated with a wide range of serious and long term events that can affect patient-
centered outcomes. Because ICU patients are a heterogeneous group, many illness scores
have been developed over the years to evaluate the effectiveness of intervention and
outcomes of critical care services in research and clinical practice. Health outcome
disparities between different providers have encouraged providers and physicians to
continually monitor differences, in order to determine how providers can offer a high

quality of care.

1.1. Risk adjustment in the ICU: Background and Theory
Accurate comparisons between critical care services require risk adjustment—a

method to account for patient-associated factors—before comparing the outcomes from
different patients, treatments, providers, health plans and population (25). This allows
health care providers to estimate any variation in outcome explained by patient
characteristics, also known as case-mix. Without risk adjustment, the effect of one
variable on outcome may be inaccurately estimated because of an inability to account for
the effect of case-mix; this is known as confounding. A confounder is defined as an
observed association due to mixing of effects between risk factor, the outcome, and a
third factor that is associated with both the exposure and is not in the causal pathway
between the risk factor and outcome (26). As a consequence, failure to account for
confounders can be a problem for interpreting the results of a study and can distort the
conclusions of the study, which is a common problem in observational studies. Methods
to control for confounding would include matching, stratification, restriction or
randomization. The most common method used for adjustment of confounding in non-
randomized studies is stratification in the analysis by multivariable adjustment(27).
Multivariable adjustment allows multiple confounders to be entered into a model to
provide an effect that is “adjusted” for these known confounders. This requires
confounders to be easily and accurately measured. This can be a problem in
retrospective studies when confounders, such as ICU severity scores, are not collected
consistently across all ICUs. Regardless, observational studies are often used first for

exploring research questions before engaging in randomized control trials (RCT) to
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examine more specific questions. Although RCTs allow researchers to control for
confounding by randomization, there are many challenges with this type of study design
in ICU research. First, RCTs are costly to conduct since they require personnel to enroll
patients into a trial and conduct extensive follow-up. RCTs may be inappropriate or
unethical in cases where patients are randomized to receive detrimental interventions. In
situations where health care providers are interested in examining ICU’s performance,
this cannot be done by RCT. In the ICU, it is difficult to conduct randomized studies in
patients who are at a high risk of dying. Further, RCTs may be inadequate when patients
in a trial represent a very narrow subset of ICU patients. Finally, RCTs lack
generalizability because strict inclusion criteria are used to generate the study sample.
Because of these limitations associated with RCTs, risk adjustment appears to be
suitable option to control case mix so that appropriate comparisons of interventions can
be made.

Risk adjustment appeared in the early 1950s when Virginia Apgar published a
simple physiological scoring tool to evaluate newborn children(28). Although the tool
was only based on two physiological systems: cardiopulmonary and central nervous
function, it contributed to the development of other risk adjustment methods. During the
late 1980s and early 90s, researchers developed severity of illness scores to adjust for
patient prognostic factors such as age, physiological disturbances, principal diagnoses
and pre existing conditions(5, 6, 29). These models assigned weights or points to factors
based on their observed statistical associations with the outcomes. Using the points,
these outcome prediction models were initially thought to provide health care providers
and patients with an estimated probability of survival for counseling and decision
making. However, the utility for this purpose were no longer accepted due to statistical
limitations with the accuracy and calibration of these models (3, 8, 30). For example,
there have been problems with “over-fitting” the data by developing models with too
many predictor variables based on small sample sizes. Other issues involve the
predictive accuracy of using population based models to predict outcomes for
individuals. For example, these models perform poorly for the extreme cases of the

population (i.e. high risk of death or low risk of death) because of small sample sizes.



Regardless, the primary utility of these models now in ICU research is for risk
adjustment in observational and outcome comparison studies.

1.1.1. Severity illness scores in the ICU

The three most widely used taxonomies in the ICU are the Acute Physiology and
Chronic Health Evaluation (APACHE) score, the Simplified Acute Physiology Score
(SAPS) or the Mortality Prediction Model (MPM) (3, 6, 8). These systems are mostly
based on the severity of physiologic derangement during a discreet period of the patient’s
ICU stay and have been evaluated against short term mortality outcomes such as ICU or
hospital mortality. Although the methods for selecting the predictive variables are
different, all of the models used logistic regression techniques to derive a model relating
the predictor variables to the probability of the outcome. Each system also includes points
for underlying chronic health status or comorbidity. Table 1 shows a list of comorbidities

in each ICU scoring system.

Table 1. Comparison of comorbidities between different ICU scoring systems

ICU scoring | Comorbidities Features/Weight
system
APACHE Il | Organ insufficiency If patient has a history

Immuno-compromised state
Liver:
e cirrhosis and portal hypertension
e Past upper Gl bleeding attributed to portal
hypertension
e Prior episodes of hepatic
failure/encephalopathy/coma
Cardiovascular:
e New York Heart Association Class 1V
Unable to carry out any physical activity
without discomfort. Symptoms of cardiac
insufficiency at rest. If any physical activity is
undertaken, discomfort is increased
Respiratory:
e Chronic restrictive , obstructive or vascular
disease resulting in severe exercise
restriction

of severe organ system
insufficiency or is

immuno-compromised
state, assign the points:

5 points- for non
operative or emergency
postoperative patients
2 points- for elective
post operative patients




e Chronic hypoxia
e Hypercapnia
e Secondary polycythemia
e Severe pulmonary hypertension
e Respiratory dependency
Renal:
e Receiving chronic dialysis
Immuno-compromised:
¢ Received therapy that suppresses resistance
to infection
e Has disease that is sufficiently advanced to
surprises resistance to infection
o Leukemia, lymphoma, AIDS

APACHE Points If there is more than

Il AIDS 23 one comorbidity, then
Hepatic Failure 16 select the one with the
Lymphoma 13 highest value.
Metastatic cancer 11
Leukemia/multiple myeloma 10 Select for non operative
Immunosuppression 10 or emergency surgical
Cirrhosis 4 patients only, otherwise
None/not available 0 0.

APACHE e AIDS Not used for elective

1V (2004) e Cirrhosis surgery patients
e Hepatic failure Unique relative
e Immuno-suppression contribution of each
e Lymphoma risk fac_:tor to h_os_pltal
e Leukemia or myeloma mortality pred_lctlon
« Metastatic tumor (5% for chronic health

status)
SAPS II e Metastatic carcinoma AIDS
(1993)  Hematological malignancy HIV positive with

AIDS

clinical complications
as pneumocystis carinii
pneumonia, Kaposi's
sarcoma, Lymphoma,
tuberculosis or
toxoplasma infection.

Hematologic
malignancy
lymphoma, acute
leukemia, or multiple
myeloma.




Metastatic cancer
Metastasis identified by
surgery, C.T. scan or
any other method.
SAPS IlI Cancer therapy 3 Cancer therapy is
(2005) Chronic heart 3 defined as
failure(New York Heart Chemotherapy,
Association Class 1V) Immunosupression
Hematological cancer 3 other, Radiotherapy,
Cirrhosis 8 Steroid treatment
AIDS 8
Cancer 11
MPM II ¢ Metastatic neoplasm stage IV carcinomas
(1993) e Cirrhosis with distant metastases
MPM lII e Chronic renal
(2005) e Chronic Gl
e Metastatic neoplasm
e Acute renal
e Dysrhythmia
e Cerebrovascular incidence
e Gl bleeding
ICNARC e Chronic renal replacement
(2007) e Chronic cardiovascular disease
e Chronic respiratory disease
e Chronic liver disease
e Immune-comprised

During the evolution of these models, there has been a gradual shift away from
physiological derangement variables to a greater emphasis on prior health status and
physiological reserves. The explanatory power of chronic health status, circumstances of
ICU admission and degree of physiologic derangement at ICU admission is presented for
SAPS Il & Il and APACHE 11l & IV in Figure 1 and Figure 2. The impact of

chronological age was collapsed on the chronic health status.




Figure 1: Explanatory Power for SAPS 11 & 111
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Figure 2: Explanatory Power for APACHE 111 & IV
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1.1.2. Acute Physiology and Chronic Health Evaluation (APACHE )

The original Acute Physiology and Chronic Health Evaluation (APACHE )score
was one of the first physiology-based scoring systems to predict in-hospital mortality for
ICU patients(5). The original APACHE system provided weighting for 34 potential
physiologic measures, which sum to an acute physiology score (APS). In addition, the
original APACHE incorporated a four letter code to correspond to a range of chronic
diseases. Because the original APACHE was complex, APACHE Il was developed to
refine the model(3). APACHE 11 is composed of three components: physiological
variables, age, and chronic health points (CHP). Further, information about major disease
category (reason for ICU admission) allows physicians to estimate the probability of in-
hospital death using a multiple logistic regression equation. In APACHE II, the score
varies between 0 to 71 points; with 60 points for physiological or laboratory variables, 6
points for age, and up to 5 points for chronic health points. Within the physiological
component, the model consisted of the most abnormal value of 12 physiological variables
recorded within the first 24 hour after admission into the ICU. Patients with a history of
severe organ system insufficiency or who were immuno-compromised received points
based on their surgical status. Only severe organ system failures found in liver,
cardiovascular, respiratory and renal systems are captured in the chronic health points.
Poses et al., and Pittet et al., both found that the chronic health points component of
APACHE 11 were either not statistically significant or did not contribute discriminative
ability for predicting mortality in their studies(20, 32).

The initial validation of APACHE Il was done in 13 hospitals to predict hospital
mortality(3). Since, many studies worldwide have validated the APACHE Il model for
predicting in-hospital mortality in different patient disease populations such as stroke,
cancer, pneumonia, acute MI, congestive heart failure, liver cirrhosis (33-37). Some
studies have suggested that APACHE 11 has moderate performance (C stat<0.80) for
predicting mortality outside the ICU setting (36), and may not be suitable for predicting
long term outcomes such as 1 year mortality. Since then, new versions of APACHE |11 &
IV have been developed providing slightly better prediction but require more
sophisticated data collection and calculation(4, 38). For example, APACHE Il includes

five new physiological measurements, and the chronic health points are modified to
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include seven variables, with up to 23 points assigned. APACHE IV has incorporates the
use of spline terms for the acute physiology variable, age and prior length of stay which
requires more sophisticated data analysis techniques. In addition, APACHE Ill & IV
includes information on patient’s prior location before ICU admission. However, using
APACHE Il & 1V requires intensive data collection and is complex, and these
limitations have hindered the uptake of newer APACHE score systems. As a result,
APACHE 11 has remained the most widely used severity illness score system in the ICUs.

Appendix 1: APACHE Il calculation formula

1.1.3. Limitations of severity illness scores

Over the years, it was realized that the performance of severity of illness scores
began to deteriorate with time in respect to calibration. In the UK, the Intensive Care
National Audit and Research Center used a database with 141 106 patients from 164
adult general ICUs in England, Wales, and Northern Ireland to compare the published
versions of APACHE 1l UK, APACHE I11, SAPS II, and MPM 11(39). For patients
admitted during December 1995 to August 2003, they showed that the models had good
discrimination but imperfect calibration. These results suggest that there may have been
gradual changes in baseline characteristics of admitted patients, circumstances for ICU
admission and availability of general and specific therapeutic measures which has
contributed to an increasing gap between actual mortality and predicted mortality(40, 41).

Using severity of illness scores require much work to continually update the
model in order to maintain good calibration. Poor uniformity of fit within ICU subgroup
has also been reported as a common problem in severity of illness scores(41). Another
limitation in using severity scores relate to difficulty in comparing ICUs when different
scores and versions are collected. For example, APACHE has been updated four times
since its development, while there are several versions of SAPS and MPM(8, 42). A
study conducted by Wunsch et al,. on 127 adult general ICUs (N=120 503) found that
there were differences in-hospital mortality before and after exclusion criteria was
applied to APACHE 11 (-3.1% to 9.5%); similarly, other severity illness scores also had
differences in-hospital mortality(43). When they did a review on studies that used

APACHE I, they found wide variation in the exclusion criteria reported. These studies
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show that the exclusion criteria were inconsistently applied and may introduce biases into
risk adjustment studies. As a result of these limitations in severity illness scores, there is
need for alternative methods to risk adjust in the ICU population.

1.2. Overview of comorbidity scores

One of the earliest comorbidity measurement tools was developed by Kaplan and
Feinstein in 1974. This score classified diabetic patients from no comorbidity to severe
comorbidity (grade 0 to grade 3) and was developed based on clinical agreement of the
importance of comorbidities(44). Following this, Charlson et al., developed a method in
1987 that uses a single summary score based on the presence of 17 comorbidities and
takes into account the severity of the comorbidity(10). Since then, researchers have
modified the original Charlson index by changing the weights(45, 46), adding other
clinical variables (11, 22, 23), excluding non relevant comorbidities(45, 46) to suit a
specific study population and outcome, in hopes of improving the performance. Other
methods have relied on the total count of the comorbidities or the assessment of each of
the comorbidity in a model (22, 47, 48). Specifically, Elixhauser incorporates 32
comorbidities in a model and has been validated on many study samples(17, 47, 49, 50).
Some studies have used outpatient pharmacy dispensing data to assign patients to chronic
disease groups. In these scores, an integer weight was given to each comorbidity category
represented by medication classes, which were summed to produce a total score(51).
Compared to comorbidity scores derived from administrative data (52-54), prescription

medication based scores were consistently worse at predicting 1 year mortality(55).

1.3. Factors that influence a comorbidity score’s predictive performance

The predictive performance of comorbidities and its use as a risk adjustment
method will depend on several factors. First, it will be important to consider the
comorbidities included in the score and their relative weights which can affect the
predictive performance of the score. Next, it is important to consider the distribution and
comorbidity profile of the source population. For instance, a comorbidity score that

predicts well in one disease population may perform poorly in a different disease
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population if it is missing important comorbidities that are relevant in the second
population.

In addition, comorbidity scores will vary according to the outcome predicted.
While most comorbidity scores were developed to observe their association with
mortality, outcomes such as length of stay, hospital readmissions, complications, or
resource use are also correlated with mortality and their performance will vary depending
on how well the measures relate to the original outcome. A review on comorbidity
studies(56) showed that comorbidities were a significant predictor of mortality in studies
with a long follow up period (1 month or longer) compared to short time period, even
after adjustment for other covariates(10, 45, 56). Evidence from this review showed that
comorbidities may have a smaller influence on mortality when the index disease was
lethal or when the explanatory model included a number of clinical variables that were
associated with the index disease(56). Because researchers assume that comorbidities
should correlate with poor health outcomes, the validity of comorbidity score is assessed
by how well the scores predict related outcomes. In turn, this determines how well the
measure can control for confounding. This is measured by examining discrimination and
calibration for the predicted outcome. In earlier research, the validity of prediction was
determined by the strength of association between the comorbidity score and the
outcome(10, 33, 46, 57).

Finally, the predictive performance of a comorbidity score will depend on
accuracy of the data source for comorbidities(58). For example, studies have consistently
shown that comorbidities derived from chart data provide better predictive performance
than comorbidities collected through administrative data(14, 20, 21, 59). Minor
comorbidities are seriously under-coded in administrative data and this phenomenon has
been well documented as a source of coding bias. The effect of this phenomenon may

cause some comorbidities to be viewed as protective(60).

1.4. Charlson index
Originally, the Charlson index was developed to predict 1 year survival in medical
patients admitted into a teaching hospital and further validated on a cohort of breast

cancer patients(10). This index contained 17 comorbidities which were weighted and
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summed to produce a score. Many studies have validated the Charlson index on different
patient populations to predict short and long term mortality (12, 15-18, 20, 53, 61).
Various adaptations of the index were developed to accommodate different study
populations. To derive the comorbidity index, the number and severity of comorbidities
at the time of admission were collected from patient charts. In her study, Charlson et al,
was able to show that the weighted index of comorbidity was a significant predicator
(p<0.0001) of 1 year survival(10).

Appendix 2: Charlson index score calculation

1.4.1. Modifications to the Charlson index

Many studies have evaluated and validated the Charlson index in different patient
populations, and other than 1 year outcome. To improve the performance, studies have
readjusted weights, deleted comorbidities, and recoded the Charlson weights into fewer
categories. For instance, D’Hoore determined that the Charlson index had a non-linear
relationship with the log odds of death and the Charlson Index was based on highly
skewed scores. The scores were recoded in the less categories (0, 1-2,3-4,5-6,>6)) for
medical inpatients with ischemic heart disease and this was found to improve
discrimination(52).

Some research has suggested that deriving empirical weights for a specific study
population and outcome measure can improve discrimination and model performance (9,
12, 45, 46). For example, comorbidities such as HIV may be present infrequently in a
study population or may have a small impact on outcome and consequently, may be over
or under weighted in the Charlson index. As a result, weights can vary according to time,
geographic areas, study population, and outcomes(12, 45, 46). To improve the weights,
Romano et al, has suggested that researches working with large administrative databases
should use multivariate models to derive their own study specific weights. Further, this
can lead to better control for confounding in studies than using the original Charlson
weights.

Ghali et al, derived his own empirical weights for CABG surgical patients to
predict in mortality(45). Only comorbidities such as myocardial infarction, congestive

heart failure, peripheral vascular disease, cerebrovascular disease, chronic pulmonary

-13 -



disease, diabetes and renal disease were significant in bi-variate analysis. Further, when a
multivariate model of the comorbidities was considered, all comorbidities that were
significant in bi-variate analysis except chronic pulmonary disease, received a revised
study weight from one to four. Using new study weights, Ghali identified a 10% subset of
patients with 15% mortality, whereas the 5% highest-risk patients according to the
Charlson index had only 8% mortality (p = 0.01). This resulted in a model that performed
slightly better discrimination than the original Charlson weights (c=0.74 vs. 0.70).
Likewise, Romano et al, showed that the weights were quite different according to which
study group was considered and varied slightly when they compared coding algorithms
(Deyo vs. Dartmouth-Manitoba)(54). In particular, when the Manitoba CABG data set
was used to predict 1 year mortality, 7/12 Charlson comorbidities were still significant.
When Cleaves et al, compared hospitalized patients for one of the six medical or surgical
procedures (back pain, stroke, pneumonia, hip replacement, transurethral radical
prostatectomy, or lysis of peritoneal adhesion), different weights were assigned to

comorbidities across the procedures (12).

14.2. Deriving empirical weights in the ICU

Charlson identified 30 clinically important comorbidities, of which 19 had
conditions with statistically significant hazard ratios for 1 year mortality. In survival
analysis, the hazard ratio is the effect of the comorbidity, or explanatory variables, on the
hazard or risk of an event, in this case 1 year mortality. In this process, all comorbidities
were coded as the present or absent and entered into a Cox’s regression model to predict
1 year mortality. Next, these adjusted hazards ratios were calculated by taking the
exponential function of the coefficients. These adjusted hazard ratios are known as the
weights for different comorbidities. To simplify the score, hazard ratios less than 1.2
were dropped and the rest of the ratios were rounded to the nearest digit. Finally, to
calculate the index, the weights were added together for someone with a specific
comorbidity profile.

Although many studies have followed this process to derive their own weights
using the Charlson index (12, 45, 54, 62, 63), this method has been criticized as incorrect
as the method using addition of weights to calculate the index (46, 64, 65). Like odds
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ratios, hazard ratios should be multiplied because of the logarithmic properties. Harrell
suggests that if the Charlson index were calculated correctly, then the index could have
performed better for risk adjustment and prediction. Further, Moon et al, has suggested
that using original regression coefficients rather than odds ratios to assign overall scores
can lead to very different scores or possibly a decrease in calibration and discrimination.
This was also supported by Ghali’s study where he noted a decrease in discrimination and
R-squared values when simple integer weights were used instead of regression
coefficients(45). Moon also points out an issue when an odds ratio has a protective or
negative effect on the outcome, such as any OR<1.0. In this situation, regression
coefficients are negative but would not be accounted for by the given method since there
are no weights assigned when odds ratios are smaller than one.

For risk adjustment, Moon and Romano suggest that adding exact regression
coefficients would be the most appropriate way to derive comorbidity scores and in turn

this would increase statistical accuracy and model performance(46, 65).

1.4.3. Charlson index adaptation in administrative data

Several adaptations of the Charlson index were developed for use in administrative
databases. Although the original Charlson index was based on medical chart reviews,
most of the diagnoses and procedures could be matched with similar ICD-9 and ICD- 10
codes. (International Classification of Disease, 9" revision & 10™ revision)
Deyo et al, Romano et al, and D’Hoore et al, independently defined their own coding
algorithms for the Charlson comorbidities, and there are some small differences between
the coding schemes(52-54). For example, Deyo and Dartmouth-Manitoba’s coding
scheme are both based on ICD-9-CM codes and are similar in predictive performance for
multivariate models and prevalence of comorbidities(45, 54). The authors noted that
Deyo’s coding scheme has more limited interpretation than the Charlson comorbidity
definitions, while Dartmouth-Manitoba included conceptually similar conditions that
were not stated in the original Charlson paper. In contrast, D’Hoore developed their own
coding scheme based on hospitalization data and used the first three digits of the ICD-9
diagnosis codes. This limited their ability to distinguish between subgroups of certain

clinical conditions (i.e. diabetes with complications vs. without) and to identify
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procedures codes(52). Although each of the three coding schemes were developed on
different study population to predict different outcomes, the results are similar for
measuring the prevalence of comorbidities(45, 54)

When ICD-10 coding system was implemented in 1992 by the World Health
Organization, Quan et al, defined ICD-10 coding algorithms for Charlson and Elixhauser
comorbidities and back-translated the ICD-10 codes to improve Deyo’s Charlson and
Elixhauser ICD-10-CM coding algorithms(50). In their study, they validated the new
coding algorithms to predict in-hospital mortality, with C stats well above 0.80, and
showed the frequency of Charlson and Elixhauser comorbidities were consistent across

algorithms.

1.4.4. A review of ICU research studies exploring the Charlson index

Few studies have suggested that the Charlson index may perform comparably or
better than APACHE |1 for mortality prediction in an ICU population (20, 66). Poses et
al., (20) compared APACHE II’s chronic health points (CHP) to the Charlson, and found
that the CHP did not have significant discriminative ability for predicting in-hospital
death (ROC=0.57, SE=0.05, p=0.19) compared to the Charlson index (ROC=0.67,
SE=0.05, p=0.03). Further, when they evaluated the Charlson index added to APACHE II
with chronic health points, the improvement in Chi square was significant (chi square=
4.5, p value= 0.03 and borderline significant when the full APACHE Il model was
considered (p=0.09). Although the authors suggested that the Charlson Index could
improve prognostic predictions in ICU patients, the study was conducted in one hospital
and the data was collected over a short interval.

A more recent study (23) showed that the Charlson index(OR= 1.167, 1.09 to
1.23) was significantly associated with hospital mortality and length of stay, even after
adjusting for age, sex, major clinical category, source of admission and SES (socio-
economic status ). Likewise, when APACHE Il was added into a multivariate model
without Charlson index, it was also a significant predictor of in-hospital mortality
(OR=1.127, 1.108 to 1.466). When both APACHE Il and Charlson index were added to
the same multivariate model, both predictors remained statistically significant (OR=
1.125, OR=1.115, respectively). For this study, APACHE 11 (0.77) had better
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discrimination than Charlson (ROC=0.69) for in-hospital mortality. Regardless, this
study showed that the Charlson index was useful as a risk adjustment variable in the ICU
population. To summarize, few studies have validated the utility of the Charlson index,
collected by administrative data, as a risk adjustment method for an ICU population and

more studies are warranted(23).

1.5. Elixhauser comorbidity risk adjustment method

A more recent method for assessing comorbidities, developed by Elixhauser (47),
used 30 categories of comorbidities to predict in-hospital deaths, length of stay, and
hospital charges(47). This risk adjustment method was developed based on adult, non
maternal inpatients from 438 acute care hospitals in California in 1992. Unlike the
Charlson index, which used medical record review, the Elixhauser was derived based on
comorbidities obtained from administrative data. Instead of summarizing the weights into
a single index, Elixhauser proposed that the weights for individual comorbidities should
be quantified separately to take into account different populations and outcomes. In fact,
some studies have found that the Elixhauser model outperformed the Charlson model
slightly in predicting mortality(9, 17, 18). Some studies have attempted to compare the
performance of Elixhauser to APACHE-weighted comorbidity score (22), Charlson/Deyo
method (17, 18), Charlson/Romano (67) to predict in-hospital mortality or time to death,
yet studies on 1 year mortality outcomes in ICU patients are lacking. However, the

majority of studies on Elixhauser have been conducted in non ICU patients.

1.5.1. A review of ICU research studies exploring Elixhauser

Elixhauser has additional comorbidities not accounted for in Charlson that may be
applicable to the ICU population which may improve predictive performance. However,
despite Elixhauser being developed approximately 10 years ago, ICUs have been slow to
adapt this comorbidity score and there are very few studies that have explored the use of
this score in the ICU population for risk adjustment.

Johnston et al, conducted a study on more than 17 000 ICU patients across VA
hospitals from 1996 to 1997 to examine the performance of APACHE Il and Elixhauser

for predicting in-hospital mortality. This study demonstrated that models using
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Elixhauser comorbidities discriminated better than APACHE 11l comorbid conditions or a
count of Elixhauser comorbidities (C stat= 0.70 vs. C stat= 0.57,C= stat= 0.63
respectively), when considering index and prior hospitalizations. When they combined
other clinical predictors such as age, laboratory values, principal diagnosis, and
admission source with the Elixhauser comorbidities, this provided additional significant
predictive ability (C=0.88).

Recently Ho et al, conducted a study on 24 404 ICU admissions in Western
Australian, and found that 3615 (14.9%), 10 223 (42.1%), and 11 597 (47.7%) patients
had at least one comorbidity as defined in the APACHE |11 score, Charlson comorbidity
index, and Elixhauser comorbidities, respectively(19). Further, they found that the
discrimination of different measures of comorbidity alone was poor, with C Stats all less
than 0.61. When the chronic health points component of APACHE 11 was replaced with
other measures of comorbidities, it did not improve discrimination further (C stat=0.83)
for predicting in-hospital mortality. In this study, the baseline model with APACHE 11
score without comorbidities or admitting diagnosis had fairly high discrimination on its
own (C stat=0.83).

1.6. Mortality Outcomes

Currently, mortality is the most common outcome assessed in studies comparing
ICU performance because it is easy to measure and define. Measuring mortality rates are
important for patients, health care providers and the community. Further, it provides an
understandable measure of the effectiveness of critical care services. Different endpoints
of mortality exist but the correct mortality endpoint would depend on the specific
research question, mechanisms and timing of disease or treatment under study(68).
Mortality at ICU discharge may be a good indicator for audit within an individual ICU,
but it can be misleading since many patients may soon die after discharge or at home or
on the ward(68). Although ICU mortality outcome is independent of effects of
subsequent hospital care, it is affected by organizational factors such as discharge
policies, transfer patterns, and family and physician’s expectation which can determine

whether the death occurs in the hospital ward or ICU. Therefore, ICU mortality may be
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difficult to interpret when making comparisons of the effectiveness of care between units
since it is affected by operational factors and case-mix.

Most severity of illness scores focus on short term mortality such as in-hospital
mortality but there are also limitations associated with this outcome. Hospital mortality
reflects care given after the ICU such as in the wards but it is also affected by the
organization and delivery of ICU factors. While hospital mortality may be important
during the ICU stay to the attending physician, it is less useful as the patient leaves the
ICU and returns back home. During the ICU stay, patients are subjected to risky
procedures and interventions that may prolong their life by a few months, but what is
more important in the long run is how these interventions affect patient centered
outcomes and long term mortality(24). Patient centered outcomes include quality of life,
functional status, symptoms, and satisfaction with medical care (69). In the past, there
have been interventions that appeared to benefit shot term outcome, but subsequently
shown to have no effect or even harmful effects on long term outcome(70). As a result of
this, the 2002 Brussels Roundtable report highlighted the need for future ICU clinical
trials to include follow up for survival to at least six months, which is consistent with the
International Working Party in clinical trials in sepsis (24). One year mortality would be
an important outcome to assess since it would be less influenced by ICU practice patterns
and also it would be accessible in administrative data. In the past, long term mortality
outcome data was difficult and expensive to collect but recently, administrative data has
been a valuable source for this type of data.

To understand how ICU care impacts long term mortality, it is important to
consider pre-ICU care factors and intra ICU care factors (Table 2). Most ICU studies to
date have explored these factors with short term mortality using association analysis.

For studies examining long term outcomes, there is some evidence that suggest
comorbidities may play a greater role on long term mortality than severity of illness
scores. Therefore, exploring the role of comorbidities and how it can be measured in the
ICU population may overcome challenges associated with traditional severity illness

Scores.
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Table 2: Pre ICU and Intra ICU factors that impact long term outcomes after
critical illness.

Time Variable

Pre ICU - Underlying illness

- Reasons for ICU admission
- Pre-ICU management

- Access to the ICU

Intra ICU - Patient course and events

- Treatments

- Organization

- latrogenesis and environment
- Patient health care interactions
- Sleep disturbance and delirium

Adapted in data published in (24)

1.7. Coding and accuracy in administrative data sources

In health service research, the chart is the gold standard for comorbidity
assessment. Many studies have explored the prevalence of comorbidities in
administrative data and chart review to determine how well each method can predict a
given set of outcomes(14, 18, 59, 71, 72).

Administrative data is broadly defined as any data collected for reasons other than
research. Administrative data is collected from running the health care system, such as
enrolling patients in health plans, paying claims, determining reimbursement amounts,
certifying coverage, approving expenditures, tracking service utilization and monitoring
costs and performance (25). Over the years, administrative databases such as hospital
discharge registries or insurance claim data have been increasingly popular data sources
for research. For example, administrative data are highly generalizable because they can
provide information for all members of the population they represent. The data represents
care practiced throughout the community rather than in specialized settings. The data can
be linked which can help track individuals over time and across different health care
providers. Since the data has been already collected for billing purposes, this source is
relatively inexpensive to acquire and are computer accessible (73). However, there may
be some disadvantages with administrative data such as the completeness and accuracy of
data, such as missing data elements that can identify timing of comorbidities or
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complications. Selection bias can also be a problem when the data is related to insurance
status or coding bias when it is linked to reimbursement, which is not the case in Canada.
A number of problems can occur in the coding process from when the patient is
admitted to when the diagnosis assignment is confirmed. For example, the quality of
information at admission, communication among patients and providers, the clinician’s
knowledge and experience with the illness, and the clinician’s attention to detail are all
potential sources of errors(71). In addition, many “paper trail” errors can occur
especially when written records are transcribed to electronic record. Coder training and
experience are variable and coding errors such as misspecification, unbundling and
upcoding are common. Misspecification, also known as creep errors, refers to diagnostic
assignments that deviate from the governing rules of coding. For example,
misspecification occurs when the primary diagnosis or order for tests and procedures is
incorrect compared to the evidence found in the medical record. It can occur when
generic codes are assigned in light of the fact that there are more specific codes that
would be appropriate for the diagnosis. Upcoding occurs when coders assign codes of
higher reimbursement value over codes with lesser values. When coders assign codes for
all the separate parts of a diagnosis instead of assigning a code for the overall diagnosis,
this is known as unbundling(71). In a study done by Quan et al, they compared
comorbidities derived from ICD-9-CM administrative data with chart data, and they
found that 10/19 Charlson comorbidities were under reported in administrative hospital
discharge records from the Calgary Health Region, with kappa values ranging from 0.34
to 0.878. Specifically, those comorbidities that are non-specific, non-life threatening,
asymptomatic are more often under-coded than serious comorbidities in administrative
data (59, 72, 74, 75). A more recent study to determine the presence or absence of 32
conditions and to assess the agreement between 1CD-10 data and chart data was
conducted on in-hospital patients in four teaching hospitals in Alberta .The validity of
ICD-9-CM and ICD-10 administrative data in recording clinical conditions was generally
the same, though there were slight differences in validity for some conditions(76).
Another study that compared the Charlson index derived from medical record data
compared to administrative data found that the medical record data was superior with
higher C stats for predicting mortality, complications, and length of stay. The mean
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number of comorbidities abstracted from chart review was higher (1.31) than the mean
for administrative data (0.55) in Medicare beneficiaries that underwent carotid
endartectomy in Georgia hospitals(14).Similarly, when comorbidities are underreported
in administrative data, this can severely distort the results, either leading to erroneous
relationships or very different results for risk adjustment(14, 59). For example, Roos et
al, using an administrative data source found that in patients with benign prostatic
hyperplasia, suprapubic prostatectomy compared to transurethral prostatectomy was
associated with an increased 6 year mortality rate after comorbidity adjustment
(RR=1.45, 95% CI :1.15- 1.83)(77). However, when Concato et al, repeated the same
study, except with medical record review, the increase in mortality disappeared
(RR=1.03, 95% CI:0.51-2.07) (57, 78). Therefore health service researchers should be
careful when drawing conclusions from administrative data and understand the
limitations.

Canadian hospital discharge databases are less susceptible to coding biases than
American databases because of the single payer government infrastructure. To identify
complications, Canadian discharge data contains a single-digit “diagnosis type indicator”
with every diagnosis code that flags whether the diagnosis was present at time of
hospitalization or after admission. The six indicators are as follows:

e M (most responsible diagnosis)

e Type 1 (primary comorbid condition present at time of admission)

e Type 2 (complications arising after admission)

e Type 3 (secondary comorbid conditions present at time of admission)
e Type 4 (morphology code)

e Type 9 (E - code diagnosis from ICD-9)

However, when Quan et al, evaluated the accuracy of the diagnosis-type with a
chart review of 1200 inpatient separations, he found that the agreement between the two
sources varied greatly for the 12 conditions studied, with kappa values ranging from 0 to
0.72. Most concerning, he found that complications were being miscoded as
comorbidities based on low sensitivity for conditions (0 to 57.1%), in other words, the
agreement between complication status was poor between chart and administrative
data(79).
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Finally, other studies have explored the possibility of adding more diagnosis
fields or using previous hospital records to capture a more complete profile of
comorbidities in a study population (49, 60). lezzoni found that when the number of
available coding spaces for diagnosis was increased, this did not enhance comorbidity
assessment(80). Further, using previous hospital record data to collect comorbidities
could only yield small improvements in model performance using either Charlson or
Elixhauser (22, 49).

1.8. Pilot Study & Rationale

In the pilot study, we compared the ability of the APACHE II, and Charlson index
to predict in-hospital mortality for critically ill patients. The study population consisted of
adult patients admitted to ICU in the Calgary Health Region between April 1% 2002 and
March 31° 2004. In the modelling process, we started with a baseline model containing
age, sex, and acute physiology score component from APACHE Il (C=0.74). There was
minimal difference between a baseline model of acute physiology score (C=0.74) with
either CHP (C=0.76) or Charlson index variations added (C= 0.75, 0.76, 0.77). The
Charlson index was not a good predictor of mortality on its own(C= 0.63). No
improvement occurred when the Charlson index was added to the full APACHE Il model
(C=0.808 to C=0.8135). Although the addition of the Charlson index did not improve
discrimination substantially, there are still several issues that remain to be explored. First,
the Charlson index was developed using 1 year survival data on medical in-patients and
its performance may be improved if long term mortality outcomes were considered.
Secondly, as Moon and Romano suggested, using the original weights do not accurately
reflect the sample and the calculation used to calculate the index was in correct.
Therefore, further analysis will compare the original weights with empirical weights to
determine if mortality prediction improves. It remains to be explored how Elixhauser
performs compared to Charlson index and the differences between the two methods.
Finally, both comorbidity tools were developed on non ICU patient populations, and no
study has yet to explore whether these comorbidity tools contain all relevant

comorbidities for the ICU population. A better understanding of how Elixhauser and
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Charlson index performs in the ICU will provide information on which method is more

appropriate for risk adjustment.

Appendix 3: Pilot Study Results
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1.9. Summary

To date, much of the work done in ICU risk adjustment has involved using
severity illness scores such as APACHE, SAPS, and MPM. Although ICU physicians are
familiar with these scores, there are many issues that exist which remain a challenge for
risk adjustment. First, these scores require complicated data collection and calculation
which can be labor intensive and expensive. There is a constant need to re-estimate the
coefficients because the performance of the models deteriorates with time. This leads to a
variety of severity scores in different versions collected throughout ICUs around the
world, which can make comparisons between ICUs difficult. Further, these scores have
strict exclusion criteria which if applied inappropriately, can affect the outcome results.
As recent evidence suggested, there has been gradual shift away from short term
outcomes and it has become more important to evaluate how critical care services impact
a patient’s long term survival. Despite this movement, the most up to date ICU severity
score’s are still only able to provide prognostic information on in-hospital mortality; an
outcome that becomes less important with time for the majority of ICU survivors.

Currently, there are several comorbidity assessment scores that predict long term
mortality outcomes. The Charlson index and Elixhauser can be derived easily from
administrative data, do not have exclusion groups, and are used widely across different
patient populations. In addition, Elixhauser does not require coefficients to be re-
estimated which can make it more adaptable for use. In spite of this, ICU research on
these scores has been scarce and the only existing studies focus on in hospital
mortality(19, 20, 22, 66). Further, in these studies it is unknown whether the comorbidity
lists are complete for the ICU population. Therefore, this is the first study to validate the
Charlson index and Elixhauser in an ICU sample, in hopes of providing researchers and
physicians a tool to gain a better understanding of the impact of critical care services on

long term survival.
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CHAPTER 2: RESEARCH QUESTIONS

Objective 1: To examine the impact of the Charlson index on 1 year predicted mortality
in ICU patients.
Primary Research Questions:

e How well does the Charlson index predict 1 year mortality in ICU patients?
Secondary Research Questions:

e How much is gained for mortality prediction when you add Charlson or

comorbidities with age and sex?
e How does the effect of comorbidity on mortality depend on age?
e How do the new ICU specific weights differ from the original Charlson index

weights?

Objective 2: To examine the impact of Elixhauser on 1 year predicted mortality in
ICU patients.
Primary Research Questions:

e How well does the Elixhauser predict 1 year mortality in ICU patients?
Secondary Research Questions:

e How much is gained for mortality prediction when you add Elixhauser

comorbidities with age and sex?
e What is the impact of a specific comorbidity on mortality?
e Does the predictive ability of Elixhauser or Charlson change according to ICU

patient subgroups?

Objective 3: To determine whether Charlson and Elixhauser contain all
comorbidities those are associated with 1 year mortality in ICU patients.
Primary Research Questions:

e Are there comorbidities missing in Charlson and Elixhauser that can improve risk

adjustment further in the ICU population?
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CHAPTER 3: METHODS

3.1.  Study sample

The Department of Critical Care Medicine at the University of Calgary and the
Calgary Health Region (CHR) administer care to critically ill adult patients in a
cardiovascular care ICU and three multidisciplinary ICUs. During the study period, the
multidisciplinary ICUs consisted of 22 beds from a regional trauma and neurosurgical
referral centre, 12 beds from a vascular surgery referral center and 10 beds from a
multidisciplinary ICU. The study population consisted of all adult (>18 years) patient
with an index admission into any multidisciplinary ICU in the CHR between April 1°
2000 to March 31 2004. We excluded cardiovascular surgery patients because these
patients were different from other patients admitted into ICU with respect to their
physiologic derangement and mortality rate. In the development of APACHE Il,
cardiovascular patients had high initial APS scores and very low mortality rate, thus they
were excluded from the analysis (3, 20).

Table 3: Exclusion Criteria

e Age <18 years old

e Not a Calgary Health Region resident during the study period

e CV ICU patients

e Repeat admissions (only patients index admission was considered)

3.2.  Data collection and study protocol

This study used a population-based historical cohort design that linked clinical
outcomes data to large administrative databases. The ICU Tracer database collects
patient specific demographic, clinical, APACHE |1 scores on the first day of ICU
admission for all patients admitted to a Calgary Health Region adult ICU. The Tracer
database was linked with the CHR Population Registry database to identify by postal

code those patients who were residents in the CHR. Patients remaining in the cohort were
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then linked to the in-patient (IP) registry through a deterministic record linkage approach
by their unique hospital identification number, followed by last name, sex, and date of
birth . Next, the IP registry was linked to a hospital record dataset that contained up to 16
diagnosis codes and diagnosis types as well as 10 procedure codes, to derive the Charlson
index and the Elixhauser comorbidities for each patient. We used the ICD-10-CM codes
for fiscal years 2002-2004 and ICD-9-CM codes for fiscal year 2000-2002 to identify
diagnoses and procedures. Post-admit comorbidities, identified by a diagnosis type
indicator, were excluded because these complications occurred after hospital admission.
Finally, the dataset was linked with Vital Statistics data (2000-2005) to collect
information on 1 year mortality. Since some Vital Statistics record could not be linked
with PHN, a deterministic linkage approach using surname, sex, and date of birth was
applied to ensure maximum linkage rates. This method of deterministic linkage with
Vital Statistics was chosen because of it had previously been validated using these
databases and had been found to have a high rate of accuracy (93.1%), with a trend to
increased linkage by fiscal year. (81). Through this process, we were able to identify and
link 97% (5159/5311) of individual patient records within our cohort. Therefore, the final
study sample is 5159 subjects.

Appendix 4: Coding documentation for data cleaning

Figure 3: Database linkage

Calgary In-pgtient
ICU Tracer —» | Population |—> |Registry | — | Vital stats
database Registry (IP)
(04/01/00- 03/31/04)
Hospital
record data
set
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3.3.  Study variables
APACHE Il

APACHE 11 score (Appendix 1) is composed of three components: physiological
variables, age, and chronic health points (CHP), and has a potential range of 0-73 points
with a higher score corresponding with an increased risk of death. Age is stratified into 5
levels ranging from 0-6 points. CHP is stratified into 3 levels (0, 2, 5 points) based on
elective or emergent surgery or non-operative case and the presence of either clinically
significant immuno-suppression or chronic end-organ disease. Within the physiological
component, the model consists of the most abnormal value of 12 physiological variables
recorded within the first 24 hours after admission into the ICU. The APACHE I score
was collected in accordance with the original published methods with the following
modifications: (1) Glasgow coma scale was determined by the ICU attending physician
and was the best estimate of the patient’s underlying response due to the acute process
excluding the potential confounding effect of sedation, (2) acute renal failure was
considered present if the serum creatinine was acutely increased above 132 mmol/L, (3)
chronic health status was determined by the most responsible ICU attending physician at
the time of ICU admission, and (4) laboratory and physiologic variables were
downloaded from bedside electronic devices, after being verified by bedside nursing staff
for accuracy, to a bedside electronic charting system that automatically calculated the
Apache 11 score. Previous studies had verified the accuracy of the data download and the
calculation of the score (82). The APACHE Il score and its components for this study

were from this data collected in the ICU Tracer database.
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Charlson comorbidities
In the present study, we used the ICD-10 and ICD-9 coding algorithms developed
by Quan et al. (50), to derive a comorbidity score for the Charlson index for each patient.

Table 4: Charlson index comorbidities
Weight Clinical condition

1 Myocardial infarct
Congestive cardiac insufficiency
Peripheral vascular disease
Dementia
Cerebrovascular disease
Chronic pulmonary disease
Conjunctive tissue disease
Slight diabetes, without complications
Ulcers
Chronic diseases of the liver or cirrhosis

2 Hemiplegia
Moderate or severe kidney disease
Diabetes with complications
Tumors
Leukemia
Lymphoma

3 Moderate or severe liver disease

] Malignant tumor, metastasis
Aids
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Elixhauser comorbidities
We used the ICD-10 and 9 coding algorithms developed by Quan et al. (50), to
derive the Elixhauser comorbidities for each patient.

Table 5: Elixhauser comorbidities

Condition
Fluid and electrolyte disease Pulmonary circulation
disorders
Hypertension Hypothyroidism
Cardiac arrhythmias Valvular disease
Chronic pulmonary disease Metastatic cancer
Congestive heart failure Diabetes, complicated
Other neurological disorders Paralysis
Alcohol abuse Rheumatoid arthritis
Coagulopathy Drug abuse
Diabetes ,uncomplicated Obesity
Peripheral vascular disorders Weight loss
Solid tumor without metastasis Deficiency anemias
Renal failure Psychoses
Depression Blood loss anemias
Liver disease Peptic Ulcer Disease
AIDS

3.4.  Outcome measures

The primary outcome in this study was mortality at 365 days. Time to mortality
was calculated from the date of death found in Vital Statistics and subtracted from the
ICU admission date to determine the number of days. Secondary outcomes, 90 days and
180 days, were explored initially but were abandoned as there was very little difference

in discrimination across outcomes.

3.5.0 Descriptive baseline statistics in the ICU study sample

Baseline characteristics were calculated on common demographic and clinical
variables such as age, APACHE II, Charlson index, length of stay. Primary admitting
ICU diagnosis for each patient was classified under five categories (cardiovascular,
respiratory, gastrointestinal, neurological, trauma, other & missing). In general, normally

distributed variables were reported as means with standard deviations (SD) and non-
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normally distributed variables as medians with inter-quartile ranges (IQR). Prior to
analysis, all variables were assessed for underlying distribution using histograms, box
plots and summary statistics.

3.5.1. Describing comorbidities in the ICU study sample

Several analyses were conducted to demonstrate how the coding algorithms for
Charlson index and Elixhauser differ from each other. First, the prevalence of Charlson
and Elixhauser comorbidities were calculated from the study sample. As defined by
Rothman, prevalence is a measure of disease burden in the population. Prevalence is an
appropriate measure for comorbidities since many comorbidities, such as diabetes,
hypertension, have insidious onset; therefore it would be difficult to define the onset.
The prevalence was ranked from highest to lowest for both Charlson and Elixhauser, with
a rank one representing the comorbidity with the highest prevalence in the ICU sample.
This ranking can be a crude way to assess whether comorbidity algorithms differ from
each other. To provide a crude assessment of the relationship between comorbidity and
365 day mortality, several graphs were developed to also show the number of patients
with comorbidity and the number of patients that died from a specific comorbidity.
Finally, the Charlson and Elixhauser methods were compared in their ability to assess

disparities in the determination of comorbidities among ICU patients.

3.5.2. A comparison between CHP, Charlson index , and Elixhauser by outcomes
and descriptive variables

In this section, a stratification analysis was used to assess how well outcomes and
descriptive variables differed between patients classified with no comorbidities and
patients with any comorbidity, using the Charlson and Elixhauser method. When a
comorbidity measure differentiated well in terms of the descriptive variables, such as age
or sex, this provided a better indication that the comorbidity measure may be related to
the descriptive variable as a confounder.

For all stratified analyses, a decision was made post-hoc to collapse the CHP
component of APACHE I, into 2 groups: zero and two chronic health points or five

chronic health points. The decision to collapse was based on the distribution of subjects
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(only a small proportion of subjects were categorized as having 2 chronic health points),

and a similar mortality rate between 0 and 2 CHP points, compared to 5 CHP points.

3.5.3. A comparison between survival curves by Charlson index score and count of
Elixhauser comorbidities

Kaplan-Meier survival curves were graphed by comorbidity score or count to
show the proportion of patients surviving up to four years of data collection. These
graphs display differences between survival function of ICU patients with varying
comorbidity scores by examining the slope of the curve and distance between the curves.
To graph survival curves by Charlson index score, the score was calculated as the
original Charlson et al, method and then combined into fewer categories based on the
methods described by D’Hoore et al, (10, 52). To graph survival curves by Elixhauser
comorbidities, a count of the comorbidities was calculated and patients with 7 or more

comorbidities were combined into a single group.

3.6.  Statistical techniques for model assessment

To investigate how well a risk adjustment method may perform, the C statistic (C
stat) is the most commonly used measure of performance of models predicting
dichotomous outcomes (83). The C stat represents the area under the curve for the
probability that the mortality status of a randomly selected survivor and non survivor is
identified correctly by a given prediction model (84). The maximum value of 1.0 for the
C stat indicates that the model has 100% ability to discriminate mortality status. In
contrast, when the model cannot discriminate better than chance, the C stat will be 0.5.
In the literature, C stat of 0.8 to 0.9 are regarded as very good, C stat of 0.7 to 0.8
considered adequate and C stat below 0.7 are regarded as poor (85). It should be noted
that the C stat has limited sensitivity to detect additional improvements in prediction at a
threshold level and is insensitive to the prevalence of the condition.

As part of the model assessment process, the models were calibrated to assess
how well the model measures actual and expected values of mortality across a sample
subgroups. Most ICU severity illness scores had some deterioration in calibration over

time, especially in subgroups, therefore, it would be important to assess whether
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comorbidity scores are susceptible to the same issues(7, 8, 31). Calibration is determined
by the Hosmer-Lemeshow Goodness of Fit test, which divides the population into
subgroups by deciles of risk and a total Chi Square (yx?) value is calculated. The null
hypothesis is that the model does not fit with p values>0.05, whereas when the model fits
the data the p <0.05. Low 2 values are indicative of good model performance. In
contrast, x> greater than 15.51 are regarded as poor fit (25).However, it should be
cautioned that the Goodness of Fit test is sensitive to large sample sizes which can
produce erroneous significant p values. Therefore, we relied on a graphical means to
assess this component.

To test whether the addition of predictor variables into the models changed
significantly, likelihood ratio tests (LR) were used. For a given model, the likelihood is
calculated as the joint probability of the observed outcome expressed as a function of the
chosen regression model. The model coefficients were unknown quantities and are
estimated by maximizing this probability. The LR test was computed as twice the
difference between the log-likelihood from the two models, and is assessed by examining
the X2 distribution for significance testing (25).

Since a model performance can be severely degraded by the inclusion of many
predictors, we calculated the Akaike’s information criterion (AIC). This is a method for
penalizing the log likelihood to gain an unbiased assessment of the model’s performance.
To calculate the AIC, we added twice the number of parameters to the -2 log likelihood
and examine the relative change of AIC between similar models (25).

Finally, it is important to compare how a model performs in the data on which it
was developed on and how well it performs when applied to new data. When fitting
complicated models with many covariates, a model fit to one data set is unlikely to
predict outcomes equally well in a new data set (25). When there are few covariates in
model or when the data set is large and representative of future data, then over fitting is
not a major concern. However, since the Charlson and Elixhauser were developed on
non-1CU study samples and there are more than 17 covariates in a model, over fitting can
be a potential problem. Charlson index was developed based on 559 medical patients and

Elixhauser was developed based on a sample size of 1,779,167 adult inpatients. For
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predicting dichotomous outcomes, the literature advises that there should be no more than
one predictor per 18 events, which may not be sufficiently conservative (25).

To evaluate model fit, Efron’s enhanced bootstrapping method was used to
estimate the amount of shrinkage in the models (83). Shrinkage was calculated to obtain
unbiased estimates of future model performance in similar populations. By shrinking the
regression coefficients, over-fitting the model maybe corrected, and transportability of
the models to similar populations improved. Shrinkage values close to one indicate very
little shrinkage and are regarded as excellent, while shrinkage values much less than one
can represent over fitting of the data. There were one hundred replications for

bootstrapping coded to calculate mean shrinkage.

3.7.0. Primary Research Question:

How well does Charlson index predict 1 year mortality in ICU patients?

For the analysis of the primary outcome, variations of the Charlson score were
explored in univariate logistic regression models with the dependent variable being the
natural logarithm of 365 day mortality. First, the Charlson index was explored using the
original weighting scheme and calculation methods (Model CI1). For this approach, after
taking the exponent of the regression coefficient, these odds ratios were added rather than
multiplied for a patient with multiple comorbidities, as described by the methods used by
Charlson. Next, the Charlson index was collapsed into scores six and higher, since the
relationship was non linear for high scores and the sample size was low for these high
scores (Model CI2). D’Hoore also determined that the Charlson index had a non-linear
relationship with the log odds of death and the Charlson index was based on highly
skewed scores. D’hoore recoded the index into 5 categories (0, 1-2,3-4,5-6,>6) and found
that this improved model performance (52). A model using the ICU specific regression
coefficients was explored to calculate the Charlson Index (C13) by multiplying regression
coefficient if a patient had more than a single comorbidity. Lastly, a model where
Charlson comorbidities were entered as dummy variables was explored (Model C1) to
determine whether not fixing comorbidity weights would produce the same predictive

accuracy as the previous models.
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Model CI1 and CI2: Calculation of Charlson index using original weights and
methods described by Charlson

Charlson Index= w;*(c.cobs)+ w,*(c.coby)+...... + wp*(c.cobp)

Wi, corresponds to the original weights derived by Charlson et al.

Model CI3: Calculation of Charlson index using 1CU specific regression coefficients

Charlson Index= y;*(c.cob;) + y,*(c.coby) + ...... + yn*(c.coby)

v1 ... ynare the empirically derived regression coefficients

Model C1:Charlson comorbidity
The following logistic regression equation was used for the Charlson comorbidities

models:

Log (p/1-p)= B0+ p1*(c.coby)+ B2*(c.coby)+... pn*(c.coby)

*p is the probability of death within 365 days for a patient
*c.cob are the comorbidities defined in the Charlson list entered as dummy variables

Model CI1-C13: Comparison between Charlson index variations in univariate
models to predict 365 days mortality
The following logistic regression equation was used for the Charlson index models:

Log (p/1-p)= p0+ p1 *(Cl)

*p is the probability of death within 365 days for a patient
* Cl is the Charlson index calculated for Models ClI1 to CI3
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3.7.1. Secondary Research Questions:

How much is gained for mortality prediction when Charlson comorbidities
are added to age and sex?

Multivariate analysis was used to compare the performance of adding age and
sex to the Charlson index to predict 365 day mortality. Age and sex were the only clinical
variables chosen for this study because these variables are readily available in
administrative data. First, a baseline model with age and sex was assessed on its own and

different comorbidity measures were added to determine the change in discrimination.

Models M1- M5: Comparison between Charlson index variations and chronic health
points added to a baseline model

The following logistic regression equation was used to determine whether
discrimination could improve if variations of the Charlson index were added to a baseline

model

M1: Log (p/1-p)= p0+ B1 *(age) + P1*(sex) baseline model

M2: Log (p/1-p)= B0+ pl*(age)+ p2*(sex) + B3 *(CHP)

M3: Log (p/1-p)= p0+ p1*(age) + p2*(sex) + P3 *(Cl1)

M4: Log (p/1-p)= O+ p1*(age) + p2*(sex) + B3 *(CI3)

M5: Log (p/1-p)= 0+ pl*(age) + p2*(sex)+ p3*(c.coby)+ p4*(c.cob,)+... pn*(c.coby)

*p is the probability of death within 365 days for a patient

* CHP is the chronic health points of APACHE II

* CI1 is the Charlson index calculated using the original Charlson’s method
* CI3 is the Charlson index calculated using regression coefficients

* c.cob is the Charlson comorbidities entered as dummy variables

The separate components of APACHE 11 were also explored to compare how well

comorbidity scores perform to the severity illness score used in the ICU (Model Al, A2,
and A3).
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Model Al, A2, and A3: Comparison between APACHE Il components in univariate
models to predict 365 day mortality
The following logistic regression equation was used to model APACHE Il components:

Al : Log (p/1-p)= po+ p1 *(APACHE II)
A2: Log (p/1-p)= B0+ p1 *(APS)
A3: Log (p/1-p)= po+ p1* (CHP)

*p is the probability of death within 365 days for a patient

3.7.2. How does the effect of comorbidity on mortality depend on age?

Next, to determine whether adding an interaction term could improve
discrimination for severity scores, a series of analysis were undertaken. In
epidemiological analysis, an interaction term is known as an effect modifier and there is
some evidence in the literature that suggests adding interaction terms between
physiological measures can improve discrimination for severity of score measures(86).

First to examine the Charlson index and Elixhauser distribution across age groups,
the mean and median number of comorbidities was plotted for each method. Age groups
were divided as 18-24, 25-34, 34-44, 45-54, 55-64, 65-74, 75-84, 85 and over. Age
groups were combined to create floating age groups in order to assess differences in
discrimination between the age groups, while maintaining an adequate sample size. The
C stat was calculated for the Charlson index, using the original weighting scheme (Model
CI1), by age groups. Lastly, an interaction term of age and Charlson index was created
and entered into a baseline model of age and sex o determine whether any improvement

in discrimination could be made.

- 38 -




Model M3 and M6: Comparison between Charlson index model with an interaction
term for age and comorbidity

The following logistic regression equation was used to address this question:

M3: Log (p/1-p)= g0+ p1l(age) + p1(sex) + p3 (CI1) baseline model
M7: Log (p/1-p)= g0+ p1l(age) + p1(sex) + p3 (CI1) + p4 (age*Cl1)

*p is the probability of death within 365 days for a patient
* CI1 is the Charlson index calculated using the original Charlson’s method

3.7.3. How do the new ICU specific weights differ from the original Charlson index
weights?

In order to derive empirical study weights, a similar approach to Charlson et al,
method was undertaken. Regression coefficients were transformed into odds ratios by
taking the exponent and these resulting odds ratios were equivalent to the weights.
Comorbidities with odds ratio >1.2<1.5 were assigned a weight of 1; conditions with a
ratio of >1.5<2.5 a weight of 2; conditions with >2.5<3.5 a weight of 3; conditions with
>3.5<4.5 a weight of 4; and those conditions with weights of 6 or more were assigned a
weight of 6.

3.8.0. Primary Research Question:

How well does Elixhauser predict 1 year mortality in ICU patients?

As described by Elixhauser, the comorbidities were entered into a logistic
regression model as dummy variables. When the exponent of the coefficient was
transformed, this represented the odds ratio, where the odds that a patient with a
particular comorbidity would die in 365 days, holding constant all other factors
measured. For example, if a patient had odds ratio of 2.5 for congestive heart failure, then
this would be interpreted as the odds of death is 2.5 times higher for patients with
congestive heart failure, compared to patients who had no congestive heart failure

recorded but were similar in all other factors.
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Model E1: Elixhauser comorbidities

The following logistic regression equation was used for the Elixhauser model:

Log (p/1-p)= B0+ p1*(e.cob;)+ p2*(e.coby)+... pn*(e.coby)

*p is the probability of death within 365 days for a patient

*g.cob are the comorbidities defined in the Elixhauser list

3.8.1. How much is gained in terms of mortality prediction when Elixhauser
comorbidities are added to age and sex?

Similar to the Charlson analysis, likelihood ratio tests, C stat, AIC, and shrinkage
was calculated to evaluate model performance compared to a baseline model. This
question was explored to determine how much discrimination could be gained when

Elixhauser comorbidities was added to a model that contained age and sex.

Model M1 & M7 Comparison between an Elixhauser model added to a baseline
model to predict 365 day mortality
The following logistic regression equations was used to determine if

discrimination could improve when Elixhauser was added to a baseline model

M1: Log (p/1-p)= B0+ p1* (age) + p1*(sex) baseline model
M7: Log (p/1-p)= g0+ B1* (age) + p1*(sex) + d1*(e.coby)+....+ d,*(e.coby)

*p is the probability of death within 365 days for a patient
* e. cob is the 30 Elixhauser comorbidities entered as dummy variables

3.8.2. What is the impact of a specific comorbidity on mortality?

Forest plots of univariate and multivariate models for Charlson and Elixhauser
comorbidities were explored in this analysis. This graphical assessment allows a quick
assessment of odds ratios and 95% CI for a given comorbidity. The length of the 95% CI
can provide an indication of the variability of the odds ratio estimate. In the scenario
where the 95% CI was wide and crossed an odds ratio of one, this suggested that the odds

of dying in 365 days were higher or lower for a person with a given comorbidity than a
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person without that comorbidity. In other words, the odds ratio was not statistically
significant (p>0.05). Odds ratios and 95% CI less than one suggest that the odds of death
are less in a person with a comorbidity compared to without the comorbidity, whereas,

odds ratios and 95% CI greater than one suggest the opposite effect.

Model E1 and C1
The following logistic regression equation was used to address this question:

El: Log (p/1-p)= pO+ p1l*(e.coby)+ p2*(e.coby)+... pn*(e.coby)
C1: Log (p/1-p)= p0+ p1* (c.cob;)+ p2* (c.coby)+... pn*(c.coby)

*p is the probability of death within 365 days for a patient
*g.cob are the comorbidities defined in the Elixhauser list

* c.cob are the comorbidities defined in the Charlson list

3.8.3. Does the predictive ability of Charlson index and Elixhauser change
according to ICU patient subgroups?

This was explored by examining comorbidity profiles and physiological profiles
between risk groups: trauma vs. non trauma patients, surgical vs. non surgical patients. A
model with only ICU survivors was explored because it was hypothesized that
comorbidities may play an important role in survival for long term mortality outcomes
rather than short term mortality, therefore, comorbidity models would perform better
when only ICU survivors are examined. This analysis could provide health service
researchers an indication of which comorbidity scores would be most appropriate for risk
adjustment within a group of ICU patients. Logistic regression models were constructed
to examine the performance of the C stat between each ICU group using Elixhauser and
Charlson index. The original Charlson index weighting scheme was used for this

analysis.
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3.9. Primary Research Questions:
Are there comorbidities missing in Charlson and Elixhauser that can

improve risk adjustment further in the ICU population?

3.9.1. Background of Delphi Method

A modified Delphi technique was used to develop a list of clinical comorbidities
that may be relevant for predicting one year mortality in ICU patients. Because
Elixhauser and Charlson index were developed on non ICU patients, this technique
would assess whether there are additional comorbidities that could be added to the list, in
order to improve comorbidity risk adjustment in the ICU population. The Charlson index
was developed on less than 600 patients and may not have the adequate sample size to
detect statically significant comorbidities.

The Delphi technique is a consensus method that provides a way to synthesize
information and combine the insights of appropriate experts to enable informed decision
making or health service development. It was first developed in the 1950s by the Rand
Corporation in California as an attempt to eliminate interpersonal interactions during
decision making for meetings(87). The aim of the Delphi technique is to determine the
extent to which experts agree about a given issue. Agreement is evaluated in three
different methods. First, agreement is the extent to which each respondent agrees with the
issue under consideration, usually assessed by a numerical or categorical method.
Secondly, agreement can be the extent to which respondents agree with other. Lastly, in
this research question context, agreement can be determined by how well the responses
agree with the conventional list of comorbidities.

There has been some controversy over the validity of the Delphi method. For
example, Harold Sackman argued that the Delphi method fails to meet the standards
normally set for scientific methods. For example, although the anonymity feature of the
Delphi promotes an honest expression of views and protects the panel from penalty or
mockery of their opinion, it can lead to a lack of accountability for the view
expressed(88). Further, he argues that the method forces consensus and is weakened by

not allowing participants to discuss issues.
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However, there are distinct advantages in using a Delphi technique to obtain
expert opinion. For example, using the Delphi technique can overcome problems, such as
a dominant individual and their view being overly represented. Also, a feedback method
in the Delphi technique allows individuals to reevaluate their responses in a non
confrontational environment, while considering the responses from the rest of the group.
In a practical sense, the Delphi method allows a large group of experts to be contacted
cheaply, such as by email or mail, with few geographical limitations on the sample.

The Delphi technique has been used widely in health service research, fields of
technology assessment, education and training, and in developing nursing and clinical
practice (89-92). In health service research, researchers may face the problem of trying to
make decisions in situations where there is insufficient information. Therefore, the
purpose would be to identify whether additional comorbidities could be added to
Charlson and Elixhauser that could improve risk adjustment from a group of expert ICU
physicians.

The Delphi method is characterized by four features: anonymity for all
respondents; iteration; controlled feedback; and statistically interpretable group
response(93).
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Table 6: Features of Delphi method

Anonymity | To avoid dominance; achieved by use of a questionnaire in Delphi and

private ranking in nominal group

Iteration Processes occur in "rounds™, allowing individuals to change their opinions

Controlled | Showing the distribution of the group's response (indicating to each

feedback individual their own previous response in Delphi)

Statistical | Expressing judgment using response summary measures of the full group
group response, giving more information than just a consensus statement

response

Adapted from Pill and Rowe (94, 95)

3.9.2. Study sample and recruitment
A convenience sample of nineteen practicing adult intensivist across Canada were

identified and asked to participate in the study.

3.9.3. Survey administration and steps

Physicians were given an introductory letter with the purpose of the project, time
requirements, standard definitions and steps. Efforts were made to contact physicians at
research rounds and through email. The questionnaires were reviewed for face validity

by 2 independent physicians with content and method expertise prior to administration.

Appendix 5: Delphi Cover Letter
Appendix 6: Delphi Procedure

The modified Delphi Technique was implemented in the following three steps:
Step 1: A list of Charlson and Elixhauser comorbidities were given to the physicians for
review. Experts were asked to provide a list of additional comorbidities that would

predict mortality in an ICU population, based on their clinical experience and knowledge.
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This list was combined with the all the comorbidities from Charlson and Elixhauser to

form a saturated list.

Step 2: These experts provided a response on each of the comorbidities from the
saturated list as either yes or no, according to its importance for predicting 90, 180, and
365 days mortality. Based on these results, the percentage agreement for each

comorbidities was derived, also known as the group response.

Step 3: The group response was sent back to the expert panel for a second ranking of the
top 30 comorbidities . Physicians ranked the comorbidities from a scale of 1 to 10 with
high numbers representing the most relevant comorbidities for predicting 90 and 365 day
mortality. The final list of comorbidities were formulated based on the mean relevancy
score obtained from the questionnaire in Step 4. This list was compared with the

Charlson index and Elixhauser list of comorbidities.
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Figure 4: Delphi Technique in the ICU research study
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3.9.4. Loss to follow up

Since the Delphi technique requires two follow up questionnaires, physicians
were provided with more than a month to respond to each questionnaire. One week after
administering the questionnaire, reminder emails were sent and physicians were

approached at research rounds to facilitate the responses.

3.9.5. Outcome measure
Although physicians were asked to provide response for 90 and 180 day
mortality, this was eliminated in subsequent steps because it was cumbersome, and could

inhibit the number of responses received. Furthermore, the responses were similar across
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the different endpoints (Delphi | & Il) and previous analysis showed consistent results

across endpoints. This provided justification to focus on the primary outcome.

3.9.6. Statistical analysis

Additional comorbidities were identified by ICU physicians and the percentage
agreement was derived (i.e. group response). Mean Relevancy Rank was calculated from
the second ranking where physicians ranked comorbidities from 1 to 10. The top 30
comorbidities were compared with the original Charlson and Elixhauser for differences.
Odds ratios obtained from multivariate models for Elixhauser (Model E1) was compared
with the rankings in a correlation analysis. In a subsequent correlation analysis,
comorbidities that were present in <5% of the ICU population were excluded because
ICU physicians may not have an accurate assessment of the comorbidity influence on
mortality. Comorbidities identified by the physicians that were not on Elixhauser or
Charlson’s comorbidities list were tested for discrimination by the following logistic

regression equations.
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Model D1: Delphi comorbidities
The following univariate logistic regression equation was used for the comorbidities

identified by the Delphi process:

Log (p/1-p)= g0+ p1*(d.cob)

*p is the probability of death within 365 days for a patient
*d.cob are the comorbidities identified by the ICU physicians in the Delphi process

Model D2: Delphi comorbidities
The following multivariate logistic regression equation was tested whether the Delphi

comorbidities could add any discrimination over the Elixhauser model:

Log (p/1-p)= g0+ p1*(e.coby)+ B2*(e.coby)+... pn*(e.cob,)+ pn*(d.coby)

*p is the probability of death within 365 days for a patient
*e.cob are the comorbidities defined in the Elixhauser list
*d.cob are the comorbidities identified by the ICU physicians in the Delphi process

3.9.6. Statistical Programs
Data cleaning was conducted using SAS version 9.1 (Cary, NC). Statistical
analysis was primarily done in STATA 9.2 (College Station, Texas). GraphPadPrism 5

application was used to develop statistical graphs.

3.9.7. Ethics Approval
Ethics approval for this study was obtained from the conjoint health research ethics

board at the University of Calgary and the Calgary Health Region.

Appendix 7: Ethics Approval Letter

-48 -




CHAPTER 4: RESULTS

4.1.1. Study sample characteristics

A total of 5159 patients met the inclusion criteria for the study. The data cleaning
and screening process is summarized in Figure 5. Less than three percent of patients
(n=152) could not be linked to Vital Stats data or CHR population registry because of
invalid PHNs, which suggests these residents were not part of the CHR.

Figure 5: Data cleaning and screening process

13761 ICU admissions

l @ Remove CVICU patients, <18 years old
(5258)

8503

@ Remove multiple ICU adm (1562)

v

6941 index
ICU admission

@ Remove non-CHR residents (1630)

5311

l @ Remove patients with invalid PHN (152)

5159 eligible
Final dataset
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Table 7 provides an overview of the characteristics of the study sample that met all
inclusion and exclusion criteria. The average age of patients in the study sample was
approximately 59 years old and 56% of the sample consisted of males. Both the Charlson
index and length of stay in the ICU were positively skewed; for this reason, medians with
inter-quartile ranges were presented. The burden of comorbidities was low based on the
CHP (66.6% had 0 CHP) and Charlson index (50% of the ICU population had index
between 0 and 3).

-50 -



Table 7 also provides a list of the primary admitting diagnosis in the ICU. The majority
of ICU admissions were related to a primary admitting diagnosis (such as septic shock) in
the cardiovascular system (28.2%). Nineteen percent of patients died in the ICU (n=986).
Close to 24% (1184/4994) of patients had a hospital stay greater than 30 days, of which
18% (214/1184) died in the hospital. Approximately 5% (261/4994) of patients had a
hospital stay greater than 90 days, of which 12% (30/261) died in the hospital. There
were missing data on hospital length of stay for 165 patients.
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Table 7: Patient Characteristics

Age (y)
Mean £+ SD 58.97+18.7
Sex
Male Frequency (%) 2874 (55.7)
Length of ICU stay (d)
Median (IQR)T 2.5(1.1,5.9)
Admitting APACHE 11 Score
Mean + SD* 19.3+8.6
First TISS scoret
Mean + SD* 35.0+ 14.4
In-hospital Mortality
Frequency (%) 1432 (27.8)
ICU mortality
Frequency (%) 986 (19.1)
Charlson Index
Median (IQR; maximum)t 2 (0,3;15)
CHP (%)
0 3370 (66.6)
2 174 (3.4)
5 1517 (30.0)
APS
Mean + SD 14.447.9
Surgery Type (%)
Non-Operative 3429 (67.3)
Elective Surgery 542 (10.6)
Emergency 1121 (22.0)
Max SOFA £ SD 7.7+4.6
90 day mortality (%) 1623 (31.5)
180 day mortality (%) 1746 (33.8)
365 day mortality (%) 1899 (36.8)
Cardiovascular (%) 1457 (28.2)
Admitting Respiratory (%) 1613 (31.3)
Diagnosis Gastrointestinal (%) 542 (10.5)
Category Neurological (%) 601 (11.6)
Trauma (%) 372 (7.2)

*Other & Missing (%) 874 (16.9)

Total sample size= 5159, unless otherwise stated.
*SD = standard déviations

TIQR= inter-quartile range

1TISS= Therapeutic Intervention Scoring System
SOFA= Sequential Organ Failure Assessment Score
CHP= Chronic Health Points (APACHE II)
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Other includes poisoning, musculoskeletal, hematological, genitourinary, and
dermatological.

4.1.2. A descriptive overview of the comorbidity profile in the ICU sample

In order to further explore the comorbidity profile of the study sample, the
Charlson and Elixhauser comorbidities were tabulated and ranked in respect to
prevalence in the study sample. Table 8 provides the percentages and ranks of ICU
patients with Charlson comorbidities, and Table 9 Elixhauser comorbidities derived from
ICD- 9 and 10 coding algorithms. The most frequent comorbidity identified by Charlson
was chronic pulmonary disease (N=1212). Cardiovascular diseases such as congestive

heart failure and myocardial infarction represented 37% of comorbidities.

Table 8: Percentage and ranks of patients with Charlson Comorbidities

Condition Percent Rank
Chronic pulmonary disease 23.5 1
Congestive heart failure 18.9 2
Myocardial infarct 18.3 3
Diabetes without complications 12.8 4
Cancer(lymphoma & leukemia) 12.4 5
Cerebrovascular disease 11.8 6
Peripheral vascular disease 10.3 7
Moderate or severe renal disease 9.7 8
Metastic solid tumor 5.7 9
Ulcer disease 5.3 10
Hemiplegia + paraplegia 4.7 11
Diabetes with complications 4.5 12
Mild Liver disease 4.4 13
Moderate or severe liver disease 3.7 14
Connective tissue disease 2.6 15
Dementia 2.5 16
AIDS 0.3 17

-B53 -



The most frequent comorbidity identified by Elixhauser was fluid and electrolyte
imbalances (N=2116). Among comorbidities common to both methods, very similar
proportions of patients affected were identified, for instance 18.9% of patients were
identified with congestive heart failure (CHF) by the Charlson method, while 18.9%

were identified using Elixhauser.

Table 9: Percentage and ranks of patients with Elixhauser comorbidities

Condition Percent Rank
Fluid and electrolyte disease 41.0 1
Hypertension 33.0 2
Cardiac arrhythmias 28.0 3
Chronic pulmonary disease 23.5 4
Congestive heart failure 18.9 5
Other neurological disorders 17.5 6
Alcohol abuse 15.5 7
Coagulopathy 13.2 8
Diabetes ,uncomplicated 12.6 9
Peripheral vascular disorders 10.3 10
Solid tumor without metastasis 9.9 11
Renal failure 9.6 12
Depression 8.9 13
Liver disease 8.3 14
Pulmonary circulation disorders 8.1 15
Hypothyroidism 6.7 16
Valvular disease 6.3 17
Metastatic cancer 5.7 18
Diabetes, complicated 5.1 19
Paralysis 4.7 20
Rheumatoid arthritis 4.4 21
Drug abuse 4.4 22
Obesity 3.9 23
Weight loss 3.3 24
Deficiency anemias 2.9 25
Psychoses 2.2 26
Blood loss anemias 1.8 27
Peptic Ulcer Disease 1.8 28
Lymphoma 1.7 29
AIDS 0.3 30
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The Charlson and Elixhauser methods were further compared in their ability to
identify multiple comorbidities among ICU patients. Compared to Elixhauser, Charlson
identified more than three times the number of patients without any comorbidity. In
addition, the distribution of Elixhauser comorbidities was fairly normally distributed

compared to the Charlson index.

Figure 6: A comparison of the number of comorbidities detected by Charlson and
Elixhauser

Number of comorbidities detected by Charlson vs. Elixhauser

1,600+

1,400+

@ Charlson
B Elixhauser
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Total number of comorbidities

Note: Each patient could code for more than one comorbidity.

A crude overview of the comorbidities that had the highest proportion of death
within 365 days can be observed in Figure 7 and Figure 8. Congestive heart failure,
myocardial infarction, and chronic pulmonary disease are the top three comorbidities in
the ICU population, with the most number of deaths within 365 days.
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Figure 7: Proportion of ICU patients that died in 365 days by Charlson
comorbidities

Charlson Comorbidities Dead <365 days

HIv

Metastatic Carcinoma

Moderate or Savara LIver dissasss
cancar

Renal Dissass  F 1T b E L ] | T k

Paraplegla and Hemiplegla = # died with cob
Dlabates with complications

Dlabates without Complications

Mild Liver Dlsease

Peptic Ulcer Dizeaze

connective Tlesus Rheumatic Disegses
Chronic Pulmanary Digease

Demantla

Cerebrovascular Dlssaze

Periphral Vaecular Dlzeazse

congealtve Heart Fallure

Myzcardial Infarction

1
1000 1500 2000
#1CU patisnts with COB

Note: Purple bar shows the number of ICU patients with a certain comorbidity that
survived. Pink bars shows the number of ICU patients with a certain comorbidity that
died.

A similar graphical representation of mortality was also presented for Elixhauser
comorbidities. Figure 8 shows that cardiac arrhythmia, fluid and electrolyte imbalance,
and hypertension are the top three comorbidities in ICU, with the most number of deaths
within 365 days. Almost one third of patients who had other neurological disorders died,
which was not captured by any of the Charlson comorbidities. Similar to the Charlson

method, very few patients had HIV in the ICU.
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Figure 8: Proportion of ICU patients that died within 365 days by Elixhauser
comorbidities
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4.1.3. A comparison between CHP, Charlson index , and Elixhauser by outcomes
and descriptive variables

Next, to assess how well clinical outcomes and descriptive variables differed
between a patients classified without any comorbidities and some comorbidities, analysis
between these groups were done for Elixhauser and Charlson index.

A different approach was undertaken for CHP where patients with zero and two
CHP were collapsed into the same group because these patients had similar proportions
of death (28%, 30% vs. 58%). The majority of patients had CHP of 0 and 2 (70%), while
the mortality rate was roughly twice has high for those with 5 CHP.

Table 10: Comparison between CHP, Charlson index, and Elixhauser by clinical
and descriptive variables

CHP Charlson index Elixhauser

0,2 5 0 >=1 0 >=1
Patients (%) 70.0 29.9 27.5 72.5 7.2 92.8
Mean age + SD 56.8+19.7 64.1+149 458 + 19.1 64.1+ 15.9 43.0 + 60.21 +

19.1 18.1

In-hospital death (%)  21.7 42.0 11.6 33.9 134 28.9
365 day mortality (%) 27.9 57.6 15.1 45.0 15.3 38.5
Length of stay ICU 24 (1.1,5.7) 29(13 19(0.9,45) 29(1.2,6.4) 1.6(0.9, 2.6 (1.1,6.0)
(Median , IQR) 6.7) 3.1)
APACHE Il +SD 17.7+8.0 23.1+88 15.9+8.0 20.5+ 8.5 14.4+75  19.6+ 8.6
Male (%) 56.5 54.9 56.0 55.7 54.2 55.9
Max_SOFA 7 (4,10) 8 (5,12) 6 (3,9) 8(5,11) 5(2,8) 7(4,11)

(median, IQR)

Note: 365 day mortality represent the number of ICU patients that died at 365 days.
Max_SOFA represents the maximum sequential organ failure assessment score during an
ICU stay

The majority of patients (72.5%) had some Charlson index points and their

average age was older. The mortality rate was three times as high for ICU patients with

some Charlson index points, compared to patients without any points. Accordingly,

- 58 -



patients with Charlson index points also had higher APACHE 11, Max SOFA scores and
longer lengths of stay compared to those without points.

The majority of patients (92.8%) had some Elixhauser comorbidities, compared to
72.5% for Charlson comorbidities 33.4% for CHP. The mortality rate was more than
twice as high for ICU patients with some Elixhauser comorbidities, compared to patients
without any comorbidity. Patients with Elixhauser comorbidities had higher APACHE 11,

Max SOFA scores and longer lengths of stay compared to those without any comorbidity.

4.1.4. A comparison between survival curves by Charlson index score and count of
Elixhauser comorbidities

Kaplan-Meier survival curves were graphed by comorbidity score or count to
show the proportion of patients surviving up to four years of data collection. Figure 9
shows each survival curves for patients with Charlson index score from 0 to 7 and higher.
This graph shows that survival curves begin to separate between patients with different
Charlson index scores within the first 50 days after ICU stay. Less than 40% of patients
with a Charlson index score of 7 or higher survived at 200 days after they were admitted
into the ICU. In contrast, more than 80% of patients with a score of 0 survived at 200
days after ICU admission. The change in slopes was most apparent in patients with a
score of 7 or higher and this trend continued until the follow up period of the study
ended.

Figure 10 displays survival curves plotted by a count of Elixhauser comorbidities.
A similar trend was shown here where patients with more than 7 Elixhauser
comorbidities had the worst survival curve. For instance, close to 40% of patients with
seven or more comorbidities were still surviving at 200 days after ICU admission, while
almost 90% of patients with no comorbidities were surviving at this point in time.
STATA graphs the survival curves up to maximum days of follow up for non-censored
patients. For example, the survival curve for patients with zero Elixhauser comorbidities
was followed up to 730 days. Overall, these survival curves show that patients with a
high Charlson index score or high number of Elixhauser comorbidities had poor survival

functions after being admitted in the ICU compared to patients with no comorbidities.
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Figure 9: Kaplan-Meier survival curves by Charlson index score
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Figure 10: Kaplan-Meier survival curves by Elixhauser count of comorbidities
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4.2.0. Primary Research Question:

How well does Charlson index predict 1 year mortality in ICU patients?

To address the primary research question of the study, we undertook an
investigation of the performance of the Charlson index for predicting 365 day mortality
among ICU patients in the CHR.

The first step of this analysis was to explore Charlson index in univariate logistic

regression models.

Predictive Performance

In these models, the Charlson index was explored in several variations to
determine if the variations differed from the original weighting scheme: a recoded
version where scores six and above were combined, a version using the regression
coefficients and a version where comorbidities were entered as dummy variables. Scores
above six were combined because the Charlson index had very few patients with scores
above six (Model CI2).

Results show that the original Charlson Index and variations had adequate ability
to discriminate between those who lived and died in the ICU (C=0.70 to 0.73), with
minimal differences between the variations. When exact ICU specific regression
coefficients were used, as suggested by Moon and Harrell, this achieved better

discrimination than using the original weights.
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Table 11: Comparison of discrimination between Charlson Index variations in
univariate models to predict 365 day mortality

Model C stat OR 95% ClI
cnl 0.70 1.34 1.31, 1.38
Cl2 0.70 1.46 1.41, 1.50
CI3 0.73

C1 0.73

Note: CI1 refers to the Charlson index using the original weighting scheme.

CI2 refer to Charlson index using original weights, recoded as scores higher and equal to
six collapsed into one category.

CI3 refers to Charlson index assigned the exact regression coefficient weights.

C1 refers to the Charlson comorbidities entered as binary variables into the model.

OR refers to odds ratio

Next to assess calibration, observed risk groups were plotted against the expected
risk groups. The Hosmer Lemeshow Goodness-of-Fit Test divides subjects into deciles
based on predicted probabilities, then computes a chi-square statistic from observed and
expected frequencies. Points falling directly or close to the line show perfect calibration
for the risk group. Points falling above the line indicate that the model underestimated
the predicted risk of death in the ICU population. Likewise, when the points fell below
the line, this suggests that the model over estimated the predicted risk of death. Low
numbers indicate the risk groups that had a small predicted risk of death, while higher
numbers present the risk groups that had a high risk of death.

Figure 11 calibration plot refers to the model with the original Charlson index. In
this case, only 7/10 risk groups were identified, suggesting that the Charlson index was
poor for differentiating risk groups. Three risk groups were dropped from STATA
because they were ties (1,3,5). The model predicted well for high risk group (8&9), since
these two points were closest to the line. However, the model was poor for low risk group
(2) since this was far from the line. Overall, the model underestimated the risk of death

for most of the groups, except two and ten. The other calibration graphs for the Charlson
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index were not shown since they had similar calibration graphs to the original Charlson

index.

Figure 11: Calibration of Charlson index using original weighting scheme to predict
365 day mortality
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4.2.1. Secondary Research Questions:
How much is gained for mortality prediction when you add Charlson comorbidities

to age and sex?

Next, to investigate how much gain in discrimination could be achieved when the
Charlson index was added to other clinical variables, a series of logistic regression
models were analyzed. In the first set of models (M1-M5), a baseline model consisting of
age and sex was explored. Different variations of comorbidity measures were added to
the baseline model to assess predictive ability. Without any comorbidity measures, the
baseline model had fair discrimination (C=0.69). However, adding different variations of
the Charlson score did increase the predictive power substantially but this increase was

similar to the gain with the CHP component. In fact, using exact regression coefficients

-63 -



(Model M4) did not substantially increase predictive power over when original Charlson
index (Model M3). All models were statistically significant (p<0.0001) when the
comorbidity measure was added to the baseline model based on the likelihood ratio test.
To estimate the amount of shrinkage in the models, 100 bootstrap replications were done.
This provides an estimate of the degree of over fitting within the given sample. Overall,
shrinkage estimates were excellent in the models because the values were close to one.
Additional analysis was conducted using the same models, excluding those who died
within the ICU (Model N1- N5). No substantial differences in discrimination were
observed. Overall, these models demonstrate that discrimination can be improved

substantially by adding comorbidities to age and sex.

Appendix 8: Charlson index Model N1-N5 based on ICU survivors

Table 12: Comparison between Charlson index variations added to a baseline model
to predict 365 day mortality (Models M1 to M5)

Models LL LR Pvalue Cstat AIC Mean
test Shrinkage

Model M1: -3102.2 0.69

age sex

Model M2: -27545 6954 <0.0001 0.73 693.4

Model M1 + CHP

Model M3: -2959.9 2845 <0.0001 0.74 282.5 1

Model M1 + CI1

Model M4: -2875.1 4542 <0.0001 0.76 452.2 1

Model M1 + CI3

Model M5: -2838.7 527.1 <0.0001 0.77 493.1 0.98

Model M1 + c.cob

Note: CHP is chronic health points.

ClI1 is the Charlson index model using the original weights

CI3 is Charlson Index using newly derived exact regression coefficients.
C. cob is Charlson Comorbidities

-64 -



To investigate how well APACHE Il performs, compared to the Charlson index,
APACHE Il model and components were entered separately into a logistic regression
model. The full APACHE Il had good discrimination for predicting 365 day mortality.
Acute physiology status and CHP each had poor discrimination when analyzed

separately.

Table 13: Comparison of Apache Il components in univariate models to predict 365
day mortality (Model Al to A3)

Model Covariate C stat OR 95% CI

Al APACHE 11 0.78 1.04 1.04, 1.04
A2 APS 0.63 1.07 1.06, 1.07
A3 CHP 0.63 3.15 2.79, 3.56

Note: APACHE Il is the full APACHE Il model including admitting diagnosis in the
ICU.

APS is the acute physiology score, component of the APACHE 11 score.

CHP is the chronic health points, component of APACHE Il score

Summary:
e Charlson index and variations has adequate ability to predict 1 year mortality ICU
patients (C stat= 0.70 to 0.73) in univariate models.

Adding the Charlson Index to models with age and sex provides statistically
significant improvement in the model fit (p<0.0001) based on likelihood ratio test
but does not provide much improvement in discrimination over a model with the

chronic health points.

Using empirically derived study weights or exact regression coefficients provides

minimal increases in discrimination

The Charlson index has poor calibration and most often underestimated the risk of
death.

The full APACHE 11 provides good discrimination for predicting 365 day mortality
but performs poorly when only CHP or APS is examined.
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4.2.2. How does the effect of comorbidity on mortality depend on age?

It is widely recognized that comorbidities depend on age. This section explores
this relationship in greater detail and provides evidence on whether an interaction term
could improve discrimination.

First to examine the Charlson index and Elixhauser distribution across age groups,
the mean and median number of comorbidities was plotted for each method. As shown
below, the mean number of comorbidities in Elixhauser and mean Charlson index
increased with age, showing the 65-84 year old patients with the greatest burden of
comorbidities. Interestingly, patients above 85 years old had a lower burden of
comorbidities detected by both methods compared to 65-84 year olds. When the Charlson
index was tested as a univariate predictor of 365 day mortality in different age groups, the
best discrimination was achieved for age group 25-54 and declined for older age groups
(Table 14). To gain a better understanding of how these age groups differed in terms of
their comorbidities, we compared the comorbidity profile between those 85 years and
older and those 25-54 years old. As expected, patients 85 years and older had a higher
prevalence of comorbidities, especially congestive heart failure and myocardial

infarction, than younger patient age groups.
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Figure 12: A relationship between the mean and median Charlson index across
various age groups
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Figure 13: A relationship between mean and median total number of Elixhauser
comorbidities across various age groups
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Table 14: Performance of Charlson index to predict 365 day mortality in specific
age groups

Age group C stat

18-44 0.67
25-54 0.71
35-64 0.70
45-74 0.68
55-84 0.64
65+ 0.62

Figure 14: Prevalence of comorbidity for patients aged 85 years and older and 25-54
years old
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Lastly, the effect of comorbidity on mortality changed according to age, so age
and comorbidity was added as an interaction term to a model with age, Charlson index,
and sex. Although it was statistically significant (LR test= 20.52, p<0.01, discrimination
did not change much from a model without the interaction term (Model M6=0.74 vs.
M3=0.73).

Appendix 9: C stat matrix of all models

4.2.3. How do the new ICU specific weights differ from the original Charlson index

weights?
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As shown in the previous analysis, the models using empirically derived weights
had slightly better discrimination than the models using the original Charlson index
weights. Several studies have shown that the original weights were not applicable to their
study population and deriving new study specific weights could improve predictive
performance. In this section, the comparison between original weights and empirically
derived weights is presented in greater detail.

Table 15 shows empirically derived Charlson index weights assigned to the ICU
study sample, to predict one year mortality. All ICU weights derived were rounded to
integer weights, using the same rounding scheme as Charlson. While the original
Charlson index was based on medical inpatients using a Cox proportional hazards
models, a logistic regression model to derive the regression coefficients for the ICU study
sample was used. The odds ratio for 365 day mortality, or weight assigned, represents the
odds of dying in 365 days for those who have that comorbidity compared to those
without that comorbidity, adjusting for the other comorbidities in the model. Out of 17
comorbidities, 12 comorbidities were significant and received ICU weights to predict
death. For newly assigned ICU weights, 6/17 comorbidities overestimated the original
Charlson index weights. For example, moderate or severe liver disease was three times
higher in the ICU odds ratio compared to the odds ratio of three. In contrast, metastatic
carcinoma was only half the original Charlson weight (3 vs. 6). HIV had an odds ratio of
one in the ICU, suggesting a small impact on mortality. However, the confidence
intervals were wide suggesting the sample size was small to detect a significant impact on
death.

When we plotted the odds of death using the new Charlson index weights, the
relationship was almost linear. Charlson index of 10 or higher were collapsed into one
category because the sample size was small (n=367) and highly skewed (skewness
coefficient=10.0) In fact, the median Charlson index was 2 and the inter quartile range
was 1 to 4, with a range from 1 to 216. The extreme range was due to the multiplicative
properties of logarithms; therefore, comorbidities were multiplied rather than added
together for a given patient. For example, if someone had several comorbidities, the
rounded odds ratios for each comorbidity was multiplied rather than added together

because of logarithmic properties (i.e. log(A) + log (B)= log (A*B)).
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Table 15: New empirical ICU weights derived for Charlson

OR 95% Cl  95% ClI ICU Original

(365 Lower Upper  rounded  Charlson
Comorbidity day) P Limit Limit weight Index
Myocardial infarction 2.04 0 1.74 2.4 2 1
Congestive heart failure 1.68 0 1.43 1.97 2 1
Peripheral vascular
disease 1.21 0.06 0.99 1.48 1 1
Cerebrovascular disease 3.02 0 2.47 3.69 3 1
Dementia 1.96 0 1.34 2.86 2 1
Chronic pulmonary
disease 1.32 0 1.14 1.53 1 1
Rheumatoid arthritis 1.04 0.83 0.71 1.53 1
Ulcer disease 1.04 0.79 0.79 1.36 1
Mild liver disease 3.08 0 2.31 4.1 3 1
Diabetes non
complicated 091 0.32 0.76 1.1 1
Diabetes complicated 1.05 073 0.78 1.43 2
Paraplegia or hemiplegia 087 0.36 0.64 1.18 2
Renal disease 191 0 1.55 2.36 2 2
Cancer 2.19 0 1.79 2.68 2 2
Moderate severe liver
disease 8.87 0 6.27 12.55 9 3
Metastatic carcinoma 3.01 0 2.25 4.03 3 6
HIV 1.27 0.67 0.43 3.74 1 6

Note: OR- odds ratio
ClI- confidence interval

P is the probability of observing a value greater than z.

P> 0.05 was considered not significant.
Blank spaces represent no weights assigned.
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Summary:
e Empirically derived 1ICU new weights did not match the original Charlson index
weights
e 12/17 Charlson comorbidities were significant for predicting 365 day mortality
e Derived Charlson index was highly skewed but had an approximately linear

relationship with 365 day mortality
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4.3.0. Primary Research Question :

How well does Elixhauser predict 1 year mortality in ICU patients?

To address this question, the predictive performance of Elixhauser on 365 day
mortality was examined. A logistic regression model was used by entering the Elixhauser
comorbidities as dummy variables into the Model E1. The results show that Elixhauser
method adequately predicted 365 day mortality in ICU patients (C=0.74).

As part of the model assessment process, calibration plots were done for
Elixhauser. Ten risk groups were identified and all points were close to the line
suggesting that the model had excellent calibration.

Figure 15: Calibration of Elixhauser model to predict 365 day mortality (Model E1)
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4.3.1. Secondary Research Questions:
How much is gained in terms of mortality prediction when Elixhauser comorbidities
are added to age and sex?

In this next assessment, Elixhauser comorbidities were added to a model with age
and sex to determine whether the predictive ability could be improved. The results are
summarized below in Table 16. Adding Elixhauser increased the C stat by almost 10%
for the ICU population (C stat= 0.69 to 0.77) and this was statistically significant based
on the likelihood ratio test. These results suggest that the Elixhauser has very good
predictive power when it is combined with other clinical variables. When bootstrapping
calculations were done, Elixhauser had very little shrinkage despite the model having
more than 30 covariates. Additional analysis was conducted using Elixhauser, excluding
those who died within the ICU found in Appendix 10.

Appendix 10: Elixhauser multivariate models based on 1CU survivors

Table 16: Comparison between baseline model and Elixhauser model to predict 365
day mortality (Model M1 and M7)

Models LL LR p value C stat AIC Shrinkage
Model M1: -3102.2 0.69

Age sex

Model M7: -2799.1 606.2 <0.0001 0.77

Model M1 + E. cob 0.97

Note: E.cob represents Elixhauser comorbidities entered as dummy variables
LR refers to likelihood ratio test

LL refers to log likelihood

Summary:

o Elixhauser had adequate predict 365 day mortality in the ICU study sample
(C stat=0.74)

o When Elixhauser was added to other clinical variables, the increase in discrimination
was substantial (C=0.77) and statistically significant (p<0.0001)

+ Elixhauser model had excelient calibration

-73-



4.3.2. What is the impact of a specific comorbidity on mortality?

To gain a better understanding of the effect of comorbidity on mortality, forest
plots were constructed to represent univariate and multivariate models.

The first forest plot shows a list of Charlson comorbidities odds ratio for 95% Cls
in univariate models, with 365 day mortality as the outcome Figure 16. In other words,
comorbidities were modeled separately. For example, the odds of death were five times
higher for those with liver disease compared to those without that comorbidity. (In other
words, there is 95% confidence that the true population odds ratio lies between 4 and 9)
Most of the comorbidities had an odds ratio greater than 1, except AIDS, connective
tissue diseases, hemiplegia/paraplegia and diabetes without complications, which had
95% CI overlapping with one. Some of the Cls were extremely wide, suggesting that the
prevalence of the particular comorbidity in the ICU was too small to obtain an accurate
estimate. For example, AIDS had a 95% CI that ranged from approximately 0.3 to three.

To assess whether the 95% CI for comorbidities would change when a
multivariate model was considered instead, a forest plots of odds ratios and 95% CI are
shown for Charlson comorbidities in a multivariate model. For example, there is 95%
confidence that the odds of death is between 2.5 and four for someone with mild liver
disease compared to someone without mild liver disease, after controlling for the other
Charlson comorbidities. In comparison to the forest plots representing the univariate
model above, some of the comorbidities shifted left and were no longer significant for
predicting 1 year mortality. Specifically, ulcer diseases, peripheral vascular disease,
diabetes with complications, and hemiplegia or paraplegia were no longer significant for
predicting 1 year mortality when adjusted for other comorbidities. However, some
comorbidities shifted right when they were entered in a model with other comorbidities,
suggesting a stronger influence on mortality or some effect modification between
comorbidities. For example, moderate or severe liver disease had an odds ratio of 5.61 on
its own, but increased to 8.87 in the adjusted multivariate model. This increase may
suggest effect modification, because some comorbidities have stronger impact when
combined with other comorbidities, compared to a model where a particular comorbidity

IS on its own, which results in a synergistic effect.
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Figure 18 depicts a forest plot if the list of Elixhauser comorbidities in univariate
models to predict 365 day mortality. In contrast to Charlson comorbidities, Elixhauser
detected several comorbidities with odds ratios less than one (ex .alcohol abuse, obesity,
psychoses, depression, drug abuse). This “protective” effect may be a result of coding
bias where minor comorbidities are less likely to be coded if the patient dies and the more
serious comorbidities are coded instead. Some comorbidities such as blood loss anemias,
HIV, and peptic ulcer disease had wide confidence intervals and it may difficult to
accurately assess the effect of the comorbidity on mortality due to the relatively small
sample size.

Similar to the Charlson trend, when the Elixhauser comorbidities were assessed in
a multivariate model, several comorbidities shifted left suggesting that they had a smaller

influence on mortality when more important mortality predictors were in the model.
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Figure 16: Relationship between Charlson comorbidities and 365 day mortality
(univariate)
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Figure 17: Relationships between Charlson comorbidities and 365 day mortality
(multivariate)
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Figure 18: Relationship between Elixhauser comorbidities and 365 day mortality

(univariate)
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Figure 19: Relationship between Elixhauser comorbidities and 365 day mortality
(multivariate)
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Summary:

e In univariate models, most comorbidities had an odds ratio greater than one,
suggesting that having these comorbidities were associated with an increased odds
of death compared to not having the comorbidity.

e [n the multivariate models, many comorbidities shifted left or were attenuated
when added to the multivariate model, resulting in estimates closer to one and
95% Cls overlapping one.

e AIDS and HIV had confidence intervals had wider confidence intervals,
indicating that there high variability of the estimate in the ICU study sample.

e Alcohol abuse, obesity, psychoses, depression, and drug abuse had odds ratios

and 95% Cls less than one in the ICU study sample.

4.3.2. Does the predictive ability of Charlson and Elixhauser change according to

ICU patient subgroups (trauma, surgical, ICU survivors)?

Given that the ICU study population is a heterogeneous population, comorbidity
and physiological profiles would be different depending on the subgroup or risk group of
patients explored. This difference may influence how well a comorbidity score performs
and can offer insight to which comorbidity measure would be most appropriate for a
specific ICU subgroup. To investigate these trends, Charlson and Elixhauser methods
were explored by different subgroups using a diagnostic category. Logistic regression
models were constructed to examine the performance of the C stat between subgroups.

Table 17, Table 18, and Table 19 show the burden of comorbidity and the
differences in other clinical indicators between specific ICU population subgroups. In
total, there were 372 trauma patients. Both Elixhauser and Charlson showed that trauma
patients had less comorbidity than non trauma patients. As expected, trauma patients
were on average younger, mostly male, and had a lower mortality rate than non trauma

patients.
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In Table 18 non-surgical patients had a slightly higher burden of comorbidity
compared to surgical patients. This makes sense since patients with a lot of comorbidities
and low physiological reserves would not be good candidates for risky surgical
procedures and thus they would have a higher mortality rate, as shown in the data.
Finally, both Charlson and Elixhauser showed that those who died in ICU had more
comorbidities than those who survived their ICU stay. ICU survivors had lower
APACHE 11 scores and their long term survival may be dependent on comorbidity status,
rather than physiological variables at the time of ICU admission.

Table 17: Comparison of descriptive variables, comorbidities, and clinical outcomes
between trauma and non trauma patients

Trauma Non trauma
Patients 372 (7.3%) 4715 (92.7%)
Total number of Elixhauser cob for each patient (Median, IQR) 1(1,2) 3(2,5)
Total number of Charlson cob for each patient (Median , IQR) 0(0,1) 1(1,2)
Mean age + SD 42.1+ 194 60.35+ 17.9
In-hospital death 66 (17.7%) 1349 (28.6%)
90 day mortality 69 (18.6%) 1532(32.5%)
180 day mortality 70 (18.8%) 1651 (35.0%)
365 day mortality 73 (19.6%) 1799 (38.2%)
APACHE Il +SD 17.7+ 7.2 19.4+ 8.9
Male (%) 285 (76.6%) 2542 (54.1%)
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Table 18: Comparison of descriptive variables, comorbidities, and clinical outcomes
between surgical and non surgical patients

Surgical Non Surgical
Patients 1663 3429 (67.3%)
(32.7%)
Total number of Elixhauser cob for each patient (Median, IQR) 3 (1,4) 3(2,5)
Total number of Charlson cob for each patient (Median , IQR) 1(0,2) 1(0,2)
Charlson index(recoded 6+) 1(0,3) 2(0,3)
Mean age + SD 59.4+195 58.8+18.3
In-hospital death 323 (19.4%) 1090 (31.8%)
90 day mortality 377 (22.7%) 1224(35.7%)
180 day mortality 412 (24.8%) 1310 (38.2%)
365 day mortality 463 (27.8%) 1410 (41.1%)
APACHE Il + SD 191+ 79 194+89
Male (%) 725 (43.6%) 1537 (44.8%)

Table 19: Comparison of descriptive variables, comorbidities, and clinical outcomes

between ICU survivors and non ICU survivors

ICU Non ICU

survivors survivors
Patients 4173(80.9%) 986 (19.1%)
Total number of Elixhauser cob for each patient (Median, IQR) 3 (2, 4) 4 (2,5)
Charlson index(recoded 6+) (Median, IQR) 1(0,3) 2 (1,4
Total number of Charlson cob for each patient (Median , IQR) 1(0,2) 2(1,3)
Mean age + SD 575+ 19 65.3+16.5
APACHE Il +SD 178+7.8 25.7+ 8.9

Male (%)

1841(44.1%) 449(45.6%)
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Table 20: Comparison between Charlson index and Elixhauser in ICU patient
subgroups for predicting 365 day mortality

Model C stat OR 95% ClI Patient population
Cl1 0.70 1.33 1.30 1.37 Non-Trauma
Cl1 0.64 1.42 1.23 1.64 Trauma

Cl1 0.70 1.43 1.38 1.49 Non surgical
Cl1 0.70 1.27 1.22 1.32 Surgical

Cl1 0.74 1.38 1.34 1.43 ICU survivors
El 0.74 Non-trauma
El 0.75 Trauma

El 0.75 Non surgical
El 0.75 Surgical

El 0.77 ICU survivors
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Table 20 shows that the predictive performance changes according to ICU subgroup and
comorbidity measure. For instance the C stat for trauma patients using the Charlson index
was severely degraded, but when the Elixhauser method was used, no substantial
differences was seen between the trauma and non-trauma sample. The best discrimination

was achieved when Elixhauser was used on ICU patients that survived their ICU stay.

Summary:
e The predictive performance of the Charlson index in trauma patients (C=0.64)
was much lower than non trauma patients (C=0.70), in contrast to Elixhauser
where the performance remained the same (C=0.74t0 0.75)
e No difference was observed in surgical and non surgical patients, in terms of
predictive performance of the Elixhauser and Charlson index
e The sample including only patients that survived their ICU stay had the best

predictive performance using Elixhauser and Charlson index
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4.4.0. Primary Research Question:
Are there comorbidities missing in Charlson and Elixhauser that can improve risk

adjustment further in the ICU population?

This section reviews the results obtained from the Delphi process when ICU
physicians were asked to identify whether Charlson and Elixhauser was missing
comorbidities that predicted mortality in the ICU population. Both Elixhauser and
Charlson Index were developed on non ICU study samples, therefore, important

comorbidities could be missing which could improve discrimination.

Figure 20 presents the participation flow chart diagram outlining the number of
physicians that were recruited for the study and the number completing the Delphi
processes. While nineteen physicians were recruited for the study, six were loss to follow
up, and only thirteen completed the whole process. Several follow up strategies were
implemented to encourage participation such as lengthening the time of survey

completion, emails, and verbal remainders at ICU rounds.
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Figure 20: Study participation in Delphi Process

Recruited 19 doctors
(Oct 1 2007)

| 4 doctors
l Did not respond

Delphi | 15 doctors
(Sept 25 2007)

v

| _, |2 doctors
v Did not respond
Delphi Il 13 doctors
(Oct 28 2007)

l

Delphi Il 13 doctors
(Dec 1 2007)

Table 21 presents the results from the first and second step of the Delphi process
when ICU physicians were asked to review the list of Charlson and Elixhauser
comorbidities and indicate whether any additional comorbidity should be added to the
list. This list combined all Charlson and Elixhauser comorbidities and presented to all the
ICU physicians. Based on the new saturated list, 19 physicians provided responses on
comorbidities as being relevant or not relevant in terms of mortality prediction for 90
day, 180 day, and 365 day mortality. The group response was the percentage of
physicians that agreed comorbidity was relevant for predicting mortality. The group
response was calculated as the number of physicians that agreed comorbidity was
relevant for a mortality outcome divided by the total number of physicians that
participated in the first Delphi step (n=19). Brain injury, chronic decubitus ulcer, cystic

fibrosis, immunodeficiency, and neuromuscular disorders were additional comorbidities
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identified by the majority of physicians as being relevant for mortality, while
comorbidities such as hearing loss, GERD, and hyperlipidemia were identified as not
relevant. Compared to 90 day mortality, more physicians believed that comorbidity was
relevant for long term survival as indicated by the group response, with the exception of a

few comorbidities.
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Table 21: Additional comorbidities identified by ICU physicians (N=19) for
predicting 365 day mortality

Comorbidities 90 day 180 day 365 day
Severe Asthma 30.8 7.7 15.4
Blindness 7.7 7.7 7.7
Hearing Loss 0 0 0
Developmental delay 7.7 7.7 7.7
Inflammatory Bowel disease 7.7 7.7 15.4
Neuromuscular disorders 46.2 46.2 76.9
GERD 0 0 0
Restrictive chest wall disease 15.4 7.7 23.1
Brain injury 61.5 76.9 84.6
Hyperlipidemia 0 0 0
Obstructive sleep apnea 23.1 30.8 38.5
Chronic decubitus ulcer 8.5 53.8 69.2
Cystic fibrosis 38.5 53.8 69.2
Immunodeficiency 38.5 38.5 61.5
Spinal cord injury 30.8 30.8 38.5

Note: GERD is gastroesophageal reflux disease.

In the last round, physicians reviewed the group response and had the opportunity
to rank the top 30 comorbidities from 1 to 10, with 10 being the most relevant for
predicting mortality. Mean relevancy scores represent the mean rank that ICU physicians
(n=13) applied for each of the comorbidities to predict 365 day mortality. Table 22
summarizes the top 30 ranked comorbidities identified through the Delphi process and
the odds ratios obtained from the multivariate model. Odds ratios were derived from the
multivariate models for Charlson and Elixhauser (Model C1 and E1). In the case when a
comorbidity was found in Charlson and Elixhauser, we used the Elixhauser OR instead
because the odds ratio adjusted for more comorbidity. From the list derived by the ICU
physicians, 18 comorbidities were not included in the Charlson comorbidities and 11
were not included in the Elixhauser list. Some comorbidities such as coagulopathy,
cardiac arrhythmias, neurological disorders, valvular disease, and weight loss had low
mean ranks, which did not correspond to the odds ratio. In other words, for these

comorbidities, physicians ranked these comorbidities as least relevant for predicting

- 86 -



mortality, when the comorbidity corresponded with a high odds ratio in the multivariate
model. Pulmonary circulation disorders, on the other hand, received a high rank (Mean
rank=6.4) but the OR was small (OR=1.04). In this case, ICU physicians thought the
comorbidity was important for long term survival, but the impact was small in the
adjusted model. The rest of the comorbidities showed fairly good agreement between OR
and mean relevancy ranks. However, blood loss anemias was not identified as one of the
top 30 comorbidities by ICU physicians even though the OR was high (OR=1.57). Figure
21 is a graph showing the correlation between comorbidity mean relevancy score and
odds ratio. The Pearson product-moment correlation coefficient was 0.2, suggesting a
weak linear association between mean relevancy score and the odds ratio. When
comorbidities with a prevalence less than 5% in the ICU sample were removed, this did
not improve correlation (r?=0.18). Excluded comorbidities included blood loss anemias,

HIV and lymphoma.
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Table 22: Mean relevancy scores and odds ratio for comorbidities

Comorbidities Mean
Relevancy
Rank for OR
predicting 365 | (multivariate
day mortality 365 days) | Charlson | Elixhauser
Coagulopathy 2.4 1.54 X
Fluid and electrolyte disease 2.8 0.96 X
Cardiac arrhythmias 3.4 1.9 X
Other neurological disorders 3.8 2.41 X
Diabetes ,uncomplicated 4.4 0.98 X X
Valvular disease 4.8 1.39 X
Drug abuse 4.8 0.55 X
Obesity 4.8 0.59 X
Paralysis 4.8 1.26 X
Neuromuscular disorders 5.0
Immunodeficiency 5.12
Hypertension (complicated) 5.4 1.00 X
Alcohol abuse 5.6 0.7 X
Brain injury 5.6
Weight loss 5.8 1.94 X
Peripheral vascular disorders 6.0 1.43 X X
Lymphoma 6.2 3.12 X X
AIDS 6.2 1.21 X X
Pulmonary circulation
disorders 6.4 1.04 X
Myocardial infarct 6.6 2.04 X
Cerebrovascular disease 6.6 3.02 X
Chronic decubitus ulcer 6.7
Dementia 6.8 1.96 X
Chronic pulmonary disease 7.2 1.31 X X
Solid tumor without metastasis 7.2 1.49 X
Moderate to severe renal
disease 7.2 1.74 X
Cystic fibrosis 7.2
Congestive heart failure 7.4 1.58 X X
Diabetes, complicated 7.4 1.07 X X
Renal failure 8.0 1.7 X
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Moderate or severe liver

disease 8.2 3.08 X
Leukemia 9.0 2.19 X
Metastatic solid tumor 9.6 3.01 X

Yellow rows represent the comorbidity not included in Elixhauser or Charlson.

Since chronic decubitus ulcer had a mean rank above six, the proportion of ICU
patients who had this comorbidity was calculated and entered it into a logistic regression
model with all the Elixhauser Comorbidities (Model D2). Although, cystic fibrosis had a
mean rank of 7.2, this was not further explored because of the relatively low prevalence
in the ICU patients, as noted in the literature. For the other comorbidities, such as
neuromuscular disorders, brain injury, and immunodeficiency, no further analysis was
done because these were poorly defined and overlapped with some comorbidities
previously defined. To identify pressure sore in administrative data, we used the code for
plaster ulcer, pressure sore and bed sore in ICD 9 as L90 and ICD 10 as 707.0. In this
sample, 134 patients (2%) had pressure sores coded in-hospital discharge data. As a
univariate predictor of 365 day mortality, chronic decubitus ulcer was significantly
associated with mortality (OR=1.53, 95%Cl: 1.09, 2.17) (Model D1). However, when
chronic decubitus ulcer was added to a model with Elixhauser comorbidities, it was no
longer significant (OR1.28, 95% CI:0.87,1.87) and could not provide any predictive
power to the model (Model D2). Therefore, these results suggest that no other
comorbidities can be added to either the Charlson or Elixhauser list to improve prediction

for ICU risk adjustment.
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Figure 21: Correlation between comorbidity mean relevancy score and odds ratio

Correlation between mean relevancy score and odds ratio

@ Metastatic solid tumour
3 @ Leukemia
@ Moderate or severe liver disease

25

@ Renal failure
@ Diabetes, complicated

20
1

® Moderate to severe renal disease
@ Solid tumor without metastasis

15

= ® Myocardial infarct
@ Pulmonary circulation disorders
@ Peripheral vascular disorders
® Weight loss
® Alcohol abuse
= @ Hypertension (complicated)
® Paralysis

10

@ Obesity
@ Drug abuse
®Valvular disease
@ Diabetes ,uncomplicated

Rank Mean Relevancy Score

5
1

® Other neurological disorders
® Cardiac arrhythmias
® Fluid and electrolyte disease
@ Coagulopathy

T T T T T T
1.5 2 25 3
OR for 365 day mortality

-90 -



Summary:

No other comorbidities can be added to both Charlson and Elixhauser list to
improve prediction for ICU risk adjustment.

ICU physicians indicated that most comorbidities were important for predicting 1
year mortality, compared to shorter term mortality outcomes (ex. 90 days, 180
days)

Elixhauser provides a more complete comorbidity profile of ICU patients than the
Charlson comorbidities list.

ICU physicians identified chronic decubitus ulcer and cystic fibrosis as additional
comorbidities relevant for mortality prediction in ICU patients

Chronic decubitus ulcer was significantly associated with mortality (OR=1.53,
95%CI:1.09,2.17), but was no longer significant in a model with Elixhauser
comorbidities (OR1.28, 95% CI:0.87,1.87)

Although ICU physicians identified other comorbidities not present in Elixhauser
or Charlson, these comorbidities were not explored further due to a number of
reasons such as low prevalence, poorly defined, poor agreement among other ICU

physicians, and some overlap with previously defined comorbidities.
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CHAPTER 5: DISCUSSION
5.1. Results summary

This study investigated the use of the Charlson index and Elixhauser comorbidity
score as possible risk adjustment methods for the ICU population. This work builds on
previous research on comorbidity scores by examining how these scores can be added to
administrative data to provide additional predictive power for risk adjustment in the ICU
population.

This research adds to the body of literature on using comorbidity scores for risk
adjustment in a number of important ways. It is the first study that provides evidence that
Charlson and Elixhauser comorbidity lists are complete, with no other obvious
comorbidities missing which might provide further explanatory power for risk adjustment
in the ICU. Although ICU physicians identified a list of additional comorbidities, most
were minor comorbidities that did not receive much agreement from other physicians.
Only cystic fibrosis and chronic decubitus ulcer received relatively high rankings (6.7
and 7.2 respectively) but when the latter was explored further in a multivariate model, it
could not provide any additional predictive power. Therefore, these findings suggest that
the comorbidities scores contain all important comorbidities that are associated with
mortality for the ICU population.

This study is the only research that has explored using Charlson index and
Elixhauser to predict one year mortality outcome in the ICU population. All the ICU
severity illness scores have focused on short term mortality outcomes, failing to
recognize the importance of using these risk adjustment methods to examine long term
mortality outcomes. The results from this study suggest that both Elixhauser and
Charlson index provide adequate ability to predict one year mortality and by adding
administrative variables, such as age and sex, this could substantially improve predictive
power (C=0.69 vs. C=0.77). Although the conventional method for risk adjustment in the
ICU involves using severity illness scores, the real advantage with using comorbidity
scores pertain to their availability in administrative data. Using administrative data to
collect comorbidities and long term mortality outcomes is a cost-effective methodology
because it does not require primary data collection from chart reviews. Further,

administrative data captures virtually all patients that enter the health care system and this
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allows researchers to apply the same comorbidity score on all study populations, thus
facilitating comparisons across ICU populations. In contrast, severity illness scores are
not collected consistently across ICUs because they are labor intensive which has limited
their uptake across ICUs. As such, this challenge makes it difficult to compare across
ICUs. Further, these scores focus on short term mortality outcomes such as in hospital
mortality, and were never validated on longer term outcomes.

This research also examined in detail variations of the Charlson index score, in
specific subgroups and compared the predictive ability to Elixhauser. Compared to the
Charlson index, Elixhauser had better calibration in the ICU population. In this study,
much work was done to improve the performance of the Charlson index by readjusting
weights. Despite these efforts, the change in predictive power was small and did not
provide a practical advantage over the original weighting scheme (C=0.70 vs. 0.73).
There are some reasons why only a small increase was observed. First, the degree of
difference between the original Charlson index and new derived weights may not affect a
large proportion of the population. The comorbidities that had substantially different
weights from the original Charlson index were metastatic carcinoma, moderate/severe
liver disease and HIV. All three comorbidities occurred in less than 6% of the ICU
population, therefore, most of the change using new weights would only occur within this
subgroup. Secondly, calibration in the Charlson index was poor as there were only seven
risk groups identified and the rest were ties. When the plots for calibration were
examined, risk group #3 or #2 substantially overestimated the number of deaths (Figure
11). With the Charlson index, 50% of the sample had scores 2 or less , suggesting that
the Charlson index could be poor for differentiating those with a high risk vs. low risk of
death. Other researchers have also found readjusting weights provided small increases in
predictive ability over using the original weights (45, 46); however, they have suggested
to re-adjust weights in order to improve risk adjustment. Contrary to these authors
standpoint, the small gain received from readjusting weights does not provide a practical
advantage to risk adjustment. Further, the weights derived can only be applied to a
specific population which can limit comparisons across different study populations where
new weights must be derived again. This is similar to the problem when new versions of

severity illness scores such as SAPS are updated and the weights are re-estimated,
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thereby limiting comparisons between ICUs that use different versions of the same
scoring system.

Elixhauser, on the other hand, does not assign weights to comorbidities and still
provides adequate discrimination (C stat=0.74) in the ICU population. When added to
other demographic variables like age and sex, Elixhauser had good discrimination to
predict 1 year mortality (C=0.79). Further when ICU subgroups were compared,
Elixhauser provided stable predictive power (C=0.74 to 0.77), while the Charlson index
varied greatly according to ICU subgroup population (C=0.64 to 0.74). Certain
comorbidities like drug abuse, fluid and electrolyte disease, hypertension, drug and
alcohol abuse were not included in Charlson because they were not statistically
significant for predicting mortality in medical inpatients. However, these comorbidities
may be found in ICU subgroups such as trauma patients, and therefore Elixhauser may
perform better than Charlson because these comorbidities are accounted for. For
example, Charlson did not find coagulopathy to be independently associated with
mortality among medical patients, but Romano found it to be an important predictor of
trauma death (54). Similarly, congenital coagulopathy and hypertension were identified
as comorbidities that were significantly associated with mortality in studies of trauma
patients (97, 98) but were not included in the Charlson index. As shown in this study,
failing to account for comorbidities that are associated with mortality can severely
degrade the ability to risk adjust in certain sub-groups of the ICU.

Our results are similar to Johnston et al,(22), such that adding clinical variable to
comorbidity scores can improve discrimination substantially. However, this differs from
a recent study done by Ho et al and Nuttall(19, 99), where they found that adding
comorbidity scores did not provide any significant improvement in discrimination . When
Johnston added other clinical variable such as age, laboratory values, principal diagnosis
and admission source to their model with Elixhauser, this improved discrimination
significantly (C stat=0.70 vs. 0.88). Likewise, in our study when age and sex were added
to a model with Elixhauser comorbidities, this also provided a significant increase (C
stat=0.69 vs. 0.77). One possible reason to explain why the other study could not detect
any significant gain in discrimination when comorbidities were added could be related to

the completeness of comorbidity coding in their datasets. For example, Ho et al,
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demonstrated in Western Australia hospital morbidity database that only 615 (14.9%), 10
223 (42.1%), and 11 597 (47.7%) patients were identified as having at least one
comorbidity, as defined in the APACHE Il score, Charlson comorbidity index, and
Elixhauser comorbidities, respectively. These results are quite different than our study
and Johnston where 93% and 85.1% of patients had at least one comorbidity as defined
by Elixhauser. These results could suggest that the burden of comorbidities in the
Western Australian ICU was much less compared to our study or there may be some
under coding of comorbidities in the Western Australia database. In fact, many studies
have also cited a problem with under-coding of comorbidities in administrative databases
compared to chart review. Comorbidities such as cerebrovascular disease, malignancy,
myocardial infarction, peripheral vascular disease were citied as being under-reported in
administrative data using hospital discharge data from the Calgary Health Region(72).
Researchers have suggested that diseases that are asymptomatic are less likely to be
coded in administrative data compared to chart review(84). Therefore, researchers should
be aware of these discrepancies when using administrative data and understand that the
completeness and accuracy of comorbidity coding in administrative data will determine
how useful the scores are for risk adjustment.

Another interesting finding from this study showed that five comorbidities had
protective effects on mortality (alcohol abuse, depression, drug abuse, obesity, and
psychoses), only two of these comorbidities were common with Johnston’s results. Drug
abuse and alcohol abuse had protective effects on mortality for both studies and this may
be a result of age. Alcohol and drug problems are more prevalent in the younger ages, by
controlling for age, this protective effect may disappear. In our sample, the mean age for
a patient with these protective comorbidities was less than the average age of the sample
(Age 43-57 vs. 59). Interestingly, in a multivariate model with only comorbidities, the
odds ratios for alcohol abuse, drug abuse, obesity were significant, 0.70(95%CI: 0.57-
0.86), 0.55(95%CI1 0.38-0.80),0.59 (95% CI: 0.42-0.84), respectively. When the same
model was run again with age, all three comorbidities were no longer significant, 0.82
(95%Cl: 0.66- 1.01), 0.77 (95%CIl: 0.52 -1.14), 0.76(95% Cl: 0.53-1.09), respectively.
These findings suggest that a “protective effect” seen by some comorbidity may be

explained by confounders such as age. Other studies have noted a protective effect seen
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with some comorbidities and have suggested that it may be a result of systematic bias in
coding(22). Specifically, lezzoni and Jencks et al, identified an issue known as recording
bias where the likelihood of a chronic diagnosis being reported is reduced if the patient
dies(60, 100, 101). Jencks hypothesizes that coders may substitute acute complications
for comorbidities in these situations. However, when Romano et al. explored this issue
they only found reduced sensitivity in comorbidity detection in those who died, when
they truncated into five diagnosis abstracts, compared to 9 and 25 diagnosis
abstracts(102). For our study, there was up to 16 diagnosis codes available but we are
unaware if this same effect was present in Canadian administrative data.

In this study, we explored the relationship between comorbidity and age in the
ICU study sample. The finding showed the mean and median Charlson index score
increases up to age 84 and decreases for those 85 years and older. Similarly, this
relationship was also apparent when we examined the total count of Elixhauser
comorbidities. Further analysis showed that the relationship between comorbidities and
one year mortality was strongest in the age group 23-54, with the highest discrimination (
C=0.71), and weakest in those 85 years and older (C= 0.62). Based on intuition, one
would expect that the number of comorbidities would increase with age and those with
the oldest age would be in the most severe stage of the comorbidity; therefore the
relationship between comorbidity and death would be strongest in the oldest age
category. However, this was not the case and there are a few potential reasons to explain
the discrepancy in the results. First, a generation effect may be apparent in those 85 years
and older, such that these individuals represent a group with less comorbidities or an
earlier stage of comorbidity compared to their later generation counterparts. Since
Elixhauser and Charlson provide no indication of the severity of the comorbidity, this
limitation makes it difficult to assess the severity of the comorbidities across age groups.
Secondly, selection bias may occur when two individuals with the same comorbidity but
different ages are permitted to enter to the ICU based on their age. For example, ICUs
may be more likely to admit a 25 year old with valvular disease rather than a 105 year old
with the same disease and severity.

A more recent study conducted by Froehner et al, (2008), also demonstrated

differences in discrimination between Charlson Index and age groups for patients
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selected for radical prostatectomy. In their study, they found that when patients 70.0
years or older were included in the model, this resulted in a decrease in discrimination.
However, the discriminative ability of Charlson index comorbidity was greatest in the
age group that was 63.0 to 69.9 years old, compared to those younger than 63 years old
and older than 70 years old. These results differ from the ICU study sample and further
studies are required to determine if these trends are persistent in the ICU population.

5.2.  Strengths and limitations of the study

The present study had several strengths and some limitations. First, Canadian
hospital discharge databases are less susceptible to coding biases compared to American
databases because of a single payer government infrastructure. Therefore, the data is less
susceptible to “up coding” practices which have been a problem in Medicare data. Both
Canada and the United State’s hospital reimbursement rely on the extent of coding in
administrative data. This provides a financial incentive to encourage comprehensive
coding of comorbidities.

Secondly, this research was the first ICU study that examined the comorbidity
scores using ICD -10 algorithms in Canada. Around half of the study data was based on
ICD-10 codes for comorbidities but we did not notice any improvement in coding for
comorbidities when the ICD-10 was introduced. The prevalence of comorbidities
between ICD-9 and ICD-10 were similar (data not shown), despite ICD-10 having more
specifically coded conditions. Since ICD-10 was introduced in 2002, it may take some
time for coders to be familiar with the new coding scheme and improvements in coding
may occur in the future.

Next, this study was able to exclude complications from being coded as
comorbidity by using the “diagnosis type indicator” found in the administrative data. This
variable occurred with every diagnosis code to flag whether the diagnosis was present at
time of hospitalization or after admission. The administrative hospital discharge data
contained up to 16 diagnosis codes and types as well as 10 procedure codes, which
provides sufficient coding spaces for comorbidities to be entered in the administrative
record. Given that only the hospital discharge record associated with the ICU admission

was used to collect data on comorbidities, this may miss some comorbidity coded only in
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previous records. However, we didn’t expect this to make a significant impact on the
performance of our model since some studies found that additional information from
other hospital admissions would yield only minor improvements in model performance,
using either comorbidity methods(18).

In our study, we collected ICU clinical data prospectively and linked 97% of our
study sample to their ICU clinical data, hospital discharge record and mortality outcome.
Mortality outcome data were verified by two sources, vital statistics and the hospital
discharge record. All critically ill patients admitted to an ICU in the CHR during the
study period were included in the sample, therefore reducing susceptibility to selection
bias.

The study did examine the extent of over fit by calculating the amount of
shrinkage in the multivariate models. Over-fitting can be a problem when models are
derived on small sample sizes using many variables that are specific to a particular
sample(25). Our results show that there were very little shrinkage in the models and the
estimated coefficients suggest these results can be applied to similar populations to
predict outcomes accurately. In our study, 37% of the patients died within a year which
provided sufficient numbers to minimize over-fitting the data.

There are some limitations to this study that should be acknowledged. First, it is
unknown whether coding errors such as unbundling or misspecification are present
within the study. These two forms of errors would represent a source of systematic bias in
a study because they could be repeated several times for a specific coding scheme for
comorbidity. Systematic error would have the potential to bias the risk in either direction
away from the null hypothesis, depending on the type of diagnostic coding error. When
coders assign codes for all the separate parts of a diagnosis instead of assigning a code for
the overall diagnosis, this is known as unbundling(71). This might occur as a result of
coder training, workload issues, or a lack of standardization across facilities for coding
certain comorbidities.

Second, our sample consisted of only CHR ICUs which can limit its
generalizability to rural hospitals with ICUs or other ICUs across the country. Changes in

coding practices or patient population characteristics across provinces can affect the
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performance of a risk adjustment method; therefore, more studies are needed across the
country to determine if the results can be generalized to other Canadian hospitals.
Similarly, the Delphi process was conducted in the Calgary Health Region and the
majority of physicians in the Delphi are from the same region (10/13). It is unknown
whether these results would be generalizable to other ICUs where comorbidity profiles
can be different. We did not obtain any information about demographic variables of the
ICU physicians which could be useful to assess whether these characteristics are similar
across ICU facilities. An additional meeting with the expert panel may have been useful
for exploring ambiguities between comorbidities defined by Charlson and Elixhauser and
new ones identified by the ICU physicians.

Finally, administrative data does not contain any information about the severity of
the comorbidity or duration of comorbidity. This would be useful to explain the
relationship between comorbidity and death since it is expected that more severe
comorbidities would increase the risk of death for a person. Other studies have relied on
assigning severity scores for comorbidities based on a certain comorbidity and age
group(103, 104). Information on comorbidity severity could be obtained by medical chart
review, however, this information would be expensive to collect and require a lot of time.
In the future, electronic medical records can be a source of this information because it
may contain detailed clinical information on a patient that can be retrieved electronically
for research needs.

5.3. Recommendations on using research results

This research focused on applying the Charlson index and Elixhauser as possible
risk adjustment methods used in the ICU population. The results of this study will be
important to health service researchers who are conducting ICU performance
assessments, as well as clinicians who are designing clinical studies. It also provides
physicians a better understanding of the comorbidity profile of ICU patients.

Since there are existing coding algorithms for Elixhauser and Charlson index in
administrative data, the best comorbidity risk adjustment method will depend on the
study population, sample size, outcome and objectives of the study. Elixhauser may be

suitable to use when an 1CU study sample contains a large proportion of trauma patients.
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As shown, Elixhauser contains more comorbidity that is relevant to trauma patients and
would produce a better model than Charlson index. When researchers have limited
resources and time to derive study specific weights, then Elixhauser would be a suitable
option that can still provide fairly good discrimination on its own. In contrast, the
Charlson index may be a suitable risk adjustment method over Elixhauser in certain
situations. For example, when researchers want to add a single summarized score as a
confounder into a model, rather than a series of individually weighted comorbidities. This
would be the case when the study sample is small and researchers want to avoid over-
fitting the model. Researchers have recommended that there should be no more than one
predictor per 18 events when predicting dichotomous outcomes(25). Charlson index can
also be modeled as a time varying covariate in survival studies because the score is
summarized into one signal measure. When researchers want to explore the interaction of
comorbidity and other variables such as age, Charlson index may be the preferred
method. Finally, this study showed that Charlson index and Elixhauser were both valid
methods to risk adjust in the ICU population and the choice of risk adjustment method

will depend on the study population, sample size, outcome and objectives of the study.
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5.4.  Future research

This work provides the groundwork for exploring comorbidity scores in an ICU
study sample. There is still much work to validate these comorbidities scores across
Canada in the ICU study population. ICUs vary across the country in terms of coding
practices and study sample characteristics, therefore, researchers should investigate
whether these scores perform the same across jurisdictions. In this study, short term
mortality outcomes were initially explored (ex. 30 days and 90 days) with very little
differences in outcomes. However, as the Brussel’s Roundtable Report recommended, it
may be useful to explore mortality outcomes greater than a year. This could provide
valuable information on the role that comorbidities play for a long term survival in ICU
patients. Finally, as the health care system begin to adopt electronic medical records,
valuable information on clinical and physiological measures can be captured in this data
source. The data may provide important information about comorbidities such as the
severity and stage of the disease. This information could be combined with pharmacy
data to gather information about medication dose and duration of illness to provide a
better understanding of the burden of comorbidities in the ICU population. All three data
sources remain potentially valuable for risk adjustment and researchers should continue

to explore how each can be used to enhance risk adjustment in the ICU population.

5.5.  Conclusion

In summary, this study has demonstrated the potential for Charlson and
Elixhauser as comorbidity risk adjustment methods in the ICU population. Both methods
proved to be adequate on their own, and could provide meaningful improvement when
they were combined with other demographic data such as age and sex. In contrast to ICU
severity illness scores, comorbidity scores can be easily collected through administrative
database which is an inexpensive and efficient method to obtain data on large
populations. The comorbidity coding algorithms can be applied uniformly across most
ICU study samples without the need to derive new scoring systems or update existing
ones, which is a common problem among existing ICU severity illness score. Therefore,

this study provides justification that Charlson index and Elixhauser can be used to risk

-101 -



adjust in the ICU population, as an alternative to APACHE II, when long term mortality
outcomes are considered.

Finally, as the demand of critical care services continue to grow over the next few
decades, there will be the need to evaluate health outcome disparities between different
providers. As the 2002 Brussels Roundtable Report suggested, understanding the effects
of ICU interventions on long term health and well being are important, therefore, ICU
clinical trials of ICU therapies should examine long term follow up of survivors. This
information is essential to provide a high quality of care across providers and to ensure
that therapies have beneficial long term outcomes in order to further advance the field of

critical care medicine.
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APPENDICES

Appendix 1: APACHE 11 calculation formula (3)

Acute physiology and chronic health evaluation (APACHE II) scoring system

Physiology points 4 3 2 1 0 1 2 3 4
Rectal temperature (°C) =410 30.0-409 38.5-380  36.0-384  34.0-3509 320-3309 30.0-31.9 =200
Mean blood pressure (mm Hg) =160 130-159 110-129 T0-109 50-69 =49
Heart rate (beats/min) =180 140-179 110-139 T0-109 55-69 40-54 =30
Respiratory rate (breaths/min) =50 35-49 25-34 12-24 10-11 6-9 =h
Oxygenation (kPa)*:

Fio, 250% A-aDo, 66.5 46.6-66.4 26.6-46.4 < 26.6

Fio, << 50% Pao, >0.3 8.1-9.3 7.3-8.0 < 7.3
Arterial pH =7.70 7.60-7.59 7.50-7.50 785749 7.25-7.32  7.15-724 <7.15
Serum sodium (mmol/T) =180 160-179  155-159  150-154  130-149 120-126  111-119 =110
Serum potassium (mmol/1) =7.0 6.0-6.9 5.5-5.9 3.5-b4 3.0-3, 2.5-29 <25
Serum creatinine (pumol/1) =300 171-209 121-170 50-120 < B0
Packed cell volume (%6) =60 50-59.9 46-499 30-450 20-20.09 < 20
White blood cell count (> 10°/1) =40 20-39.9 15-19.9 3-14.9 1-2.9 <1

#If fraction of inspirecl oxygen (Fio,) is = 50% the alveolar-arterial gl‘adiem (A—a) is assigned points. If fraction of inspil‘ecl oxygen is <Z5H0%

parlml pressure of OXygen 1s aSSlgl]e(] points.

Other points

Glasgow coma scale: Score is subtracted from 15 to obtain points.
Age <45=0 pomls, 45-hd =2, 55-64=3, 65-75=5,=Th=6.

Chmmc health points (must be present before hospital admission): chronic liver disease with hypertension or previous hepatic failure,
encephalopathy, or coma; chronic heart failure (New York Heart Association grade 4); chronic respiratory disease with severe exercise
limitation, secondary polycythaemia, or pulmonary hypertension; dialysis dependent renal disease; immunosuppression—for example,

radiation, chemothemp\, recent or long term high dose steroid lhelapy,leul\aemn AIDS. 5 points for emergency surgery or non-surgical

patient, 2 points for elective surgical patient.

e Serum creatinine points are doubled if there is acute renal failure present.



Estimation of probability of death in hospital by applying
APACHE II for 71 year old man admitted to intensive care
from the hospital’s accident and emergency department with
(a) abdominal aortic aneurysm and (b) asthma attack

Criteria Value Points

Primary reason for admission (a) Abdominal aortic
aneurysim
(b) Asthma attack

Age 71 years 5
History None 0
Physiology:
Temperature 384°C 1
Mean blood pressure 112 mm Hg 2
Heart rate 136 beats/min 2
Respiratory rate 28 breaths/min 1
Oxygenation: 0
Fraction of inspired cxygen 04
Partial pressure of oxygen  21.2 kPa
Partial pressure of carbon 4.4 kPa
dioxide
pH 709 +
Serum sodinm 150 mmol/1 1
Serum potassium 5.5 mmol-1 1
Serum creatinine 145 pmol/1 2
Packed cell volume 40%, 0
White blood cell count 20 10°%1 2
Glasgow coma score:
Eyes Opening spontaneous
Motor Obeys verbal command 1
Verbal Disoriented and converses
Total 22

(a) APACHE II probability of hospital death: Abdominal aortic
aneurysim (0.731)+ APACHE I score
(22 0.146=3.212)-3.517=0.426
eD.dBS
1 +e"* =0.6040182 = 60.5% probability of hospital death
(b) APACHE II probability of hospital death: Asthma attack in known
asthmatic { — 2.108) + APACHE 11 score
(22 0.146=3.212)-3.517=-2413
e,—2.d-]3

1 +e7*% =0.08211867 = 8.2% probability of death

-1-



Appendix 2: Charlson index score calculation (10)

Weight Clinical condition

1 Myaocardial infarct
Congestive cardiac insufficiency
FPeripheral vascular disease
Dementia
Cerebrovascular disease
Chronic pulmonary disease
Conjunctive tissue disease
Slight diabetes, without complications
Ulcers
Chronic diseases of the liver or cirrhosis

2 Hemiplegia
Moderate or severe kidney disease
Diabetes with complications
Tumors
Leukemia
Lymphoma

3 Moderate or severe liver disease

5] Malignant turmor, metastasis
Aids

Figure 1 - Charlson comorbidity index — weighting of the clinical
conditions present among secondary diagnoses,



Appendix 3: Pilot Study Results



% of % hospital % In
ICU person MT hospital MT
Weight Charlson  with attributable e
Comorbidity OR P>|z|* 95% CI 1 Weight COBt Rank toaCOB

Chronic Pulmonary Disease 0.84 0.12 0.67 1.04 1 16.38 1 27.46 4.5
Congestive Heart Failure 1.06 0.63 0.84 1.33 1 12.92 2 35.86 4.63
Diabetes without Complications 0.77 0.036 0.61 0.98 1 12.44 3 29.15 3.63
Myocardial Infarction 1.47 0.003 1.15 1.89 1 1 10.03 4 40.94 4.1
Renal Disease 1.37 0.036 1.02 1.84 1 2 7.41 5 40 2.96
Cerebrovascular Disease 1.75 0 1.28 2.38 2 1 6.14 6 40.94 2.51
Cancer 1.46 0.02 1.06 2.00 1 2 5.64 7 40.38 2.276
Periphral Vascular Disease 1.3 0.109 0.94 1.80 1 1 5.61 8 41,51 2.33
Paraplegia and Hemiplegia 1.27 0.209 0.88 1.83 1 2 471 9 32.02 151
Metastatic Carcinoma 15 0.022 1.06 2.13 2 6 5.64 10 62.96 1.8
Mild Liver Disease 2.5 0 1.69 3.70 2 1 4.08 11 52.6 2.14
Diabetes with complications 0.63 0.031 0.42 0.96 2 4.08 12 29.22 1.19
Moderate or Severe Liver diseases 3.85 0 241 6.14 4 3 2.86 13 62.96 1.8
Dementia 0.7 0.152 0.43 1.14 1 2.38 14 33.33 0.79
Peptic Ulcer Disease 0.87 0.61 051 1.48 1 2.17 15 31.7 0.69
Connective Tissue Rheumatic

Diseases 0.91 0.751 0.52 1.60 1 1.85 16 31.43 0.58
HIV 1.26 0.85 0.11 14.2 1 6 0.11 17 25 0.026

* P>|z| probability that an observed value is greater than 0.05

T 1CU Weights calculated from logistic regression model

T COB refers to comorbidities

** MT refers to mortality, Ranks refer to most frequent disease, with “1” representing the disease with the highest proportion of cases in the ICU

Appendix 3: Pilot Study Results



Model Mean
Log Degrees P value Likelihood Cstat AIC Shrinkage
Likelihood of for LR Ratio Test (LR- 2xdf)
Freedom
Model A (Baseline model)
age sex APS * -1882.0096 0.743 0.97
Model B -1843.9226 1 <0.0001 76.174 0.757 74.174 0.97
age sex APS CHP'
Model C -1814.6895 17 <0.0001 134.640  0.768 100.64 0.94
age sex APS c.cob
Model D (D’Hoore) -1861.5636 1 <0.0001 40.8992  0.752 38.8992 0.98
Age sex APS Charlson index
Model E -1701.1368 1 <0.0001 11.916 0.757 9.916 1.01
Age sex APS Charlson index
(excluded scores 6 and above)
Model F -1652.6734 0.813 0.99
Apache Il + Charlson Index
Model G -1670.112 0.808 1.00

Apache Il (with diagnosis)

* APS is the acute physiology status derived from APACHE Il score by subtracting the age score

" CHP is the Chronic Health Points from the Apache 11 score.

1 Charlson co-morbidities as individual dummy variables



Appendix 4: Coding documentation for data cleaning

Cleaned ICU data (Sept 24 2007)

1.
2.
3.

4.
5.

6.
7.

(8524) ICU admission records (excluded CVICU and <18)

In sas, | ran a command to get the first admission based on PHN (7430)

I got rid of people who were non CHR and Alberta based on Unit Discharge to
variable and postal code. (6793)

Looked for chartnum that appeared twice and got rid of those people if they were
the same (6395)

Cleaned people based on same lastname, phn (6329)

Cleaned people with same lastname , bdate (6325)

CHRINDEX11, 212 missing phns, and 84 had invalid phn

Link to IP dataset to get all those missing phns and invalid phn cleaned up (Oct 1)

8.

Saved 140/212 phns , got rid of 87 phns that were pissing and not found in ip
dataset (missing record in ip or blank phn) CHRINDEX11 ¢ (6173)

Link to Population Registry to identify CHR residents by phn (October 5)

9.

10.

CHRINDEX12a (6048) — lost 125 records (non CHR residents)
Looked at active field to do some estimate checks for mortality and logic checks

Link to IP dataset to get hospital record that corresponds with ICU stay, also need
to identify cdr key to link to get diagnosis (Oct 10)

11.
12.
13.
14.
15.

16.

17.
18.

19.
20.

Widen admit and discharge dates for IP1 (414793) to include icu dates

Link on phn, admit, discharge date> CHRINDEX 14 (6157)

91 of these icu records had no hospital record

103 had two hospital records for ICU date , TESTCHRINDEX14

From TESTCHRINDEX14, | chose the hospital records, that covered the ICU
period(made most sense)

CHRINDEX15b (5851) + singlechrindex14c (106)> CHRINDEX16 (5954)
unique records with one hospital record for each icu record

From the badones91, | manally looked for the chartnum by using MPI file
CHRINDEX19 (6040,123) add the diagnosis type codes -
CHRINDEX20(6040,174)

chrindex20 add the diagnosis > CHRINDEX21 (6040,224)

get rid of those who were before april 1 2000 icu admits> CHRINDEX23
(6017,224)

Link to viral stats (2000-2004 Bing) by PHN to find out death dates

21.

22,
23.

TESTC(5160,227) could link okay. They will link to VS if they have a death
record (death date will be available). I can assume that the people who did not
link to VS did not die yet

TESTA(857,227) could not link by phn to VS.

TESTA did some manual checks and tried to link to VS again, and population
registry, there were no records like these in VS and when they linked to
population registry, | looked at the active fields, and they were blank for the study
period. This means these people were not CHR residents during that time. This is

1



also confirmed by looking at MPI resident location, not CHR. These people were
dropped from the study.

24. From testc, 348 people are from the cohort Jan2004 to April 2004 admit. If they
had died a year later, they would not be found in Bing’s vital stats record.

25. Jan2004aprla link to C_vital2005, only 5 linked by phn (death date confirmed)
manually searched through records to see if same lastname and firstname died in
vital stats because c¢_vital2005 was not clean for phn, | found only 2 records that
died based on names, combined these 7 deathrecords with the complete dataset

26. CHRINDEX26 (5160,227)

Mortality Rate

2

Variable Source MT

Dead/alive Icu 19.11%
Exit_alive_code Hospital 1432/5159=27.76%
Hosp_outcome ICU 30.41%




Appendix 5: Delphi Cover Letter ’
September X 2007
Dear Dr X,

I am a Master’s student working with Dr Christopher Doig at the University of
Calgary, and am conducting a study to compare three risk adjustment methods for
predicting mortality in ICU patients. You have been selected as one of the intensivists to
join our expert panel for this study. With your help, and using a three step process, we
will develop a list of clinical comorbidities that are the most relevant for predicting 90
days, 180 days, and one year mortality in ICU patients.

Two indices are commonly used in research to adjust for comorbidity, the
Charlson and Elixhauser methods. These indices however were developed in general
medical patients and not the ICU population, thus they may be missing important
comorbidities that are clinically known to predict mortality in an ICU population.
Therefore we are asking for your input to develop a list of clinical conditions which are
most relevant for predicting mortality in the ICU population. This process will take place
in three rounds, each of which will take approximately 5-10 minutes to complete.

Round 1: You will be provided with a list of Charlson and Elixhauser comorbidities,
and asked to identify additional comorbidities that can increase the risk of death for ICU
patients. Comorbidities are defined as a clinical condition that exists before a
patient’s admission to the hospital, is not related to the principal reason for the
hospitalization, and is likely to be a significant factor influencing mortality.

Round 2: We will give you a complete list of comorbidities derived from the entire panel
and you can check off which comorbidities are relevant for predicting mortality.

Round 3: Based on the responses from the second round, we will provide the group

response, and you will rank the relevancy for the comorbidity to predict mortality.



Detailed instructions will be provided at each round.

If you have any questions about the process, you can send an email to

susan.quach@gmail.com. Please email the completed forms within 10 days for each

round. You will receive a reminder email close to the deadline. At the end of the
thesis project, you will receive a summary report of the results obtained from this

process. Thank you for your assistance in the completion of this project.

Sincerely,
Susan Quach
Master’s Student

Department of Community Health Sciences



Comorbidity

Cardiac arrhythmias

Chronic pulmonary disease

Fluid and electrolyte disorders

Congestive heart failure

Diabetes ,uncomplicated

Diabetes, complicated

Alcohol abuse

Other neurological disorders

Coagulopathy

Mild Liver Disease

Moderate or severe liver disease

Depression

Peripheral vascular disorders

Hypertension (complicated)

Hypertension (uncomplicated)

Hypothyroidism

Metastatic solid tumour

Solid tumor without metastasis

Lymphoma

Leukemia

Pulmonary circulation disorders

Valvular disease

Drug abuse

Obesity

Rheumatoid arthritis

Deficiency anemias

Blood loss anemias

Weight loss

Psychoses

Peptic ulcer disease excluding
bleeding

AIDS

Myocardial infarct

Cerebrovascular disease

Dementia

Connective tissue disease

Ulcer disease

Hemiplegia/ paraplegia

Paralysis

Moderate to severe renal
disease

Renal failure

Appendix 6: Delphi Procedure

Delphi Step |

Step 1: The following is a list of Charlson and Elixhauser
comorbidities that have been shown to predict mortality in non-
ICU populations. Based on your clinical experience and
knowledge, please identify additional comorbidities on this list
that are useful to predict mortality in an ICU population.

Comorbidities are defined as a clinical condition that exists
before a patient’s admission to the hospital, is not related to the
principal reason for the hospitalization, and is likely to be a
significant factor influencing mortality.

Additional comorbidities:

Please complete this form within the next 5 days and
email/fax it to Susan Quach (403)270-4329 (fax)

Susan.qguach@amail.com

Thank you!




Delphi Step 11

Round 2 Instructions: Please check off which comorbidities are relevant for predicting
mortality in ICU population, for a given endpoint.

If you do not think that the comorbidity predicts mortality in the ICU population for any
of the three endpoints, leave these fields blank.



Comorbidities that predict mortality in ICU patients

90 days

180 days

365 days

Cardiac arrhythmias

Chronic pulmonary disease

Fluid and electrolyte disease

Congestive heart failure

Diabetes ,uncomplicated

Diabetes, complicated

Alcohol abuse

Other neurological disorders

Coagulopathy

Mild Liver Disease

Moderate or severe liver disease

Depression

Peripheral vascular disorders

Hypertension (complicated)

Hypertension (uncomplicated)

Hypothyroidism

Metastatic solid tumour

Solid tumor without metastasis

Lymphoma

Leukemia

Pulmonary circulation disorders

Valvular disease

Drug abuse

Obesity

Rheumatoid arthritis

Deficiency anemias

Blood loss anemias

Weight loss

Psychoses

Peptic ulcer disease excluding bleeding

AIDS

Myocardial infarct

Cerebrovascular disease

Dementia

Connective tissue disease

Comorbidities

90 days

180 days

365 days

Ulcer disease

Hemiplegia/ paraplegia

Paralysis

Moderate to severe renal disease

Renal failure

Pulmonary fibrosis

Severe Asthma

Pulmonary hypertension

Malnutrition

Chronic /Active Viral hepatitis (B or C)

~~

Blindness

laarim~ | Ace




Delphi Step 111
Thank you for your participation to determine comorbidities that predict mortality in the
ICU. This is the third, and final, round of responses.

Description: Listed below are the top 30 comorbidities ranked, determined by the group
response from the last Delphi questionnaire. The group response is the % of doctors that
agreed that a specific comorbidity was relevant for predicting mortality in ICU patients at
90 and 365 days.

Instructions: Please rank each of the comorbidities below with a score from 1 to 10, with
10 being the most relevant for predicting mortality for that given endpoint.

Example: If you think that HIV is one of the strongest predictors of 365-day mortality for
ICU patients, you would rank this as a 10. You can apply the same rank for more than
one comorbidity, but please refrain from using decimal places for ranking. There are two

pages.

Comorbidities that predict mortality in ICU Group

patients Response Group
90 day (90 day) 365 day | Response
mortality | (% said mortality (365
Rank yes) Rank days)

Cardiac arrhythmias

Chronic pulmonary disease

Fluid and electrolyte disease

Congestive heart failure

Diabetes, complicated

Alcohol abuse

Other neurological disorders

Coagulopathy

Moderate or severe liver disease

Peripheral vascular disorders

Hypertension (complicated)

Metastatic solid tumour

Solid tumor without metastasis

Lymphoma

Leukemia

Pulmonary circulation disorders

Valvular disease

Drug abuse

Obesity

Weight loss

AIDS

Myocardial infarct




Dementia

Moderate to severe renal disease

Pulmonary fibrosis

Pulmonary hypertension

Chronic /Active Viral hepatitis (B or C)

Cystic firbosis

Multiple Myeloma
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Appendix 8: Charlson index Model N1-N5 based on ICU survivors

Models LL LR Pvalue C Stat AlIC
test

Model N1: -1972.82 0.72

age + sex

Model N2 -1825.57 29451 <0.0001 0.77 292.51

Model N1+ HP

Model N3 -1841.36 262.93 <0.0001 0.77 260.93

Model N1 + Charlson Index

Model N4: -1835.40 274.84 <0.0001 0.78 272.84

Model N1 + CI2

Model N5: -1779.06 387.54 <0.0001 0.79 353.54

Model N1 + C cab

Note: Charlson score models excluding patients that died in the ICU to predict 365 day

mortality (only ICU survivors)
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Appendix 9: C stat matrix of all models

in- 90 180 365

Model hospital | days days days
Sex 0.5 0.5 0.51 0.51
Age 0.67 0.68 0.68 0.69
APS 0.69 0.65 0.65 0.63
CHP 0.6 0.61 0.62 0.63
MPM 0.79 0.78 0.78 0.78
MPM sex 0.79 0.78 0.78 0.78
age sex 0.67 0.68 0.68 0.69
age sex APS 0.75 0.74 0.74 0.73
age sex APS CHP 0.76 0.76 0.77 0.77
age APS CHP 0.76 0.76 0.77 0.77
CI3 (exact weights) 0.73
CI1 (orignal) 0.66 0.68 0.69 0.7
Cl*age 0.72
Cirw (5+rounded new

weights) 0.72
C1 0.7 0.72 0.72 0.73
Cl1 MPM 0.8 0.8 0.8 0.8
E1l 0.73 0.73 0.73 0.73
E1 MPM 0.82 0.82 0.82 0.82
age sex APS CI1 0.77
age sex APS C1 0.79
age sex APS Cirw 0.78
age sex CHP 0.71 0.77
age sex ClI1 0.71 0.74
age sex Cl Cl*age 0.74
age sex C1 0.75 0.77
age sex Cirw 0.75
age sex E1 0.77 0.77 0.78
age sex APS E1 0.8 0.8 0.8
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13
Appendix 10: Elixhauser multivariate models based on 1CU survivors

Table X. Elixhauser models to predict 365 day mortality with demographic variables

Models LL LR Pvalue CStat AIC Mean Population
test Shrinkage

Model Al: -1972.8 0.72

Age sex ICU alive

Model B1 : -1742.0 461.7 <0.0001 0.81 401.7

Model Al + E. cob ICU alive
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