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Purpose: Accounting for comorbidity in predicting outcomes for patients is vital in clinical care, epide-
miological research, and health service planning. The aim of this study was to review published literature
to compare the performance of existing comorbidity indices and their use in injury populations.

Methods: A thematic literature search for comorbidity indices and/or injury outcomes was conducted.
Methods, results, and recommendations from selected articles were abstracted, documented, and

Keywords: compared; comparisons of results were made in terms of the indices’ ability to predict outcomes, using
Chronic disease . P .
the C-statistic, R%, and odds ratios.
Trauma . . . s . . 1.
Charlson Results: Fifty-two articles relating to the derivation and/or validation of comorbidity measures were
Comorbidity found. The most commonly used measures were the Charlson Comorbidity Index (CCI) and the Elix-
Elixhauser hauser Comorbidity Measure (ECM). The ECM was found to outperform the CCI in terms of predictive
Index ability, although the CCI was more widely used. Derivation of study-specific weights to the CCI added
Injury more predictive power to the index.
Outcome Conclusions: Existing literature that compared the predictive abilities of the ECM and CCI favors the ECM.
This literature review did not identify a measure specifically designed for general injury populations.
Development of an injury-specific comorbidity measure will be timely and assist future research in
injury epidemiology.
© 2019 Published by Elsevier Inc.
Introduction health and social services planning (compounding effects of co-

Injury and comorbidity are both associated with adverse health
outcomes such as mortality, hospital stay, and use of critical health
care services. Accounting for comorbidity will affect a patient's
natural clinical course and change the expected outcomes
compared with nonconsideration of comorbidity [1]. Comorbidity
also plays a vital role in epidemiological research (e.g., in calcu-
lating mortality rates or fatality rates for a specific condition) and
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morbidity can inflate resource needs) [1,2].

Both injury and chronic noncommunicable disease (NCD) have
been recognized globally as major sources of disease burden,
resulting in mortality, loss of functional health, disability in in-
dividuals, and costs to health and social service systems. The Global
Burden of Disease (GBD) Report—2004 Update [3] showed that
NCDs accounted for nearly half of the GBD among all age groups in
low- and middle-income countries, and this proportion was much
greater in high-income countries. Another GBD report stated that
NCDs accounted for 71.3% of deaths globally in 2015 and injuries
accounted for 8.5% of deaths [4]. In certain patients, mostly older
adults, injury and chronic NCDs are likely to co-occur, with co-
occurrence of chronic disease increasing the likelihood of adverse
injury burden and mortality outcomes. This substantiates the need
for appropriately quantifying comorbidity in establishing prog-
nostic outcomes for injury patients.

To quantify the effect of comorbid conditions, a comorbidity
index can be used. A comorbidity index can be used to predict
outcomes for patients or adjust for the presence of these conditions
in other research and clinical care. A review of these measures,
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especially those used in injury settings, will be informative for
injury epidemiology. Measures that are adequate and appropriate
in quantifying the effect of comorbidity on health outcomes for
injury patients will be beneficial in clinical settings, epidemiolog-
ical research, and health care planning.

Two systematic reviews have been conducted to date, to eval-
uate the performance of some of the existing comorbidity indices
[5,6]. These two reviews, however, did not evaluate this from an
injury perspective. The presence of comorbidities varies between
injury and noninjury patients [7,8] and comorbidities may not be
the key predictors of outcomes for injury patients [9]. Mortality
Risk Score for Trauma (MoRT) was an injury-specific comorbidity
index derived by Thompson et al. in 2010 [10]. This was based on a
cohort of serious injury patients. Serious injury patients account for
around 15% of all injury patients [11], and therefore, the MoRT
needs further validation to be considered robust for use in general
injury populations. Hence, it is still not clear if a specific comor-
bidity index needs to be derived for use in this population. A pre-
liminary assessment of existing comorbidity measures and their
use and utility in injury populations will shed light on their capa-
bilities to account for comorbidities in predicting outcomes and
inform if there should be a need for a more specific index for injury
patients.

A narrative review of published research was conducted to
summarize existing comorbidity measures (indices and alterna-
tives) that have been commonly used to adjust for or test the effect
of co-occurring chronic conditions on outcomes. The aim was to
assess the capabilities of these measures to predict outcomes for
general medical patients and more specifically, for injury patients.

The focus of this review was on commonly assessed health
outcomes such as mortality [10,12—15], development of complica-
tions [15], additional use of critical care services such as intensive
care unit (ICU) stay and mechanical ventilator (MV) use [16], need
for long-term nursing care [16], extended length of hospital stay
[14], increased likelihood of readmission to hospital [14], and costs
[17].

The aim of this study was to review past literature to (1)
describe published indices and their evolution, (2) assess the
overall performance of the existing main comorbidity indices in
terms of predicting health outcomes, and (3) explore their use in
injury populations.

The study was approved by the Monash University Human
Research Ethics Committee.

Materials and methods
Search strategy

The literature search was conducted using Google, Google
Scholar, PubMed, and the Monash University Library (with access to
over 4 million articles via platforms such as Ovid) between
September 2016 and August 2017. The following terms and their
derivations were used to search titles and contents: injury,
outcome, comorbidity, pre-existing condition, comorbidity index,
Charlson index, Elixhauser, and outcome-related terms such as
death, mortality, readmissions, length of stay (LOS), complications,
cost, ICU, ventilator, and discharge destination, with the term co-
morbidity. PubMed was also searched using the medical subject
headings (MeSH) terms “comorbidity” and the selected outcome
terms as a double check.

Inclusion/exclusion of literature

After an initial screening of abstracts, journal articles relating to
development and validation of comorbidity indices (such as the

Charlson Comorbidity Index [CCI] and Elixhauser Comorbidity
Measure [ECM]) or other measures such as the count of comor-
bidities, presence/absence of certain comorbidities, or the presence
of at least one comorbidity were retained. Articles relating to the
development and/or validation of other comorbidity measures such
as medication-based indices (chronic disease score and RxRisk) and
ICU scoring systems that use severity of diseases classifications
(e.g., acute physiology and chronic health evaluation II, simplified
acute physiology score II) were excluded. The aforementioned data
sources were less commonly available compared with hospital
admission administrative data, and this review was more focused
toward comorbidity indices that can be applied to the latter form of
data. The literature retained for further review were limited to
those related to specific injury outcomes such as in-hospital death,
mortality, readmissions, LOS, complications, cost, ICU, and MV use
and discharge destination. Two systematic literature reviews were
also used to identify relevant literature and compare conclusions.
Key literature referred to in the chosen articles if it was not picked
up initially was included for review. Articles were organized by
themes, (1) outcome being studied and (2) study population (injury
vs. noninjury), and ordered chronologically in terms of published
year.

Data extraction and reporting

Data were abstracted using a tailored data collection form.
Abstracted data included information on the study population,
comorbidity measure, data source, health outcome measure, pre-
dictive ability (C-statistics, R?, and odds ratios) and final recom-
mendations. The C-statistic measures the ability to discriminate
those with and without the outcome, using the area under the
receiver operating characteristic curve. The C-statistic ranges from
0 to 1 where 0.5—0.7 represents poor discrimination and anything
greater than that considered good discrimination: the larger the C-
statistic, the better the predictive ability of the model. Furthermore,
using the extracted information and chronologically ordering them
based on the studies from which they were sourced, flow charts
were drawn to understand the evolution of the widely used co-
morbidity indices. The extracted information was also tabulated (1)
by the more commonly used comorbidity indexes, outcome mea-
sures, and predictive ability and (2) by type of comorbidity mea-
sures and their use in injury outcome studies. The derivation and
use of empirical weights for the commonly used indices were also
reviewed.

Results

Abstracts of 188 articles, including two systematic literature
reviews pertaining to comorbidity index validation, were screened
and 36 were found to derive or validate comorbidity measures and
were retained for further review. An additional fourteen articles
identified in the two systematic reviews were also retained. Eigh-
teen from the total of 50 articles were based on injury populations.
Figure 1.

Main comorbidity indices and their evolution

The most commonly used measures for quantifying comorbidity
were (1) the presence of at least one comorbidity; (2) the count of
comorbidities; (3) CCI and its variations; and (4) the ECM and its
updates.

Charlson Comorbidity Index and Elixhauser Comorbidity Measure
This review focuses on the two indices most commonly used
and evaluated for performance, namely the CCI [18] and the ECM
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Fig. 1. Flow chart representing the article selection process for this study.

[19]. Both indices are diagnosis-based and are derived from a list of
comorbidities (19 comorbidities for the CCI and 30 for the ECM),
which are related to a particular health outcome. Figure 2 shows
the evolution of these two comorbidity indicators since the early
80s (starting with the initial development of the CCI). The most
recent update to the CCl is the new weights derived by Quan et al. in
2011 for twelve comorbid conditions, and for the ECM, it is the
weighted score derived by van Walraven et al. in 2009 for twenty-
one conditions.

The original ECM used a binary representation of the presence of
each considered comorbidity as its measure, whereas the original
CCI allocated a weight to each comorbidity and calculated a
weighted summed score as the index. The CCl was developed in 1987
using a general cohort of patients admitted to a hospital during a
one-month period and then followed up over a course of one year to
assess mortality [18]. According to Google Scholar, the CCI has also
been cited 26,353 times (9 October 2018) by papers that developed
indices as well as those that used the index. The ECM developed in
1998 [19] identified a set of 30 distinct comorbidity groups based on
the International Classification of Diseases, Ninth Revision, Clinical
Modification codes. The ECM and its variations have all been
described as good predictors for in-hospital death [5,20,21].

Seven of the 50 studies used both the CCI and ECM, 3 studies
used only the ECM, and 26 studies used only the CCI, whereas 12
used other measures such as the count of or the presence of at least
one condition. The CCI and the ECM are discussed in detail next.

Studies that derived empirical weights

Some studies in the past derived empirical weights for comorbid
conditions using the CCI list and/or conditions specific to the study
population. All of them concluded that study-specific weights
outperformed the original CCI weights for assessing mortality
outcomes [26,30—33], while Holman et al. (2005) further
concluded that, although the empirical weights outperformed the
original CCI weights, the ability to predict 30-day readmission and
LOS was poor [32]. A comparison of the original CCI weights and the
Quan updates of 2011 revealed that conditions such as peptic ulcer
disease appear to have no impact on 1-y mortality, whereas con-
ditions such as HIV/AIDS, renal disease, and diabetes have relatively

lower impact than they used to, and liver diseases and dementia
have acquired relatively higher weights in the updates [29]. These
changes could partly be attributed to advances in medical science
and changes in disease epidemiology and in part to improvements
in comorbidity recording in administrative data sets over time. This
emphasizes the need for updating comorbidity measures to select
conditions relevant to a specific population and allocating weights
that are currently appropriate.

Assessing the overall performance of the main indices in terms of
predicting outcomes

Articles that used the CCI and ECM and their variations and
updates in quantifying comorbidity are presented in Table 1. The
performance of the CCI (and its variations) and the ECM (and its
variations) in terms of their ability to predict outcomes are pre-
sented for noninjury and injury populations, respectively. The table
presents results of studies evaluating the index admission and
excludes results of lookback periods. Studies that conclude good
predictive ability either found a significant gain in the C-statistic
[37,41,44] or R? [48] when moving from the baseline model to a
model that includes a comorbidity indicator, or found an odds ra-
tios >1.3 [40,52]. Some of the studies did not discuss this change,
instead drew conclusions based on the overall C-statistic. They
concluded good predictive ability if the C-statistic for the model
with the comorbidity indicator was >0.7 [20,21,27—29,43],
whereas those concluding a weak predictive power of the index
found the C-statistic to be in the range of 0.5—0.7 [42]. Li et al.
(2010) (validated both CCI and ECM) and Holman et al. (2005)
(validated CCI) made no specific conclusion of the predictive ability
of the indices they tested, but the C-statistic was less than 0.7,
which implies weak predictive power. It should be noted that a
measure such as the C-statistic is highly dependent on the study
population. It is also dependent on the model adjustment for other
variables; that is, the number and type of model covariates drive
the C-statistic, and therefore, C-statistics from different studies are
not always comparable. A number of studies used the CCI for
adjusting for comorbidity in modeling the effect of other variables
on health outcomes (e.g., effect of injury on long-term mortality,
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adjusted for pre-existing comorbidity [8]). For the purposes of this
review, they have not been included, as this review focused on
establishing the effect of comorbidity on the outcomes rather than
adjusting for them. One such study [Kuwabara et al. (2010)] [51]
was retained as it was based on an injury population and looked
at LOS and costs; such outcomes were not often assessed among
injury populations.

indicator Data source: hospital discharge data
Quan et al. 2011 [29] Predictive ability: (+) correlation with comorbidity
indicator

ces for short-term mortality [9,18—29].

The CCI and its variations have been used more often than the
ECM (Table 1). Eight studies that compared the performance of the
CCI and ECM concluded in favor of the ECM for predictive ability
[20,28,35,38,39,42,43,50], which is similar to conclusions drawn by
Yurkovich et al. [5]. Studies that found the ECM to perform better
than the CCI maintained that comorbidities have independent ef-
fects on outcomes and they differ for patient groups [19,24],
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Table 1
Performance of existing comorbidity indices for selected outcomes among injury and general patient populations
Outcome Noninjury populations
measure - R . - - . -
Article Comorbidity  Prediction ability basis Value of statistic Author conclusion on
measure predictive ability
In-hospital Librero et al. (1999) [34] CCI (OA) Standardized-death-rate increment Not available Good
death with CCI
Stukenborg et al. (2001) [35] **  CCI (OA) Gain in C-statistic from baseline model 0.01—0.04 (C-statistic= Weak
to model with comorbidity added 0.61-0.72)
Stukenborg et al. (2001) [35] **  ECM (OA) Gain in C-statistic from baseline model  0.07—0.09 (C-statistic = Weak, but better than
to model with comorbidity added 0.66—0.77) the CCI
Sundararajan et al. (2004) [27] CCI (OA) C-statistic 0.86 Good
Southern et al. (2004) [28] CCI (OA) C-statistic 0.7 Good
Southern et al. (2004) [28] ' ECM (0A) C-statistic 0.79 Good and better than
the CCI
Quan et al. (2005) [21] CCI (OA) C-statistic 0.86 Good
Quan et al. (2005) [21] ECM (0A) C-statistic 0.87 Good
Nuttall et al. (2005) [36] ! CCI (OA) Gain in C-statistic from baseline model 0.02 and 0.04 Weak
to model with comorbidity added (C-statistic = 0.71 and
0.73)
Zhu and Hill (2008) [37] ECM (OA) Statistically significant gain in C- 0.14 (C-statistic = 0.72) Good
statistic from baseline model to model
with comorbidity added
van Walraven et al. (2009) [20] CCI (OA) C-statistic 0.75 Good
van Walraven et al. (2009) [20] ECM (U) C-statistic 0.76 Good and better than
the CCI
Li et al. (2010) [38] CCI (OA) C-statistic 0.65 No specific conclusion
Li et al. (2010) [38] ECM(OA) C-statistic 0.76 Better than the CCI
Yu-Tseng et al. (2010) [39] ' CCI (OA) Gain in C-statistic from baseline model 0.01 and 0.01 Weak
to model with comorbidity added (C-statistic = 0.71 and
0.71)
Yu-Tseng et al. (2010) [39] ' ECM (OA) Gain in C-statistic from baseline model 0.03 and 0.041 Weak, but better than
to model with comorbidity added (C-statistic = 0.74 and the CCI
0.74)
Quan et al. (2011) [29] CCI (OA) C-statistic 0.88 Good
Quan et al. (2011) [29] CCI (U) C-statistic 0.88 Good and similar
predictive ability to the
original CCI
1-y mortality Goldstein et al. (2004) [40] CCI (OA) Statistically significant gain in odds of = OR = 1.72 Good
outcome from model with CCI <2 to CCI
>2
Holman et al. (2005) [32] * CCI (OA) C-statistic 0.88 and 0.74 No specific conclusion
Preen et al.(2006) [41] ** CCI (0A) Statistically significant gain in C- 0.05 and 0.06 (C- Good
statistic from baseline model to model  statistic = 0.89 and
with comorbidity added 0.92)
Livingston EH (2007) [42] * CCI (OA) C-statistic 0.52 Weak
Livingston EH (2007) [42] 1 ECM (OA) C-statistic 0.72 Good and better than
the CCI
Yu-Tseng et al. (2010) [39] " CCI (OA) Gain in C-statistic from baseline model 0.01 and 0.02 (C- Weak
to model with comorbidity added statistic = 0.75 and
0.68)
Yu-Tseng et al. (2010) [39] ' ECM (OA) Gain in C-statistic from baseline model  0.03 and 0.03 (C- Weak, but better than
to model with comorbidity added statistic = 0.77 and the CCI
0.70)
Mnatzaganian et al. (2011) [43] CCI (OA) C-statistic 0.72 Good
Mnatzaganian et al. (2011) [43] ECM (OA) C-statistic 0.75 Good and better than
the CCI
Quan et al. (2011) [29] CCI (OA) C-statistic 0.89 Good
Quan et al. (2011) [29] CCI (U) C-statistic 0.90 Good and similar
predictive ability to the
original CCI
Stavem et al. (2017) [44] CCI (OA) Gain in C-statistic from baseline model 0.66 (C-statistic = 0.78) Good
to model with comorbidity added
Readmission Librero et al. (1999) [34] CCI (OA) Standardized-readmission-rate NA Good
within 30 d increment with CCI
Parker et al. (2003) [45] CCI (OA) Wald X? P <.0001 Good
Holman et al. (2005) [32] # CCI (OA) C-statistic 0.67 and 0.61 No specific conclusion
Preen et al.(2006) [41] ™ CCI (OA) Statistically significant gain in C- 0.03 and 0.02 (C- Weak
statistic from baseline model to model  statistic = 0.64 and
with comorbidity added 0.62)
LOS Librero et al. (1999) [34] CCI (0OA) Standardized LOS increment with CCI NA Good
Melfi et al. (1995) [46] CCI (OA) Gain in C-statistic from baseline model 0.01 (C-statistic = 0.65) Weak
to model with comorbidity added
Parker et al. (2003) [45] CCI (0OA) F-statistic P <.0001 Good
Holman et al. (2005) [32] # CCI (OA) R? 0.17 and 0.03 No specific conclusion
Atalay et al. (2009) [47] CCI (OA) X2 NA Weak

(continued on next page)
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Outcome Noninjury populations
measure - - - - - . -
Article Comorbidity  Prediction ability basis Value of statistic Author conclusion on
measure predictive ability
Injury populations
In-hospital Gabbe et al. (2005) [13] CCI (OA) Gain in C-statistic from baseline model 0.03 (C-statistic = 0.86) Weak
death (including injury severity) to model
with comorbidity added
Moor et al. (2008) [9] CCI (OA) Gain in C-statistic from baseline model 0.00 (C-statistic = 0.94) Weak
to model with comorbidity added
Thompson et al. (2012) [48] ECM (OA) C-statistic 0.47 Weak
Neuhaus et al. (2013) [49] CCI (OA) Gain in C-statistic from baseline model 0.62 (C-statistic = 0.77) Good
to model with comorbidity added
Neuhaus et al. (2013) [49] CCI (U) Gain in C-statistic from baseline model 0.63 (C-statistic = 0.77) Good
to model with comorbidity added
Toson et al. (2015) [14] ™ CCI (OA) Gain in C-statistic from baseline model 0.11 and 0.09 (C- Good
to model with comorbidity added statistic = 0.73 and
0.72)
Toson et al. (2015)[14] CCI (U) Gain in C-statistic from baseline model 0.07 (C-statistic = 0.70) Good
to model with comorbidity added
1-y mortality Kurichi et al. (2007)[50] *% CCI (OA) C-statistic 0.65—0.68 Weak
Kurichi et al. (2007)[50] % ECM (OA) C-statistic 0.69—-0.70 Weak, but better than
CCl
Toson et al. (2015)[14] CCI (OA) Gain in C-statistic from baseline model  0.06 and 0.16 (C- Good
to model with comorbidity added statistic = 0.69 and
0.71)
Toson et al. (2015)[14] CCI (U) Gain in C-statistic from baseline model  0.08 (C-statistic = 0.71) Good
to model with comorbidity added
Readmission Toson et al. (2015)[14] "+ CCI (0A) Gain in C-statistic from baseline model ~ 0.01 and 0.01 (C- Weak
within 30 d to model with comorbidity added statistic = 0.55 and
0.55)
Toson et al. (2015)[14] CCI (U) Gain in C-statistic from baseline model  0.00 (C-statistic = 0.54) Weak
to model with comorbidity added
LOS Kuwabara et al. (2010)[51] !" CCI (OA) Beta coefficient for log LOS 0.09 and 0.12 Good
Thompson et al. (2012)[48] ECM (OA) Gain in R? from baseline model to Values not provided Weak
model with comorbidity added
Toson et al. (2015)[14] ' CCI (OA) Gain in R? from baseline model to 0.00 & 0.01 (R> = 0.01  Weak
model with comorbidity added and 0.01)
Toson et al. (2015)[14] CCI (U) Gain in R? from baseline model to 0.01 (R?> = 0.01) Weak
model with comorbidity added
Discharge Chen et al. (2012)[52] CCI (OA) Significant gain in odds of outcome 1.29 < OR < 3.65 Good
destination from model with CCI <2 to CCI >2
Costs Kuwabara et al. (2010)[51] ! CCI (0A) Beta coefficient for log cost 0.08 and 0.12 Good
ICU LOS Thompson et al. (2012)[48] ECM (OA) Gain in R? from baseline model to 0.04 Good

model with comorbidity added

CCI (OA) = original CCI or adaptation (Deyo/Romano); CCI (U) = updated CCI, weights per Quan et al. (2011); ECM (OA) = ECM or adaptations; ECM (U) = updated ECM with

scores per van Walraven et al. (2009).

*

Count was better.

 Individual presence was better.
¥ Compared CCI and ECM.

# A =

*
i

i Study used two algorithms; Sundararajan (2004) and Quan (2005).

" cCI reference = 0, beta reported for CCI 1 and CCI > 2.

C-statistic range provided as study tested the index performance on 5 populations.
C-statistic for the Charlson Deyo and Charlson Dartmouth-Manitoba adaptations.

C-statistic for patients with index disease = acute myocardial infarction and index disease = chronic obstructive pulmonary disease.
C-statistic for patients with index disease = asthma and index disease = acute myocardial infarction.
C-statistic for medical patients and procedural patients.
Limited to 5 ECM conditions.

C-statistic range provided as study tested the index performance on 3 populations.

thereby discouraging the use of summary indices. It should, how-
ever, be noted that the ECM requires adjusting for 30 binary pa-
rameters. This could result in overfitting, and furthermore, this may
be impractical when sample sizes are small, resulting in many
empty cells. A weighted index with fewer parameters may be more
practicable in small samples. Decisions on which index to use are
dependent on the data and objective of the study. Overall, the CCI
has been praised for its reliability and good correlation with mor-
tality, whereas the drawbacks are that it is limited to 19 conditions
and likely to underdetect nonfatal adverse outcomes [53].

Table 1 also shows that the CCI and ECM have been used more
often to assess mortality outcomes than resource use. Fewer studies

have validated the CCI and ECM on injury populations than general
medical populations. Among injury populations, the count or in-
dividual presence of comorbidities performed equally well or out-
performed the CCI in terms of predictive ability [9,14] (Table 1).
Outcomes such as long-term mortality, use of the ICU and MV, and
complications have not been assessed for the effect of comorbidity
using these indices; ICU and MV use were commonly assessed
using individual disease presence [54—56] (not shown in tables).
Studies that used the CCI and ECM for nonmortality-related out-
comes such as readmission to hospital, LOS, and costs were also
fewer in number than studies of mortality-related outcomes
(Table 1).
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Use of comorbidity indices in injury populations

This review assessed the use of comorbidity measures in pre-
dicting outcomes among injury populations, assessing what mea-
sures have been used most frequently and how such measures
performed in terms of predictive ability. Studies related to injury
populations in general were few compared with the number of
studies in general clinical populations as seen in Table 1, although
the relative proportions of each study type have not been reported
as this was not a systematic review and therefore is not an
exhaustive list of studies.

Four studies found the CCI good at predicting outcomes among
injury patients [14,49,51,52] (Table 1). Kurichi et al. (2007)
compared the CCI and ECM for predicting 1-y mortality among
elderly veterans with lower extremity amputations, reporting that
the ECM only slightly outperformed the CCI [50], and that overall
the indices were weak predictors of the outcome. Moor et al. (2008)
concluded that a count of comorbidities was as good as the CCI in
quantifying the effect of comorbidity on in-hospital death [9]
among high-level trauma patients, whereas Toson et al. (2015)
suggested that the individual presence of seventeen CCI conditions
was better than the weighted score in predicting mortality [14]
among older patients with hip fracture. The latter also concluded
that the CCI was not suitable for predicting resource utilization.

Table 2 summarizes some of the studies on injury-specific pa-
tient cohorts and the use of comorbidity indicators for predicting
outcomes. The general consensus from these studies is that the CCI
is a good predictor of mortality but not a good predictor for burden-
related outcomes. Conversely, the CCI has been recommended as
good at predicting discharge destination and disability outcomes
[52,59]. The table also shows the absence of studies assessing the
CCI for complications.

Indicators of the individual presence of comorbidities has been
found to be equally effective or better at predicting health out-
comes compared with the CCI by Moor et al. and Toson et al. [9,14]
(Table 2). Overall, among injury patients, age and injury severity
were better predictors of outcome than comorbidity measures
[10,13,49,51,55]. Validation of the CCI or other comorbidity mea-
sures on general injury cohorts was scarce (Table 2).

The only study identified that derived empirical weights for an
injury population was by Thompson et al. in 2010 [10]. They derived
the MoRT using a cohort of patients with serious injury. The MoRT
performed just as well as the CCI in predicting mortality, but better
predictive ability was gained by adding age, gender, and injury
severity to the model. Injury severity, age, and gender were found
to add more predictive power in other studies also [13,49,55]. The
MOoRT was a more parsimonious index, as it used only six comorbid
conditions: severe liver disease, myocardial infarction, cerebro-
vascular disease, cardiac arrhythmias, dementia, and depression.
They concluded that in the context of injury, eliciting information
on past comorbidity is not always possible and therefore an index
with a fewer number of conditions would be more practical.

Discussion

We studied the performance of existing comorbidity indices in
terms of predicting outcomes and explored how they have been
used for assessing outcomes among injury patients whose data
were often sourced from administrative databases.

This review found that of the diagnosis-based indices, the CCI
and ECM were the most commonly used comorbidity measures for
predicting outcomes among hospital-admitted patients. These two
indices were compared for performance in terms of predictive
power: the ECM outperformed the CCI, although the CCI was the
more commonly used measure [5,6]. The more common use of the

CCI could also be due to the fact that it preceded the ECM and had
been around for over 11 y before the ECM. Two adaptations of the
CCI are available, namely the Deyo and Romano versions; both of
which have been proven to have good predictive ability for mor-
tality by certain studies. Several studies explored the derivation of
empirical weights for the Charlson list of conditions as opposed to
using the original Charlson weights, which had improved the pre-
dictive ability of the index [26,30—33,36]. Weights, however,
should be reflective of current medical practice and disease prev-
alence. Many decades have passed since the development of the CCI
and eight years since the latest update by Quan et al. [29]. Although
regular updates have been made, the scale in its original form is still
commonly used. Due to advances in medical science and changes in
chronic disease epidemiology, the derivation of new empirical
weights at regular time intervals to reflect current medical ad-
vances is justified.

This review has brought to light suboptimal use of general
comorbidity measures, for example, the use of older versions
rather than the updated CCI in specific injury populations. It also
found that injury outcomes research tended to focus on sub-
groups of populations, such as older age groups or specific-injury
groups such as traumatic brain injury or hip fractures; only one
study focused on all injury patients [57]. Although most injury
outcome studies concluded that injury characteristics and age
best predict outcomes [9,12,13,55,57], relevant adjustments for
comorbidity improved predictive power and so are still necessary.
Therefore, appropriate comorbidity measures are required for this
group. The only study we found that derived an index based on
empirical weights using an injury population did so to assess
mortality outcomes. However, this study was based on a cohort
of serious injury patients only [10], and we found no validation
studies for this index.

This review also found that specific comorbidity measures have
so far not been developed for burden-related outcomes such as LOS,
readmission, MV use, ICU stay, costs, and complications among
injury or general clinical patients. Development of comorbidity
measures relating to burden, mortality, and complications for all
injury patients, be they weighted summed scores, individual
presence of conditions, counts of comorbidities, or the presence of
at least one comorbidity, with conditions significant to the
outcome, needs to be explored. Such measures can be utilized in a
number of settings; in evaluating and comparing treatments, pre-
dicting outcomes, and identifying comorbidities that are relevant to
a specific outcome. They are useful in teasing out the risk of out-
comes from injury-related processes adjusting for comorbidity
which is a competing risk. For example, when assessing the risk of
noncancer mortality, a weighted-index adjustment accounts for
noncancer (comorbidity-related) mortality, where other methods
such as survival analysis would use “competing risks” imposed by
comorbidities to assess cancer survival.

This study is not without limitations. First, it was not a sys-
tematic literature review, and therefore may have missed relevant
literature; although based on the retrieval of relevant publications
cited in the captured literature, we believe that key literature has
been included. Second, the focus of this review was research that
used administrative data for creating and validating comorbidity
indices and excluded studies based on medical chart review and
self-report. Some studies have found chart reviews to better cap-
ture comorbidity, which may improve the predictive ability of in-
dicators [44,64]. Given that other studies have found the contrary,
the difference in comorbidity capture may not be significant
[65,66]. Both data sources have limitations: self-reporting in-
troduces respondent bias whereas administrative data can lack
information on comorbidities not treated or actively observed
during the hospital episode [39,41—43,48].
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Comorbidity measures used in injury studies and details of conclusions drawn by authors

Comorbidity measure

Article

Study population

Conclusion

General injury population
CCI

Count

Individual presence of each
condition

Specific injury population
CCl

Count

Individual presence of each
condition

Kuwabara et al. (2010)[51]

Morris et al. (1990)[57]

Mc Gwin et al. (2004)[12]
Morris et al. (1990)[57]

Bochicchio et al. (2005)[54]

Kao et al. (2006)[55]

Ahmad et al. (2007)[56]

Gabbe et al. (2005)[13]

Kurichi et al. (2007)[50]

CCI was weak at predicting 1-y
mortality

Camilloni et al. (2008)[58]
Moor et al. (2008)[9]
Thompson et al. (2010)[10]

Chen et al. (2012)[52]
Neuhaus et al. (2013)[49]

Gabbe et al. (2013)[59]
Toson et al. (2015)[14]

Moor et al. (2008)[9]

Senn-Reeves and Jenkins (2015)[15]
Gabbe et al. (2005)[60]

Kurichi et al. (2007)[50]

ECM was only slightly better than the
CCI at predicting 1-y mortality

Moor et al. (2008)[9]

Thompson et al. (2012)[61]

Lustenberger et al. (2013)[16]

Morris et al. (2014)[62]

Hwabejire et al. (2014)[63]

Toson et al. (2015)[14]

All injury patients

All injury (patients >15 y of age)

All injury (patients >50 y of age)
All injury (patients >15 y of age)

Critically ill trauma patients

Mostly high-level trauma centers

All injury

Serious injury

Elderly veterans with lower extremity
amputations

Home and road injury (patients >65 y
of age)

High level trauma center patients
Patients 18—84 y, 3 or higher on the
Abbreviated Injury Scale

Traumatic brain injury patients
Patients > 18 y with hip fractures

Orthopedic injury patients after surgery
Patients > 65 y with hip fractures

High-level trauma center patients
Patients >15 y with blunt thoracic
trauma

High-level trauma center patients
Elderly veterans with lower extremity

amputations

High-level trauma center patients

Traumatic brain injury patients >55y of

age
Traumatic brain injury patients

Admissions after trauma resuscitation

Patients >90 y of age in a high-level
trauma center
Patients > 65 y of age with hip fractures

Higher odds of mortality for higher CCI scores but
not so much for LOS; CCI was used to adjust for
comorbidity rather than establish association
Higher number of conditions associated with higher
odds of mortality; risk greater among patients with
less severe injuries

Higher risk of death for older trauma patients with
comorbidity and minor injuries than those without
Certain conditions associated with higher odds of
mortality

Selected conditions, age, and comorbidity
associated with LOS, MV use, and mortality. Also
supports findings from Mc Gwin et al. that mortality
is greatly influenced by the injuries.

Diabetes is a weak factor in predicting mortality,
LOS and ICU stay, whereas age and injury severity
are stronger factors

Diabetes mellitus associated with ICU stay,
ventilator use, and complications, but not mortality
and LOS

CCl is associated with mortality but does not add
more predictive power to models with other
predictive variables such as age

CCI predicts mortality best among mild and
moderately severely injured patients

CCI no better than the count of conditions

CCI and MoRT performs equally; better
predictability achieved by adding injury severity,
age, and gender

CCI predicts discharge destination well

Three forms of the CCI; original 1987 CCI, the 1994
age-adjusted CCI, and the 2011 updated and
reweighted CCI. All indices good at predicting
mortality after adjusting for age and other variables
CClI predicts disability well

CCI, a good predictor for mortality but not resource
utilization. Presence of individual conditions better
than CCI and a lookback period for comorbidity
improves prediction of long-term mortality

CCI no better than count of conditions
Comorbidities associated with complications and
discharge destination; used 10 selected
comorbidities

Comorbidity not an independent predictor of
mortality

CCI no better than individual disease presence
ECM poor at predicting in-hospital mortality, and
LOS, but a good predictor for ICU LOS

Diabetes mellitus associated with mortality and
discharge destination but not ventilator use, ICU
stay, or LOS

Obstructive pulmonary disease and diabetes
mellitus associated with readmission, although the
more important predictors were ICU stay and
surgical site infections

Comorbidity has no effect on mortality, based on 6
baseline comorbid conditions

CCI good for predicting mortality but not resource
utilization. Presence of individual conditions better
than CCI and a lookback period for comorbidity
improves prediction of long-term mortality
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Conclusions

Binary representation of individual comorbidities, such as used
in the ECM, outperformed weighted indices and other comorbidity
measures in predicting health outcomes as per the studies included
in this review. However, the performance ability of an index is
dependent on the data, study population, and objectives of the
research. The ECM although has not been validated enough on
injury populations. Most existing comorbidity indices have proven
to be good predictors of mortality outcomes but not of resource use
or complications. Weighted indices were found to benefit from
regular updating of weights using empirical methods to better
represent current health practices. A specific comorbidity index for
general injury-populations has not been derived to date. Develop-
ment of measures to quantify the effect of comorbidity on specific
clinical outcomes for general hospital—admitted injury patients is
essential for improved quantification of the impacts of comorbidity
on health outcomes in future injury epidemiology research. The
measures developed should resonate with the present epidemi-
ology of chronic diseases, their clinical relevance, and account for
the effects of injury-related and demographic factors associated
with outcomes. Such an index will eliminate biases introduced by
outdated weights and irrelevant comorbidities found in existing
indices.
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