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Abstract

The aims of this study were to assess All-Patient Refined Diagnosis-Related Groups’ (APR-DRG) Severity of Illness (SOI)
and Risk of Mortality (ROM) as predictors of in-hospital mortality, comparing with Charlson Comorbidity Index (CCI) and
Elixhauser Comorbidity Index (ECI) scores. We performed a retrospective observational study using mainland Portuguese
public hospitalizations of adult patients from 2011 to 2016. Model discrimination (C-statistic/ area under the curve) and
goodness-of-fit (R-squared) were calculated. Our results comprised 4,176,142 hospitalizations with 5.9% in-hospital deaths.
Compared to the CCI and ECI models, the model considering SOI, age and sex showed a statistically significantly higher
discrimination in 49.6% (132 out of 266) of APR-DRGs, while in the model with ROM that happened in 33.5% of APR-
DRGs. Between these two models, SOI was the best performer for nearly 20% of APR-DRGs. Some particular APR-DRGs
have showed good discrimination (e.g. related to burns, viral meningitis or specific transplants). In conclusion, SOI or ROM,
combined with age and sex, perform better than more widely used comorbidity indices. Despite ROM being the only score
specifically designed for in-hospital mortality prediction, SOI performed better. These findings can be helpful for hospital
or organizational models benchmarking or epidemiological analysis.

Keywords In-hospital mortality - Prediction - Diagnosis-Related Groups - Severity of Illness - Risk of Mortality - Charlson
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Introduction

Topical Collection on Health Policy Predicting mortality can lead to better patient evaluation, clinical

information for differential and tailored interventions, compari-

son of providers’ performance and even allocation of resources

[1]. Specifically, in-hospital mortality is typically regarded to
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In a broader context within inpatient care, scores or indices
based on the patients’ underlying comorbidities have been
developed and widely used for mortality prediction in dif-
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The Charlson Comorbidity Index (CCI) defines 17
weighted comorbidities, whereas the Elixhauser Charlson
Index (ECI) includes 30 unweighted comorbidities [4, 5].
Both methods work either through unweighted sum of scores
or via weighted scores, with the latter approach assigning a
risk weight to each patient’s comorbidity [3]. These indices
are based on International Classification of Diseases (ICD)
coding systems and have been updated several times regard-
ing the list of specific comorbidities, codes and weights
[6-11].

Moreover, these measures rely on diagnostic information
that is typically available in hospital administrative data-
bases, such as those used for prospective payment systems
based upon Diagnosis Related Groups (DRGs). Since the
introduction of DRG hospital reimbursement in 1983 in
the United States (US), several countries have gradually
introduced this system as their main hospital provider pay-
ment mechanism [12-15], and several modifications and
DRG versions have been developed since then [16]. Any
DRG-based hospital payment system, however, includes an
exhaustive patient classification algorithm, where the hos-
pital episode is assigned to a clinically and economically
homogeneous group (DRG) based upon the diagnoses, pro-
cedures and demographic characteristics, such as age and
sex. Episodes within the same DRG group are expected to
present a similar clinical evolution.

In 1990, the APR (All Patient-Refined) DRG version
introduced a new concept of patient stratification to increase
the granularity on patient characteristics and, thus, provide
a better predictive model for resource use, by assigning a
severity of illness (SOI) subclass and a risk of mortality
(ROM) subclass to each episode, in addition to the base
DRG. Both SOI and ROM are DRG-specific and depend on
other patient’s underlying characteristics, namely comorbidi-
ties [17]. The APR-DRGs were employed for reimbursement
purposes in some European countries, namely Portugal,
Spain, Belgium and Italy, some Arab countries and in
over 30 states in the US [18]. Each APR-DRG is subdivided
into four SOI and four ROM subclasses, ranging from 1 to
4 (e.g.1 - minor, 2 - moderate, 3 - major, and 4 - extreme)
within each DRG. Both SOI and ROM are calculated sepa-
rately based mostly on secondary diagnoses and their inter-
action with age, main diagnosis and selected procedures.
SOI determines the overall patient illness severity according
to the extent of physiological decomposition or loss of organ
system function, while ROM estimates the likelihood of in-
hospital mortality [17].

Apart from their role in hospital financing, APR-DRGs'
SOI and ROM have been previously used as predictive
models for in-hospital mortality among patients with spe-
cific diseases (e.g. heart failure or stroke), in specific set-
tings (e.g. intensive care units), among surgical patients or
for global hospital admissions [19-24]. However, the two
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latter scenarios are not suitable for using SOI and ROM as
mortality predictors, mainly because SOI and ROM have
been developed for risk-stratification within DRG-specific
contexts (i.e. discrimination of severity of illness and risk
of mortality among patients within the same DRG). In this
sense, understanding how these scores contribute to patient
mortality within specific clinical contexts is essential to
describe their usefulness and relevance for risk adjustment,
especially in comparison with other metrics (e.g., CCI or
ECI). To the best of our knowledge there are no studies
assessing APR-DRGs' SOI and ROM as predictive models
for in-hospital mortality specific to a APR-DRG or group
of APR-DRGs.

Therefore, the aims of this study were (1) to assess SOI
and ROM as predictive models of in-hospital mortality in
different clinical contexts (DRGs), (2) to compare SOI and
ROM with CCI and ECI scores; and (3) to identify the APR-
DRGs in which SOI and/or ROM perform better.

Methods
Study design and data

This study was a retrospective observational nationwide
study using inpatient data from Portuguese public hospi-
talizations, selected from a mainland database provided
by the Portuguese Central Administration the Health System
(ACSS).

Hospitalizations of adult patients (18 years old or older)
with a hospital discharge date between 1st January 2011 and
31st December 2016, with diagnoses and procedures coded
in the International Classification of Diseases, 9th revision,
Clinical Modification (ICD-9-CM), were included.

We excluded episodes with transfers to other hospi-
tals [127,766 (2.9%) out of 4,467,199; no APR-DRGs
excluded] or “leaving against medical advice” [33,990
(0.8%) out of 4,339,433; 1 APR-DRG excluded out of 285].
APR-DRGs with only 3 in-hospital deaths or less [87,923
(2.0%) out of 4,305,443; 18 APR-DRGs out of 284] were
also excluded, as well as episodes with a length of stay
equal to 0 [41,378 (1.0%) out of 4,217,520; no APR-DRGs
excluded]. All APR-DRGs not considered in this study due
to inclusion or exclusion criteria (N=48) are listed in Sup-
plementary Table 1.

The database comprises demographic and clinical data
at episode (hospital case) level for hospitals in mainland
Portugal. Age, gender, discharge date, discharge status and
diagnoses were considered. The APR-DRG, SOI and ROM
that which episode was assigned to is also available in the
database.

The 3M APR-DRG version 31 software was previously
used to compute the SOI and ROM of each hospitalization.
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Outcome and models

The two most commonly used generic scores for in-hospital
mortality prediction are the Charlson Comorbidity Index
(CCI) [4] and the Elixhauser Comorbidity Index (ECI) [5].
The first was developed by Charlson et al. in 1987, defin-
ing 17 comorbidities to estimate mortality risk, while the
second was developed by Elixhauser in 1998 considering
30 comorbidities [4, 5]. These indices have several ver-
sions of comorbidity weights: original [4], Schneeweiss’s
[10] and Quan’s updates [7] for CCI; and original [5], Van
Walraven’s [8], Moore’s [9] and Thompson’s updates [11]
for ECI. Weights for some comorbidities are negative in the
ECI updates [8, 9, 11].

Statistical analysis

We performed descriptive statistics and crossed frequencies
between SOI and ROM. Additionally, we analysed the pro-
portion distributions of in-hospital deaths by SOI and ROM
level, overall and by APR-DRG.

A total of eleven logistic regression models were com-
puted for each APR-DRG using in-hospital death as the
outcome (dependent variable): model 1- Original CCI (+
age + sex); model 2- Schneeweiss’ updated CCI (+ age +
sex); model 3- Quan’s updated CCI (+ age + sex); model
4- Original ECI (4 age + sex); model 5- Van Walraven’s
updated ECI (4 age + sex); model 6- Moore’s updated ECI
(+ age + sex); model 7- Thompson’s updated ECI (+ age
+ sex); model 8- SOI; model 9- SOI (+ age + sex); model
10- ROM; and model 11- ROM (+ age + sex).

Models were evaluated for model discrimination and
goodness-of-fit. Model discrimination was assessed by plot-
ting the Receiver Operating Characteristic (ROC) curves
and by calculating the area under the curve, i.e. c-statistic.

Table1 Summary descriptive measures for Charlson Comorbidity
Index (CCI), Elixhauser Comorbidity Index (ECI) and updates among
Portuguese public hospitalizations coded in ICD-9-CM between 2011

This can range between 0.5 (random discrimination) and 1
(perfect discrimination). Bootstrapping with 100 samples
and bias-correction were performed, allowing the quantifi-
cation of uncertainty by returning 95% confidence interval
estimates [25]. In fact, for less frequent APR-DRGs, only
limited data would be available for assessing models using
test sets.

Goodness-of-fit was assessed by calculating the Nagel-
kerke R-square measure. Bootstrapping with 100 samples
was performed in order to obtain 95% confidence interval
estimates for Nagelkerke R-square measures.

Descriptive and inferential statistics were performed
using Microsoft Excel v15.3, IBM SPSS Statistics v24.0
and R v3.6.2.

Results

From the 4,176,142 hospitalizations among adults in main-
land Portugal public hospitals between 2011 and 2016,
there were 286,297 in-hospital deaths — 5.9% of all hos-
pitalizations. A total of 2,338,303 (56.0%) hospitaliza-
tions were females, while age ranged between 18 and 108
years-old with a median of 64 years-old. The distribution
by SOI levels were 2,613,046 (62.6%), 1,000,688 (24.0%),
456,361 (10.9%) and 106,047 (2.5%) for levels 1, 2, 3 and
4, respectively, with associated in-hospital mortality rates
of 0.6%, 8.0%, 21.7% and 50.6%. The distribution by ROM
levels were 2,038,704 (48.8%), 1,475,760 (35.3%), 567,451
(13.6%) and 94,227 (2.3%) for levels 1, 2, 3 and 4, respec-
tively, with associated in-hospital mortality rates of 0.8%,
6.0%, 18.2% and 43.2%. Table 1 displays the summary
descriptive measures for each CCI and ECI.

Model 9 (SOI + age + sex) had the highest discrimination
(c-statistic) and goodness-of-fit (R-square) for 75.6% APR-
DRGs (201 out of 266), followed by model 11 (ROM + age
+ sex) with 16.5% (44 out of 266) — Fig. 1. For model 9,

and 2016, for the entire sample, those with in-hospital death as out-
come and those without in-hospital death as outcome

Entire sample
(N =4,176,142)

Episodes without in-hospital death Episodes with in-hospital death
(N =3,889,845)

(N =286,297)

min p25 median p75 max; mean (SD) min p25 median p75 max; mean (SD) min p25 median p75 max; mean (SD)

Original CCI 0.00.00.02.0 18.0; 1.1 (1.8)
Schneeweiss’ updated CCI 0.00.00.02.020.0; 1.4 (2.2)
Quan’s updated CCI 0.00.00.01.0 15.0; 0.9 (1.6)
Original ECI 0.00.0 1.02.0 14.0; 1.5 (1.7)

Van Walraven’s updated ECI
Moore’s updated ECI
Thompson’s updated ECI

-16.0 0.0 0.0 6.0 58.0; 3.5 (6.2)
-22.00.0 0.0 5.0 66.0; 3.0 (7.2)
-27.00.0 0.0 8.0 82.0; 4.3 (9.0)

-16.00.0 0.0 5.0 58.0; 3.0 (5.8)
-22.0-1.0 0.0 4.0 63.0; 2.5 (6.6)
-27.0 0.0 0.0 7.0 80.0; 3.6 (6.6)

0.00.00.01.017.0; 1.0 (1.6)
0.0 0.0 0.0 2.0 20.0; 1.3 (2.0)
0.00.00.01.0 15.0; 0.8 (1.5)
0.00.01.02.014.0; 1.5 (1.7)

0.01.02.04.0 18.0; 2.8 (2.5)
0.01.03.0 6.0 20.0; 3.4 (2.8)
0.00.02.04.0 15.0; 2.5 (2.5)
0.01.03.04.0 14.0; 2.9 (1.9)
-11.0 5.0 10.0 16.0 58.0; 10.6 (7.9)
-16.03.0 11.0 18.0 66.0; 11.5 (9.9)
-19.0 6.0 15.0 18.0 82.0; 14.9 (11.8)
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Fig.1 Model discrimination (c-statistic) and goodness-of-fit
(R-square) for each of the 11 models by APR-DRG, ordered by the
median value for each APR-DRG, among Portuguese public hospital-
izations coded in ICD-9-CM between 2011 and 2016. Models: model
1 - Original Charlson Comorbidity Index, CCI (+ age + sex); model
2 — Schneeweiss’ updated CCI (4+ age + sex); model 3 - Quan’s

c-statistic ranged between 0.505 and 1.000 (mean=0.872;
median=0.891; SD=0.083) and R-square ranged between
0.028 and 0.750 (mean=0.298; median=0.302; SD=0.128).
For model 11, c-statistic ranged between 0.639 and
0.997 (mean=0.854; median=0.870; SD=0.090) and
R-square ranged between 0.046 and 0.719 (mean=0.261;
median=0.255; SD=0.131). C-statistic was higher than
0.900 for 113 (42.5%) and 90 (33.8%) out of 266 APR-DRGs
for models 9 and 11, respectively.

Compared to all CCI and ECI models (models 1 to 7),
model 9 showed a statistically significantly higher discrimi-
nation in 49.6% (132 out of 266) of APR-DRGs and a statis-
tically significantly higher goodness-of-fit in 57.9% (154 out
of 266) of APR-DRGs. Moreover, model 11 had a statisti-
cally significantly higher discrimination in 33.5% (89 out of
266) of APR-DRGs and a statistically significantly higher
goodness-of-fit in 43.6% (116 out of 266) of APR-DRGs,
compared to all CCI and ECI models.

Between the two best performing models, model 9
showed a statistically significantly higher discrimination
in 21.8% (58 out of 266) APR-DRGs and goodness-of-fit

@ Springer

updated CCI (+ age + sex); model 4 - Original Elixhauser Comorbid-
ity Index, ECI (+ age + sex); model 5 - Van Walraven’s updated ECI
(4 age + sex); model 6 - Moore’s updated ECI (+ age + sex); model
7 - Thompson’s updated ECI (+ age + sex); model 8 — Severity of I11-
ness, SOI; model 9 - SOI (+ age + sex); model 10 — Risk of Mortal-
ity, ROM; and model 11 - ROM (+ age + sex)

in 22.9% (61 out of 266) APR-DRGs than model 11. In the
opposite direction, mode 11 showed a statistically signifi-
cantly higher discrimination in 2 out of 266 APR-DRGs
and goodness-of-fit in 1 out of 266 APR-DRGs compared
with model 9.

Tables 2 and 3 present model discrimination (c-statistic)
and goodness-of-fit (R-square) respectively, for all
models by APR-DRG, including the results for the 5 most
frequent APR-DRGs, the 5 APR-DRGs with the highest
in-hospital mortality and top-5 and bottom-5 APR-DRGs
for each models’ performance measure.

Model 9 presented the highest predictive discrimination
ability considering the top-5 APR-DRGs with the highest
in-hospital mortality, and for the majority of APR-DRGs
within the top-5 most frequent, top-5 c-statistic APR-
DRGs and bottom-5 c-statistic APR-DRGs (Table 2).
Furthermore, for the top-5 APR-DRGs with highest mor-
tality, all models including models 9 and 11presented a
good discrimination ability (c-statistic > 0.6), although
these values were close to the other models.
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Fig.2 ROC curves for all 11 models by APR-DRG for the 3 with
the highest in-hospital mortality rate (i.e. APR-DRG 196, 5 and
4), among Portuguese public hospitalizations coded in ICD-9-CM
between 2011 and 2016. Models: model 1 - Original Charlson
Comorbidity Index, CCI (+ age + sex); model 2 — Schneeweiss’
updated CCI (+ age + sex); model 3 - Quan’s updated CCI (+ age +

The amount of variation of in-hospital mortality
explained by the several scores, as indicated by the R-square,
was poor for the top-5 most frequent and top-5 APR-DRGs
with the highest in-hospital mortality (Table 3), where mod-
els explained less than 10% of variability in death for most
APR-DRGs within these rankings. The highest R-square
(0.766 [0.579-1.000]) was obtained with model 3 for the
APR-DRG 160 — “major cardiothoracic repair of heart
anomaly”.

Figure 2 plots the ROC curves of all models for the 3
APR-DRGs with the highest in-hospital mortality rate.
Supplementary Tables 2 and 3 display the model discrimi-
nation (c-statistic) and goodness-of-fit (R-square), respec-
tively, along with 95% confidence intervals for all mod-
els and all APR-DRGs, ordered by their maximum value.
Some examples of APR-DRGs with high discrimination
are “843 — extensive 3™ degree or full thickness burns w/o
skin graft” (Model 9 — 0.937, 95%CI 0.919-0.954; Model
11 - 0.953, 95%CI 0.935-0.969), “51 — viral meningitis”
(Model 9 — 0.948, 95%CI 0.917-0.975; Model 11 — 0.933,
95%C1 0.896-0.968), ““3 — bone marrow transplant” (Model
9 -0.928, 95%CI 0.904-0.964; Model 11 — 0.929, 95%CI
0.902-0.956) or “650 — splenectomy” (Model 9 — 0.931,
95%ClI 0.883-0.959; Model 11 —0.934, 95%CI 0.898-0.958).

Discussion

In this study, we assessed the APR-DRGs' SOI and ROM
as predictive models for in-hospital mortality, with both
performing well when combined with age and sex. In fact,
compared to CCI, ECI and some of their updates, both SOI

100 - Specificity (%)

100 - Specificity (%)

sex); model 4 - Original Elixhauser Comorbidity Index, ECI (+ age +
sex); model 5 - Van Walraven’s updated ECI (+ age + sex); model 6
- Moore’s updated ECI (+ age + sex); model 7 - Thompson’s updated
ECI (+ age + sex); model 8 — Severity of Illness, SOI; model 9 - SOI
(+ age + sex); model 10 — Risk of Mortality, ROM; and model 11 -
ROM (+ age + sex)

and ROM (alongside age and sex) showed a statistically sig-
nificantly better discrimination of in-hospital mortality in
about half and a third of APR-DRGs, respectively. Addition-
ally, between these two predictive models, SOI seemed to be
the best performer for nearly 20% of APR-DRGs, while the
opposite occurred in 2 out of 266 APR-DRGs. The model
considering SOI, age and sex showed a good discrimination,
with a c-statistic higher than 0.900 for 42.5% of APR-DRGs.
Some particular APR-DRGs showed good discrimination,
such as those related to burns, viral meningitis or specific
transplants.

Romano and Chan have described model discrimination
of SOI alone, ROM alone, each score with age and sex, as
well as both scores together among patients with acute myo-
cardial infarction in the US in 1991-1993 [23]. With models
analogous to our models 9 (SOI, age and sex) and 11 (ROM,
age and sex), they showed a c-statistic of 0.834 (95%ClI
0.831-0.838) and 0.859 (95%CI 0.856-0.863), respectively.
In the analogous APR-DRG “190 — acute myocardial infarc-
tion” in our sample, these values were of 0.814 (95%ClI
0.806-0.823) and 0.824 (95%CI 0.819-0.832), respectively
[23]. Although with statistically significant differences, these
estimates are not too distant in both studies and both identify
a tendency of the ROM model outperforming the SOI model
for this particular set of patients. However, this tendency
was not the most frequent in our study, as we found that the
model with SOI, age and sex had a statistically significantly
higher discrimination in 21.8% of APR-DRGs, compared to
the model with ROM, age and sex, while the opposite only
occurred in 2 out of 266 APR-DRGs. In fact, this is not in
line with previous studies comparing SOI and ROM as pre-
dictive models for in-hospital mortality, showing that ROM

@ Springer
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outperformed SOI, although considering wider samples and
not only patients within each APR-DRG [22, 24]. Although
not having access to the full algorithm to estimate SOI and
ROM, the main differences are the default subclasses that
are attributed to each ICD-9-CM secondary diagnosis code
and how these default subclasses are gradually modified in
each step according to the different combinations of patient
variables [17, 26]. Besides this, the algorithm was developed
using US hospital historical data. In fact, the differences
found in the Portuguese setting are remarkable, with SOI
outperforming ROM, as ROM was originally designed to
predict the “risk of mortality”. Furthermore, it is important
to take into consideration that APR-DRGs' SOI and ROM,
unlike the CCI and ECI, were developed to measure
beyond the quantity of comorbidities, and while ROM
subclass was specifically developed to predict mortality, the
SOI subclass was developed to predict increased resource
use due to the patient’s acute problem, comorbidities and
physiological decompensation [22].

Two studies have already showed that SOI and ROM
models had better discrimination for predicting in-hospital
mortality than the CCI or the ECI [22, 24]. In this study,
we found similar results, showing that models with either
SOI or ROM outperformed any of the CCI/ECI models in
about half or a third of APR-DRGs, respectively. How-
ever, one important limitation of using APR-DRGs' SOI or
ROM comparing to comorbidity measures is that the form-
ers are APR-DRG specific and, thus, episodes of different
APR-DRGs cannot be directly compared using either SOI
or ROM, while they might be compared using CCI or ECI.

Furthermore, two studies have also combined SOI and
ROM together and, despite showing better discrimination,
estimates were not very different from ROM alone [23,
24].

Despite the lower performance of CCI or ECI, compared
to the SOI or ROM models, such indices have proven to
perform better in several contexts than more specific/phys-
iology-based scores, although this is heterogeneous across
diseases and contexts [27-30]. In addition to this, assessing
and comparing SOI and ROM models with all these CCI/
ECI models adds comprehensiveness to this study, being
useful to those without access to APR-DRGs that use spe-
cific CCI/ECI models.

These type of scores or indices can be used for several
purposes besides predicting mortality such as predicting
hospital readmissions [31]. Nevertheless, using them only
for predicting (in-hospital) mortality can be (and has been)
useful for several purposes, including benchmarking hospi-
tals or organization models, analyzing epidemiological pat-
terns or trends, planning and allocating resources, informing
patient prognosis, improving/tailoring treatments or even
increasing clinical trials comparability [1, 32-36].

@ Springer

These scores or indices rely on the clinical coding qual-
ity on administrative databases, which can be compared
and show closer performances to chart review comorbidity
measures [37-39]. DRG payment schemes also rely on
administrative databases, in which the gathered informa-
tion is usually coded after patients’ discharge. In fact, if
and when we achieve high-quality real-time or automated
clinical coding, data will be more reliable and will have more
clinical applications, including in-hospital mortality pre-
diction. Actually, there is increasing research on using arti-
ficial intelligence for clinical coding automation, namely
with machine learning and natural language processing
techniques [40—42]. Moreover, additional clinical informa-
tion not usually coded into such administrative databases
is being more and more combined with artificial intelli-
gence techniques for predicting mortality [43-46].

One of the limitations of this study may be the exclu-
sion criteria, which comprised episodes transferred to
another hospital, patients “leaving against medical advice”
and episodes with a length of stay equal to 0, which we
believed that were the most unbiased options considering
the study aims. Regarding the latter, we also performed
robustness checks, including those episodes, and differ-
ences were small. Another important limitation is the
underlying clinical coding data, which can have several
pitfalls as all DRG-related administrative databases [47].
Moreover, we opted for selecting only ICD-9-CM data
as the transition from ICD-9-CM to ICD-10-CM in Por-
tugal started in October 2016 for pilot hospitals and in
the beginning of 2017 for the rest and this might bias the
results [48].

In conclusion, besides the comorbidity indices that are
currently used to predict in-hospital mortality prediction,
APR-DRGs' SOI and ROM can also be considered for this
purpose. However, APR-DRGs' SOI and ROM are DRG-
specific, and these subclasses are not directly comparable
between DRGs. Thus, its use for risk-adjustment in broader
settings (e.g., overall in-hospital mortality) must be con-
sidered with caution. We found that SOI or ROM, com-
bined with age and sex, perform better than traditional and
more widely used comorbidity indices such as CCI or ECI.
This is particular important as these scores are derived
from the same administrative databases, although APR-
DRGs' SOI and ROM data can be readily available in sev-
eral or most institutions where APR-DRG is adopted. Our
study also concluded that, although ROM is specifically
produced to predict mortality, SOI performed better than
ROM in almost a quarter of APR-DRGs. In the future,
these findings can be clinically important with the real-
time or automated clinical coding. Meanwhile, the findings
can be quite helpful for hospital or organizational models
benchmarking or epidemiological analysis.
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