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Objectives: Risk adjustment algorithms for ICU mortality are nec-
essary for measuring and improving ICU performance. Existing 
risk adjustment algorithms are not widely adopted. Key barriers 
to adoption include licensing and implementation costs as well 
as labor costs associated with human-intensive data collection. 
Widespread adoption of electronic health records makes auto-
mated risk adjustment feasible. Using modern machine learning 
methods and open source tools, we developed and evaluated a 
retrospective risk adjustment algorithm for in-hospital mortality 
among ICU patients. The Risk of Inpatient Death score can be 
fully automated and is reliant upon data elements that are gener-
ated in the course of usual hospital processes.
Setting: One hundred thirty-one ICUs in 53 hospitals operated by 
Tenet Healthcare.
Patients: A cohort of 237,173 ICU patients discharged between 
January 2014 and December 2016.
Design: The data were randomly split into training (36 hospi-
tals), and validation (17 hospitals) data sets. Feature selection 
and model training were carried out using the training set while 
the discrimination, calibration, and accuracy of the model were 
assessed in the validation data set.
Measurements and Main Results: Model discrimination was evalu-
ated based on the area under receiver operating characteristic 
curve; accuracy and calibration were assessed via adjusted Brier 

scores and visual analysis of calibration curves. Seventeen fea-
tures, including a mix of clinical and administrative data elements, 
were retained in the final model. The Risk of Inpatient Death score 
demonstrated excellent discrimination (area under receiver oper-
ating characteristic curve = 0.94) and calibration (adjusted Brier 
score = 52.8%) in the validation dataset; these results compare 
favorably to the published performance statistics for the most 
commonly used mortality risk adjustment algorithms.
Conclusions: Low adoption of ICU mortality risk adjustment algo-
rithms impedes progress toward increasing the value of the health-
care delivered in ICUs. The Risk of Inpatient Death score has 
many attractive attributes that address the key barriers to adop-
tion of ICU risk adjustment algorithms and performs comparably 
to existing human-intensive algorithms. Automated risk adjustment 
algorithms have the potential to obviate known barriers to adop-
tion such as cost-prohibitive licensing fees and significant direct 
labor costs. Further evaluation is needed to ensure that the level 
of performance observed in this study could be achieved at inde-
pendent sites. (Crit Care Med 2018; 46:e481–e488)
Key Words: critical care; ICU scoring systems; machine learning; 
mortality risk

Reliable risk adjustment algorithms are essential for 
evaluating the performance of healthcare providers 
(1, 2). Such algorithms facilitate comparisons between 

facilities, allow for the establishment of performance bench-
marks, and enable healthcare providers to set goals for quality 
improvement (3, 4). A number of risk adjustment algorithms 
have been specifically developed to estimate and adjust for ICU 
patients’ risk of mortality (1, 5–7). Some of these algorithms 
are in their third or fourth iteration and have been improved 
over the course of decades. The most documented mortality 
risk adjustment algorithms include the Acute Physiology and 
Chronic Health Evaluation (APACHE), the Simplified Acute 
Physiology Score (SAPS), and the Mortality Probability Model 
(MPM). The discrimination of each of these models, as mea-
sured by the area under a receiver operating characteristic curve DOI: 10.1097/CCM.0000000000003011
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(AUC), ranges between 0.81 for MPM and 0.89 for APACHE 
(1, 2, 8). Although there is no “gold standard,” APACHE con-
sistently demonstrates the highest performance in terms of  
AUC (4, 9).

Even though there are a number of validated and accepted 
risk adjustment algorithms available, and there is a compelling 
value proposition for their use, utilization of these risk adjust-
ment algorithms is low (10). Recent estimates suggest that only 
12% of ICUs use some type of mortality risk adjustment algo-
rithm (3). Low levels of adoption may be attributable to two 
primary factors. First, although the underlying algorithms for 
APACHE-IV and MPM

0
-III are in the public domain and avail-

able at no cost, to use these tools in practice typically requires 
the payment of licensing, implementation, and maintenance 
fees which may be cost prohibitive for many hospitals. Second, 
implementations of these algorithms often require critical care 
clinicians to engage in time-intensive collection and documen-
tation of patient data that is not captured in typical critical care 
workflows nor is readily available in commonly used clinical 
information systems (4, 8).

Hospital adoption of electronic health record (EHR) systems 
has accelerated in response to federal incentive programs, and 
nearly 97% of hospitals now have at least a basic EHR (11). The 
widespread adoption of EHRs containing troves of physiologic 
measurements, information about treatment, patient demograph-
ics, diagnostics, and medical history has the potential to obviate 
the need for risk adjustment algorithms that require manual or 
custom data collection. Both the Veterans Health Administration 
and Kaiser-Permanente have demonstrated that fully automated 
algorithms can perform comparably to risk adjustment algo-
rithms that require specialized manual inputs (12, 13).

In this article, we describe the development and evaluation 
of a risk adjustment algorithm using modern machine learning 
methods that rely on data that are routinely and passively col-
lected in the course of patient care and hospital operations. The 
Risk of Inpatient Death (RIPD) score uses data elements that can 
be extracted from clinical and administrative systems in an auto-
mated fashion and therefore requires no manual chart review, 
abstraction, or custom data entry. This algorithm, like other 
commonly used mortality risk adjustment tools, is designed to 
be used for retrospective risk adjustment, rather than prospective 
prediction of patients’ risk of mortality. We compare the perfor-
mance statistics generated in this analysis to performance statis-
tics reported in the literature for APACHE, SAPS, and MPM.

MATERIALS AND METHODS

Hospital and ICU Selection
This study was deemed to meet the conditions for institutional 
review board (IRB) exemption by an external IRB (WIRB, 
Puyallup, WA). At the time of this analysis, Tenet Healthcare 
operated 79 acute care hospitals across the United States. From 
this group, hospitals were chosen based on four criteria: 1) had 
one or more defined ICUs meeting adult critical care criteria 
according to National Healthcare Safety Network guidelines as 
published by the Centers for Disease Control and Prevention 

(14), 2) were not children’s hospitals, 3) saw a minimum of 
100 ICU patients in the study period, and 4) used the Cerner 
Millennium EHR system. In total, 53 hospitals and 131 ICUs 
met these criteria.

Patient Selection
All inpatients 18 years old or older discharged between the 
beginning of January 2014 and December 2016 that spent a por-
tion of their hospital encounter in an ICU were included in this 
analysis. Patients with unknown discharge disposition, or orders 
indicating they were to receive “comfort measures only” prior 
to entry to the ICU, or those seen in a pediatric setting at any 
point during their encounter, were excluded from the analysis 
(n = 425; 0.2%). In total, there were 237,173 patients included 
in the analysis. Patient characteristics are described in Table 1.

Data Sources
Data came from two primary sources: 1) clinical data includ-
ing laboratory test results, vital signs, and documentation of 
notable events or procedures (e.g., mechanical ventilation) and 
2) administrative data including demographic, billing diagno-
ses, and utilization history. Clinical data were captured as part 
of the usual processes of care in one of six instantiations of 
the Cerner Millennium EHR system and archived in a com-
mon enterprise data warehouse. Administrative data were also 
captured through the usual course of hospital operations and 
archived in the same data warehouse.

Feature Selection
There are more than 15,000 different clinical variables available 
in our EHR’s results database alone; in addition, administra-
tive data include thousands of features that could potentially be 
incorporated into a risk adjustment algorithm. Given the breadth 
of options, there was an immediate need to reduce this feature 
space to a more manageable size that would allow us to produce a 
risk adjustment algorithm that was feasible from both a compu-
tational and implementation standpoint. This feature selection 
process was carried out in three stages: first, an environmental 
scan of existing risk adjustment algorithms and of published 
ICU admission criteria (15); second, consultation with one of 
the authors (D.K.) who is a board-certified critical care physi-
cian; and third, automated feature selection via machine learning 
algorithms, a process that is further described below.

Administrative data related to patient demographics, utiliza-
tion history, and diagnoses were considered as potential features. 
Demographic features included patient age, sex, race, language, 
admission through the emergency department, and indication 
of surgical admission. Diagnosis-related features included All 
Patient Refined-Diagnosis Related Group (APR-DRG) codes 
as well as Medicare cost weights for patient Medicare Severity-
Diagnosis Related Groups (MS-DRGs) (16–18).

Clinical observations were limited to those proximate to 
the time of admission to the ICU with a minimum of 24 hours 
before admission and a maximum of 24 hours postadmission. In 
some cases, we used first or last measurements (e.g., last Glasgow 
Coma Scale Score), changes in measurements or measurement 
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times (e.g., heart rate), or measurement means (e.g., respiratory 
rate). In addition, we used literature to guide feature engineer-
ing of some novel feature interactions, for example, shock index 
(heart rate/systolic blood pressure) by age (19).

Stages 1 and 2 of the feature selection process yielded a sig-
nificantly reduced feature set that included only 215 clinical 
and administrative features. These features were carried for-
ward to stage 3, supervised selection process described below.

Model Development and Evaluation
The objective of the model was to reliably estimate ICU patients’ 
risk of in-hospital death. To this end, XGBoost (v. 0.4; T. Chen, T. 
He, M. Benesty; https://CRAN.R-project.org/package=xgboost), 
a freely available, open-source software library for machine 

learning was used to build a model that could reliably estimate 
the risk of inpatient mortality (20, 21). The model was trained 
using patients from 36 of the 53 hospitals (146,982 patients). 
Patients from the remaining 17 hospitals (90,191 patients) were 
“held out” to serve as a validation set. Assignment to the train-
ing versus validation set was determined via simulation study in 
which we generated 200 random splits of the hospital popula-
tion. We then calculated observed/expected mortality rates for 
the training and validation sets for each random split; we then 
selected the split that minimized the difference in observed/
expected mortality between the training and validation sets. The 
objective of this simulation exercise was to reduce the risk of bias 
that could occur if a disproportionate share of low or high mor-
tality ICUs were assigned to the training or validation set.

TABLE 1. Descriptive Statistics for the Training and Validation Data Setsa

Variable
Training Set  
(n = 82 ICUs)

Validation Set  
(n = 49 ICUs)

Overall  
(n = 131 ICUs)

Patients, n 146,982 90,191 237,173

Age (yr), mean (sd) 64.3 (17.8) 62.9 (17.6) 63.7 (17.8)

Female sex, n (%) 68,171 (46.4) 41,571 (46.1) 109,742 (46.3)

Race, n (%)    

 Black 27,171 (18.5) 18,292 (20.3) 45,463 (19.2)

 White 75,963 (51.7) 40,748 (45.2) 116,711 (49.2)

 Other/unknown 43,858 (29.8) 31,151 (34.5) 74,999 (31.6)

Language English, n (%) 129,407 (88.0) 74,803 (82.9) 204,210 (86.1)

Deaths, n (%) 13,725 (9.3) 8,168 (9.1) 21,893 (9.2)

Length of stay, mean days (sd) 7.6 (9.8) 8.0 (11.2) 7.8 (10.3)

Time until ICU admission, mean days (sd) 0.8 (2.7) 0.8 (2.8) 0.8 (2.7)

30-d readmission return patients, n (%) 19,897 (13.5) 10,916 (12.1) 30,813 (13.0)

Emergency department admit, n (%) 121,607 (82.7) 71,716 (79.5) 193,323 (81.5)

Transfer patients, n (%) 15,950 (10.9) 11,732 (13.0) 27,682 (11.7)

Surgical inpatients, n (%) 28,029 (19.1) 20,720 (23.0) 48,749 (20.6)

Selected All Patient Refined-Diagnosis Related Groups, n (%)    

 720—septicemia 13,531 (9.2) 8,178 (9.1) 21,709 (9.2)

 133—pulmonary edema and respiratory failure 5,614 (3.8) 2,324 (2.6) 7,938 (3.3)

 710—infectious and parasitic diseases with operating room 
procedure

2,849 (1.9) 1,783 (2.0) 4,632 (2.0)

 130—respiratory diagnosis with vent 96+ hr 1,926 (1.3) 897 (1.0) 2,823 (1.2)

 044—intracranial hemorrhage 2,030 (1.4) 1,635 (1.8) 3,665 (1.5)

ICU type, n (%)    

 General ICU 54 (65.9) 30 (61.2) 84 (64.1)

 Cardiovascular ICU 12 (14.6) 10 (20.4) 22 (16.8)

 Surgical ICU 10 (12.2) 8 (16.3) 18 (13.7)

 Trauma ICU 6 (7.3) 1 (2.0) 7 (5.3)
aFeature selection and model training was conducted using the training set, while model performance was evaluated using the validation set.
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Model development was carried out using the XGBoost 
package within the R Software for Statistical Computing (R 
Foundation for Statistical Computing, c/o Institute for Statistics 
and Mathematics, Vienna, Austria; http://www.r-project.org).  
R is a free and open-source programming language and environ-
ment for statistical computing and graphics. XGBoost models 
are comprised of thousands of relatively simple decision trees. 
These models are trained iteratively by combining individual 
decision tree models to optimize on an evaluation metric, such as 
AUC. At each iteration, an additional decision tree is added to the 
“ensemble” of previously trained decision trees. However, each 
new decision tree takes into account errors made in the previous 
iterations. In this way the model “learns” its own shortcomings 
and introduces a new decision tree to address those shortcom-
ings. One of the benefits of these models over regression-based 
methods is that they are robust in the presence of missing data 
and thus do not require imputation. As such, we provided 
extreme negative values to indicate missingness (−9999), which 
in this case yielded results superior to median value imputation. 
We used a step size shrinkage of 0.3, which controls the rate of 
optimization in the model. We allowed decision tree complex-
ity to reach a maximum depth of three. To avoid overfitting, we 
used five-fold cross validation in the training dataset and drew 
subsamples of 80% of patient encounters in training.

In total, 215 features were entered into the supervised 
machine learning selection process. Relative influence of the 
model features was determined by evaluating the “gain,” a value 
based on the number of times a feature is selected for splitting 
across the entire ensemble of decision trees. Gain is the increase 
in accuracy brought about by including a feature to the branches 
of the decision tree. The relative influence of a feature is averaged 
over all trees. Initially, all features were entered in to the model, 
several rounds of feature selection ensued. At each round, the 
bottom third of the feature set (in terms of gain) was dropped 
from the model. This process was carried out until we observed 
substantial declines in model discrimination (in terms of AUC). 
Ultimately 17 features were retained in the final model.

Model performance was assessed based on discrimination, 
accuracy, and calibration. Model discrimination was assessed 
via the AUC. The Hosmer-Lemeshow test is often used to 
assess the calibration of risk; however, this test can be unreli-
able when the sample size is large (22, 23). Instead we assess 
accuracy using the adjusted Brier score and visual analysis of 
calibration curves with observed and expected deaths plotted 
across each risk decile. Standardized mortality ratios (SMRs) 
were calculated for the training and validation sets as the 
number of observed deaths divided by expected deaths (sum 
of RIPD scores for all patients in a given ICU). The average 
SMR and 95% CI were calculated using standard methods. 
Specifically, we used the summary SE function with the Rmisc 
package within the R statistical software.

RESULTS

Hospital and Patient Characteristics
The 53 hospitals included in our study were diverse, in that 
they are located in 14 different states and differ significantly 

in size (minimum bed count = 41, maximum bed count =762, 
median bed count = 217, interquartile range = 153–400). The 
majority of these hospitals are located in metropolitan areas; 
however, three hospitals are located in micropolitan areas, and 
one hospital is located in a rural area. Likewise, the majority 
(47) of these hospitals are nonteaching community hospitals. 
There were 131 individual ICUs across the 53 hospitals, 84 
were general ICUs, 22 were cardiovascular ICUs, 18 were surgi-
cal ICUs, and seven were trauma ICUs.

Descriptive statistics for the study population are shown in 
Table 1. The mortality rate observed across all hospitals for the 
study period was 9.2%. Patients’ age, sex, race, and language 
varied widely across the study hospitals. Additionally, there was 
substantial variability in admission source and length of stay 
across the study hospitals. Notably, in-bound transfers from 
other healthcare facilities, often excluded from risk adjustment 
models, accounted for 11.7% of our study population.

RIPD Score Features
Feature selection was done by removing variables which con-
tributed the least gain to the model. This was used to reduce the 
number of features from 215 to 17. The complete list of features 
retained in the model ranked by relative influence is described 
in Table 2 (for a list of top 100 features and feature stability, 
see Appendix Tables 1 and 2, Supplemental Digital Content 
1, http://links.lww.com/CCM/D222). The retained features 
included a mix of administrative data elements, laboratory 
test results, vital signs, and documentation of use of mechani-
cal ventilation or supplemental oxygen. The most important 
features were based on commonly available administrative 
data (e.g., APR-DRG risk of mortality and severity of illness 
weights). Engineered variables for shock index and shock index 
by age (heart rate/systolic blood pressure × age) were important 
in the model. Physiologic variables including heart rate, pulse 
oximetry, and mean respiratory rate also ranked in the top 10 
most influential features retained in the model. Somewhat intu-
itively, last values and mean values (for up to 24 hr after ICU 
admission) tended to provide better prediction than first val-
ues. Last evidence of using mechanical ventilation or any type 
of oxygen therapy was retained and coded as yes/no.

RIPD Score Calibration and Discrimination
To evaluate agreement between observed and expected mor-
tality across risk strata, we used the adjusted Brier score. The 
adjusted brier score represents the percent reduction in devia-
tion when using the RIPD model as opposed to assigning all 
patients a risk score equal to the average mortality for the 
entire population. A higher percentage reduction indicates 
better model accuracy (9). The adjusted Brier score for the 
RIPD score was 52.8%, which compares favorably to the scores 
reported for other risk adjustment models. The calibration 
curve showed good correspondence between predicted and 
observed risk deciles (Fig. 1). In terms of discrimination, the 
RIPD score AUC in the validation set was 0.94 with strong per-
formance across all subgroups. The SMR for the train set was 
1.01 (95% CI, 1.00–1.03) and 1.01 (95% CI, 0.99–1.03) for the 
test set (Table 3).



Copyright © 2018 by the Society of Critical Care Medicine and Wolters Kluwer Health, Inc. All Rights Reserved.

Online Clinical Investigations

Critical Care Medicine www.ccmjournal.org e485

DISCUSSION
The provision of healthcare in American ICUs costs over $80 
billion per year, or 4% of all healthcare spending, and nearly 
39% of all hospital costs in the United States (24, 25). The 
introduction and diffusion of new technologies continues to 
push these costs higher (26). There is a growing body of evi-
dence that suggests that as critical care costs increase, much of 

this additional spending is wasteful and does not yield better 
outcomes for patients (27, 28). However, given the variation in 
patient populations across different ICUs, it is difficult to iden-
tify and reduce this waste and inefficiency (3). Accurate, gener-
alizable, and easily implemented risk adjustment methods are 
necessary to enable healthcare providers and policy makers to 
measure and implement strategies to increase the value of the 

healthcare delivered in ICUs. 
Current levels of adoption 
of ICU mortality risk adjust-
ment tools are insufficient to 
enable the large scale change 
that is needed. The RIPD score 
has many attractive attributes 
that address the key barriers to 
adoption of ICU mortality risk 
adjustment tools.

First, we have demonstrated 
that the RIPD score is gener-
alizable outside of hospitals 
where it was developed. As 
noted above, the RIPD algo-
rithm was developed using 
data from 36 of the eligible 53 
hospitals. This design allowed 
us to test the calibration and 
discrimination of the RIPD 
score in a set of hospitals 

TABLE 2. Summary of Features Used in Risk of Inpatient Death Score

Feature Mean (sd) Missingness (%) Relative Influence (%)

APR-DRG risk of mortality (integer 1–4) 2.5 (1.1) 6.19 24.76

Last Glasgow Coma Score (integer 1–15) 13.4 (3) 8.98 16.23

APR-DRG severity of illness (integer 1–4) 2.6 (1.1) 1.06 10.42

Medicare cost weight index 2.4 (2.4) 0.00 7.20

Last measured shock indexa 43.7 (21.1) 0.26 6.14

Last shock index 0.7 (0.3) 0.26 5.87

Last pulse oximetry 96.1 (7.4) 0.44 4.03

Mean pulse oximetry 97 (2.6) 0.44 3.63

Last systolic blood pressure 123.5 (23.9) 0.15 3.47

Last heart rate 82.4 (20.1) 0.08 2.95

Mean respiratory rate 19.2 (3.8) 0.10 2.82

Last CO2 measurement 24.5 (4.7) 3.26 2.66

Mean temperature (°F) 98.3 (0.8) 3.75 2.52

Last blood urea nitrogen 25.1 (20.4) 3.54 2.49

Change in creatinine level −0.14 (0.83) 3.59 1.93

Last evidence of any oxygen therapy (yes/no) 59.2% (yes) 3.96 1.58

Last mechanical ventilation status (yes/no) 14.4% (yes) 3.96 1.29

APR-DRG = All Patient Refined-Diagnosis Related Group.
aShock index = (heart rate/systolic blood pressure) × age.

Figure 1. Calibration curves show observed and predicted mortality rates across deciles of the Risk of Inpatient 
Death (RIPD) score distribution. This figure shows close agreement between observed and predicted mortality 
rates across all deciles of the RIPD score.
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distinct from the development set. This design increases the 
likelihood that the risk adjustment algorithm is sufficiently 
robust and will work well for other hospitals.

Second, RIPD addresses cost, which is likely the most signif-
icant barrier to adoption of these tools (2). These costs come in 
the form of licensing, implementation, training, and most sig-
nificantly, manual data collection (direct labor). An automated 
algorithm based on freely available, open-source software such 
as the RIPD score would effectively eliminate additional direct 
labor or licensing costs, which comprise the lion’s share of the 
costs of maintaining an ICU mortality risk-adjustment system.

Third, the RIPD score does not require any custom data 
entry and relies entirely on data elements that are likely to be 
accessible to hospitals that have electronic clinical and admin-
istrative systems. Given the widespread adoption of EHRs, the 
RIPD score could be broadly and efficiently adopted for risk 
adjustment purposes.

Finally, healthcare providers may have been hesitant to 
adopt automated risk adjustment algorithms because transi-
tioning from human-intensive algorithms to more automated 

risk adjustment algorithms has meant sacrificing performance 
(2, 8). For example, the more intensive APACHE-IV which 
requires, on average, 37 minutes of human effort per patient 
to calculate, has a reported AUC of 0.88, and outperforms the 
less human-intensive MPM

0
-III (AUC = 0.82), which takes 

only about 11 minutes of human effort (8). The fully electronic 
SAPS (AUC = 0.82), an automated adaptation of the SAPS risk 
adjustment model, performs comparably to MPM but well 
below APACHE-IV (12). By contrast, the RIPD score (AUC = 
0.94) is fully automated but does not kill any discriminatory 
performance, and in fact compares favorably to published sta-
tistics for APACHE-IV (4, 9).

LIMITATIONS
As noted earlier, administrative data elements, such as APR-
DRG codes and their associated risk of mortality and severity 
scores, are important components of the RIPD score. The accu-
racy of administrative coding is dependent on the expertise of 
the coder; however, rigorous credentialing and coding regula-
tions limit variation in the practice and accuracy of clinical 

TABLE 3. Crude and Standardized Mortality Ratios, Accuracy, and Discrimination in 
Training Set, Testing Set, and Testing Set Subgroups

Dataset Sample size Deaths
Mortality  
Rate (%)

Standardized  
Mortality  

Ratio (95% CI)

Adjusted 
Brier Score 

(%)

Area Under a 
Receiver  

Operating  
Characteristic 

Curve

Training set (82 ICUs) 146,982 13,725 9.3 1.01 (1.00–1.03) 55.3 0.951

Validation Set (49 ICUs) 90,191 8,168 9.1 1.01 (0.99–1.03) 52.8 0.943

Top 5 All Patient Refined-Diagnosis  
 Related Groups (validation set only)

      

 720—septicemia 8,178 (9.1) 2,013 24.6 0.98 (0.93–1.02) 59.0 0.892

 133—pulmonary edema and 
respiratory failure

2,324 (2.6) 410 17.6 1.06 (0.97–1.17) 50.0 0.923

 710—infectious and parasitic 
diseases with OR procedure

1,783 (2.0) 302 16.9 0.96 (0.85–1.07) 41.7 0.829

 130—respiratory system diagnosis 
with ventilatory support 96+ hr

897 (1.0) 266 29.7 1.13 (1.00–1.27) 32.4 0.747

 044—intracranial hemorrhage 1,635 (1.8) 338 20.7 1.01 (0.98–1.21) 72.4 0.973

ICU type (validation set only)       

 General ICU 53,176 (59.0) 4,733 8.9 1.01 (0.98–1.04) 54.0 0.943

 Cardiovascular ICU 18,438 (20.3) 732 4.0 0.97 (0.92–1.02) 55.3 0.941

 Surgical ICU 16,769 (18.6) 531 3.1 1.04 (0.99–1.09) 46.9 0.942

 Trauma ICU 1,808 (2.0) 154 8.5 1.00 (0.84–1.16) 46.7 0.958

Patient types (validation set only)       

 Emergency department admit 71,716 (79.5) 6,824 9.5 1.00 (0.78–1.02) 52.2 0.941

 Surgical patients 20,720 (23.0) 1,234 6.0 0.91 (0.86–0.96) 39.2 0.909

 Transfer patients 11,732 (13.0) 1,602 13.7 1.05 (1.00–1.10) 50.1 0.906

 30-d readmission patients 10,916 (12.1) 1,593 14.6 1.16 (1.11–1.22) 48.7 0.917
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coding, and there is strong precedent for using APRDRG codes 
for risk adjustment (17, 29). We believe that the majority of 
hospitals use APR-DRG codes; however, hospitals that do not 
use APR-DRG codes will not be able to use the RIPD algo-
rithm. To address this limitation, we have also developed and 
validated a version of the RIPD algorithm that does not incor-
porate APR-DRG or MS-DRG codes (RIPD_reduced). The 
RIPD_reduced algorithm also provides very good discrimi-
nation (AUC = 0.91) and calibration (adjusted Brier Score = 
0.49). Further details related to the RIPD_reduced algorithm 
can be found in the Appendix Tables 3 and 4 (Supplemental 
Digital Content 1, http://links.lww.com/CCM/D222).

The RIPD score has only been evaluated as a risk adjust-
ment tool for in-hospital mortality. Some of the more mature 
risk adjustment algorithms such as APACHE also can be used 
to risk adjust for other outcomes such as ICU length of stay or 
time on ventilator. Evaluating whether machine learning-based 
methods could be used to model these outcomes would be an 
interesting area of investigation. In addition, we were not able 
to make direct comparison of the RIPD score’s performance to 
the performance of other risk adjustment algorithms, instead 
we compared the observed performance of the RIPD score to 
previously published performance statistics for these other risk 
adjustment algorithms. It is also possible that some features 
our data, for example, the fact that the train and validation 
data were drawn from a common EHR system, or the inclu-
sion of in-bound transfer patients could explain a portion of 
the difference in performance.

The relative influence ascribed to each feature in the model 
(Table 2) may be specific to our network of hospitals. Despite 
the demonstrable patient heterogeneity across our hospitals 
(Table 1), and design of our development and testing frame-
work, further external and independent evaluations are neces-
sary. Existing mortality risk adjustment algorithms have been 
developed over the course of decades and have been externally 
validated in a number of different settings. External evalua-
tions, particularly those conducted using data from different 
EHR systems, would be important for validating whether or 
not a level of performance similar to that which was observed 
in this study could also be achieved at independent sites. These 
evaluations could also provide valuable perspective on the fea-
sibility of implementing the RIPD score in new and diverse 
data and technology environments. We also acknowledge that 
local data mapping and implementation would be required to 
ensure that the data at an individual site match the specifica-
tions of the algorithm, and that these efforts would come at 
some cost to the adopting organization. A key part of the exter-
nal evaluations would be to explore the feasibility and cost of 
these mapping and implementation efforts.

While there is first a need for external validation studies, 
eventually there would also need to be a single entity or com-
munity responsible for maintaining and distributing the RIPD 
score algorithm. We believe that this article and its appendi-
ces provide sufficient guidance on how one would go about 
developing a comparable mortality risk adjustment algorithm; 
however, having multiple versions of an algorithm would 

undermine one of the premises of this study, that is, that a stan-
dard risk adjustment method is needed to facilitate compari-
sons across a broad set of hospitals. One potential option for 
widespread distribution of the RIPD score would be to encap-
sulate the code and corresponding data requirements, defini-
tions, and documentation in an R package. An R package is a 
collection of R functions, data, and compiled code in a well-
defined format. R packages are freely available Comprehensive 
R Archive Network, a world-wide network of ftp and web 
servers that store identical, up-to-date, versions of code and 
documentation for R (https://cran.r-project.org/). This would 
enable hospital systems to have access to a current and con-
sistent version of the RIPD score algorithm. In the interim, 
interested parties can contact the authors to receive provided 
fully functional versions of the RIPD and RIPD_reduced mod-
els as appendices, as well as R code that will enable users to 
prepare an input dataset that meets the specifications of the 
RIPD or RIPD_reduced models, and R code that will enable 
users to evaluate performance of the models using their own 
data. Readers can also interact directly with the dataset online  
(http://shiny.cac.queensu.ca/CritCareMed/RIPD/), where RIPD  
performance in specific patient subsets can be explored.

Finally, to some extent machine learning algorithms such as 
XGBoost do function as “black box,” which is a departure from 
traditional mortality risk adjustment models that are typically 
based on strong conceptual models backed by clinical consensus. 
These traditional models also have the advantage of being rela-
tively easy to describe, that is, it is possible to report coefficients 
for each variable in the model that can give the users an under-
standing of how the model works. However, there is a large and 
increasing body of evidence that machine learning algorithms 
excel and outperform traditional alternatives in contexts where 
data are abundant and diverse, and where there is high poten-
tial for complex interactions between variables (30). In addition, 
there are robust and well-validated methods (as were used in 
this study) to ensure that machine learning algorithms provide 
accurate estimates of risk, and that ensure that they will perform 
well when exposed to new data (31). Because of their attractive 
features, machine learning algorithms are supplanting heuristic, 
rule-based, and expert systems in many industries (32).

CONCLUSIONS
Our study demonstrates the feasibility of developing an auto-
mated ICU risk adjustment algorithm using machine learning 
methods using only highly available EHR and administra-
tive data elements. We have shown that this algorithm, when 
applied across a large, clinically, and geographically diverse 
set of hospital ICUs, provides excellent discrimination and 
calibration. The discrimination and calibration of the RIPD 
score compares favorably with the most established ICU risk 
adjustment algorithms and offers additional attractive fea-
tures that distinguish it from existing tools including no direct 
labor costs associated with manual data collection, no licensing 
fees, and reliance on broadly available data elements. Most of 
the focus in the literature has been on the technical details of 

http://links.lww.com/CCM/D222
https://cran.r-project.org/
http://shiny.cac.queensu.ca/CritCareMed/RIPD/
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trying to get the “right” model (10); however, the fact that the 
vast majority of hospitals do not use any ICU risk adjustment 
indicates that removing the barriers of time and cost should 
be more prominent area of focus (2). The potential savings in 
cost and time afforded by using an automated risk adjustment 
model based on freely available open-source software should 
be encouraging to all those interested in increasing the trans-
parency and measurement of ICU performance.
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