Critical Care Explorations m

October 2025 * Volume 7 * Number 10 * e1331

PREDICTIVE MODELING REPORT

Augmenting Mortality Prediction in Critically
lll Adults With Medication Data and Machine
Learning Models

Brian Murray , PharmD!

BACKGROUND: Mortality prediction in ICU adults is only marginally improved Tianyi Zhang, MS?

when medication regimen complexity (MRC) data is incorporated into traditional
. . . . . . . 3
regression models. Machine learning (ML) may improve this prediction. Zhetao Chen, MS

OBIJECTIVE: To compare the performance of different ML approaches incorpo- Xianyan Chen, PhD*

rating MRC data to both traditional and advanced regression approaches, with ~ Bokai Zhao, MSPH?

and without MRC data, to predict hospital mortality in ICU adults. Susan E. Smith, PharmD#
DERIVATION COHORT: Nine hundred ninety-one ICU adults at the University of ~ John W- 2?’""’ PharmD, MCCM,
North Carolina (UNC) Health System. FCCh®

David J. Murphy, MD, PhD, FCCM~
VALIDATION COHORT: A temporally distinct cohort of 4,878 ICU adults at avi ureny.

UNC and an external cohort of 12,290 ICU adults at the Oregon Health and ~ Rishikesan Kamaleswaran, PhD*®
Science University. Andrea Sikora, PharmD, MSCR,

9
PREDICTION MODEL: Supervised, classification-based ML models (e.g., Fecn I
. on behalf of the Medication
Random Forest, Support Vector Machine [SVM], and XGBoost) were devel- Regimen Complexity-ICU
oped. Twenty-seven variables at ICU baseline (age, sex, service, diagnosis) and  |nyestigator Team
24 hours (illness severity, supportive care use, fluid balance, laboratory values,
MRC-ICU, vasopressor use) associated with mortality, and 14 missingness in-
dicator variables, were included in each ML model. Traditional and advanced
(equipped with linear predictors, predictors in nature cubic splines, predictors
in smoothing cubic splines, and local linear predictors) regression models were
optimized using stepwise selection by Bayesian Information Criterion. Area
under the receiver operating characteristic (AUROC) was compared among
models.

RESULTS: Random Forest, SVM, and XGBoost achieved AUROCs of 0.83,
0.85, and 0.82, respectively, on the test set. Traditional regression models based
on Sequential Organ Failure Assessment, Acute Physiology and Chronic Health
Evaluation (APACHE) II, MRC-ICU + Sequential Organ Failure Assessment +
APACHE Il with and without an interaction term, and a full model including all 27
available variables demonstrated AUROCs of 0.81, 0.72, 0.82, 0.83, and 0.86,
respectively. Advanced regression models yielded AUROCs of 0.85, 0.86, 0.85,
and 0.84, respectively. The MRC-ICU exhibited a moderate level of feature impor-
tance in both XGBoost and Random Forest models. Models demonstrated lower ~ Copyright © 2025 The Authors.
performance in the validation cohorts. Published by Wolters Kluwer Health,

. " Inc. on behalf of the Society of
CONCLUSIONS: Use of ML, compared with traditional and advanced regres-

. . ) . . a ‘ A Critical Care Medicine. This is an
sion methods, did not improve hospital mortality prediction despite medication open access article distributed under

data inclusion. The MRC-ICU demonstrates moderate feature importance in se- 4o Creative Commons Attribution

lect ML models. License 4.0 (CCBY), which permits
KEYWORDS: artificial intelligence; critical care; machine learning; medication ~ unrestricted use, distribution, and re-
regimen complexity; mortality production in any medium, provided

the original work is properly cited.

DOI: 10.1097/CCE.0000000000001331

Critical Care Explorations www.ccejournal.org 1



Murray et al

@\ KEY POINTS

Question: Can machine learning (ML) methods
incorporating medication data improve hospital
mortality prediction for ICU adults compared with
traditional or advanced regression models?

Findings: ML methods incorporating medication
data did not improve hospital mortality prediction
compared with traditional or advanced regression
models. Although medications were features of
moderate importance in select ML models, they
were not important in the advanced regression
models.

Meaning: Although ML methods may be benefi-
cial for uncovering complex relationships, simpler
and more transparent regression methods appear
to achieve comparable performance to ML meth-
ods for mortality prediction in ICU adults.

ortality prediction for adults admit-
Mted to the ICU is important for clinical

decision-making, outcomes research, and
quality improvement (1, 2). Therefore, improving
the accuracy of ICU mortality prediction models re-
mains an important ongoing area of research (3-5).
Severity of illness scores (e.g., Acute Physiology and
Chronic Health Evaluation [APACHE), Sequential
Organ Failure Assessment [SOFA]) are commonly
used to predict mortality in the ICU but have limi-
tations (6-9). Although these scores are reflective of
syndrome-attributable mortality, neither considers the
impact of daily ICU patient management.

Although medications are key influencers of mor-
tality (10-14), they are rarely included in ICU mor-
tality prediction models (15-21). Given the causal
role of medications on outcomes in critically ill adults,
incorporating this information into mortality predic-
tion models may improve model performance and bet-
ter inform ICU care (22).

The addition of the medication regimen com-
plexity in the ICU (MRC-ICU) score to regression
models that included both APACHE II and SOFA
only modestly improved mortality prediction, and
every l-point increase in the MRC-ICU score was
unexpectedly found to be associated with a 6% re-
duction in mortality (23). However, in this study,
the time-dependency of factors affecting mortality
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was not considered (i.e., only baseline rather than
daily ICU variables were included), and the results
were not validated in an independent dataset (24).
Realizing the inter-relationship between severity of
illness, the MRC-ICU score, and mortality is com-
plicated and potentially nonlinear, models capable of
managing such complexity may also improve hospital
mortality prediction in ICU adults.

Machine learning (ML) approaches can process vast
amounts of information and identify previously unelu-
cidated patterns in data, potentially improving predic-
tion models through the incorporation of a greater
number of latent outcome determinants and markers
with predictive value. Using ML, it is possible to in-
corporate specific and granular medication data with
severity of illness variables to create more comprehen-
sive outcome prediction models. ML models incorpo-
rating medication data have demonstrated improved
prediction of fluid overload and duration of mechan-
ical ventilation in critically ill patients but have not
been rigorously used as a method to predict mortality
(25, 26).

The primary objective of this study was to com-
pare the performance of ML models for hospital mor-
tality prediction that considered medication data (as
summarized in the MRC-ICU score), a broad range
of clinical variables, and severity of illness scores
(APACHE 1II, SOFA) with traditional and advanced
regression models both including and not including
the MRC-ICU score. We hypothesized that ML mod-
eling approaches would demonstrate superior mor-
tality prediction compared with either traditional or
advanced regression models and that medication data
would be highly ranked in feature importance graphs
for ML models.

MATERIALS AND METHODS

This retrospective, observational cohort study was
reviewed by the institutional review boards (IRBs)
at the University of Georgia (UGA), the University
of North Carolina (UNC), and Oregon Health and
Science University (OHSU) and deemed to be ex-
empt from IRB oversight (IRB Waiver Number
Project 00001541). All methods were performed in
accordance with the ethical standards of the UGA
IRB and the Helsinki Declaration of 1975. This eval-
uation followed the Strengthening the Reporting of
Observational Studies in Epidemiology (STROBE)
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and Transparency Reporting of a multivariable pre-
diction model for Individual Prognosis Or Diagnosis-
Artificial Intelligence (TRIPOD-AI) extension
reporting frameworks, as applicable (Supplemental
Digital Content, Appendices 1 and 2, https://links.
lww.com/CCX/B560) (27, 28).

Dataset Development

Patient data were obtained from the UNC Health
System, an integrated healthcare delivery system, via
the Carolina Data Warehouse, which houses EPIC
electronic health record (EHR) data, and from OHSU
via the Oregon Clinical and Translational Research
Institute data warehouse.

Given the intensity of the data collection effort,
random number generation was used to identify a
sample of 1,000 adults aged 18 years old or older admit-
ted to the ICU for greater than or equal to 24 hours
between October 2015 and October 2020 (UNC 1000
dataset) to serve as the training/test set. Patients were
excluded if data were not from their index ICU admis-
sion or if they were placed on comfort care within the
first 24 hours of their ICU stay. Detailed information
on this cohort has been previously published (25, 29).
To evaluate all ML and regression models, the UNC
1000 cohort was split into training and test sets, using
a ratio of 4:1. Two datasets were used for validation: 1)
a temporally distinct (January 2021-December 2023)
random sample of 5,000 ICU adult patients from the
same health system (UNC 5000 dataset) and 2) a cohort
of 12,290 ICU patients from OHSU (OHSU dataset).

Data Collection, Outcomes, and Covariates

The primary outcome was hospital mortality. The EHR
was queried to obtain data for 27 variables previously
reported to influence hospital mortality among adults
admitted to the ICU (12, 30-35). The four ICU base-
line characteristics included age, sex, type of admission
ICU (i.e., burn, cardiovascular, cardiothoracic, med-
ical, neurosciences, surgical, mixed), and primary ICU
admission diagnosis (i.e., burn, cardiovascular, derma-
tology, electrolyte abnormalities, endocrine, fever, gas-
trointestinal, hematologic, hepatic, infection, mental
health, neoplasm, neurology, pneumonia, pregnancy,
pulmonary, renal, respiratory, sepsis, shock, syncope,
toxicology/ingestion, trauma, weakness, or other). The
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21 ICU clinical variables (collected 24 hr after ICU ad-
mission) included APACHE II and SOFA score (using
worst values in this 24 hr period), vital signs [i.e., heart
rate, hypotension (systolic blood pressure < 90 mm
Hg), temperature], acute respiratory distress syndrome
(ARDS) classification (i.e., mild, moderate, or severe
based on ratio of partial pressure of arterial oxygen
(Pao,) to F1o, [F10,]), use of supportive care devices
(i.e., continuous renal replacement therapy, mechan-
ical ventilation), serum laboratory values (i.e., albumin,
bicarbonate, creatinine, glucose, lactate, potassium,
pH, sodium, hemoglobin, hematocrit, platelets, WBC
count), and fluid balance (L). The two medication vari-
ables, also collected 24 hours after ICU admission, in-
cluded the MRC-ICU score and vasopressor use.

Data Analysis

Any missing SOFA or APACHE II score component
was assumed to be normal (Supplemental Table 1,
https://links.Iww.com/CCX/B560). Dummy Variable
Adjustment for missingness was conducted for 14
predictors (i.e., heart rate, systolic blood pressure,
temperature, ARDS classification, albumin, bicarbo-
nate/creatinine/sodium, glucose, hemoglobin/hemat-
ocrit, lactate, pH, platelets, potassium, WBC count,
and fluid balance at 24 hr) to estimate how much the
missing cases differed from an average individual
without missing data for the primary outcome of mor-
tality (36).

Machine Learning Analysis. Three ML models,
Random Forest, Support Vector Machine (SVM), and
XGBoost, were developed using all collected variables
described earlier (37-42). Feature importance graphs
were used to visualize the strength of every predictor.
Feature importance was measured by the mean de-
crease in node impurity, the absolute magnitude of
the coeflicients for each variable with a normalized
dataset, and the frequency of a feature’s usage in the
trees for Random Forest, SVM, and XG Boost models,
respectively.

Traditional Regression Analysis. Based on a prior
study (23), a traditional logistic regression model in-
cluding SOFA, APACHE II, and the MRC-ICU score
as predictors was constructed and benchmarked
against models including only SOFA or APACHE II as
predictor variables. Given the face validity of collected
variables and potential impact on mortality, a linear
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regression model was constructed using all 27 vari-
ables (full model). Due to potential interactions be-
tween SOFA, APACHE II, and MRC-ICU, a regression
model including an interaction term was constructed.

Advanced Regression Analysis. Four advanced
regression models (i.e., linear predictors, predic-
tors in nature cubic splines, predictors in smoothing
cubic splines, and local linear predictors) were each
constructed with the 27 variables reported above
along with an additional 14 indicators for missing-
ness (Supplemental Table 2, https://links.lww.com/
CCX/B560). Stepwise variable selection with Bayesian
Information Criterion was used to select the final
models (43).

To assess both the specific and overall impact of
each predictor in the regression models, we conducted
two types of regression analyses: 1) individual logistic
regressions examining a single variable alongside its
relevant missingness indicator (if applicable), and 2)
a comprehensive additive logistic regression encom-
passing all predictors and their respective missingness
indicators. During model training, five-fold cross-
validation was applied to choose the hyperparameters
for local linear logistic regression and the three ML
models. For local linear logistic regression, the pro-
portion of observations in a neighborhood of every
point to be used for fitting the models was tuned. For
Random Forest, two hyperparameters were tuned
(number of trees and number of variables randomly
sampled as candidates at each split). For SVM, linear
kernel was used, and cost of constraints violation was
tuned. For XGBoost, two hyperparameters were tuned
(maximum depth of a tree and maximum number of
boosting iterations). The models were fitted on the
training set after the optimal hyperparameters were
selected. Then, predictions for mortality for all 10
models were made using the test set.

To evaluate the predictive abilities of each model
on hospital mortality, area under the receiver oper-
ating characteristic curve (AUROC) was computed in
addition to sensitivity, specificity, negative predictive
value (NPV), positive predictive value (PPV) (or pre-
cision), and accuracy in the test set. Model calibrations
were determined, and model AUROCs were com-
pared using DeLong’s test where prediction thresholds
were chosen by maximizing Informedness, Matthew’s
Correlation Coeflicient (MCC) and F1 scores in the
training set (44). A two-sided p value of less than 0.05
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was used to determine statistical significance for all
variables. All analyses were performed using R (Version
4.3.0; R Foundation for Statistical Computing, Vienna,
Austria).

Validation

Model performance was further validated using the
UNC 5000 and OHSU datasets. This process involved
applying trained models to the validation data, gener-
ating ROC curves, and assessing model metrics using
the same processes as described above.

RESULTS
Training/Test Set

From the 1,000 patients randomly selected for inclu-
sion in the training/test sets, 9 were excluded because
the ICU admission in the dataset did not represent
their index ICU admission, leaving 991 patients in the
final cohort. Patients were 56.8% male, had an average
age of 61.2 (sp 17.6) years, and were predominantly
admitted to medical (40.8%) or cardiac/cardiothoracic
(30.9%) ICUs, with cardiovascular (25.5%), acute res-
piratory (12.5%), or neurologic (12.2%) conditions
representing the most common ICU admission diag-
nosis categories. A total of 97 (9.8%) of the patients
died during their ICU hospitalization. Abbreviated
demographic characteristics for the test/training co-
hort are described in Table 1 (full demographics in
Supplemental Table 3, https://links.lww.com/CCX/
B560).

Feature Selection and Model Performance

On the testing dataset, ML models based on Random
Forest, SVM, and XGBoost achieved AUROCs of
0.83, 0.85, and 0.82, respectively. Traditional logistic
regression models based on APACHE II, SOFA,
MRC-ICU+SOFA+APACHE II with and without an
interaction term, and a full model including all 27
collected variables demonstrated AUROCs of 0.72,
0.81, 0.82, 0.83, and 0.86, respectively. Advanced
models with stepwise variable selection proce-
dure using logistic regression, nature cubic splines,
smoothing cubic splines, and local linear logistic,
yielded AUROCs of 0.85, 0.86, 0.85, and 0.84, re-
spectively. Differences in model performance did not
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TABLE 1.

Abbreviated Comparison of Model Variables in the Training/Test Cohort for Patients Who
Died in the Hospital vs. Those Who Did Not®

4Table excludes patients with missing data.
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Variable All (n =991) Mortality (n =97) No Mortality (n = 894) o)
Age, mean (sb) 61.2 (17.6) 66.8 (15.5) 60.6 (17.7) <0.01
Male sex, n (%) 563 (56.8) 56 (57.7) 507 (56.7) 0.93
ICU type, n (%) 0.01
Medical ICU 404 (40.8) 53 (54.6) 351 (36.3)
Cardiac/cardiothoracic ICU 306 (30.9) 20 (20.6) 286 (32.0)
Surgical ICU 7 (9.8) 4(4.1) 3(10.4)
Other 184 (18.6) 20 (20.6) 164 (18.3)
Primary ICU admission diagnosis, n (%) < 0.01
Cardiovascular 253 (25.5) 11 (11.3) 242 (27.0)
Acute respiratory 124 (12.5) 25 (25.8) 9(11.1)
Neurologic 121 (12.2) 12 (12.4) 109 (12.2)
Sepsis 107 (10.8) 7 (17.5) 0(10.1)
Acute gastrointestinal/hepatic 3 (8.4) 8 (8.2) 5 (8.4)
Other 303 (30.6) 4 (24.7) 279 (31.2)
24 hr after ICU admission, mean (sb) unless otherwise noted
Acute Physiology and Chronic Health 14.1 (6.4) 20.6 (6.0) 13.4 (6.0) <0.01
Evaluation Il
Sequential Organ Failure Assessment 5.2 (4.2) 9.8 (3.9) 4.7 (3.9) <0.01
Heart rate 105.5 (21.6) 114.5 (25.0) 104.5 (21.0) <0.01
Hypotension (systolic blood pressure 316 (32.3) 47 (50.0) 269 (30.4) <0.01
< 90mm Hg), n (%)
Temperature (F) 98.5 (3.9) 98.3 (2.5) 98.5 (4.0) 0.55
Acute respiratory distress syndrome classification, n (%) <0.01
Mild 5 (25.8) 9 (12.5) 86 (29.0)
Moderate 145 (39.3) 37 (51.4) 108 (36.4)
Severe 6 (12.5) 14 (19.4) 32 (10.8)
Continuous renal replacement therapy at 1(1.1) 3(3.1) 8 (0.9) 0.15
24 hr, n (%)
Mechanical ventilation at 24 hr, n (%) 291 (29.4) 55 (56.7) 236 (26.4) < 0.01
Albumin mg/dL 2.9 (0.7) 2.5 (0.7) 3.0 (0.7) <0.01
Creatinine mg/dL 1.6 (2.0) 2.3 (2.1) 1.5 (2.0) <0.01
Lactate mmol/L 2.6 (2.5) 3.8 (3.6) 2.3 (2.0) <0.01
pH < 7.2, n (%) 46 (11.3) 18 (23.7) 28 (8.4) <0.01
pH > 7.5, n (%) 32 (7.8) 11 (14.5) 21 (6.3) <0.01
Hemoglobin, g/dL 10.9 (2.4) 9.8 (2.4) 11.1 (2.4) < 0.01
WBCs x10°%pL 11.8 (6.6) 14.8 (10.4) 11.5 (5.9) <0.01
Fluid balance at 24 hr (L) 0.7 (2.4) 0.9 (2.2) 0.7 (2.5) 0.43
Medication regimen complexity-ICU score 10.3 (7.7) 14.3 (8.3) 9.9 (7.5) < 0.01
Vasopressor use at 24 hr, n (%) 231 (23.3) 46 (47.4) 185 (20.7) <0.01
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reach statistical significance. AUROC curves for all
12 models are shown in Figure 1; AUROCs and their
corresponding Cls for each model are provided in
Supplemental Table 4 (https://links.lww.com/CCX/
B560). By DeLong’s test, the AUROC for the best-
performing ML model (SVM) was indistinguish-
able from the linear logistic model (p = 0.98);
likewise, Random Forest vs. linear logistic showed
no significant difference (p = 0.67). Detailed model
performance metrics including accuracy, sensitivity,
specificity, PPV, and NPV values on the test set with
thresholds chosen by different criteria are reported in
Table 2. The results of the univariate and multivar-
iate analyses are presented in Supplemental Table 5
(https://links.lww.com/CCX/B560), and the results of
the stepwise selection are presented in Supplemental
Table 6 (https://links.lww.com/CCX/B560).

Feature importance graphs for XGBoost and
Random Forest models revealed similar contribut-
ing variables to the regression models (Fig. 2; and
Supplemental Fig. 1, https://links.lww.com/CCX/
B560); SOFA, APACHE I, age, heart rate, and key
laboratory values were most prominently featured.
Medication data in the form of the MRC-ICU

score ranked as the seventeenth most important
feature in both the XGBoost and Random Forest
models, demonstrating moderate feature impor-
tance. Feature importance graphs generated for
SVM models did not feature the MRC-ICU score
(Supplemental Fig. 2, https://links.lww.com/CCX/
B560).

Validation

After excluding 122 patients from the temporally sepa-
rate UNC5000 validation dataset due to their ICU ad-
mission not representing their initial ICU admission,
validation was performed in 4,878 patients. Patients
were 51.9% male and 58.9 (16.4) years old. Patients in
this validation cohort were predominantly admitted to
a medical ICU (94.9%) with acute respiratory (21.6%),
sepsis (19.6%), or an acute gastrointestinal/hepatic
issue (15.6%) as their primary ICU admission condi-
tion. A total 0964 (19.8%) of this validation cohort died
during their ICU hospitalization. Full demographic
characteristics for the UNC5000 validation cohort
are described in Supplemental Table 7 (https://links.
lww.com/CCX/B560). Missingness characteristics for
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Figure 1. Area under the receiver operating characteristic curve (AUROC) for hospital mortality prediction on the test set. AUROCs for
mortality prediction in critically ill adult patients admitted to the ICU were similar for machine learning-based and advanced regression
models compared with models based on traditional regression methods and standard severity of illness metrics. APACHE Il = Acue
Physiology and Chronic Health Evaluation Il, MRC-ICU = medication regimen complexity-ICU, SOFA = Sequential Organ Failure

Assessment, SVM = Support Vector Machine.
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each variable are provided in Supplemental Table 8
(https://links.lww.com/CCX/B560).

The AUROC curves for the prediction of hos-
pital mortality when applying each trained model
to the UNC5000 validation cohort are presented in
Supplemental Figure 3 (https://links.lww.com/CCX/
B560). Model performance in this validation cohort
was consistently lower than that in the test set across all
models (Supplemental Tables 9 and 10, https://links.
Iww.com/CCX/B560). The ML models performed sim-
ilarly to the traditional regression models and the ad-
vanced regression models. The Random Forest model
exhibited the most stable discrimination from the test
set to the validation set (AUROC 0.78) but had poor
calibration.

The AUROC curves for the prediction of hospital
mortality in the OHSU external validation set of
12,290 patients are presented in Supplemental Figure
4 (https://links.Iww.com/CCX/B560). Demographic
characteristics and missingness for the external vali-
dation cohort are presented in Supplemental Tables
11 and 12, respectively (https://links.Iww.com/CCX/
B560). Model performance in the OHSU external val-
idation cohort was consistently lower than that on the
test set across all models; in particular, the full regres-
sion model demonstrated an AUROC of only 0.55 in
the OHSU validation cohort compared with 0.86 in the
test cohort (Supplemental Tables 13 and 14, https://
links.Jlww.com/CCX/B560). The Random Forest model
again exhibited the most stable discrimination from
the test set to the external validation set with AUROC
0.80, but was also poorly calibrated.

Calibration curves for all models for the test set and
validation sets are presented in Supplemental Figures
5-7 (https://links.lww.com/CCX/B560).

DISCUSSION

In our study, ML models did not outperform regres-
sion models for predicting hospital mortality, refuting
our initial hypothesis. Compared with traditional and
advanced regression, ML models identified different
predictors of mortality and included the MRC-ICU
score as a feature of moderate importance. The consist-
ently lower AUROC: for each model on the validation
sets may reflect dataset imbalances or model overfit-
ting on the training set, highlighting the importance
of external model validation as well as the potential
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value in retraining or fine-tuning models at an insti-
tutional level during clinical implementation to cap-
ture nuances of patient populations and patient care
practices that may impact model performance. More
stable performance of the Random Forest model in the
validation sets may suggest an increased versatility or
accuracy of some ML models over time or in different
populations.

This study represents an important methodological
advancement in our understanding of how to model
medications as predictors of mortality in critical ill-
ness: this is the first multicenter validation study of
mortality models to incorporate medication data
that was benchmarked against standardized severity
of illness scores with the goal to identifty modeling
approaches that are best able to handle the nonlinear
relationships that we have previously observed (23,
25). The comparison of standard metrics, regression
models, and supervised ML models within multiple
datasets demonstrates important points for ML in the
ICU. First, ML models performed similarly to regres-
sion models based only on severity of illness scores
(i.e., APACHE II, SOFA) with or without the MRC-
ICU score, highlighting the importance of ensur-
ing any new prediction model compares favorably
to established benchmarks. Second, this study dem-
onstrates the ability of ML models to characterize
complex relationships between variables and identify
previously unknown associations that may not appear
relevant with traditional regression, an important
strength that may lead to improved outcome predic-
tion and novel hypothesis generation with ML. Third,
given ML models may only offer incremental perfor-
mance benefits compared with simpler methods, bar-
riers to ML adoption in the clinical setting must be
considered (e.g., lack of explainability or interpreta-
bility [i.e., “black box” models] and implications on
clinical acceptance, demands for information tech-
nology and model governance infrastructure, dataset
bias, resource utilization, data quality and availability,
ease of workflow integration). Fourth, models must be
evaluated locally because performance on a training/
test set does not ensure external performance (45).
This principle was demonstrated in external validation
of the Epic Sepsis Model, which after implementation
in the clinical setting exhibited poor discrimination
and calibration in predicting the onset of sepsis in ex-
ternal validation (46). Despite the strengths of ML, it
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TABLE 2.

Accuracy, Sensitivity, Specificity, Negative Predictive Value, and Positive Predictive Value
for Mortality Prediction Models on Test Set

Positive Negative
Model Accuracy Sensitivity Specificity Predictive Value Predictive Value
Maximizing Informedness
APACHE Il 0.77,0.71-0.83 0.56,0.34-0.75 0.79,0.73-0.85  0.21,0.12-0.35 0.95, 0.90-0.97
SOFA 0.66,0.59-0.73 0.89,0.67-0.97 0.64, 0.57-0.71 0.20,0.13-0.30  0.98,0.94-1.00
MRC-ICU + SOFA 0.75,0.68-0.81 0.56,0.34-0.75 0.77,0.70-0.82  0.19,0.11-0.32 0.95, 0.90-0.97
+ APACHE Il
MRC-ICU + SOFA 0.72,0.65-0.78 0.56,0.34-0.75 0.74, 0.67-0.8 0.18,0.1-0.29 0.94, 0.89-0.97
+ APACHE Il (with
interactions)
Linear logistic 0.81,0.75-0.86 0.67, 0.44-0.84 0.83,0.77-0.88  0.28,0.17-0.43 0.96, 0.92-0.98
Linear logistic (full) 0.80,0.74-0.85 0.72,0.49-0.88 0.81,0.74-0.86  0.27, 0.17-0.41 0.97,0.92-0.99
Nature cubic splines  0.82, 0.76-0.87 0.56, 0.34-0.75 0.84,0.78-0.89  0.26, 0.15-0.42 0.95, 0.90-0.97
logistic
Smoothing splines 0.81,0.75-0.86 0.61,0.39-0.80 0.83,0.77-0.88  0.27 0.16-0.42 0.96,0.91-0.98
logistic
Local linear logistic 0.80,0.74-0.86 0.56,0.34-0.75 0.83,0.77-0.88  0.24, 0.14-0.39 0.95, 0.90-0.97
Random Forest 0.71,0.64-0.77 0.83,0.61-0.94 0.69,0.62-0.76  0.21,0.13-0.32 0.98, 0.93-0.99
SVM 0.73,0.66-0.79 0.89,0.67-0.97 0.71,0.64-0.77  0.24,0.15-0.35 0.98, 0.95-1.00
XGBoost 0.81,0.75-0.86 0.39, 0.20-0.61 0.85,0.79-0.89  0.21,0.10-0.37 0.93, 0.88-0.96
Maximizing Matthew’s correlation coefficient
APACHE Il 0.77,0.71-0.83 0.56,0.34-0.75 0.79,0.73-0.85  0.21,0.12-0.35 0.95, 0.90-0.97
SOFA 0.80,0.74-0.86 0.44,0.25-0.66 0.84,0.78-0.89  0.22,0.11-0.37 0.94, 0.89-0.97
MRC-ICU + SOFA 0.75,0.69-0.81 0.56,0.34-0.75 0.77,0.71-0.83  0.20,0.11-0.32 0.95, 0.90-0.97
+ APACHE Il
MRC-ICU + SOFA 0.78,0.72-0.84 0.56,0.34-0.75 0.81,0.74-0.86 0.22,0.13--0.36 0.95, 0.9-0.97
+ APACHE I (with
interactions)
Linear logistic 0.84,0.78-0.89 0.50,0.29-0.71 0.87, 0.82-0.91 0.28,0.16-0.45 0.95, 0.90-0.97
Linear logistic (full) 0.85,0.80-0.90 0.56,0.34-0.75 0.88,0.83-0.92 0.32,0.19-0.50 0.95,0.91-0.98
Nature cubic splines  0.82,0.76-0.87 0.56,0.34-0.75 0.84,0.78-0.89  0.26, 0.15-0.42 0.95, 0.90-0.97
logistic
Smoothing splines 0.85,0.80-0.90 0.33,0.16-0.56 0.91,0.85-0.94  0.26,0.13-0.46  0.93, 0.88-0.96
logistic
Local linear logistic 0.85,0.79-0.90 0.33,0.16-0.56 0.90,0.85-0.94  0.25,0.12-0.45 0.93, 0.88-0.96
Random Forest 0.78,0.72-0.84 0.72,0.49-0.88 0.79,0.72-0.84  0.25,0.16-0.39 0.97,0.92-0.99
SVM 0.83,0.77-0.88 0.61,0.39-0.80 0.85,0.79-0.89  0.29, 0.17-0.45 0.96,0.91-0.98
XGBoost 0.86,0.80-0.90 0.28,0.12-0.51 0.92,0.87-0.95 0.25,0.11-0.47 0.93, 0.88-0.96
(Continued)
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TABLE 2. (Continued)

Accuracy, Sensitivity, Specificity, Negative Predictive Value, and Positive Predictive Value
for Mortality Prediction Models on Test Set

Model Accuracy Sensitivity
Maximizing F1
APACHE Il 0.77,0.71-0.83 0.56,0.34-0.75
SOFA 0.80, 0.74-0.86 0.44, 0.25-0.66
MRC-ICU + SOFA 0.78,0.72-0.84 0.56, 0.34-0.75
+ APACHE II
MRC-ICU + SOFA 0.81,0.75-0.86 0.50, 0.29-0.71
+ APACHE Il (with
interactions)
Linear logistic 0.84,0.79-0.89 0.44,0.25-0.66
Linear logistic (full) 0.85,0.80-0.90 0.56,0.34-0.75
Nature cubic splines  0.83,0.77-0.88 0.56, 0.34-0.75
logistic
Smoothing splines 0.85, 0.80-0.90 0.33,0.16-0.56
logistic
Local linear logistic 0.85, 0.79-0.90 0.33,0.16-0.56
Random Forest 0.84,0.79-0.89 0.28,0.12-0.51
SVM 0.83,0.77-0.88 0.61,0.39-0.80
XGBoost 0.86, 0.80-0.90 0.28,0.12-0.51
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Positive Negative
Specificity Predictive Value Predictive Value
0.79,0.73-0.85  0.21,0.12-0.35 0.95, 0.90-0.97
0.84,0.78-0.89  0.22,0.11-0.37 0.94, 0.89-0.97
0.81,0.74-0.86  0.22, 0.13-0.36 0.95, 0.90-0.97
0.84,0.78-0.89  0.24,0.13-0.39 0.94, 0.90-0.97
0.88,0.83-0.92 0.28,0.15-0.46 0.94, 0.89-0.97
0.88,0.83-0.92 0.32,0.19-0.50 0.95, 0.91-0.98
0.86,0.80-0.90 0.28,0.16-0.44 0.95, 0.91-0.97
0.91,0.85-0.94 0.26,0.13-0.46 0.93, 0.88-0.96
0.90, 0.85-0.94  0.25,0.12-0.45 0.93, 0.88-0.96
0.90, 0.85-0.94 0.22,0.10-0.42 0.93, 0.88-0.96
0.85,0.79-0.89  0.29,0.17-0.45 0.96, 0.91-0.98
0.92,0.87-0.95 0.25,0.11-0.47 0.93, 0.88-0.96

APACHE Il = Acue Physiology and Chronic Health Evaluation I, MCC = Matthew's Correlation Coefficient, MRC-ICU = medication
regimen complexity-ICU, SOFA = Sequential Organ Failure Assessment, SVM = Support Vector Machine.

is important to consider whether these complex mod-
els improve ICU outcomes prediction compared with
regression models that are simpler to conduct and
more transparent (25, 47).

Medications are important determinants of patient
outcomes that may both treat disease and cause ad-
verse events, exerting independent effects on mortality
and other patient-centered outcomes (e.g., duration of
mechanical ventilation, discharge disposition, post-
intensive care syndrome). Including medications in
prediction modeling and characterizing their associa-
tions with outcomes may not only improve our ability
to predict outcomes, but our ability to intervene before
an outcome occurs. Our previous work demonstrated
that addition of the MRC-ICU score to conventional
severity of illness scores (i.e., SOFA, APACHE II) only
modestly improved hospital mortality prediction, but
our approach had limitations and suggested the re-
lationship between MRC-ICU and mortality is com-
plex and nonlinear (23). Although the current study
addresses many of the limitations of this prior work, it

Critical Care Explorations

raises important questions about how ICU medication
exposure affects ICU mortality. The models generated
in our study each weighted the importance of medica-
tion data differently. Although medication exposure as
estimated by the MRC-ICU score was not independ-
ently associated with hospital mortality in regression
analyses, it was included as a feature of moderate im-
portance in two of the ML models. In these two models,
it had similar importance (i.e., association) to hospital
mortality prediction as the serum lactate and fluid
balance. These findings highlight the strengths of ML
methods and the importance of further investigation
(5,16-20). The nonlinear relationship captured may be
due to there being a “just right” amount of medication
complexity for a given patient (e.g., broad-spectrum
antibiotics and vasopressors may reduce mortality for
a patient with septic shock, but the decision to add
heavy sedation—which also increases the score—may
increase complication risk).

Our study has several limitations. Methods in this
evaluation are appropriate for prediction modeling

www.ccejournal.org 9
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Feature importance

Sodium at 24 hours =

APACHE Il at 24 hours =

Age -

Albumin at 24 hours -

SOFA at 24 hours =

PLT at 24 hours -

Fluid balance at 24 hours =

HCT at 24 hours -

Creatinine at 24 hours -

HGB at 24 hours -

Bicarbonate at 24 hours -

Heart rate at 24 hours -

WBC at 24 hours -

Lactate at 24 hours =

Blood glucose at 24 hours -
Temperature at 24 hours =

MRC-ICU at 24 hours -

ind_miss temperature at 24 hours -
Pa02/FiO2 at 24 hours--Severe ARDS -
ind_miss PaO2/FiO2 at 24 hours -
ind_miss albumin at 24 hours -

Sex-

Pa02/FiO2 at 24 hours--Moderate ARDS -
ind_miss fluid balance at 24 hours -
Admission Diagnosis--Pulmonary -

ICU Type--Medical -

Admission Diagnosis--Gastrointestinal =
Admission Diagnosis--Cardiovascular -
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Mechanical Ventlation at 24 hours =
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Importance

Figure 2. Feature importance for mortality prediction with XGBoost. Standard severity of illness metrics (Acue Physiology and Chronic
Health Evaluation Il [APACHE 1], Sequential Organ Failure Assessment [SOFA]) demonstrated high feature importance in XGBoost
ML-based models for mortality prediction in critically ill adult patients admitted to the ICU, as did other variables known to be associated
with mortality in this population (e.g.,, age, fluid balance, etc.) Medication data as summarized in the medication regimen complexity-

ICU (MRC-ICU) score demonstrated moderate feature importance similar to factors considered to have high clinical value for inpatient
assessment (e.g, lactate, Pao,/Fio, ratio). Machine learning-based modeling can identify and characterize complex relationships that
may not be evident using traditional modeling techniques. ARDS = acute respiratory distress syndrome, HCT = hematocrit, HGB =

hemoglobin, PLT = platelets.

but not causal inference; ML models identified the
MRC-ICU score as a feature of moderate importance
to hospital mortality prediction, but this statistical
association does not provide causal or etiological
information. The MRC-ICU score, although being
associated with mortality (10-14), number and in-
tensity of medication interventions (10, 48), need
for mechanical ventilation (26), development of fluid
overload (49), and the improvement of mortality
prediction when added to conventional severity of
illness scores (i.e., SOFA, APACHE II) (23), is not
a comprehensive assessment of medication use and
does not account for the effects of individual medi-
cations on mortality. APACHE II and SOFA were

10 www.ccejournal.org

chosen for clinical benchmarking purposes, but they
have notable limitations and newer tools (e.g., Global
Open Source Severity of Illness Score [GOSSIS-1])
demonstrate superior mortality prediction (50); how-
ever, APACHE II and SOFA are valuable for clinical
benchmarking due to ease of calculation, widespread
clinical adoption, and clinician familiarity. Although
a training/test set of 991 patients is large for ICU
studies, it is likely underpowered for the purposes
of ML modeling and this investigation. Inadequate
sample sizes may result in model overfitting or ho-
mogenous/unrepresentative populations impacting
generalizability, a potential contributor to the no-
tably worse performance of most of the models in
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the validation cohorts compared with the test cohort
and the poor calibration of most evaluated models
in the test cohort. The size of the study cohorts and
order of operations reflected the effort required to
develop and process robust datasets including rele-
vant medication data and the timing of cohort avail-
ability; future analysis would benefit from the use of
larger, diverse and representative training cohorts.
The management of missingness (i.e., single imputa-
tion with normal values for missing data) may alter
model results and introduce bias; a multiple impu-
tation approach has advantages and may be favored
in some situations (51, 52). However, given consid-
erations of computational efficiency, real-time hand-
ling of missingness when models are implemented
in clinical settings, and missingness not at random
for data points in critical care, single imputation
with inclusion of missingness indicators is a rea-
sonable approach that allows models to learn from
patterns of missingness. Some continuous variables
were dichotomized for clinical simplicity, potentially
causing loss of information that impacted model per-
formance (53); however, because data processing was
identical for all models, this procedure did not affect
model comparisons. Although we included a robust
set of 27 variables reported to influence mortality, ad-
ditional variables with predictive value may not have
been collected; this includes variables after the first
24 hours of the ICU stay. Finally, the evaluation of
hospital mortality (as opposed to 28-d or 90-d mor-
tality), whereas the most feasible outcome to collect
for this evaluation, may not be the optimal timepoint
for outcome evaluation.

Our study has notable strengths. It represents the
largest and most robust evaluation to date of the
MRC-ICU score as well as the incorporation of MRC
with severity of illness data and ML methods evalu-
ating a patient-centered outcome that is relevant to
potential future applications, with a training/test set
of nearly 1,000 patients and two validation cohorts
of approximately 5,000 and 12,000 patients, respec-
tively. We included a robust set of demographic and
clinical variables as potential predictors for model
development. Our study also benchmarked devel-
oped models against traditional regression models
based on classical severity of illness scores, a neces-
sary metric for judging model performance in the
critical care setting (54).

Critical Care Explorations

Predictive Modeling Report

CONCLUSION

Application of ML approaches including medication
data as summarized in the MRC-ICU score did not im-
prove mortality prediction compared with traditional
regression approaches. Future studies should focus on
application of ML approaches to larger cohorts with
more granular and time-dependent medication data.
Although ML approaches may improve prediction
performance in some settings, performance should be
benchmarked against simpler and more transparent
models for outcome prediction.
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