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A B S T R A C T   

Objective: To validate a previously published machine learning model of delirium risk in hospitalized patients 
with coronavirus disease 2019 (COVID-19). 
Method: Using data from six hospitals across two academic medical networks covering care occurring after initial 
model development, we calculated the predicted risk of delirium using a previously developed risk model applied 
to diagnostic, medication, laboratory, and other clinical features available in the electronic health record (EHR) 
at time of hospital admission. We evaluated the accuracy of these predictions against subsequent delirium di-
agnoses during that admission. 
Results: Of the 5102 patients in this cohort, 716 (14%) developed delirium. The model's risk predictions produced 
a c-index of 0.75 (95% CI, 0.73–0.77) with 27.7% of cases occurring in the top decile of predicted risk scores. 
Model calibration was diminished compared to the initial COVID-19 wave. 
Conclusion: This EHR delirium risk prediction model, developed during the initial surge of COVID-19 patients, 
produced consistent discrimination over subsequent larger waves; however, with changing cohort composition 
and delirium occurrence rates, model calibration decreased. These results underscore the importance of cali-
bration, and the challenge of developing risk models for clinical contexts where standard of care and clinical 
populations may shift.   

1. Introduction 

People who are hospitalized with COVID-19 develop wide ranging 
neuropsychiatric symptoms [1–5] including the acute confusional state 
of delirium [6–9], which has been shown to occur in 10 to 50% of 
COVID-19 patients [7,8]. More generally, delirium is the most common 
neuropsychiatric syndrome encountered in the general hospital setting 
and a condition of particular concern to psychiatrists working with 
medical and surgical patients [10–12]. Delirium is associated with a 
wide range of adverse outcomes including increased critical care utili-
zation, longer length of stay, increased rate of institutional discharge, 
worse functional outcomes, increased rate of readmission, and increased 
mortality [13–34]. In addition to poorer clinical outcomes, care of pa-
tients with delirium is associated with greater caregiver and clinician 
burden [35–42]. Fortunately, delirium can be prevented through 

multicomponent interventions [43–47]; however, optimal allocation of 
these multicomponent prevention resources, as with any other scarce 
resource, requires a way of identifying individuals at greatest risk for 
experiencing delirium [48]. 

The COVID-19 pandemic, with its associated increased demands on 
caregivers and hospital clinical resources, has increased the potential 
consequences of a case of delirium, as critical care services and indi-
vidual caregivers are already overburdened. It has also increased the 
difficulty of delivering multicomponent interventions that could reduce 
delirium risk, by necessitating additional infection control precautions 
and protective equipment conservation efforts [49–51]. This combina-
tion of circumstances, which developed during care of the various surges 
of COVID-19 patients, increased the importance of zero-contact strati-
fication of delirium risk. 

Although delirium is often underdiagnosed and under coded, 
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electronic health records (EHR) data can be used to study both the 
epidemiology and biology of delirium [52–59]. Building on this poten-
tial, EHR data produced during routine care have been repurposed for 
secondary use in developing clinical prediction models of delirium risk 
[60–67]. We previously reported the development and contempora-
neous external validation of a machine learning model of delirium risk 
among patients with COVID-19 presenting during the spring of 2020 
[68]. As the characteristics, treatments, and outcomes of COVID-19 have 
changed over the course of the pandemic, and clinical model predictive 
accuracy can vary over time, we sought to replicate this model using the 
later waves of pandemic patients. In other words, we aimed for a 
replication which is longitudinal with respect to the patients included in 
the study but not with respect to an individual patient [69–74]. This 
work builds on a readily adopted and freely available model, applicable 
during emergency department care, based on facts already present in the 
EHR prior to inpatient hospitalization. It seeks to evaluate the extent to 
which the predictive quality of the model remained stable over succes-
sive waves of pandemic care despite evolving patient characteristics and 
treatment approaches. 

2. Materials and methods 

2.1. Conceptual approach 

We have previously shown that EHR data can be used at the time of 
hospital admission to predict delirium diagnosis over the subsequent 
hospital stay in patients with COVID-19. This prediction is possible using 
a statistical model developed through machine learning which makes a 
prediction based on diagnostic history, lab test results, medication or-
ders, and other patient characteristics. This development occurred 
during the first wave of COVID-19 cases; however, over the intervening 
waves of COVID-19 cases, the composition of patients and treatment 
approaches changed a great deal [74,75]. The aim of this study was to 
re-validate the model in these subsequent waves of patients to establish 
whether the quality of statistical predictions had decreased. The overall 
methodological approach below outlines who was studied, how the data 
in their health records were made presentable to the statistical model, 
and finally the multiple approaches taken to establishing the quality of 
the predictions made by the statistical model. 

2.2. Cohort development 

This study included all adults hospitalized with PCR-confirmed 
SARS-CoV-2 between June 1, 2020, and April 30, 2021, across six hos-
pitals, including two academic medical centers and four community 
hospitals. The original development of the previously published model 
occurred during the first surge of patients and included those hospital-
ized prior to May 31, 2020. This validation is longitudinal in that it 
occurs in a cohort who were cared for after – in calendar time – those in 
whom the model was originally developed and validated. As such, it 
provides an estimate of how the model would have performed had it 
been deployed clinically during this time. While this study is longitu-
dinal with respect to cohort and evolution of the pandemic, it is only 
minimally longitudinal with respect to the individual patients included 
as the span of individual time considered is merely that between 
emergency room presentation and hospital discharge. 

All data for this study—including the demographic, laboratory, 
diagnostic, medication, and other clinical data—were extracted from the 
health system EHR [68]. These included date of birth for calculation of 
age at admission, home zip code for area deprivation index calculation, 
body mass index (BMI), and lifetime smoking status [76]. The study 
protocol was approved by the Mass General Brigham Human Research 
Committee. No participant contact was required in this study which 
relied on secondary use of data produced by routine clinical care, 
allowing waiver of informed consent. 

2.3. Clinical data handling and feature encoding 

To make statistical predictions from the data in the EHR, those chart- 
like clinical facts must be systematically reshaped into spreadsheet-like 
data which are suitable for predictive modeling. This reshaping of EHR 
data into spreadsheet-like data used the same steps as those of the pre-
dictive model's initial development and validation [68]. The 34 features 
– columns in the notional spreadsheet – included in the predictive model 
(which was used in exactly the previously published form without 
modification of any kind) cover a range of diagnostic codes, medica-
tions, laboratory results, and registration characteristics. Those features 
and the coefficients, which come from the original model development 
and are what would be required to implement this model, are included 
in Supplemental Table 1. The included features are notable for the 
relative paucity of protective factors (that is features which are associ-
ated with a lower risk of delirium) relative to risk factors (features which 
are associated with greater risk of delirium when present). Clinical 
features associated with reduced predicted risk of delirium include 
serum albumin and body mass index. Clinical features associated with 
increased predicted risk include laboratory reported high troponin and 
low absolute lymphocyte count. Of the 34 total features included in the 
model and presented in Supplemental Tables 1, 16 features are based on 
current lab tests results, 6 are based on prior diagnosis, 8 are based on 
medication prescription, and the remainder are patient and de-
mographic characteristics (e.g., age or smoking history). 

For this replication study, as in the original development and vali-
dation study, BMI, lifetime smoking status, and age at admission were all 
drawn from predefined structured fields within the EHR. Prior clinical 
diagnostic codes (both billing or non-billing problem list) were aggre-
gated from native International Classification of Disease (ICD) codes to 
the second level of the Healthcare Utilization Project (HCUP) Clinical 
Classification Software (CCS) hierarchy as log-transformed counts of the 
total number of codes assigned within that category [77]. Medications 
were encoded as at the Unified Medical Language System (UMLS) 
RxNorm ingredient as the log-transformed count of orders and pre-
scriptions over the 30 days preceding admission [60,78,79]. For clinical 
laboratory test results, both continuous features in laboratory supplied 
units and laboratory supplied flags (logical true or false variables) of 
abnormally high and low values were extracted as required by the model 
from the first occurrence within the episode of care (i.e., the first 
emergency room collection of a given test for those who had multiple 
instances of the test prior to admission). For count encoded features, 
medications or diagnostic codes which did not occur were counted zero 
times. Missing continuous values (e.g., laboratory values) were replaced 
through medium imputation from the original training sample and thus 
a prediction was possible on every admission over the study period. 

To facilitate cohort description and evaluation of model performance 
within clinical and demographic substrata, we extracted additional 
clinical and demographic data from the EHR, including data which 
occurred after prediction time. These data were not made available to 
the original model training and played no part in prediction; thus, these 
evaluative features were unable to contaminate the antecedent pre-
dictions (sometimes referred to as ‘peeking’ forward in time [80]). 
Instead, these features were merely used in secondary analysis of pre-
dictive accuracy. Given the importance and frequency of delirium in the 
critical care setting and delirium superimposed on dementia, dementia 
diagnosis and subsequent critical care were selected [81–85]; however, 
it is notable that the former could conceptually be excluded at the time 
of prediction based on prevalent dementia diagnosis whereas the latter 
eventual incident cases of critical illness could not. To evaluate model 
performance over demographic strata, we extracted race and gender 
from structured EHR demographics tables. Recognizing the clinical 
importance of critical illness and cognitive impairment in delirium, we 
extracted both subsequent need for critical care and a previously 
described cognitive impairment feature from the EHR [86]. 

For our delirium outcome, we extracted coded delirium diagnosis 
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made during the subsequent hospital admission using the same coded 
definitions used in initial model development and also applied a natural 
language processing (NLP) delirium definition to the discharge sum-
maries of the hospital admission as a sensitivity analysis on the coded 
definition [54,57]. The full bag of codes used to define delirium based on 
the Medicare General Equivalence Mappings was: F01.51, F03.90, F05, 
F06.0, F06.1, F06.2, F06.30, F06.4, F06.8, F10.231, F15.920, F19.921, 
F19.939, F19.950, F19.951, F19.97, G92, G93.40, G93.41, G93.49, 
R40.0, R40.4, and R41.82. The NLP-based definition produced equiva-
lent results to the primary analysis done against the coded delirium 
definition and thus these duplicative results are not shown. Conceptu-
ally, it is important to note that within a given patient the timing of 
features used can be divided into three distinct eras of chart time: (1) 
features used for the statistical prediction of subsequent delirium risk 
(all of which were available at the time of admission; e.g. emergency 
department lab tests and past diagnostic history), (2) the clinical diag-
nosis of delirium used as the reference outcome in evaluating predictive 
accuracy (which was only available at the time of hospital discharge), 
and (3) information which played no part in the prediction or outcome 
but was merely used for post hoc secondary description of predictive 
accuracy in specific subgroups (e.g. need for critical care). 

2.4. Model evaluation and statistical analysis 

We characterized the COVID-19 patient cohort and contexts in which 
patients received care using descriptive statistics (i.e., counts and per-
centages for discrete variables, means and standard deviations for 
continuous measures) stratified by eventual diagnosis of delirium. 
Thereafter, we evaluated the discrimination – the extent to which those 
who went on to develop delirium were consistently predicted as higher 
risk than those who did not – and calibration – the extent to which all 
those predicted to have a given risk of delirium did develop delirium at 
the predicted rate – of delirium risk predictions made at the time of 
admission by reference to the presence or absence of an eventual coded 
diagnosis of delirium over the course of the subsequent hospitalization. 
We evaluated model discrimination, both in the pooled cohort and by 
clinical and demographic strata, using area under the receiver operating 
characteristic (ROC) curve [87]. We evaluated model calibration using 
the quantile-by-quintile comparison of predicted and observed outcome 
rate, Spiegelhalter's z statistic, and inspection of calibration plots 
including both logistic and flexible loess curves [88–91]. We also 
calculated the familiar measures of diagnostic testing accuracy (e.g. 
sensitivity, specificity, negative predictive value, and positive predictive 
value) by dichotomizing risk predictions at the high-risk threshold 
identified in the initial model validation cohort [92]. To quantify the 
expected benefits from intervention in any given case we completed a 
decision curve analysis of this cohort [93–95]. Parallel sensitivity check 
analysis using the NLP augmented delirium outcome identified only a 
small number of additional cases and the prediction results were 
consistent with the primary analysis done by reference to the coded 
diagnosis definition and thus the duplicative NLP results are not shown. 
All analysis was conducted using R version 4 [96]. 

3. Results 

The cohort included 5102 patients of whom 716 were diagnosed 
with delirium (14%). The mean age on admission was 62.7 years old (SD 
18.73) and 2520 (49.4%) patients were less than 65 years of age on 
admission. The cohort included 285 (5.6%) patients with a prior diag-
nosis of dementia and 2525 (49.5%) were treated at community hos-
pitals. Full demographic and clinical characteristics of the cohort are 
shown in Table 1. 

The area under the ROC curve (AUC) for the COVID-19 delirium 
model in this longitudinal replication cohort was 0.75 (95% CI 
0.73–0.77; Fig. 1, left), similar to that previously reported for this model 
(AUC 0.75 [95% CI 0.71–0.79] [68]). In this replication cohort, the 

observed and predicted prevalence of delirium differed significantly in 
quantile-by-quintile comparison of predicted and observed outcome rate 
(χ2(23) = 56.05, p < 0.001). Spiegelhalter's Z was significant (Z =
− 2.29, p = 0.02) and calibration plot showed lower expected outcome 
rates in those with high predicted risk (Fig. 1, right). As such, in this 
model those who did develop delirium likely had higher risk scores 
whereas those patients at a specific risk score were less likely to go on to 
develop delirium at exactly that predicted rate. Model predictions were 
broadly consistent across clinical and demographic contrasts (Fig. 2, 
Supplemental Table 2); however, predictive discrimination was gener-
ally worse in high-risk patients 65 years and older (AUC 0.67 95% CI 
0.64–0.70) and those with a history of dementia (AUC 0.58 95% CI 
0.52–0.65). 

Patients with higher risk scores were enriched for eventual delirium 
diagnosis: the top decile of risk scores included 27.7% of the total 
delirium cases; if all patients were ranked from highest risk to lowest risk 
the 10% of patients with the highest risk scores at admission ultimately 
accounted for 27.7% of delirium cases by discharge. The model pro-
duced a lift of 2.4 in the highest risk quintile which captured 48.5% of all 
delirium cases with a delirium occurrence rate of 34%. The lowest risk 
quintile included only 25 delirium cases for a case rate of 2.4% and lift of 
0.17. At the previously identified optimal predicted risk cut point of 0.15 
– that is treating those with a predicted risk greater than 0.15 as “pos-
itive” cases and those less than the cut off as “negative” cases – the 
predictions produced a sensitivity of 0.62 (0.58–0.65), specificity of 
0.75 (0.73–0.76), negative predictive value of 0.92 (0.91–0.93), and 
positive predictive value of 0.28 (0.26–0.31) relative to the eventual 
diagnosis of delirium. Beyond this specific cut off point for determina-
tion of high-risk patients, decision curve analysis (Fig. 3) showed a wide 
range of risk thresholds over which risk stratification by the predictive 
model produced superior results to either the naive allocation strategy of 
universal intervention (i.e., intervening to prevent delirium in every 
admission) or that of never-intervention (i.e., providing no intervention 
regardless of risk). 

4. Discussion 

This replication of a previously developed, externally validated 
delirium prediction model based on EHR data available at the time of 
hospital admission showed comparable discrimination and diminished 
calibration in this cohort of more than 5000 COVID-19 patients. While 
the model was not applied clinically during this period, the present 
evaluation reflects what would have occurred during a silent evaluative 
deployment – i.e., no changes were made in the model features, all of 
which are available at time of hospital admission, and no patients were 
excluded. The AUC in this replication cohort of subsequent waves of 

Table 1 
Sociodemographic and clinical characteristics of the patient cohort stratified by 
delirium diagnosis.   

Overall Delirium case Non-case 

n 5102 716 4386 
Male gender (%) 2603 (51.0) 406 (56.7) 2197 (50.1) 
Race (%)    

Black 614 (12.0) 78 (10.9) 536 (12.2) 
Other 1259 (24.7) 165 (23.0) 1094 (24.9) 
White 3229 (63.3) 473 (66.1) 2756 (62.8) 

Age (decade, %)    
<30 304 (6.0) 15 (2.1) 289 (6.6) 
30s 461 (9.0) 18 (2.5) 443 (10.1) 
40s 444 (8.7) 21 (2.9) 423 (9.6) 
50s 804 (15.8) 66 (9.2) 738 (16.8) 
60s 1000 (19.6) 141 (19.7) 859 (19.6) 
70s 1036 (20.3) 181 (25.3) 855 (19.5) 
80+ 1053 (20.6) 274 (38.3) 779 (17.8) 

Prior dementia history (%) 285 (5.6) 112 (15.6) 173 (3.9) 
ICU care (%) 795 (15.6) 255 (35.6) 540 (12.3) 
Community hospitals (%) 2525 (49.5) 293 (40.9) 2232 (50.9)  
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patients with COVID-19 was 0.75, similar to that previously reported for 
this model in initial external validation cohort patients with COVID-19 
during the initial wave of cases and more broadly consistent with 
those of diverse delirium prediction models (independent of COVID-19) 
summarized in a recent systematic review of the topic [64,68]. 

Similarly, this wide range of results falls within the range of results seen 
for predictions made in patients with COVID-19 about outcomes other 
than delirium [97]; however, the most directly comparable application 
of these methods to outcomes other than delirium in patients with 
COVID-19 produced superior discrimination to that seen in this 

Fig. 1. Overall receiver operating characteristic (ROC) curve (left) and model calibration plot (right) for the machine learning model in the full longitudinal 
replication cohort. 

Fig. 2. Area under the ROC curve (AUC) and 95% confidence intervals within clinical and demographic strata of the cohort compared to the overall full cohort AUC 
(horizontal dotted line). 
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replication cohort of delirium as an outcome [98]. This stability over 
subsequent waves of patients with COVID-19 is reassuring evidence of 
model robustness given the rapidly evolving patient population and 
treatment norms over the course of consecutive surges in patient volume 
[74,99–102]. Model calibration – how closely the observed probability 
of the outcome matches the predicted probability of the outcome 
[103,104] – declined in this longitudinal validation cohort relative to 
that previously reported in the initial cross sectional external validation 
cohort. Nevertheless, patients with high predicted risk were highly 
enriched for actual observed cases with 27.7% of cases occurring in the 
highest decile of predicted risk scores. In light of emerging concern for 
risk of bias in machine learning models, it is notable that the overall 
sample AUC fell within or below the confidence interval for AUCs 
stratified by both race and gender [105]; however, clinical character-
istics such as older age, dementia history, need for critical care, and 
treatment at a community hospital were associated with reduced 
discriminative accuracy. 

The longitudinal reduction in calibration we observe is consistent 
with the change in observed delirium rate from 18.9% of patients in 
whom this model was developed to 14.0% in this subsequent replication 
cohort. Although the initial cohort from the spring of 2020 surge in 
whom the model was developed and this subsequent longitudinal 
replication cohort had similar average ages (62.9 vs 62.7 years respec-
tively) the prevalence of preexisting dementia diagnosis dropped from 
11.3% in the initial surge of patients to 5.6% in this replication cohort as 
did the proportion of patients requiring critical care, which dropped 
from 22.5% in the initial surge to 15.6% in this longitudinal cohort. This 
reduction in critical care is consistent with the declining rates of me-
chanical ventilation and fluctuating mortality reported elsewhere 
[73,99]. It is possible that the reduction in dementia diagnostic history 
represents a shift from nursing home residents to community dwelling 
older adults over subsequent waves [106,107]. These underlying 
changes in patient characteristics are an instance of concept drift and 
demonstrate the associated compromise of internal validity consistent 
with a rapidly evolving pandemic [108–111]. That model discrimina-
tion held despite this drift is reassuring; however, the impact on cali-
bration highlights the importance of automated methods for continuous 
model validation and potential approaches to recalibration [112,113]. 
In sum, this model could be used to support population risk stratification 
to direct a scarce resource (e.g., delirium prevention programs) toward 
those patients who are most likely to be diagnosed with delirium. 
Whether risk predictions made by this model are adequately calibrated 
for counseling of individual patients about their specific predicted risk 
would be context specific but is of secondary relevance to the question of 
optimal allocation of a limited resources in the setting of pandemic 
associated scarcity. 

This result must be viewed in the context of its strengths and 

weaknesses. The reliance on EHR data is a strength in that it facilitates 
deployment to clinical practice without expectation of any change in 
routine operations or real time clinical data generation; however, the 
use of an EHR covering an open system means that care rendered else-
where, as in another health system, cannot be considered. The absence 
of relevant prior data – for example, dementia diagnosis made elsewhere 
– likely bias prediction results toward the null, as relevant clinical detail 
that would indicate increased risk may not be available. Similarly, as 
delirium is underdiagnosed in routine practice [114–117], the use of a 
clinical diagnosis instead of active bedside screening for model evalua-
tion likely biases results toward more conservative estimates of 
discrimination. The impact of this discordance between delirium diag-
nosis and the syndrome of delirium may not be uniformly distributed 
over delirium motoric subtypes in this COVID-19 population [118,119]. 
Outside of pandemic illness where contact and resource scarcity present 
unique constraints, it is possible that predictive approaches of this kind 
might be used to direct delirium assessments to improve on the current 
problem of under recognition [120]. While granting that delirium is 
underdiagnosed in claims data, potentially by an order of magnitude 
relative to formal assessment studies, secular trends in delirium diag-
nosis suggest increasing rates of recognition in routine practice. The 
14% occurrence rate here is within the range of rates observed in studies 
of delirium in COVID [7,8,58,114,121]. Whereas previous research 
using free text identified more evidence of delirium than reliance on 
coded diagnosis alone that was not the case in this analysis in which 
sensitivity checks of our primary coded diagnosis outcome using a 
previously described outcome which included discharge summary text 
was not substantially changed and thus is not shown [57]. Given this 
uncertainty around the quality of coded diagnosis in COVID-19 patients 
during the pandemic the role and relevance of otherwise common un-
derdiagnosis is an important area of uncertainty for future work. In 
addition to uncertainty about the rate of underdiagnosis in the EHR this 
study does not address questions about post hospital outcomes of indi-
vidual patients with COVID-19 as it is longitudinal with respect to 
timing of cohorts not individual clinical course. The stratified analysis 
by dementia presents unique challenges as well as dementia, like 
delirium, is often underdiagnosed [122–125] and when present delirium 
superimposed on dementia presents an ambiguous clinical picture 
[81,126]. 

A key strength of this work is that it is a longitudinal replication 
using an unmodified previously published predictive model and thus it is 
protected against overfitting and associated threats to replication 
[127–129]. This replication provides important information on the 
likely robustness of predictive models developed in the early phases of a 
pandemic for application in later phases of a pandemic illness as would 
be required in any attempt to do algorithmic allocation [130]; however, 
it does so in the setting of a single geographic region, thus this result 
represents a replication over time but not a replication over place. 
Nevertheless, complete replications of this sort are rare and an impor-
tant assessment of model robustness [131]. Additionally, this model 
makes a single risk prediction at the moment of inpatient admission 
about risk of delirium diagnosis over the course of the subsequent hos-
pitalization – this is both a strength and a limitation. The strength of this 
setup is that the prediction is based on facts which were already avail-
able in the EHR at the time of admission and thus the reported pre-
dictions could be made in the operational clinical EHR and doing so 
would be well-timed to stratify delirium preventative resources; on the 
other hand, the limitation of this prediction setup is that it is incapable of 
targeting the specific moment – over a potentially lengthy hospitaliza-
tion – at which the fluctuation course of delirium would produce the 
greatest symptom burden. Delirium has been formulated in a diathesis 
stress model. Within that frame, this pre-admission risk prediction is 
attending primarily to the diathesis [132]. Finally, it is important to note 
that this model of all patients with COVID-19 did not achieve equivalent 
discrimination to that produced by models developed for targeted 
clinical context like surgical and critical care [133,134]. This difference 
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Fig. 3. Decision curve analysis of net benefit of risk stratification using the 
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within clinical populations is of particular importance as improvements 
at the upper limit of AUC are more challenging [135]. 

4.1. Conclusions 

This evaluation of a previously developed and validated machine 
learning model predicting delirium risk at the time of hospital admission 
with COVID-19 demonstrates accurate risk stratification through stable 
model discrimination over the course of the second surge of COVID-19 
patients, in spite of substantial changes in the underlying patient char-
acteristics. This stability of model discrimination provides evidence that 
tools of this sort could be developed in the initial phases of a pandemic 
and applied thereafter; however, close monitoring would be required to 
assess model performance over subsequent waves in the setting of 
changing treatment patterns or patient cohorts. Nevertheless, it is 
reassuring that the performance of this model was stable despite changes 
in the patient population and treatment approaches over the months 
following initial model development. Beyond the pandemic setting, this 
longitudinal replication provides evidence that predictive models 
applied to EHR data on admission could support optimal allocation of 
scarce resources like prevention efforts or formal diagnostic efforts to 
improve recognition. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.genhosppsych.2021.10.005. 
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superimposed on dementia. Clin Nurs Res 2006;15:46–66. https://doi.org/ 
10.1177/1054773805282299. 

[85] Fiest KM, Soo A, Hee Lee C, Niven DJ, Ely EW, Doig CJ, et al. Long-term outcomes 
in ICU patients with delirium: a population-based cohort study. Am J Respir Crit 
Care Med 2021;204:412–20. https://doi.org/10.1164/rccm.202002-0320OC. 

[86] McCoy TH, Han L, Pellegrini AM, Tanzi RE, Berretta S, Perlis RH. Stratifying risk 
for dementia onset using large-scale electronic health record data: a retrospective 
cohort study. Alzheimers Dement 2020. https://doi.org/10.1016/j. 
jalz.2019.09.084. j.jalz.2019.09.084. 

[87] Fawcett T. An introduction to ROC analysis. Pattern Recogn Lett 2006;27:861–74. 
https://doi.org/10.1016/j.patrec.2005.10.010. 

[88] Harrell FE, Lee KL, Mark DB. Multivariable prognostic models: issues in 
developing models, evaluating assumptions and adequacy, and measuring and 
reducing errors. Stat Med 1996;15:361–87. https://doi.org/10.1002/(SICI)1097- 
0258(19960229)15:4<361::AID-SIM168>3.0.CO;2-4. 

[89] Van Calster B, Nieboer D, Vergouwe Y, De Cock B, Pencina MJ, Steyerberg EW. 
A calibration hierarchy for risk models was defined: from utopia to empirical 
data. J Clin Epidemiol 2016;74:167–76. https://doi.org/10.1016/j. 
jclinepi.2015.12.005. 

[90] Spiegelhalter DJ. Probabilistic prediction in patient management and clinical 
trials. Stat Med 1986;5:421–33. https://doi.org/10.1002/sim.4780050506. 

[91] Hosmer DW, Lemeshow S, Sturdivant RX. Applied logistic regression. 3rd ed. 
Hoboken, New Jersey: Wiley; 2013. 

[92] Dankers FJWM, Traverso A, Wee L, van Kuijk SMJ. Prediction modeling 
methodology. In: Kubben P, Dumontier M, Dekker A, editors. Fundamentals of 
clinical data science. Cham: Springer International Publishing; 2019. p. 101–20. 
https://doi.org/10.1007/978-3-319-99713-1_8. 

[93] Vickers AJ, Elkin EB. Decision curve analysis: a novel method for evaluating 
prediction models. Med Decis Making 2006;26:565–74. 

[94] Vickers AJ, Cronin AM, Elkin EB, Gonen M. Extensions to decision curve analysis, 
a novel method for evaluating diagnostic tests, prediction models and molecular 
markers. BMC Med Inform Decis Mak 2008;8:1. 

[95] Baker SG, Cook NR, Vickers A, Kramer BS. Using relative utility curves to evaluate 
risk prediction. J R Stat Soc Ser A Stat Soc 2009;172:729–48. https://doi.org/ 
10.1111/j.1467-985X.2009.00592.x. 

[96] R Core Team. R: a language and environment for statistical computing. Vienna, 
Austria: R Foundation for Statistical Computing; 2019. 

[97] Wynants L, Van Calster B, Bonten MMJ, Collins GS, Debray TPA, De Vos M, et al. 
Prediction models for diagnosis and prognosis of covid-19 infection: systematic 
review and critical appraisal. BMJ 2020;369:m1328. https://doi.org/10.1136/ 
bmj.m1328. 

[98] Castro VM, McCoy TH, Perlis RH. Laboratory findings associated with severe 
illness and mortality among hospitalized individuals with coronavirus disease 
2019 in eastern Massachusetts. JAMA Netw Open 2020;3:e2023934. https://doi. 
org/10.1001/jamanetworkopen.2020.23934. 

[99] Yeates EO, Nahmias J, Chinn J, Sullivan B, Stopenski S, Amin AN, et al. Improved 
outcomes over time for adult COVID-19 patients with acute respiratory distress 
syndrome or acute respiratory failure. PLoS One 2021;16:e0253767. https://doi. 
org/10.1371/journal.pone.0253767. 

[100] Greene DN, Jackson ML, Hillyard DR, Delgado JC, Schmidt RL. Decreasing 
median age of COVID-19 cases in the United States—changing epidemiology or 
changing surveillance? PLoS One 2020;15:e0240783. https://doi.org/10.1371/ 
journal.pone.0240783. 

[101] Horwitz LI, Jones SA, Cerfolio RJ, Francois F, Greco J, Rudy B, et al. Trends in 
COVID-19 risk-adjusted mortality rates. J Hosp Med 2021;16:90–2. https://doi. 
org/10.12788/jhm.3552. 

[102] Dennis JM, McGovern AP, Vollmer SJ, Mateen BA. Improving survival of critical 
care patients with coronavirus disease 2019 in England: a National Cohort Study, 
march to June 2020*. Crit Care Med 2021;49:209–14. https://doi.org/10.1097/ 
CCM.0000000000004747. 

[103] Walsh CG, Sharman K, Hripcsak G. Beyond discrimination: a comparison of 
calibration methods and clinical usefulness of predictive models of readmission 
risk. J Biomed Inform 2017;76:9–18. https://doi.org/10.1016/j.jbi.2017.10.008. 

[104] Lindhiem O, Petersen IT, Mentch LK, Youngstrom EA. The importance of 
calibration in clinical psychology. Assessment 2020;27:840–54. https://doi.org/ 
10.1177/1073191117752055. 

[105] Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an 
algorithm used to manage the health of populations. Science 2019;366:447–53. 
https://doi.org/10.1126/science.aax2342. 

[106] McMichael TM, Currie DW, Clark S, Pogosjans S, Kay M, Schwartz NG, et al. 
Epidemiology of Covid-19 in a long-term care facility in King County, 
Washington. N Engl J Med 2020;382:2005–11. https://doi.org/10.1056/ 
NEJMoa2005412. 

[107] Shen K, Loomer L, Abrams H, Grabowski DC, Gandhi A. Estimates of COVID-19 
cases and deaths among nursing home residents not reported in Federal Data. 
JAMA Netw Open 2021;4:e2122885. https://doi.org/10.1001/ 
jamanetworkopen.2021.22885. 

[108] Lazer D, Kennedy R, King G, Vespignani A. Big data. The parable of Google flu: 
traps in big data analysis. Science 2014;343:1203–5. https://doi.org/10.1126/ 
science.1248506. 

[109] Jung K, Shah NH. Implications of non-stationarity on predictive modeling using 
EHRs. J Biomed Inform 2015;58:168–74. https://doi.org/10.1016/j. 
jbi.2015.10.006. 

[110] Ghassemi M, Naumann T, Schulam P, Beam AL, Chen IY, Ranganath R. A review 
of challenges and opportunities in machine learning for health. AMIA Jt Summits 
Transl Sci Proc 2020;2020:191–200. 

[111] Davis SE, Lasko TA, Chen G, Siew ED, Matheny ME. Calibration drift in regression 
and machine learning models for acute kidney injury. J Am Med Inform Assoc 
2017;24:1052–61. https://doi.org/10.1093/jamia/ocx030. 

[112] Davis SE, Greevy RA, Fonnesbeck C, Lasko TA, Walsh CG, Matheny ME. 
A nonparametric updating method to correct clinical prediction model drift. J Am 
Med Inform Assoc 2019;26:1448–57. https://doi.org/10.1093/jamia/ocz127. 

[113] Vieira DM, Fernandes C, Lucena C, Lifschitz S. Driftage: a multi-agent system 
framework for concept drift detection. Gigascience 2021;10. https://doi.org/ 
10.1093/gigascience/giab030. giab030. 

[114] McCoy TH, Snapper L, Stern TA, Perlis RH. Underreporting of delirium in 
statewide claims data: implications for clinical care and predictive modeling. 
Psychosomatics 2016;57:480–8. https://doi.org/10.1016/j.psym.2016.06.001. 

[115] Milisen K, Foreman MD, Wouters B, Driesen R, Godderis J, Abraham IL, et al. 
Documentation of delirium in elderly patients with hip fracture. J Gerontol Nurs 
2002;28:23–9. https://doi.org/10.3928/0098-9134-20021101-07. 

[116] Vollmer CM, Bond J, Eden BM, Resch DS, Fulk L, Robinson S, et al. Incidence, 
prevalence, and under-recognition of delirium in urology patients. Urol Nurs 
2010;30:235. 

[117] Lastrapes K, Dang M, Cassel JB, Orr T, Proffitt T, Del Fabbro E. Delirium 
documentation in hospitalized pediatric patients with cancer. Palliat Support Care 
2021;19:283–6. https://doi.org/10.1017/S1478951521000171. 

[118] Krewulak KD, Stelfox HT, Leigh JP, Ely EW, Fiest KM. Incidence and prevalence of 
delirium subtypes in an adult ICU: a systematic review and meta-analysis*. Crit 
Care Med 2018;46:2029–35. https://doi.org/10.1097/CCM.0000000000003402. 

[119] Pandharipande P, Cotton BA, Shintani A, Thompson J, Costabile S, Truman Pun B, 
et al. Motoric subtypes of delirium in mechanically ventilated surgical and trauma 
intensive care unit patients. Intensive Care Med 2007;33:1726–31. https://doi. 
org/10.1007/s00134-007-0687-y. 

[120] Raman R, Chen W, Harhay MO, Thompson JL, Ely EW, Pandharipande PP, et al. 
Dealing with missing delirium assessments in prospective clinical studies of the 
critically ill: a simulation study and reanalysis of two delirium studies. BMC Med 
Res Methodol 2021;21:97. https://doi.org/10.1186/s12874-021-01274-1. 
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