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Abstract

Postoperative delirium (POD) is a disturbing reality for patients and their families. Absence of easy-to-use and accurate risk sc%
prompted us to retrospectively extract data from the electronic health records (EHR) to identify clinical factors associated with
POD. We seek to create a multivariate nomogram to predict the risk of POD based upon the most significant clinical factors.

Methods: The EHR of 32734 patients >18 years of age undergoing surgery and had POD assessment were reviewed. Patient
characteristics and study variables were summarized between delirium groups. We constructed univariate logistic regression
models for POD using each study variable to estimate odds ratios (OR) and constructed a multivariable logistic regression model
with stepwise variable selection. In order to create a clinically useful/implementable tool we created a nomogram to predict risk
of delirium.

Results: Overall, we found a rate of POD of 3.7% across our study population. The Model achieved an AUC of the ROC curve of
0.83 (95% CIl 0.82-0.84). We found that age, increased American Society of Anesthesiologists (ASA) score (ASA 3-4 OR 2.81, CI
1.49-5.28, P < .001), depression (OR 1.28, Cl 1.12-1.47, P < .001), postoperative benzodiazepine use (OR 3.52, Cl 3.06-4.06,
P < .001) and urgent cases (Urgent OR 3.51, Cl 2.92-4.21, P <.001; Emergent OR 3.99, Cl 3.21-4.96, P < .001; Ciritically
Emergent OR 5.30, Cl 3.53-7.96, P < .001) were associated with POD.

Discussion: \We were able to distinguish the contribution of individual risk factors to the development of POD. We created a
clinically useful easy-to-use tool that has the potential to accurately identify those at high-risk of delirium, a first step to prevent POD.

Abbreviations: ASA = American Society of Anesthesiologists, BMI = body mass index, CAM = confusion assessment method,
EHR = electronic health records, POD = postoperative delirium, OR = odds ratios.
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1. Introduction

Each year approximately 52 million Americans undergo sur-
gical procedures,!! characterized by immense physiologic
stress. Despite a fundamental goal of returning patients to
optimal health, harmful cognitive changes, such as postop-
erative delirium (POD), are a common and well-established
occurrence after surgery.”) POD is the most common surgical
complication in older adults® and is estimated to cost $32.9
billion per year in the US alone.**! POD doubles a patient’s
risk of post-discharge institutionalization, enhances all-cause
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mortality by 10% to 20% for every 48 hours of delirium,!”
and is linked to long-term cognitive decline, including a 8-fold
increased risk of dementia.’-' It is estimated that 30% to
40% of POD cases (and ultimately long-lasting deficits) are
preventable. 1121

Currently, perioperative prevention strategies are resource
and personnel intensive and general prevention for all surgical
patients is not cost-effective and probably unnecessary. A more
realistic solution is risk stratification, whereby patients who are
at high risk for POD can be targeted for preventative measures.
Recognizing which patients are at heightened risk for developing
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POD continues to be an active area of research. Although several
risk factors have been identified to be predictors of POD, most
studies are limited by small sample size and/or are targeted for
specific procedures or patient groups.'3-!8 By 2014, a systemic
review and metanalysis identified 37 different risk prediction
models for POD, but most were not externally validated.!'>!"!
Approximately 80% of these tools focused on cardiac and
orthopedic surgery,"2% while some were limited to a single type
of pathology."¥) Unfortunately, many commonly-used POD risk
stratification instruments show no superior advantage in appli-
cation and performance than random chance,!'*'>*!! which may
be indicative of the small-sized studies on which these instru-
ments were developed.

Over the past several years, the introduction of electronic
health records (EHR) has increased the feasibility of obtaining
a number of data points across a large patient population. In
particular, our group has demonstrated the ability to extract
complex medical phenotypes from a variety of EHR data.?>%’!
The ability to extract these data from the EHR allows for the
possibility of expanding on current work on POD risk stratifica-
tion to include larger populations and a wider variety of surgical
procedures.

In this manuscript we seek to leverage our expertise in com-
plex data extraction from the EHR to retrospectively identify
clinical factors associated with the risk of POD. As a secondary
outcome we then seek to create a multivariate nomogram to
predict the risk of POD based upon the most significant clinical
factors.

2. Methods

2.1. Data extraction

The University of California Los Angeles (UCLA) Institutional
Review Board approved and waived the requirement for
informed consent (IRB#15-000518) for this single-center retro-
spective observational study. All patients aged 18 years and older
undergoing surgery or procedures under anesthesia between
April 2013 and July 2020 at the UCLA Medical Center and
affiliated surgery centers were considered eligible for inclusion.
We excluded from the analysis patients aged less than 18 years
old, and cases that spent less than one night in the hospital.

All data for this study were extracted from the perioperative
data warehouse, a custom-built robust data warehouse contain-
ing all patients who have undergone surgery at the UCLA Health
since the implementation of our EHR (EPIC Systems, Madison,
WI) in March 2013. We have previously described the cre-
ation of the perioperative data warehouse, which has a 3-stage
design.l?*?’! Briefly, in the first stage, data are extracted from
EPIC’s Clarity database into 29 tables organized around 3 dis-
tinct concepts: patients, surgical procedures, and health system
encounters. These data are then cleaned and used to populate a
series of 4000 distinct measures and metrics such as procedure
duration, readmissions, admission International Classification
of Diseases (ICD) codes, and postoperative outcomes.

2.2. Definition of outcome measure: postoperative delirium

We defined the primary outcome as POD using the confusion
assessment method (CAM) score.? The CAM is a commonly
used tool that identifies the presence/absence of POD and
is consistently applied and documented in the EHR of surgi-
cal patients at UCLA.?¥ Tt consists of a series of yes/no ques-
tions meeting the Diagnostic and Statistical Manual of Mental
Disorders (DSM-5) criteria for delirium: acute onset and/or
fluctuating course during the day of disturbance of attention,
awareness or cognition not explained by another preexist-
ing or established neurocognitive disorder.*>?*! The responses
to the individual metrics are stored in the EHR at the time of
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documentation. These data were extracted from the EHR and
the individual metrics grouped at the level of the calendar day.
For that calendar day, a positive response to any of the CAM
questions was taken as the patient having POD on that day. For
our study, a patient was considered to have POD if they had a
single positive CAM score in the seven calendar days follow-
ing surgery. Because not all elements were always documented
contemporaneously, in the event that only some elements were
charted the most recent values for the other elements were used
to compute the score.?>2¢I Patients who were never screened for
delirium were excluded from the study.

2.3. Perioperative characteristics

For the purposes of this study, preoperative patient charac-
teristics were chosen based on current literature and included
age, sex, height, weight, American Society of Anesthesiologists
(ASA) status, surgical service, procedure type, inpatient versus
outpatient status, elective versus emergent/critically emergent
procedure, metabolic equivalents of task, SPICES score and
comorbidities such as congestive heart failure, peripheral vas-
cular disease, pulmonary history including Chronic Obstructive
pulmonary Disease, kidney and endocrine disease, obstructive
sleep apnea, neuropsychiatric history including anxiety and
depression, history of tobacco or alcohol use, as well as imaging
(echocardiogram) and laboratory values (glomerular filtration
rate).

Intraoperative characteristics included type of anesthetic,
duration of anesthesia, administration of benzodiazepines and
intraoperative hemodynamic monitoring data, such as time
spent with mean arterial pressure <55 or <65 mm Hg.

2.4. Statistical analysis

Patient characteristics and study variables were summarized
between delirium groups using frequency (%) or mean (SD)
and compared between groups using the chi-square test or ¢ test
as appropriate. We then constructed univariate logistic regres-
sion models for delirium using each study variable to estimate
odds ratios (OR) with 95% confidence intervals. Next, we con-
structed a multivariable logistic regression model with stepwise
variable selection to get a parsimonious model. Finally, in order
to create a more clinically useful/implementable tool we created
a nomogram from this model to predict risk of delirium both
visually and as a point system score. The overall discrimina-
tion/prognostic ability of the model was assessed using the area
under the ROC curve (AUC). P values < .05 were considered
statistically significant and statistical analyses were performed
using IBM SPSS V26 (Armonk, NY) and R V4.1.0 (www.r-proj-
ect.org, Vienna, AU). Missing data was excluded from the anal-
ysis and reported in the tables.

3. Results

3.1. Patient demographics and univariate analysis

Supplementary Table S1, http://links.lww.com/MD/H645
shows the overall demographics of the cohort and the rates
of the covariates studied. We identified 32,734 patients who
met inclusion criteria. The overall incidence of POD was
3.7%. The cohort consisted of 7315 (22.3%) patients aged
65 to 75 years and 5401 (16.5%) patients age >75 years old.
The majority (20,199 [62.7%]) of patients were ASA phys-
ical status class 3 or 4 and the most common surgical ser-
vices were Orthopedics (7200), General Surgery (6126), and
Neurosurgery (3345). Most cases (19,950 [60.9%]) were
elective.

Overall, in univariate analysis a wide variety of factors were
directly associated with POD. Of note, patient age, ASA physical
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status, female sex, surgical service and case urgency were asso-
ciated with POD (see Supplementary Table S1, http:/links.Ilww.
com/MD/H645). In addition, body mass index (BMI), depres-
sion and postoperative benzodiazepine use) were associated
with POD; however, premedication with benzodiazepines was
not associated with POD, nor was anesthesia type. Study vari-
ables can be found in Supplementary Table S1, http://links.lww.
com/MD/H645.

3.2. Multivariate model

Table 1 shows the odds ratios for the features included in the
multivariate analysis of POD. Overall, the Model achieved an
AUC of the ROC curve of 0.83 (95% CI 0.82-0.84). Age above
45 was consistently associated with POD, with age greater than
75 years having a OR 8.26,95% CI 6.39-10.68 of POD. In addi-
tion, increased ASA physical status score (ASA 3-4 OR 2.81,
95% CI 1.49-5.28, P <.001), history of depression (OR 1.28,
95% CI 1.12-1.47, P <.001), postoperative benzodiazepine
use (OR 3.52, 95% CI 3.06-4.06, P <.001) and more urgent
cases (Urgent OR 3.51, 95% CI 2.92-4.21, P < .001; Emergent
OR 3.99,95% CI 3.21-4.96, P < .001; Critically Emergent OR

Multivariate odds ratios for postoperative delirium and p values
for each category.

Demographic/clinical characteristics ~ Multivariable OR (95%CI)  pvalue
Age group <.001
18-45 (ref) -
45-65 2.39 (1.87-3.06)
65-75 3.26 (2.51-4.22)
>75 8.26 (6.39-10.68)
ASA score group <.001
1-2 (ref)
34 2.86 (2.29-3.58)
5 2.81(1.49-5.28)
Male sex (ref = female) 1.29 (1.13-1.48) <.001
Hx Depression 1.28 (1.12-1.47) <.001
Perioperative midazolam 0.75 (0.65-0.87) <.001
Postoperative benzodiazepine 3.52 (3.06—4.06) <.001
Primary surgical service <.001
Obstetrics and gynecology (ref)
Cardiac surgery 1.15(0. 48 2.76)
Gastroenterology 1.01 (0.43-2.39)
General surgery 1.41 (0.61-3.25)
Liver transplant 3.10 (1.30-7.43)
Neurosurgery 4.50 (1.96-10.34)
Orthopaedics 2.86 (1.25-6.52)
Other 1.35(0.55-3.28)
Otolaryngology 1.20 (0.50-2.90)
Plastic surgery 2.13(0.82-5.53)
Surgical oncology 1.17 (0.44-3.07)
Thoracic surgery 1.85(0.74-4.62)
Urology 1.37 (0.58-3.25)
Vascular surgery 1.66 (0.67-4.10)
BMI categories .001
18.5-29.99 (ref) --
<185 1.45(1.15-1.84)
30-39.99 0.93(0.78-1.10)
40+ 0.66 (0.44-0.99)
Case_type <.001
Elective (ref) -
Critically emergent 5.30 (3.53-7.96)
Emergent 3.99 (3.21-4.96)
Inpatient 3.49 (2.89-4.23)
Transplant case 1.88 (1.25-2.83)
Urgent 3.51(2.92-4.21)
AUC (95%Cl) 0.85(0.84-0.86)

ASA = American Society of Anesthesiologists, BMI = body mass index.
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5.30,95% CI 3.53-7.96, P < .001) were associated with POD.
Of interest premedication with benzodiazepines was protective
of POD.

3.3. Creation of a score for POD risk stratification

In order to facilitate prospective risk stratification Figure 1 con-
tains a nomogram that can be used to convert the odds ratios
from the multivariate model into a “score” for POD prediction.
The points associated with the various sections of the nomogram
can be found in Supplementary excel file: 1 (https://docs.google.
com/spreadsheets/d/1U4fzoNTsIZT4kbAd3cIpfhPktxOFJNru/
edit?usp=sharing&ouid=101929998507796207436&rt-
pof=true&sd=true).

4. Discussion

This is (to our knowledge) the largest retrospective cohort anal-
ysis of patients studied for POD to date. We examined nearly
33,000 patients aged >18 years old with an overall incidence of
POD of 3.7%. The final multivariate model, containing nine fea-
tures achieved an AUC of 0.85 (0.8-0.86) and was thus highly
discriminating for POD. While many of our findings are similar
to those of previous work in smaller studies on more focused
populations, we report several differences. Like others, we found
that POD was highly associated with advancing age, increased
patient co- -morbidities (ASA physical status), male gender, depres-
sion, high BMI, emergent cases, and invasive surgical procedures.
However, we found no differences regarding type of anesthesia
or if patients where premedicated with midazolam. The surgical
services most likely where patients were more likely to develop
POD where orthopedics, liver transplant and neurosurgery.

Preoperative identification of high-risk patients for POD is
essential to allocate time and resources to implement targeted
preventive strategies. As noted, this manuscript is not the first
to perform a retrospective analysis of risk factors for POD.I*”-
1 Medical literature contains many risk scores designs, each
attempting to distill the likelihood of one of a variety of dif-
ferent outcomes.!'*!8I However, to be easily calculated, were
based on a limited number of highly predictive features. These
scores evaluate disease status in broad strokes*** and often
lack precision at the patient level—making them better suited
to risk adjustment for populations than individualized risk pre-
diction.’* Most of these studies were on smaller populations
or focused on specific types of surgeries, or patient groups.
For example, one important risk score tool for POD based on
a large population (approximately 10,000 patients), recently
developed by Whitlock et all**l accounts for precipitating factors
solely by classifying surgical risk as moderate or high, and their
risk score is unweighted and additive (i.e., summing the points
for each risk factor), while clinical risk comes from the complex
interplay of multiple factors. Our study differs in several ways.
Firstly, rather than providing broad surgical groupings (low,
medium, and high risk) we stratified by surgical services while
incorporating urgency as its own feature. Secondly, by directly
harnessing EHR data we were able to incorporate a wider
range of clinical co-morbidities hypothesized to be associated
with POD including depression and BMI. Of note, the ability to
increase the amount of data included in our model resulted in an
AUC substantially higher than those reported previously. This
gives further credence for the use of advanced modeling tech-
niques, such as machine learning, that has been used to predict
other conditions.3>-381

In developing our model, we attempted to extract a wide
variety of relevant data from the EHR to include as potential
co-variates. Nonetheless, not all information was necessarily
readily available. Important predictors, such as detailed infor-
mation on cognition and sensory testing was not available.
Further, previous studies (including several by our group) have
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Figure 1. Nomogram point to predict individual risk for postoperative delirium (service legend a) obstetrics and gynecology, b) gastroenterology, ¢) cardiac
surgery, d) surgical oncology, €) otolaryngology, f) other, g) urology, h) general surgery, i) vascular surgery, j) thoracic surgery, k) plastic surgery, |) orthopaedics,

m) liver transplant, n) Neurosurgery).

repeatedly shown that EHR data is sparely populated and thus
potentially inaccurate.””’! We attempted to account for this by
leveraging various types of EHR data to make more complete
clinical phenotypes, however for patients less known to our sys-
tem we may not have been sufficiently sensitive.

As important as the features that were associated with POD,
are findings of features that were not associated with POD. In
particular the use of midazolam as a preoperative anxiolytic
has been the topic of much discussion for several years. In
our cohort, this was actually protective of POD. However, it
is critical to call out the limits of associations in a retrospec-
tive analysis such as this one. Given the awareness of theoreti-
cally associations between preoperative benzodiazepine use and
POD, it is possible that there was significant selection bias in
which patients were given midazolam preoperatively thereby
affecting the results. Thus, these results must be interpreted
carefully given the inability to address all possible confounders.

Importantly, we only included those patients who were
screened for POD at least once during their hospitalization.
Although, all patients admitted to the hospital should undergo
delirium screening, it does not always happen. It is highly prob-
able that patients at higher risk of delirium were screened more
frequently introducing a selection bias to our cohort. In addi-
tion, previous work has shown that hyperactive delirium is more
likely to be recognized by providers than hypoactive delirium.
Our healthcare system has trained staff to recognize signs and
symptoms of delirium. At least, for those patients that developed
hyperactive delirium, it is highly likely that this information was
introduced in the chart. Nonetheless, the exact rates reported in
this manuscript may not be completely accurate and it is possi-
ble that the exact risk calculated based on our nomogram is not
completely generalizable to patients who were not screened for
POD. However, these broader trends and associations are likely
correct and thus informative in creating a risk score.

POD is a multifactorial problem and until real-time clinical
implementation of machine learning models become accurate
and feasible, POD prediction that relies on weighted risk factors
with an easy-to-use tool has the tremendous potential to improve
predictive capacity and deployment of targeted interventions.
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