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Abstract

Objectives: Pediatric emergence delirium is an undesirable outcome that is understudied. Development of a predictive model is an initial step
toward reducing its occurrence. This study aimed to apply machine learning (ML) methods to a large clinical dataset to develop a predictive
model for pediatric emergence delirium.

Materials and Methods: \We performed a single-center retrospective cohort study using electronic health record data from February 2015 to
December 2019. We built and evaluated 4 commonly used ML models for predicting emergence delirium: least absolute shrinkage and selec-
tion operator, ridge regression, random forest, and extreme gradient boosting. The primary outcome was the occurrence of emergence delir-
ium, defined as a Watcha score of 3 or 4 recorded at any time during recovery.

Results: The dataset included 54 776 encounters across 43 830 patients. The 4 ML models performed similarly with performance assessed by
the area under the receiver operating characteristic curves ranging from 0.74 to 0.75. Notable variables associated with increased risk included
adenoidectomy with or without tonsillectomy, decreasing age, midazolam premedication, and ondansetron administration, while intravenous
induction and ketorolac were associated with reduced risk of emergence delirium.

Conclusions: Four different ML models demonstrated similar performance in predicting postoperative emergence delirium using a large pedia-
tric dataset. The prediction performance of the models draws attention to our incomplete understanding of this phenomenon based on the
studied variables. The results from our modeling could serve as a first step in designing a predictive clinical decision support system, but further
optimization and validation are needed.

Clinical trial number and registry URL: Not applicable.

Lay Summary

Pediatric emergence delirium is a transient phenomenon that occurs in children as they wake up (emerge) from anesthesia in which they
may have disturbances in awareness of and attention to their environment, disorientation, hypersensitivity to stimuli, and hyperactive
motor behaviors. Emergence delirium is an undesirable outcome whose accurate prediction could allow clinicians to administer targeted
preventive therapy. This study applied machine learning methods to a large clinical dataset to develop a predictive model for pediatric
emergence delirium. The dataset included 54 776 encounters across 43 830 patients. The models tested had moderate predictive per-
formance, drawing attention to our incomplete understanding of this phenomenon. Several variables were identified to be associated
with an increased risk of emergence delirium, while others were identified to be associated with a reduced risk of emergence delirium.
The results from our modeling could serve as a first step in designing a predictive clinical decision support system, but further optimiza-
tion and validation are needed.
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Implication statement

Four machine learning predictive models for pediatric emer-
gence delirium were developed and tested using a large data-
set, with nearly indistinguishable performance (area under
the receiver operating characteristic curve: 0.74-0.75). Pro-
spective study is required to assess whether model-guided
interventions meaningfully reduce delirium.

Introduction

Pediatric emergence delirium is a transient postoperative phe-
nomenon in which children may have disturbances in aware-
ness of and attention to their environment, disorientation,
hypersensitivity to stimuli, and hyperactive motor behaviors.'
The reported incidence ranges widely'™® and varies depend-
ing on the measurement instrument used and the population
assessed. Although emergence delirium usually resolves
within thirty minutes,"” it may cause significant distress.
Children may injure themselves or staff, and they may dis-
lodge catheters and surgical drains.'®"'* Management often
requires additional personnel and/or treatment, and prolon-
gation of the postoperative care unit (PACU) stay is common.
Furthermore, there is emerging data that emergence delirium
is associated with negative behavioral changes beyond the
immediate postoperative period.'>'*

Development of a method of identifying children at risk for
emergence delirium could allow for the development of clini-
cal decision support to help reduce the incidence of this out-
come. Nearly all the known factors associated with pediatric
emergence delirium were identified through studies with rela-
tively small sample sizes, with few describing predictive
model development.'>™"” The generalizability of controlled
trials and observational studies can be unclear in daily clinical
practice. Many of these studies are based on carefully selected
populations, whereas in practice clinicians confront heteroge-
neous populations in which the applicability of such data is
uncertain. When applied to large training datasets, supervised
data-driven machine learning (ML) algorithms using elec-
tronic health record (EHR) data may provide accurate
outcome prediction with minimal human guidance.'®
Although more recent studies have started using ML algo-
rithms to predict emergence delirium, they mainly focus on
adult populations, use none or limited intra-operative varia-
bles (eg, anesthesia maintenance and medications), and
measure predictive performance at one time-point such as
pre-operation.'” !

The routine inclusion of management and outcome data in
the EHR has produced large observational datasets for analy-
sis. The primary aim of this study was to apply ML methods
to a large quaternary institution’s EHR dataset to develop a
predictive model for pediatric emergence delirium. The secon-
dary aim was to determine the adjusted and unadjusted odds
ratios for emergence delirium of the study variables using
multivariate and univariate analysis, respectively. We
hypothesize that data-driven ML models can accurately pre-
dict pediatric emergence delirium using a large retrospective
pediatric cohort. Our contribution includes (1) large compre-
hensive pediatric EHR data collected at 3 perioperative time
points: pre-operation, intra-operation, and post-operation,
(2) development of 4 ML models, (3) predictive model evalu-
ation at 3 perioperative time points, and (4) individual study
variables analysis using adjusted and unadjusted odds ratios.
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Materials and methods
Ethics approval and reporting guidelines

The Children’s Hospital of Philadelphia Institutional Review
Board (IRB) reviewed this study and granted exemption sta-
tus and a waiver for written informed consent on November
21, 2019 (IRB 19-016984); the study abides by the Ethical
Principles for Medical Research Involving Human Subjects
outlined in the Declaration of Helsinki. The manuscript
adheres to the Transparent Reporting of a multivariable Pre-
diction model for Individual Prognosis Or Diagnosis (TRI-
POD) statement.”? The study analysis plan was developed
prior to accessing the data.

Patient population

We performed a retrospective cohort study using prospec-
tively entered data in the EHR (Epic Systems Corporation,
Verona, WI, United States) from patients receiving anesthetic
care from February 1, 2015 to December 31, 2019 at the
Children’s Hospital of Philadelphia. The study inclusion and
exclusion criteria, variable definitions, and analysis plan were
established before the analysis. Study inclusion criteria were
age 2 years to <13 years undergoing procedures at the main
hospital or ambulatory surgery center. Exclusion criteria
were patients having non-operating room anesthesia (eg,
interventional radiology, diagnostic radiology), patients who
underwent anesthesia in the cardiac suite, patients not recov-
ering in the PACU, and patients missing primary outcome
data.

Primary outcome

Assessment and documentation of emergence delirium in our
PACU were standardized in 2015 using the Watcha scale,”?
in which children are assessed approximately every 15 min
during Phase 1 of recovery as follows: 1=calm, quiet;
2 =crying, but consolable; 3=crying, inconsolable;
4 =agitated and thrashing around. The primary outcome
was the occurrence of emergence delirium defined as a
Watcha score of 3 or 4 recorded at any time point during
recovery.**

Study dataset

The EHR database was queried, and data filtering and valida-
tion were performed to identify eligible patients. The pedia-
tric emergence delirium literature was reviewed to identify
potential variables for inclusion. All variables identified that
were available in the EHR were included. The study investi-
gators conferred and selected additional variables for inclu-
sion. Data extracted for each subject included age, weight,
height, sex, American Society of Anesthesiologists (ASA)
physical status, race, ethnicity, gestational age at birth, his-
tory of prior surgery, surgical procedure, International Clas-
sification of Diseases codes (to determine history of
developmental delay, seizure disorder, asthma/reactive air-
way disease, obstructive sleep apnea, attention deficit/hyper-
activity  disorder, and autism spectrum  disorder),
postoperative disposition (eg, day surgery, admit after sur-
gery), surgical facility type (ambulatory surgery center vs hos-
pital), fasting times, preoperative heart rate, preoperative
blood pressure, sedative premedications, patient behavior at
induction, parental presence at induction, anesthesia induc-
tion type, intraoperative medications, airway management,
performance of a regional anesthesia technique, nursing
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assessments, and event timestamps. The study variable details
are presented in Supplementary Digital Content Table S1.
Procedure groupings and categorizations used in the study
are presented in Supplementary Digital Content Tables S2
and S3. The schema for categorizing maintenance of anesthe-
sia is described in Supplementary Digital Content Figures S1
and S2.

All eligible patient encounters were included in the study.
We conducted the study at the encounter level because there
is evidence that the occurrence of emergence delirium can
vary in the same subject undergoing the same procedure
depending on management,” and because in our cohort
patients underwent different procedures at different ages,
both of which influence the likelihood of emergence delirium
occurring.3

Missing data and data imputation

For the ML models, missing values for categorical variables
were assigned a null value and an indicator variable added
(assuming missing not at random), while missing values in
continuous variables were populated with the median for
that variable in the training dataset. For the multivariable
analysis, missing data were managed using multiple imputa-
tions. The variables with the highest rates of missingness
were behavior at separation (46%), behavior at induction
(37%), and induction technique (32%). These rates of miss-
ingness occurred because the associated documentation fields
were implemented in the EHR after the study start date.
Missing values in the dataset were imputed with multiple
imputations using the R Hmisc package.”®

Machine learning models for predicting emergence

delirium

We built and evaluated 4 ML models: least absolute shrink-
age and selection operator (LASSO) logistic regression, ridge
logistic regression, random forest (RF), and extreme gradient
boosting (XGB). We developed the models using a nested,
stratified 10-fold cross validation. Nested cross validation is
a more rigorous protocol that overcomes the overfitting pit-
fall of non-nested cross validation.””>*® First, we randomly
split the dataset into 10 (outer) folds. One of the 10 folds was
reserved as a test (hold-out) dataset, and the remaining 9
folds were combined and used as a training dataset. Within
the training dataset, a best model was built based on a grid
search of best model parameters via (inner) cross validation.
We repeated the same process (9-fold training and 1-fold test-
ing) 10 times, and each time a different test dataset (one of
the 10 folds) was employed. Model performance was eval-
uated by the average results from the outer 10-fold cross vali-
dation. Model evaluation metrics included the area under the
receiver operating characteristics curve (AUROC), area under
the precision-recall curve (AUPRC),?? sensitivity, specificity,
positive predictive value (PPV), and negative predictive value.
The adjusted P-values for paired AUROC comparisons were
conducted using 2-sided DeLong tests.>’

In a secondary analysis using the same methodology, we
evaluated the performance of the ML models using the varia-
bles that were available at 2 perioperative time points: anes-
thesia induction and end of surgery. The first time point
included data prior to anesthesia induction that would largely
not be readily modifiable (eg, demographic data, procedure).
The second time point included data through the end of

surgery, and included potentially modifiable features (eg,
intraoperative medications).

Measuring unadjusted and adjusted odds ratios of
individual variables using regression

To evaluate the impact of individual variables on emergence
delirium, we measured unadjusted and adjusted odds ratios
of the variables using univariate and multivariable regression
analysis from the full dataset without a split of training and
testing datasets, respectively. Variables with a P-value <.05
in the univariate analysis (unadjusted odds ratios) and those
with published evidence supporting an effect on emergence
delirium were included in the multivariable model. Bonfer-
roni correction was used to account for multiple comparisons
(¢ = .05/55; P<.0009 denotes significance). The largest
group for each categorical variable was used as the reference
in both ML and logistic regression models, except the “no
medication documented” group for premedication. The “fit.
mult.impute” function in the R package was used to fit all
imputations and average the results for the multivariable
logistic regression model.>! Analysis was performed using
Stata/IC 14.2 (College Station, TX: StataCorp, LP), R version
4.0.4 (R Foundation for Statistical Computing, Vienna, Aus-
tria) with packages pROC, Irm, Hmisc, and rms, and Python
3.9.5.

Secondary analysis

We performed a secondary analysis by limiting each model to
10 variables to form parsimonious models that could poten-
tially simplify the deployment process using a small number
of variables. The evaluation metrics included AUROC,
AUPRC, and the Brier skill score. We also performed statisti-
cal significance tests for each parsimonious model when com-
pared to its counterpart full-size model.

Results

54776 encounters in 43 830 patients met the inclusion crite-
ria. A patient cohort flow diagram is presented in Figure 1.
Patient characteristics are presented in Table 1. There were
37135 patients (85%) with a unique encounter, 4740
patients (11%) with 2 encounters, 10835 patients (2.5%) with
3 encounters, and 870 patients (2.0%) with 4 or more
encounters. Emergence delirium occurred in 4356 encounters
yielding an overall incidence of 8%. A total of 75 variables
were retrieved from the EHR data.

The performance of the 4 ML models on the training and
test datasets are presented in Table 2. The 4 models exhibited
nearly identical performance, as shown in the receiver operat-
ing characteristic and precision recall plots in Figure 2. The
XGB model outperformed the LASSO model with a slight dif-
ference in AUROC of 0.01. However, LASSO was selected
for presentation because the minor improvement in XGB is
offset by its findings being less interpretable by clinicians as
compared to LASSO. The relative feature importance in the
LASSO model for the variables with the ten largest magni-
tude coefficients for increased and decreased likelihood of
emergence delirium is presented in Figure 3. The coefficients
for all variables in the LASSO model are available in Supple-
mentary Digital Content Table S4. The model predictions for
4 clinical scenarios are presented in Figure 4. In the secondary
analysis, the AUROCs of the LASSO regression model at
anesthesia induction, end of surgery, and PACU time points
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214,228 available encounters from February 1, 2015 to December 31, 2019

4>| 1,968 Excluded because of cancellation/cases not performed |

A4

| 212,260 remaining encounters |

J—»| 9,966 Excluded because no anesthesia records linked |

| 202,294 remaining encounters I

4>| 3 Excluded because were test/dummy patients |

\4
| 202,291 remaining encounters I

| 102,283 remaining encounters I

l >| 100,008 Excluded because age <2 or >12 years |

36,403 Excluded because surgeries were not performed at main hospital perioperative

l complex or at an affiliated ambulatory surgery center

| 65,880 remaining encounters |

J >| 11,077 Excluded because of primary outcome variable not recorded |

| 54,803 remaining encounters |

>| 27 Excluded because of patient class (e.g., day surgery, inpatient) not recorded |

v

Final dataset: 54,776 encounters, including:
* 4,356 encounters with occurrence of delirium

e 50,420 encounters without occurrence of delirium

Figure 1. Study flow diagram.

were 0.72 (95% confidence interval [CI]: 0.70-0.75), 0.73
(95%CI: 0.70-0.75), and 0.74 (95%CI: 0.72-0.77), respec-
tively; the PPV was 0.13 with sensitivity at 0.81 at the PACU
time point. The area under the precision-recall curves
(AUPRC) were essentially the same with the 3 models; the
AUPRGC:s for the LASSO model at anesthesia induction, end
of surgery, and PACU time points were 0.18 (95% CI: 0.16-
0.21), 0.19 (95%CIL: 0.17-0.22), and 0.20 (95%CI: 0.18-
0.23), respectively. The calibration curves for the models and
the empirical cumulative density function graphs are pre-
sented in Supplementary Digital Content Figure S3, while the
Brier skill scores are available in Supplementary Digital Con-
tent Table SS5.

The results of the univariate and multivariable analysis are
presented in Supplementary Digital Content Table Sé6.
Decreasing age was the only demographic variable positively
associated with emergence delirium. None of the patient class
or past medical history variables were associated with emer-
gence delirium. Adenoidectomy with or without tonsillec-
tomy procedures were most strongly associated with
emergence delirium occurrence, followed by ophthalmology

and ear tube surgery. Minor general surgery/urology proce-
dures had a negative association with emergence delirium. A
higher incidence of delirium was associated with surgery
being performed at an ambulatory surgery center, absence of
a preoperative blood pressure measurement, and in patients
who were premedicated with midazolam. Intraoperative
ondansetron was positively associated with emergence delir-
ium while ketorolac had a negative association, as did the
patient being asleep or unconscious at the first assessment fol-
lowing PACU arrival.

Supplementary Digital Content Table S7 shows parsimoni-
ous models’ performance in the secondary analysis. All the
parsimonious models performed lower than their counterpart
full-size models with statistical significance.

Discussion

We present the findings of applying 4 ML algorithms on a
large quaternary hospital EHR dataset to develop a predictive
model for pediatric emergence delirium. There were little dif-
ferences in the performance of the models studied, with
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Table 1. Patient characteristics with odds ratios in 2 outcome groups (emergence delirium vs none).

Emergence delirium

Variable No [#=50420] (%) Yes [n=4356] (%) Odds ratio (95 % CI)
Demographics
Sex
Female 20990 (41.63) 1700 (39.03) 3.13 (2.15-4.67)
Male 29430 (58.37) 2656 (60.97) reference
Race
White 30591 (61.42) 2692 (62.91) reference
Black 8740 (17.55) 727 (16.99) 1.67 (1.17-2.37)
Other® 10474 (14.2) 937 (21.51) 0.68 (0.35-1.2)
Unknown 615 (0.01) 0(0.00) N/A
Hispanic or Latino
Yes 4798 (9.52) 405 (9.30) 1.26 (0.64-2.23)
No 45622 (90.48) 3951 (90.70) reference
Unknown 0(0.0) 0(0) N/A
Age at surgery, years® — — 0.82 (0.80-0.83)
Former prematurity® — — 0.95 (0.90-1.00)
Body mass index® — — 0.95 (0.94-0.96)
Past medical history
ADHD/ADD 2910 (5.77) 187 (4.29) 0.73 (0.63-0.85)
Asthma/reactive airway disease 10612 (21.05) 941 (21.60) 1.03 (0.96-1.11)
Autism/autism spectrum disorder 2516 (4.99) 227 (5.21) 1.05 (0.91-1.20)
Developmental delay 7668 (15.21) 698 (16.02) 1.06 (0.98-1.16)
Obstructive sleep apnea 6554 (13.00) 917 (21.05) 1.78 (1.65-1.93)
Seizure disorder 2.335 (4.63) 162 (3.72) 0.80 (0.68-0.94)
History of prior surgery 30878 (61.24) 2407 (55.26) 0.78 (0.73-0.83)
Patient class
Day surgery 37155 (73.69) 3412 (78.33) reference
Admit before surgery 130 (0.26) 2(0.05) 0.17 (0.04-0.68)
Admit after surgery (inpatient) 2243 (4.45) 115 (2.64) 0.56 (0.46-0.68)
Admit after surgery (observation) 5185(10.28) 663 (15.22) 1.39(1.27-1.52)
Emergency room 1233 (2.45) 4 (0.55) 0.21 (0.14-0.32)
Inpatient 4474 (8.87) 140 (3.21) 0.34 (0.29-0.40)
Premedication
Midazolam 40841 (81.00) 3971 (91.16) 2.45(2.25-2.73)
Dexmedetomidine 141 (0.28) 13 (0.30) 2.25(1.24-4.10)
Diazepam 307 (0.61) 9(0.21) 0.90 (0.44-1.84)
Ketamine 116 (0.23) 2 (0.05) 0.63 (0.15-2.57)
More than 1 premedication documented 114 (0.23) 2 (0.05) 0.44 (0.11-1.79)
No premedication documented 9130 (18.11) 363 (8.33) reference

Abbreviations: ADHD = attention deficit hyperactivity disorder; ADD = attention deficit disorder.

? Continuous variable.

" Includes Asian, Indian, Native American Indian, Alaska Islander, Native Hawaiian, and other Pacific islander.

AUROC s ranging between 0.74 and 0.75. At a sensitivity
level of 0.8, specificity for the 4 models ranged from 0.5 to
0.57, and PPV ranged from 0.13 to 0.14. AUPRCs, represent-
ing expected PPVs across different sensitivities, ranged
between 0.18 and 0.2 across the models and 3 time points,
which are at least 2 times higher than the emergence delirium
prevalence of 0.08.

We recognized that the selection of operating points (pre-
dicted probability thresholds) for each model leads to varying
underlying performance characteristics. The prediction
thresholds we selected can favor sensitivity, that is, with a
value of 0.57 specificity and 0.8 sensitivity at the PACU
arrival time point, we will be able to capture 80% of events
at the cost of a 57% false-positive rate, and the correspond-
ing PPV was 0.14. Although a downside of this approach is
that false-positives might receive treatment to prevent delir-
ium, the 0.14 PPV based on the high-sensitivity threshold is
higher than the cohort outcome prevalence of 0.08 (a 75%
increase). It makes sense to favor higher sensitivity based on
the following points: (1) a higher percentage of patients at

risk can be covered, especially within this population with a
very low emergence delirium prevalence (0.08), (2) the PPV
of the corresponding operation threshold is higher than the
emergence delirium prevalence, and (3) clinicians would take
the risks of preventative therapies into consideration when
making treatment decisions.

The ML model we developed underperformed relative to
the Emergence Agitation Risk Scale (AUROC 0.81 95% CI
0.72-0.89), which was the only predictive model for pediatric
emergence delirium that met methodologic criteria in a recent
systematic review.'® However, this scale’s validation cohort
was only 100 patients and included younger patients under-
going a much more limited set of procedures.'® Our modeling
results could serve as a first step in developing clinical deci-
sion support, but further optimization and validation are
needed. Although the XGB model had slightly improved per-
formance, we believe this is offset by its interpretability. We
favor using the LASSO model as its underlying analysis and
variables are more transparent to clinicians compared to
“black-box” models like RF and XGB.
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Figure 2. Receiver operating characteristic curves and precision versus sensitivity plots for the 4 studied machine learning models. Abbreviation: FPR =
false positive rate; PPV = positive predictive value; RF = random forest; XGB = Extreme Gradient Boost.
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Figure 3. Top 10 variables associated with increased and decreased likelihood of emergence delirium, ordered based on LASSO regression model

coefficient.

We discovered an association of midazolam premedication
with emergence delirium, both in the LASSO model and mul-
tivariable analysis. Several studies have evaluated midazolam
for preventing emergence delirium,>**® and it has been

suggested as treatment.® Yet, benzodiazepines have been
implicated in promoting intensive care unit (ICU) delirium
both in adults®*** and in children.>**” Our finding parallels
these studies, although the reasons for this observation are
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LASSO Model Predictions for 4 Clinical Scenarios
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Figure 4. LASSO model predictions for 4 clinical scenarios. (Scenario A) A 3-year-old male, tonsillectomy/adenoidectomy, admit after surgery
observation, midazolam premedication, preoperative blood pressure absent, inhaled anesthesia induction, moderate induction behavior. (Scenario B) A 5-
year-old female, minor general surgery/urology procedure, day surgery, midazolam premedication, preoperative blood pressure present, inhaled
anesthesia induction, moderate induction behavior. (Scenario C) A 5-year-old male, minor general surgery/urology procedure, day surgery, no
premedication, preoperative blood pressure present, inhaled anesthesia induction, calm induction behavior. (Scenario D) A 9-year-old male, orthopedic
extremity procedure, day surgery, midazolam premedication, preoperative blood pressure present, inhaled anesthesia induction, calm induction behavior.

unclear. Clinicians may consider this when deciding whether
to administer midazolam premedication, particularly in
patients with a history of emergence delirium. In our popula-
tion, midazolam premedication is the default practice in the
perioperative setting. The absence of midazolam premedica-
tion in our cohort may be a marker for temperament, lower
anxiety, stronger coping skills, etc., and this may be a con-
founder for our finding of an association of midazolam with
emergence delirium.

Some study findings are curious. Ondansetron was posi-
tively associated emergence delirium in both the LASSO
model and multivariable analysis. If replicated in further
studies, this information could be relevant to decisions
around anti-emetic prophylaxis. An intravenous induction
was protective in the LASSO model, while anesthesia mainte-
nance technique was not, suggesting the possibility that high
sevoflurane concentrations with inhalation induction may
play a role in emergence delirium. One systematic review by
Hagque et al*® reported that ondansetron may be an effective
agent for preventing or treating postoperative delirium in
adult populations; however, the authors also stated that such
conclusions from the studies are tenuous given they are few
and of poor quality. Pediatric emergence delirium, on the
other hand, is a distinct clinical entity from postoperative
delirium in adults. Pediatric emergence delirium occurs in the
immediate period following emergence from anesthesia,
whereas postoperative delirium can develop days following
surgery. Our findings for a positive association between
ondansetron and emergence delirium may generate further
evaluation inquiries.

There was little decrement in model performance when it
only included data that were available at the time of anesthe-
sia induction. This could be useful in that most of the model’s
predictive power is available at the start of surgery, and con-
sequently evidence-based interventions may be employed to
reduce the likelihood of emergence delirium. However, some
such interventions had negligible coefficients in the LASSO

model and were not significant in the multivariable analysis.
These interventions included anesthesia maintenance with
propofol, bolus propofol at the end of the case, and intrao-
perative dexmedetomidine. In this large and heterogeneous
patient sample, effects of these interventions may not be as
readily identified as they might be in controlled trials with
homogeneously selected and managed sample populations.
We observed a strong association with increasing age and
decreased incidence of emergence delirium. This is consistent
with other studies®*>’; however, the biological underpinnings
of this phenomenon remain unexplained. Also consistent
with at least one prior study is our finding of an association
with adenoidectomy with or without tonsillectomy.? It may
be that both degree and location (eg, throat, eye) of surgical
tissue trauma impact the likelihood of emergence delirium.
Ketorolac was also negatively associated with emergence
delirium, an association reported in the setting of tympanos-
tomy tube insertion.” Ketorolac’s observed effect may be
mediated through pain and inflammation pathways.

Limitations

This retrospective study has limitations. While the findings
we report are objective and from a reproducible study design,
the interpretations may be subject to hindsight bias and nar-
rative fallacy. The primary outcome measure, the Watcha
scale, has not been as extensively validated as the pediatric
anesthesia emergence delirium (PAED) scale,” and as with
other delirium assessments there may be overlap with pain
behaviors. Nevertheless, a crying inconsolable child (Watch-
a=23) or a child who is agitated and thrashing (Watcha =4)
represent an undesirable outcome. Supporting our use of this
measure, the Watcha scale has been shown to perform com-
parably to the PAED scale, is more readily implemented in
routine clinical practice, and may be more sensitive and spe-
cific.** Additionally, the procedure and maintenance of anes-
thesia categorizations we used were imperfect. While
imperfect, the schemas employed are reproducible.
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Several of the studied variables covary. Examples include
younger age and absence of a preoperative blood pressure
measurement, airway type and surgical procedure, and lido-
caine administration and intravenous induction. We deliber-
ately included a large number of variables because a
purported strength of ML algorithms is that they effectively
deal with large numbers of inter-related variables. Our use of
encounter-level data rather than patient-level data is another
possible limitation; our rationale for this is described above,
and patients with a single encounter comprised 85% of the
study sample.

Another limitation is that the management and outcome
data are confounded to some extent and likely reflect treating
anesthesiologists’ knowledge and practices directed at avoid-
ing emergence delirium based on patient condition and clini-
cal circumstance. Lastly, the single institution data used likely
reflects local biases and practices, which may reduce the gen-
eralizability of the results. However, predictive models may
perform optimally when rooted in data from the health sys-
tem in which they are deployed.

Conclusions

In this study of emergence delirium using a large pediatric
EHR dataset, ML modeling achieved an area under the ROC
curve of 0.74-0.75 and an area under the PRC of 0.18-0.2
compared to the incidence of 0.08. Some study findings war-
rant further investigation, such as the association of midazo-
lam  premedication and intraoperative ondansetron
administration with emergence delirium. Future actions will
be to evaluate whether clinical decision making guided by the
developed model yields improvements in patient outcomes.
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