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Abstract

Background: Delirium is common in hospitalized patients and is correlated with increased morbidity and mortality. Despite
this, delirium is underdiagnosed, and many institutions do not have sufficient resources to consistently apply effective screenir
and prevention.

Objective: This study aims to develop a machine learning algorithm to identify patients at the highest risk of delirium in the
hospital each day in an automated fashion based on data available in the electronic medical record, reducing the barrier
large-scale delirium screening.

Methods: We developed and compared multiple machine learning models on a retrospective dataset of all hospitalized adu
patients with recorded Confusion Assessment Method (CAM) screens at a major academic medical center from April 2, 201
to January 16, 2019, comprising 23,006 patients. The patient’s age, gender, and all available laboratory values, vital signs, pr
CAM screens, and medication administrations were used as potential predictors. Four machine learning approaches we
investigated: logistic regression with L1-regularization, multilayer perceptrons, random forests, and boosted trees. Mode
development used 80% of the patients; the remaining 20% was reserved for testing the final models. Laboratory values, vit
signs, medications, gender, and age were used to predict a positive CAM screen in the next 24 hours.

Results: The boosted tree model achieved the greatest predictive power, with an area under the receiver operator characteris
curve (AUROC) of 0.92 (95% CI 0.913-9.22), followed by the random forest (AUROC 0.91, 95% CI 0.909-0.918), multilayer
perceptron (AUROC 0.86, 95% CI 0.850-0.861), and logistic regression (AUROC 0.85, 95% CI 0.841-0.852). These AUROC:
decreased to 0.78-0.82 and 0.74-0.80 when limited to patients who currently do not or never have had delirium, respectively.
Conclusions: A boosted tree machine learning model was able to identify hospitalized patients at elevated risk for delirium in
the next 24 hours. This may allow for automated delirium risk screening and more precise targeting of proven and investigation
interventions to prevent delirium.
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Introduction Methods

Delirium is a common condition in hospitalized patients arithical Considerations

has been recognized as an independent risk factor for PpRfs sydy was reviewed and approved by the Mass General
clinical outcomes, including mortality, institutionalization, a”%righam institutional review board (approval 2013P001024).
cognitive impairment following hospital discharded). The = e jnstitutional review board determined that infed consent

US annual national costs attributable to delirium have begig not required for this retrospective study. This study adheres
estimated to be as high as US $152 billion, rivaling cogfs the applicable TRIPOD (Transparent Reporting of a

attributable to diab_e_tes fand fallg].[ As a result, a b‘ﬁ?‘Si(_: multivariable prediction model for Individual Prognosis Or
assessment for delirium is recommended for all hOSp'ta“Zﬁ%gnosis) guidelines.

patients aged 65 years or old&}, [and formal screening for
delirium is recommended for critically ill patien&.[ Study Cohort

Despite these recommendations, delirium frequently remalpdta were (_)btained for all patients who received any variation
undiagnosed7]. An automated delirium prediction tool could®f @ Confusion Assessment Method (CAM) screisf (eg, the

help address this, by alerting clinicians to ak-gatients so that GAM-ICU) [15]) in our hospital between April 2, 2016, and
they could be more carefully assessed for delirium. Sudnuary 16, 2019, for a total of 23,006 patients. No specific
screening tools could also help focus interventions aimed at §€lusion criteria were used, as we wished the results to be
prevention of delirium (eg, components of the hospital eld@PPlicable to the typical population of the hospital.

life program BJ) and provide an enriched patient sample fdiPProximately 20% (n=4511) of patients were randomly
future delirium prevention studies. selected and set aside for the final evaluation of the model (the

_ _ _ “test dataset”); we remained blind to this dataset until after all
In particular, we intend to use an automated tool to identiyodel choices and parameters had been fixed in preparation for
hospitalized patients at our institution who are at high risk Qﬁblication. The remaining 80% of patients (the “training

delirium in the next 24 hours. These patientshhéh be visited dataset”) were used for model selection, model training' and
by a member of a delirium service for further evaluation amgperparameter tuning.

identification of interventions that may reduce the patient’s risk )

of delirium. For this purpose, near-term risk (24-h risk) is mohodel Development Overview

useful than the risk of delirium at some point during thid/e provide an overview of the model development here;
hospitalization, and any history of prior or current delirium isdditional details can be foundNultimedia Appendix 1

relevant to identifying the patients at risk of ongoing deliriu :
who should be seen (as reducing the duration of ongoFl r the outcome to be predicted, we used the presence of at

o : . east one positive CAM screen within a given day where CAM
delirium is still likely to benefit the patient). screens were performed. The CAM screen is a validated and
Although multiple prior delirium prediction tools have beewidely used tool for assessing delirium where an observer
described$-12] (for a recent systematic review, ség]) most assesses for a change in cognition with an acute onset and
have properties that have limited their use asladde applied fluctuating course involving inattention and either disorganized
daily to every patient in the hospital. Most prediction tools atiginking or an altered level of consciousneds [For each
designed to allow a risk score to be easily calculated byatient, we first identified all 24-hour intervals from 5 AM to
clinician by hand, limiting the model’'s performance comparéslAM during which at least one CAM screen or CAM screen
to larger models with more features and favoring features thatiation had been performed. For each such intgheamodel
are easy for a human to produce over those easily extracted required to predict whether at least one CAfdestvariant
from the medical record. In addition, most prior models wewould be positive during that interval (vs all negative CAM
developed using datasets of only a few hundred to a fsereens).
thousand patients, limiting the complexity of the models thﬂ

t . - .
could be developed without overfitting. s model inputs, we used the patient’s age, gender, and all prior

recorded vital signs, laboratory values, medications, and prior
To address these limitations, we have developed a model thaM assessments present in the medical record at 5 AM before
can provide automated delirium screening basectardadily the 24 hours in which delirium was to be predicted. Categorical
available from the electronic health record, emphasizinglues were converted to integers (eg, “1” for “Positive,” “0”
predictive power over ease of manual computation or easdaf‘Negative”). These data were reduced to summary statistics
interpretation. Because current and prior delirium are knowar each measurement (eg, minimum, maximum, and mean
risk factors for future delirium, we also explohe performance systolic blood pressure in the past 24 h), which were used to
of the model in patients without these risk factors. This toi@rm fixed-length feature vectors for each prediction interval.
achieves state-of-the-art accuracy for deliriundfmt#on in this These feature vectors were then normalized by subtracting the
automated setting and maintains good performance even wingtlian and dividing by the interquartile interval, with both the
restricted to patients without current or prior delirium. median and the quartiles estimated by the P2 algorifféin [
Because the P2 algorithm provides only an approximation of
the quantiles, the resulting values were generally not exact
integers even for categorical values (eg, a binary measure that
was mostly negative would have an estimated median that was
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slightly above 0). Features that were missing in more than 9§¥%antify the degree of calibration. Cls were calted in Python

of the patients were discarded. The remaining missing valusing bootstrapping with 1000 rounds, and resampling by
were imputed to be the (P2-estimated) median value for grediction day. To interpret the final behavior of the models,
feature. To provide a consistent basis of comparison, we used used Shapley Additive Explanations (SHAP) value
these imputed values for all the models, including those (swedtimation methods as described by Lundberg &S8(].

as boosted t_rees) that do not strlctly_re_quw_e ban. Because The final models were trained on the full training dataset (80%
of the sparsity of these features, this implies that most features

. . . . ._Of patients). Once the final models were trained, the test dataset
for a patient will be at the median (imputed) value, especia ;

: . as unblinded and the model performance was measured on
for the first patient snapshot. Of note, however, becauset

P2-estimated median is a unique value that is otherw) € test dataset. The performance of the cross-validated version

. . : . 6F the models on the training dataset was similar to the
infrequent in the data, nonlinear models can usetha marker . :

e L : ..~ performance of the final models on the test dataset and is not
for missing data (and this missingness itself nayelpredictive

reported here.

value).
Although current and prior delirium are useful predictors for
our intended use of the model, these are well-knastfactors

[ - o
that day using all of the information available that mornin(teor delirium and it is thus useful to explore how the model

. : . . .ﬁerforms on patients without these risk factoraesbthe model
(including prior CAM screens). In this study, we do not tral erformance of these populations with a lowerahjirobability
or test the performance of the model when used on a rollf? hop

) .. orgelirium, versions of the final models were trained and tested

basis throughout the day (eg, to generate a new prediction a . ) . )

PM incorporating data from 3 PM that day). on qr_lly shapshots of pz_itlents who did not have delirium (|_e_, no
positive CAM screens in the past 24 h) or never had delirium

The XGBoost library 17] was used to fit boosted tree modelgéno prior positive CAM screens). Conceptuallypatients start

[18] for the cleaned and normalized training datasets. Rorthe “never delirious” state, and then potentially transition to

comparison, random forest model§][and logistic regression a “currently delirious” state and then potentially between this

models using L1 regularizatio2(] were also fit to the data state and a “previously but not currently delirious” state. For a

using scikit-learnZ1]. In addition, a deep neural network modedummary of the assignment of patient snapshotesetgroups,

was developed using TensorFlow (Googl2P][ The final please seMlultimedia Appendix 3

network had a 32-node rectified linear ur@g[[input layer, 2

hidden layers of 16 and 8 rectified linear unit nodeResults

respectively, and an output layer with a single sigmoidal node:

All |ayers were fu”y connected, and a 50% dropm ENaS Of the 20,006 patients in the dataset, 4583 (199%) patients had

used between layers. For the logistic regression and randdri¢ast one positive CAM screefable ). The average age of

forest models, Platt scaling was used to improve the calibratibg patients was 65 (SD 17) years and slightly higher in patients

of the model. We used 10-fold cross-validatiozs][for With a positve CAM screen (mean 70, SD 16 years).

hyperparameter tuning to minimize overfitting. Hygarameters Approximately, 54% (n=12,502) of patients were nzald 46%

(such as lambda for L1 regularization) were tuned using a gfiF10,500) of patients were female; no other genders were
search. recorded in this dataset. The fraction of male patients was

i .. _slightly higher (2614/4582, 57%) in patients with a positive
All development was done using the Ubuntu 18.04 distributigth \1 screen. An average of 12.6 (SD 17.9) CAM screens were
of Gnu-Linux. Data processing and analysis were performgdoqed per patient, with more (mean 24.8, SD 29) recorded
using the Python2fe] and Julia 27] programming languages. for patients with a positive CAM screen than for patients with
The_ code used to generate the models and figures is pUblfﬂypositive CAM screens (mean 9.5, SD 12). An average of
avalla_ble p8]. The Qatas_e_ts used to d_evelop a_nd test the mogeo, (SD 22%) of CAM screens per patient were positive,
contain persona_lly identifiable health informatiang thus, are \nich rose to an average of 42% (SD 33%) of CAM screens
not publicly available; the authors can be contacted for mey& hatient that were positive in patients who had at least one

In effect, we are asking the model to produce glsiprediction

information. positive CAM screen. CAM screens were performed on an
Statistical Analysis average of 8.1 (SD 11) days per patient, of which 8.1% (SD
21%) of days with CAM screens had at least one positive CAM

We provide an overview of the statistical analysis he
additional details can be foundMultimedia Appendix 2The
receiver operator characteristic curve and the area undernédittmodels provided significant predictive power for delirium
the receiver operating characteristic curve (AUROC) were ugedpositive CAM screen in the next 24 h) when applied to all
to evaluate the performance of each model. To capture fiespitalized patients in the datadeg(re 3. The boosted tree
effects of population prevalence on performance, we also usgablel had the highest AUROC (0.92, 95% CI 0.912p.Phis
precision-recall curves and the area under the precision-reesls followed by the random forest model, the multilayer
curves (AUPRC). Calibration curves were used to qualitativgdgrceptron, and the logistic regression model with
evaluate model calibration, and the expected calibration ertdrregularization (AUROC 0.85, 95% CI 0.841-0.852).

(ECE) and maximum calibration error (MCE) were used to

rgéreen.
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Table 1. Patient demographics.

Shaw et al

All patients  Training set  Testing set ~ One or more positive Aj| CAM negative
Measure (n=23,006) (n=18,495) (n=4511) CAM?@(n=4583) (n=18,423)
Age (years), mean (SD) 65.5(17.3) 65.5(17.3) 65.5(17.2) 69.8(16.1) 64.4 (17.4)
Male, n (%) 12,502 (54.3) 10,037 (54.3) 2465 (54.6) 2614 (57) 9888 (53.7)
Female, n (%) 10,500 (45.6) 8455 (45.7) 2045 (45.3) 1968 (42.9) 8532 (46.3)
Patients with at least one positive CAM screen, n £33 (19.9) 3656 (19.8) 927 (20.5) 4583 (100) 0(0)
CAM evaluations per patient, mean (SD) 12.6 (17.9) 12.5(18.0) 12.9(17.6) 24.8(29.0) 9.5 (12.0)
Percent of positive CAM screens per patient, mea8.3 (22) 8.3 (22) 8.3 (22) 42 (33) 0(0)
(SD)
CAM evaluation days per patient, mean (SD) 8.1(11.1) 8.1(11.3) 8.3 (10.5) 15.6 (18.0) 6.2 (7.6)
Percent positive CAM days, mean (SD) 8.1(21) 8.1(21) 8.2 (21) 40.8 (31) 0(0)

8CAM: Confusion Assessment Method.

Figure 1. Receiver operator characteristic curves for different model types (rows) and patient subsets (columns) showing the true positive rate (ie
recall) as a function of the false positive rate. The thin light gray region around the line shows the bootstrap 95% CI. AUROC: area under the receiv
operator characteristic curve.
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The models were then retrained and evaluated with patieffiigure 3. The boosted tree model performed well (AUPRC
who did not currently have delirium (most recent CAM scredn?73, 95% CI 0.72-0.75), its performance declirsiggificantly

was negative) and with patients who had no history of delirifdUPRC 0.32, 95% CI 0.30-0.34) for patients who do not
(no prior positive CAM screens). Although the models did notirrently have delirium and (0.22, 95% CI 0.20-0.25) those
perform as well on these more difficult subsets, they stillith no prior delirium. The incidence of delirium in all patients
provided good predictive power. The boosted tree modehs 13%, those with no current delirium 6%, and those who
declined from an AUROC of 0.92 to an AUROC of 0.82 (95%ever have had delirium 4%; thus, the decrement in AUPRC
C1 0.815-0.834) and 0.80 (95% CI 0.79-0.81) when limited &ppears to be largely driven by the decreased incidence in these
patients who did not currently have delirium and patients wisnbgroups. While the random forest model performs relatively
no prior delirium, respectively. The other models showed(AUPRC 0.70, 95% CI 0.68-0.71), it also experiersigsificant
similar decrement, with the AUROC decreasing to 0.77-0.8&crements in performance with patients who do not currently
and 0.74-0.77 when limited to patients who do not currentiave delirium (AUPRC 0.25) or have no history of delirium
have delirium and those who never have had deliriu@@UPRC 0.14). The multilayer perceptron models perform
respectively. The boosted tree model outperformed the otkemewhat worse than the tree-based models, with AUPRCs of

models in all three patient groups.

The models significantly varied in their ability to maintain a
high positive predictive value as sensitivity was increasg&g

0.50, 0.23, and 0.15 in all patients, those who do not currently

have delirium, and those with no prior deliriumugps. Logistic
ression performed similarly to the multilayergegtron with
PRCs of 0.48, 0.22, and 0.17.

Figure 2. Precision-recall curves for different model types (rows) and patient subsets (columns) showing precision (ie, positive predictive value) as

function of recall (ie, true positive rate). The gray region indicates the bootstrap 95% CI.
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We next investigated the calibration of the prediction modelghen applied to all hospitalized patienBgure 3, with the
All the models were well calibrated (EE&02; MCE0.11) exception of the logistic regression model which overestimated
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the risk of delirium in the highest-scored group (ECE 0.08f to patients with no prior delirium, all models classified very
MCE 0.28). The boosted tree model and the random forést patients as high risk (consistent with the earlier
model both identified a larger number of high-fpsitients while precision-recall curves), and the random forest did not assign
still maintaining good calibration in this higher-risk grouphigher probabilities to any patients in these subgroups.

When restricted to patients who do not currently have delirium

Figure 3. Reliability diagrams for different model types (rows) and patient subsets (columns) showing the actual fraction of patient snapshots with
delirium for groups with a given predicted risk of delirium (blue squares, left y-axis). Error bars show the bootstrap 95% CI. The gray bars in the
background show the number of patient snapshots in each predicted probability bin (y-axis on the right). ECE and MCE are with a 95% CI. ECE
expected calibration error; MCE: maximum calibration error.
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We finally turn to an examination of the features influencingodel). Ordering the features by average SHAP magnitude
the predictions of the most successful model (the boosted ffeigure 4[29,30]), we first note that the range of SHAP values
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for any of the top 40 features is smaller than the range of SHi#&Rture remains important even for the “no prior delirium” case
values for the sum of the remaining 1901 features; thus, (het shown). Antipsychotic administration is also as expected
predictions of the model across cannot easily be simplifiedaorisk-predicting feature, as it is often used to convert
a small number of driving features that are the same for [@fperactive delirium to hypoactive delirium. The majority of
patients. The features with the highest averageFSHagnitude the top 40 risk features fall into other categofiesvever, which
appear to fall into several known risk factors for deliriumnclude known risk factors such as age, liver failure (eg,
Current and prior delirium is a known predictor of futuraspartate transferase levels, ammonia levels, and hepatitis C
delirium, and 6 of the top 40 features relate to the prior CAWrus levels), infection (eg, white blood cells, monocytes, and
screen (including 4 of the top 5 features). Of note, the modefepime [which is also neurotoxic]), and malnigritor frailty
considers a patient with no prior CAM screens to be at higlfamino acid supplementation, albumin levels).

risk than a patient with prior negative CAM screens, and this

Figure 4. SHAP beeswarm plot28,29] of the 40 features with the highest SHAP magnitude for patients in the holdout dataset. Each dot shows a
single prediction for a patient, the color of the dot indicates how high (red) or low (blue) the feature was for this patient, and the horizontal position o
the dot indicates the relative effect of this feature on the predicted risk for the given patient.
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Specific gravity - all time max + G;:
Glucose - all time latest —+ Eg
Systolic blood pressure - all time latest +
RDW - all time latest e
CAM - min +
Sodium - all time latest +‘
Potassium chioride er 20 meq tablet_extended release(part/cryst) - all time max —*—
Plasma ammonia - all time latest . ‘—-. -
Eosinophils - all time max +
Monocytes - all time max -+
Red blood cells - all time latest +—
Calcium - all time latest -1_—
Seodium chioride 0.9 % intravenous solution - total dose —'—'
Sodium chloride 0.9 % intravenous solution - maxdose "-'—'
Creatinine - all time latest —f—s
pH - min -'—
Levetiracetam 500 mag tablet - all time max —*—
Plasma ammonia_alltimemin -'——
Cefepime ivpb 2 g (50 ml) mblood pressure - total dose {—
Zz ims template - total dose .—'—-
Sum of 1901 other features tHmsmr e i 4.

|

-3 -2 - 1 2 3 4 5

: SHAP value {impact on model output)
Of note, many of the top features had missing values in tt@ncern for meningitis) rather than being limited to a few broad
majority of patients Nlultimedia Appendix 3 These risk factors such as age.

often-included values such as neutrophil counts frmin . . - o
. : 0 explore the dynamics of delirium predictions in individual
cerebrospinal fluid, where the presence of the measuremer{t

) S g L . it lents over time, we examine the predicted risk and actual
itself suggests a high risk of delirium. This is again consisten - )
occurrence of positive CAM screens over time for a small

with what is seen with the SHAP plot, where the models tmber of patients with an elevated initial risldefirium using

. n
ablc_a to use a coqstellatlpp of I_ow—frequency feqtures of Q%Z]irium predictions from the boosted tree modegqre 5.
patient to determine delirium risk (eg, laboratories reflectn& o

note, the prediction for the next day was strongly correlated

with the delirium status of the previous day (as expected), but

https://medinform.jmir.org/2025/1/e60442 JMIR Med Inform 2025 | vol. 13 | e60442 | p. 7
(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Shaw et al

the first day without delirium usually had a lower predicted riskodel had identified changes correlated with resolution of the
of delirium than the last day with delirium, suggesting that tlaelirium.

Figure 5. Predicted versus actual delirium incidence for ten patients with elevated (>30%) initial risk of delirium using predictions from the boosted
tree model. Each patient is plotted in a different color, with a large dot reflecting at least one positive CAM screen that day and a small dot reflectin
all negative CAM screens that day. The vertical axis shows the predicted risk for delirium that day (ie, for a perfect predictor, all large dots would b
at the top of the plot and all small dots at the bottom). The horizontal axis shows the time (in days) from the first delirium screen, with day 0 being th
day of the first delirium screen. CAM: Confusion Assessment Method.

Individual predictions over time for high-risk patients
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models can better capitalize on nonmonotonic relationships
which likely underlies their better performance on this dataset.
In contrast, it was difficult to prevent overfitting with the

Principal Results ) : ; °

. . multilayer perceptron model; preventing this overfitting would
We have described the development of a prediction model fjalyy, require either a larger dataset or additional methods of
can provide automated daily predictions of the risk of deliriupa ., iarization.

for a general population of hospitalized patients. We found tha

a boosted tree model performed best for this dataset and isgitations

able to identify a group of high-risk patients even when limitgg}| of the models showed a decrement in performance when
to patients who did not have delirium or had no prior history gistricted to patients who did not currently have delirium and
delirium. However, the random forest, multilayer perceptrog, further decrement when restricted without prior delirium.
and logistic regression models, while less effective, stlxcept for the multilayer perceptron in the no prior delirium
provided substantial predictive power. All of thedtels showed case: however, the AUROC of all of the models remained
good calibration on the full dataset but showed poorer MGfreater than 0.75, which many would consider the threshold for
when applled to subsets of the data where delirium was |€@§od“ performance of a clinical tesg:u_ The boosted tree
common—ypatients who did not currently have delirium angodel, in particular, maintained an AUROC of 0.80, which
patients with no prior history of delirium. compares very favorably to commonly used diagnostic tests

The relative performance of the various models may reflect §1&" as D-dimer levels in the setting of a suspected pulmonary
relative match between the flexibility of each of the types §fbolism (with a reported AUROC of 0.73]). The decrement
models and the size of the dataset we used. Although theOf performance in these subgroups likely reflects the increased
regularization used for the logistic regression model allow8ifficulty of the task—those patients with signértt risk factors

for some tuning of flexibility by adjusting how many feature@re likely to have had delirium on prior days or hospitalizations
were used, the logistic model can only capture monoto@ied most of those who remain are relatively unlikely to become
relationships. Both boosted tree models and random fordglirious in the next 24 hours. Even within the patients with no

Discussion
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prior delirium, however, the boosted tree model was able @@mparison With Prior Work
identify high-risk patients who would likely warrant furthe'i\/lultiple prior prediction models for deliium have been

evaluation and interventions—for example, from  thge ejoped for use in intensive care unit patiehtsip,33] and
precision-recall curves={gure 3, we can see that even if 0Ny, oqpitalized older patients][ In general, these models use
were to demand a 50% true-positive threshold for angma number of predictors (4-11) identified using logistic
intervention, the model would correctly identify over 10% qjegression, including such predictors as age, fyistocognitive

the patients who have never had delirium who would becofag)airment, history of alcohol abuse, respiratory failure, blood
delirious as candidates for that intervention. urea nitrogen, mean arterial pressure, use of corticosteroids,

An additional limitation is the potential selection bias of th@dmission category, admission urgency, and visigrairment.
training and evaluation dataset used by this study. During fer prediction goal (predicting a positive CAM screen within
time period used, CAM screening was used univgrsalsome the next 24 h) is somewhat different than the existing models
inpatient units in the study hospital (eg, orthopedics) but ngé are aware of, as it is aimed at the specific task of helping
others (eg, general surgery), and thus, the study populatioflgtermine which hospitalized patients should be seen by a
more reflective of these units than of the hospital as a whdlelirium service that day. With that caveat, the performance of
Thus, the generalizability of these results to other institutioPdr model appears to compare well with other moatelsimilar

will depend on how similar their patient population is to the$asks. Chua et al ] provide a good review of similar models;
units, rather than to the patient population of the study hospit@ported AUROCs in this review range from 0.71 to 0.91
In addition, the results reported reflect this population whei@ompared to 0.92 for the boosted tree model we report). As
serial screens are performed and prior deliriuraests are often delirium is an infrequent event, however, the AUPRC may
present, which may not be applicable in many settings. GW@vide a better estimate of the model's performance as a
would expect the model’s performance to be worskisrsetting  screening tool. Comparing our model to the best-performing

(similar to what is seen in the results reported for patients wigpdels in the review by Chua et d3], only the model
no prior delirium). described by Corradi et 84| (one of the two models with an

AUROC of 0.91) reported an AUPRC, which was 0.60

As with many machine learning models, more complex model,mnared to 0.73 for the boosted tree model we report).
such as the boosted tree model may trade accuracy for

interpretability, for example, for a clinician tng to understand One of the challenges machine learning has faced in medicine
why a particular patient is at risk for delirium. While this cal$ translating predictions into improvements irigrettoutcomes

be partially addressed by including the relative contributioh5]. We plan to use this model to screen all of the patients in
of each input to the model to a given patient’s risk (eg, usifg 1000-bed hospital (which would be prohibitively
Shapley values2P,30]) as part of the delirium risk report forlabor-intensive to do by hand) and identify a set of high-risk

each patient, this still can hide complex interactions betweafients to be visited by a delirium service. The members of
risk factors that may be important. this delirium service will then evaluate patients and provide

. . recommendations to the team caring for the patient on how to
We have chosen to leave the predictions of the model in {B] ce that patient's risk of delirium. By focusthés additional

form of a percentage risk, rather than simplifying the result {g.-5| effort and possible interventions on the patients who
a binary prediction as is more familiar for many clinical testg,, |4 most likely benefit from them, we hope to use this tool
To the limits of calibration of the model, the predicteg, jnrove care at a lower cost per patient than providing the

percentage of delirium can be interpreted as the posity&,q jnterventions to every patient (including those at much
predictive value of the test for that particular patient (and 10084,e risk of delirium).

minus the predicted percentage as the negativecpvedralue).

For given interventions, it may make sense to set a thresHBffause of this intended use, we have made trade-offs that may
predicted risk based on a cost or benefit analysis of figit the use of this model in other contexts. For example, our
intervention (thus reducing the prediction to agjrvalue with focus was on maximizing the ability of the model to identify

a single positive predictive value and negative predictive valpigh-risk hospitalized patients rather than on identifying the
for all patients); examinations of specific threlslsdor specific causal mechanism for a given patient's delirium. Thus, for

interventions may be addressed in future work. example, an arterial blood gas showing mild hyperoxia might
. . Lo . be used for prediction by the model because ietated with
While we have included many potential input features in Oy nation, sedation, and critical illness rather than because it

prediction model, there are many additional features in §a&yjrectly increasing the patients risk for delirium, and blindly
medical record that we have not attempted to use, such,@Smnting to correct this laboratory value may not decrease the
flowsheet data, length of stay, and unstructured data suchag.nvs risk of delirium. In addition, some features, such as
clinical notes. In addition, we have not exhaustively exploredninistering an antipsychotic medication, may happen to treat
the types of models available in the literature, including magy aitated delirium that has not been documenttstimedical
regularization techniques (such as early stopping and [l rq- while this may still be quite useful fadelirium service,
normalization). While future models incorporating thesg,ay he less useful for a responding clinician who is treating
predictors and techniques may perform even better than § »itation who likely already knows he or she is treating a

moplels described here, this work provides a lower bound £‘§fmptom of delirium. This is an example of a “shottfeature”
their performance. as described by Bellamy et 8], where a causal connection

is present in the training data (eg, the use of an antipsychotic
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for a patient the clinician has already decideddgdisium) may the patients from this study are only those patiéoim a single
not be present in a desired use-case of the model (eg, a cliniaizademic medical center who received delirium screens, they
trying to decide whether a patient is at risk of delirium). Thusiay not be reflective of patients in other settjragsl potentially
while the model works well for finding high-risk patientsnot even representative of patients at the same institution who
interpreting these risk factors and identifying appropriatikd not receive delirium screens. Although this could raise
interventions will still require clinical expertise. concerns that this would bias our dataset toward patients with
Although our model can be applied in its current form, the(rj(?“”um’ this doeg not appear to have been the case. O_nly 4583
A . . of the 23,006 patient§éble 1, or about 20%, of the patients
are limitations that a user will need to be mindful of. For some - o
machine learning models, such as logistic regression, it canba’ dataset had one or more positive CAM screens. This is
. ! - ' consistent with the 23% (95% CI 19%-26%) incidence of
relatively easy to understand a prediction from the model jn,.". : . : .
o I .. delirium reported in the meta-analysis of estimates of delirium
terms of the individual features contributing to the prediction.

For many others, however, including boosted tree models sgepurrence reported by Gibb et &7]. Although this is

as our best-performing model, the nonlinear intisaof many reassuring, future studies will be needed to provide external

features can make it difficult to understand why a given patievr%“datlon of the model at other institutions and on other patient

: . . T . opulations.
was assigned a high or low-risk score. Providingrjpretability Pop
for these more complex, nonlinear models is an active aregCgfnclusions

research_in machin_e I_earn_ing, and while tools such as SHRAPthis paper, we have described a method for predicting
can provide some insight into & model, for some uses, a I§sfjum in hospitalized patients given the information already
accurate but more interpretable model (such as 10gisfiG.sent in the electronic medical record. A large dataset of over
regression) may be preferred. 23,000 patients allowed us to consider a larger number of
Another limitation of our model is that many of the risk factoig@ndidate features while still allowing for rigorous validation
such as sleep disruption may only be documented in clinigdth a blinded test dataset. The resulting model provides both
notes and not in the structured data we have used, and 8fgf accuracy and good calibration and can be run in an
high-risk patients may be missed by the model. We hopeaiomated fashion on data in the electronic patient record
address this in future work by integrating natural languagéthout requiring additional human effort. We beédhis model
processing techniques into the model. can be of use in guiding clinicians and researchers in focusing

on patients at greatest risk of delirium in hopes of mitigating

The dataset used for the development and validation of {ig' o hidity and mortality associated with this disease.
model is another potential source of bias in this study. Because
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