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Abstract

Background: Delirium is a prevalent condition in intensive care units (ICUs), often leading to adverse outcomes. Hypoactive
delirium is particularly difficult to detect. Despite advancements, timely identification of hypoactive delirium remains
challenging due to its dynamic nature, lack of human resources, lack of reliable monitoring tools, and subtle clinical signs that
include hypovigilance. Machine learning detection models could support the identification of hypoactive delirium episodes by
better detecting episodes of hypovigilance.

Objective: In this study, we aim to develop a machine learning agorithm capable of detecting hypovigilance events using
routinely collected physiological datain the ICU.

Methods: This derivation study used prospective observational data collected from eligible ICU patients in Lévis, Québec. We
included patients admitted to the ICU between October 2021 and June 2022 who were at least 18 years old and had an
anticipated ICU stay of at least 48 hours. ICU nurses identified hypovigilant states every hour using the Richmond Agitation and
Sedation Scale (RASS) or the Ramsay Sedation Scale (RSS). Routine vital signs (heart rate, respiratory rate, blood pressure, and
oxygen saturation), as well as other physiological and clinical variables (premature ventricular contractions, intubation, use of
sedative medication, and fever), were automatically collected using a GE CARESCAPE Gateway or manually collected through
chart review. Time series were generated around hypovigilance episodes for analysis. Random Forest, X GBoost, and LightGBM
classifiers were then used to detect hypovigilant episodes on the basis of analyzing time series. Hyperparameter optimization was
performed using random search in a 10-fold group cross-validation setup. We report the results of this study using the
TRIPOD+AI guidelines and potential biases were assessed using PROBAST.

Results: Out of 146 potentialy eligible participants, data from 30 patients (mean age: 69 years old; 63% male) were collected for
analysis. Of the group, 30% were admitted to the ICU for surgical reasons. Following data preprocessing, the study included
1,493 hypovigilance episodes and 764 non-hypovigilant episodes. Among the three sets of models evaluated, LightGBM
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demonstrated the best performance. It achieved an average accuracy of 68% to detect hypovigilant episodes, with a precision of
76%, arecall of 74%, an AUC of 60%, and an F1 score of 69%. Notably, the model was particularly influenced by intubation,
respiratory rate, and systolic blood pressure acquired non-invasively.

Conclusions: All of the classifiers showed promising precision and recall, with slightly different yet comparable performance in
classifying hypovigilant episodes. Machine learning algorithms designed to detect hypovigilance have the potential to support
early detection of hypoactive delirium in ICU patients.

(IMIR Preprints 24/05/2024:60885)
DOI: https://doi.org/10.2196/preprints.60885
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Identifying Episodes of Hypovigilance in Intensive Care Units Using
Routine Physiological Parameters and Artificial Intelligence: a Derivation
Study

Abstract

Background: Delirium is a prevalent condition in intensive care units (ICUs), often leading to adverse outcomes.
Hypoactive delirium is particularly difficult to detect. Despite advancements, timely identification of hypoactive delirium
remains challenging due to its dynamic nature, lack of human resources, lack of reliable monitoring tools, and subtle
clinical signs that include hypovigilance. Machine learning detection models could support the identification of
hypoactive delirium episodes by better detecting episodes of hypovigilance.

Objective: In this study, we aim to develop a machine learning algorithm capable of detecting hypovigilance events
using routinely collected physiological data in the ICU.

Methods: This derivation study used prospective observational data collected from eligible ICU patients in Lévis,
Québec. We included patients admitted to the ICU between October 2021 and June 2022 who were at least 18 years old
and had an anticipated ICU stay of at least 48 hours. ICU nurses identified hypovigilant states every hour using the
Richmond Agitation and Sedation Scale (RASS) or the Ramsay Sedation Scale (RSS). Routine vital signs (heart rate,
respiratory rate, blood pressure, and oxygen saturation), as well as other physiological and clinical variables (premature
ventricular contractions, intubation, use of sedative medication, and fever), were automatically collected using a GE
CARESCAPE Gateway or manually collected through chart review. Time series were generated around hypovigilance
episodes for analysis. Random Forest, XGBoost, and LightGBM classifiers were then used to detect hypovigilant
episodes on the basis of analyzing time series. Hyperparameter optimization was performed using random search in a 10-
fold group cross-validation setup. We report the results of this study using the TRIPOD+AI guidelines and potential
biases were assessed using PROBAST.

Results: Out of 146 potentially eligible participants, data from 30 patients (mean age: 69 years old; 63% male) were
collected for analysis. Of the group, 30% were admitted to the ICU for surgical reasons. Following data preprocessing,
the study included 1,493 hypovigilance episodes and 764 non-hypovigilant episodes. Among the three sets of models
evaluated, LightGBM demonstrated the best performance. It achieved an average accuracy of 68% to detect hypovigilant
episodes, with a precision of 76%, a recall of 74%, an AUC of 60%, and an F1 score of 69%. Notably, the model was
particularly influenced by intubation, respiratory rate, and systolic blood pressure acquired non-invasively.

Conclusions: All of the classifiers showed promising precision and recall, with slightly different yet comparable

performance in classifying hypovigilant episodes. Machine learning algorithms designed to detect hypovigilance have the
potential to support early detection of hypoactive delirium in ICU patients.

Keywords: Vigilance; Hypovigilance; Hypoactive Delirium; Intensive Care Unit (ICU); Machine Learning, Artificial
Intelligence; Detection model; Physiological Parameters; Automated Monitoring
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Introduction

Delirium is defined by the American Psychiatric Association as a transient disturbance of attention and awareness,
manifested as a reduced ability to control, focus, maintain, and transfer attention and as a weakened orientation to the
environment [1]. A missed or delayed diagnosis of delirium is associated with adverse outcomes, particularly in intensive
care units (ICUs) where it can lead to prolonged hospital stays, increased mortality rates, slower rates of overall recovery,
and cognitive impairment [2—4].

Lipowski first introduced the concept of delirium subtypes, proposing the terms "hyperactive" and "hypoactive" to
characterize patients' motor behavior, distinguishing restlessness and aggression from low vigilance and apathy [5].
Hypoactive delirium, widely recognized as the most common form of delirium, remains a clinically significant but often
unrecognized condition, largely due to the challenges of diagnosing this specific variant of the syndrome [6]. Research
suggests that hypoactive patients may have a higher risk of mortality compared to other delirium subtypes [7]. Yet despite
its clinical relevance, hypoactive delirium is often undetected in routine clinical practice [6,8]. Although improvements in
screening and therapy have occurred, the identification of hypoactive delirium still poses a serious challenge, given that
the onset of episodes remains difficult to determine, and that its status changes subtly over time [9]. Further, this
detection is labor intensive, requiring frequent reevaluation and clinical interpretation using bedside instruments and
questionnaires [10]. A systematic review of ICU delirium prediction models [2] found that while many models performed
well, they only predicted the condition using transversal data from a single point in time, failing to take into account the
dynamic nature of delirium. Additionnally, when patients speak a different language than their healthcare providers, the
use of these instruments and questionnaires becomes even more challenging [11].

The main symptom of hypoactive delirium is decreased vigilance, also known as hypovigilance [5]. Vigilance is the
ability to remain aware of relevant and unpredictable changes in an individual's surrounding environment, regardless of
whether such changes actually occur [12]. This capability comprises two dimensions. The first is related to the level of
alertness required to maintain vigilance, and the second arises from the fact that vigilance can vary over time, i.e., the
level is known to fluctuate (decrease or increase) over time [12].

Dynamic changes in a patient’s vigilance level can potentially be detected using the collection and analysis of continuous
psychophysiological signals. This method involves measuring the physiological activity of a person’s central and
autonomic nervous systems to estimate their vigilance level. This approach is based on the hypothesis that the locus
coeruleus-norepinephrine system plays a significant role in attention-related activities. This system has been associated
with vigilance, attention, arousal, and the sleep-wake cycle [13—16]. This activity is also associated with an increase in
autonomic sympathetic nervous system activity and a decrease in parasympathetic nervous system activity [17-19],
which is due to the multiple efferent projections of the system in the brain. In short, multiple psychophysiological
markers of the hypovigilant state can be collected via proxy measures of the central nervous system and of the peripheral
nervous system. The autonomic nervous system modulates heart rate (HR), blood pressure, digestion, respiration,
pupillary reactivity, and regulates the functions of internal organs [20]. Heart rate variability (HRV) is considered a
convenient tool for monitoring the autonomic nervous system [21,22], but is not routinely collected in all ICUs.

Further, international guidelines suggest the use of sedatives and analgesics to ensure comfort and permit life-saving but
painful procedures [23]. However, when used to induce coma for mechanical ventilation, sedative and analgesic
medications such as benzodiazepines and opioids put patients at high risk for delirium [24,25]. Sedative and analgesic
therapy is also related to several important side effects, among which are hypotension, bradycardia and other
dysrhythmias, and sepsis [26]. Some of the delirium prediction models included the use of either sedatives,
benzodiazepines, and antipsychotic 24 hours before the diagnosis of delirium as predictors [2].

Prediction models using artificial intelligence (AI) have been developed to quantify hypovigilance or related concepts
(e.g., drowsiness and fatigue) using psychobehavioural correlates of vigilance in laboratory conditions [27,28], but real-
world examples are few. A recent scoping review identified 21 psychophysiological models of hypovigilance detection,
in which almost all relied on at least one of the following signals, targeting both central and autonomic nervous systems:
electrocardiography, photoplethysmography, electroencephalography, electro-oculography, and eye tracking [28]. While
sensitive, these systems are resource-intensive in dynamic environments such as the ICU.

Despite existing research on hypovigilance, and the potential applications and clinical implications of developing models
for hypovigilance diagnosis, there is no consensus in the literature regarding the most accurate method. There are also
significant barriers to the widespread use of more sophisticated diagnostic modalities such as electroencephalography in
clinical settings because of poor signal quality [28], specialized and costly equipment requirements [29], and patient
discomfort due to extended wear [30]. These factors hinder the adoption of these sensors in routine healthcare settings.
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Finally, other emerging and promising sensors capable of monitoring HRV are not universally incorporated into ICU
monitors and are not part of routine data collection.

To emphasize the need to develop an Al system for delirium detection, it is important to recognize that delirium detection
currently relies on the use of subjective and infrequently used bedside tools that are not applicable to all patients. Current
delirium prediction and detection models rely on static data that fail to capture the rapid-cycle fluctuating nature of
vigilance [2]. Moreover, vigilance detection models developed in lab environments lack real-world clinical validation
[28]. Clinical real-world settings, such as ICUs, can provide a reliable data collection environment where patients often
experience frequent episodes of hypovigilance. Further research is needed to identify effective detection methods for ICU
patients, including the use of automated delirium assessment tools that could be reliably used on a large scale by non-
experts and that could be used in all patients regardless of the language they speak [31]. This highlights why Al
technology could be crucial in addressing challenges related to delirium detection.

The objective of this project was to develop an Al algorithm able to continuously detect recurrent episodes of hypovigil -
ance using routinely collected physiological markers in the ICU.

Methods
Design and Setting

We conducted a derivation study using data collected from a prospective observational cohort study carried out in the
ICU at the Hotel-Dieu de Lévis Hospital (Lévis, QC, Canada). The study was approved by the research ethics committee
of the Centre Intégré de Soins et Services Sociaux de Chaudiére-Appalaches (#2021-771) but the research protocol was
not registered in a clinical trials registry. We report our findings using the Transparent Reporting of a multivariable
prediction model for Individual Prognosis or Diagnosis for machine learning models (TRIPOD+AI) guidelines [32,33]
(Appendix A). We also used the PRediction model Of Bias ASsessment Tool (PROBAST) to identify potential biases
[32,34] (Appendix B). The code and data sets generated for the purposes of preprocessing and training the models are
available for download from our GitHub repository. [35].

Participants

Eligible patients were admitted to the Hotel-Dieu de Lévis Hospital ICU between October 2021 and June 2022. Inclusion
criteria were: (1) age >18 years; and (2) an anticipated ICU stay > 48 hours from admission. Exclusion criteria were: (1)
ICU admission for >5 days; (2) inability to obtain informed consent (from patients themselves or their substitute
decision-makers); (3) inability to communicate in English or French; (4) severe neurodegenerative diseases (eg,
Alzheimer’s, Parkinson’s, or Huntington’s Disease, amyotrophic lateral sclerosis); and (5) unavailability of the data
collection device. A total of 30 participants were enrolled in the study.

Data Collection

Despite the inability to blind bedside nurses to the predicted outcome (hypovigilance), they were unaware of the ongoing
project. Additionally, all vital signs used as predictors were automatically collected by the GE CARESCAPE Gateway,
eliminating any potential for information bias.

Event identification

Bedside ICU nurses completed hourly assessments of the patient's vigilance using the Richmond Agitation and Sedation
Scale (RASS) [36] or the Ramsay Sedation Scale (RSS) [37,38]. RASS is a 10-point scale that assesses sedation and
agitation based on specific criteria that evaluate the patient's response after verbal stimulation. The RSS categorizes
sedation levels across six stages and is widely used in clinical settings [20]. While the RASS is standard for intubated
cases, the RSS is used when participants are not intubated. There is a strong correlation between the two scales and they
demonstrate good interrater reliability [39]. We identified hypovigilant episodes when RASS scores were <0, indicating
a drowsy to unarousable state, and RSS scores > 2, signifying a drowsy to unarousable condition [23]. These specific
criteria served as the basis for labeling patients’ vigilance state into episodes of hypovigilance vs. non-hypovigilance.

Figure 1: Labeling process to identify episodes of hypovigilance using the corresponding Ramsay Sedation Scale and
Richmond Agitation and Sedation Scale.

https://preprints.jmir.org/preprint/60885 [unpublished, non-peer-reviewed preprint]
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Ramsay RASS  Vigilance state

_ +4 Non-hypovigilant
‘ Very agitated ‘ : +3 Non-hypovigilant
Agitated +2 Non-hypovigilant
Restless +1 Non-hypovigilant
Alert and calm 2 0 Non-hypovigilant
Drowsy 5 -1 Hypovigilance
Light sedation -2 Hypovigilance
Moderate sedation 4 -3 Hypovigilance
 Deep sedation 5 -4 Hypovigilance
6 -5 Hypovigilance

We did not capture the sociodemographic characteristics of the nurses who conducted the RASS and RSS assessments.
However, vital signs were automatically captured by the GE CARESCAPE Gateway, ensuring no information bias at that
level.

Clinical Information

At enrollment, we collected participants' age, gender, height, and comorbidities. We also collected information on the
participant's type of admission, history of depression, need for ventilatory support during the ICU stay, and intubation
history. We also documented if any intravenously (IV) administered sedative or analgesic agents (eg, midazolam,
propofol, hydromorphone, or fentanyl) were being administered at the time of the nurse's vigilance assessment. Use of IV
sedation and analgesia was extracted from nursing notes as a binary variable (presence or absence of one of these
medications). Multiple medications could be administered simultaneously.

The research team also collected data about: (1) the Glasgow Coma Scale to measure the patient’s level of consciousness
ranging from 3 to 15, with lower scores indicating more severe deficits [40,41]; (2) the Pfeffer Functional Activities
Questionnaire (FAQ) to operationalize participants' baseline functional capabilities in their daily lives [42]; and (3) the
Canadian Frailty Score (CFS) to evaluate the baseline frailty status of participants with scores ranging from 1 (very fit) to
9 (terminally ill) [43]. These questionnaires are described in Appendix C. These tools helped to characterize the patient
population, they were not integrated into the developed Al algorithm.

Physiological Time Series Collection

We employed a GE CARESCAPE Gateway (GE Medical Systems, Milwaukee, WI) to streamline and automate
continuous data collection. Gateway data was extracted and securely stored in a comma-separated value format on local
servers. Vital signs and physiological markers were continuously monitored and recorded at one-minute intervals,
allowing for the exploration of indicators associated with hypovigilant episodes. Bedside vital signs and data
automatically recorded via the Gateway included heart rate, respiratory rate, premature ventricular complex count,
oxygen saturation, body temperature (when an internal body temperature probe was used), invasive arterial blood
pressure, noninvasive blood pressure (Table 1). Intubation was automatically derived by the presence of inspired or
expired CO2 (Table 1). Occasionally, more than one timestamp's worth of data was gathered by the gateway. To ensure
data consistency, we systematically removed all duplicate lines.

Table 1: Bedside vital signs and data recorded with the GE CARESCAPE Gateway.

Feature Description Unit

HR Heart rate Beats per minute
(bpm)

RR Respiration rate Breaths per minute

SP0O2-% 02 saturation Percentage (%)

SPO2-R Pulse oximeter pulse rate Beats per minute
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NBP-D Noninvasive diastolic blood pressure millimeter of
mercury (mmHg)

NBP-M Noninvasive mean blood pressure mmHg

NBP-S Noninvasive systolic blood pressure mmHg

PVC Premature ventricular complex count Events per minute

AR-D Arterial line diastolic pressure mmHg

AR-S Arterial line systolic pressure mmHg

AR-M Arterial line mean pressure mmHg

AR-R Arterial line pulse rate Beats per minute

CO2-EX CO2 expired while intubated mmHg

CO2-IN CO2 inspired while intubated mmHg

Temperature Rectal temperature Degrees Celsius (°C)

Time Series Selection

Time series of sequential changes in vigilance states were generated by selecting physiological measures data within a 5-
minute window before and after each hypovigilant or non-hypovigilant episode, resulting in an 11-point time series
spanning 11 minutes (Figure 2). RASS/RSS assessments were made hourly; assuming that if two measurement points
were the same, the condition was considered constant throughout the hour, whereas different assessments indicated
variability and did not allow for this assumption. Utilizing an 11-minute window enabled us to capture and analyse a
broader period around the critical label moment indicating an episode of hypovigilance. This approach provided the
temporal context surrounding the vigilance state, as physiological signals may exhibit significant variability over time.
The inclusion of an 11-minute window in each time series aimed to maximize clinical relevance, better characterize state

changes, and optimize the classification capacity of our AI models.
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Figure 2: Label identification process.

Rule 1 : Are consecutive vigilance
states the same ?
(Hypovigilant / Non-hypovigilant)

No additional individual Yes

igilance states episodes
added

A 4

Rule 2 : Are consecutive vigilance
states within 60 minutes apart 7

INo additional individual
vigilance states episodes|

added

Add vigilance states at 5-minute
intervals

Case 1 : Consecutive labels
are not the same

Non-

Hypovigilant
hypovigilant ypovigilan
10:00 11:00

Casc 2 : Consccutive labels
are the same and 60 minutes
appart or less
Hypovigilant  Hypovigilant  Hypovigilant Hypovigilant Hypovigilant

Smin 5 min Smin 5 min Smin S min Smin 5 min Smin  Smin

10:00 11:00

Case 3: Consecutive labels
arc the same but not within
60 minutes of cach other
Hypovigilant Hypovigilant

10:00 11:30

Figure 2 illustrates the two simple rules we followed to label episodes of hypovigilance before and after the hourly
vigilance assessments determined by bedside nurse. Labels (hypovigilant vs. non-hypovigilant) were automatically
assigned for each separate vigilance state as determined by bedside nurses. Additional labels were assigned to time points
before and after each hourly vigilance assessment performed by the nurses based on two simple rules. The first rule
determined if two labels were within 60 minutes of each other. If they were, we proceeded to the second rule. If the labels
were more than 60 minutes apart, we did not add any new labels for new hypovigilance episodes. The second rule
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determined if the consecutive vigilance states (and associated labels) were were identical. If they were identical, we
added labels at 5 minute intervals for each episodes of hypovigilance or non-hypovigilance between the original labels
based on the value of the vigilance state at both boundaries. If they were not identical, we did not add additional episodes
of hypovigilance or non hypovigilance between the consecutive discordant labels because determining the moment when
the state changed from hypovigilant to non hypovigilant (or vice-versa) had not been determined by bedside nurses and
was impossible to determine retrospectively. For example, in case 1, no additional labels were added because consecutive
labels differed. In case 2, labels were added at 5-minute intervals when consecutive labels were identical and less than 60
minutes apart. However, in case 3, no additional labels were added because consecutive states remained the same but
were separated by more than 60 minutes. This preserved the temporal structure integrity of our model.

Time series preprocessing

Missing values

We utilized a Backward and Forward Filling strategy to address missing values in the signals' time series [44]. Backward
Filling involves filling in missing values in a dataset by using previous data values to complete the gaps. In other words,
missing values were filled based on available data preceding them in the time series [44]. In some cases, backward filing
was impossible due to the lack of available previous data. In such cases, Forward Filling was performed. Forward filling
involves using future values to fill in missing data [44].

Features Extraction

As features for our model, we chose to extract the first, second, and third derivatives for each participant's temporal data
stream, to observe global variations or trends across all patient observations. The first derivative represents the rate of
change over time, eg, it allows for the identification of rapidly increasing or decreasing blood pressure. The second
derivative refers to the acceleration of the rate of change, eg, how the slope of the blood pressure curve evolves over time
[45]. For example, a positive second derivative might suggest an acceleration in blood pressure increase, while a negative
second derivative could indicate an acceleration in blood pressure decrease. The third derivative captures the variation in
the acceleration, meaning the rate at which the acceleration changes [46]. This is particularly useful for detecting unusual
changes, eg, blood pressure fluctuations or respiration rate.

We observed that some features (AR-D, AR-M, AR-R, AR-S, Temp, CO2-EX, and CO2-IN) had excessive missing
values across participants (more than 40%). As is, they would have induced biases in the classifier. However, since they
all related to important clinical information commonly present in more critically ill patient states (eg, presence of an
arterial line for a patient in shock, intubation for a patient in respiratory failure, and internal body temperature probe for
an intubated hypothermic patient), we elected to replace them with Boolean (Presence/Absence) variables to indicate
whether an arterial line was installed, when a patient was intubated, or whether an internal body temperature probe was
installed.

Features selection

Our objective was to identify significant differences between the two vigilance states (hypovigilant vs. non-hypovigilant)
with a non-normal distribution of the data. We elected to reduce the feature space by only selecting features that were
significantly different between both states, on average. To this end, we performed Mann-Whitney U [47] tests between
the distribution of features. The data set was divided into training and test sets (see Figure 3), and the Mann-Whitney U
test was performed separately on each set. Only the variables that were statistically significant within a particular set
were included in the respective model trained on that set. As a result, multiple models were generated, each using a
subset of the variables found to be significant in their respective set. This approach ensured that the models were tuned to
capture the most relevant features for predicting vigilance states, taking into account the variability observed across sets
in the cross-validation process. To provide statistics on the selected features, we counted the number of times a variable
was found to be significant across sets.
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Machine Learning Models

We employed three distinct AT models for detecting hypovigilance events: Random Forest (RF) from the Python Scikit-
learn library[48]: eXtreme Gradient Boosting (XGBoost) from the XGBoost library [49], and the Light Gradient-
Boosting Machine classifier (LGBM) from the LightGBM library [50]. We chose these three particular classifiers
because RF and XGBoost were used in prior studies to identify delirium and hypovigilance [28]. LightGBM was also
used because of its previous application in other ICU databases such as the Medical Information Mart for Intensive Care
IIT database [51].

RF is a real-time classification algorithm that excels in capturing non-linear relationships, making it applicable to diverse
domains such as genetic effect estimation and clinical outcome prediction [52]. It is composed of a set of data structures
characterized by decisions (branches), called trees, with each tree depending on random variables. It creates a forest from
a group of decision trees trained by the bagging method. The key notion behind the bagging method is the combination
of multiple learning models to improve overall sensitivity [52]. Designed for speed and performance, XGBoost uses
gradient-based decision trees. Tailored for classification and regression predictive modeling, preferred for tabular
datasets with dominant features [49]. The LightGBM classifier uses a classifier for iterative training to obtain optimal
identification models. It employs a gradient-boosting framework with a tree-based learning algorithm, which
strategically reduces the computational burden of structure score calculation. The algorithm also uses a histogram-based
approach for split point selection and adopts a leaf-wise strategy to streamline computation and improve accuracy [51].

Data Splitting and Hyperparameters Search

To preserve patient data and account for the limited number of patients in our dataset, we employed a 10-fold group
cross-validation strategy. The data was partitioned into groups of random size at the patient level. This approach ensured
that all within-patient-related information was retained during model evaluation, making models more robust to new
participants.

To enhance the performance of our three Al classifiers, we utilized the Random Search technique for hyperparameter
tuning for each split. This technique is widely recognized for its computational efficiency compared to traditional grid
search methods, as it requires less computational time [53].

Figure 3: Data splitting and hyperparameters optimization to evaluate the models’ performances.

All data
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Legend for Figure 3: The model was trained and evaluated using group cross-validation. The data was split at the patient
level into training and testing subsets for each fold of the cross-validation, with varying group sizes ranging from one to
several patients. Across all folds, the Mann-Whitney U test was performed to select only the significant features in each
model. Performance metrics (accuracy, precision, and recall) were computed on the testing subset during each fold.
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Performance Evaluation

The performance metrics included average accuracy, which measured the proportion of correct predictions made by the
model across all iterations of the cross-validation process; precision, which assessed the proportion of true positive
predictions among all positive predictions, providing insight into the model's ability to make precise classifications; and
average recall (sensitivity), which evaluated the model's capability to correctly identify positive instances from the entire
dataset. Additionally, we computed the average Area Under the Curve (AUC), which serves as a measure of our model's
ability to distinguish between positive and negative classes, and the average F1 score, which provides a balanced
assessment by considering both precision and recall. These metrics collectively indicated the overall performance of our
model in classification tasks.

To enhance our understanding of our best models, we utilized SHapley Additive exPlanations (SHAP) values [54]. To
calculate SHAP values, we selected one of the top-performing models from the 10-fold group cross-validation and
retrained it on the entire dataset of 30 participants. The resulting SHAP values provided insights into the weight of each
feature. This analysis offers a representative overview, although the exact feature importance may vary between models.

Sensitivity analyses

We also aimed to evaluate the inclusion of the medication variable (use of sedatives/analgesics) on the performance of
our models. We therefore performed two main sets of sensitivity analyses, one without and the second with the
medication variable as a variable of interest. We did not consider the specific treatments administered for the
management of delirium, we did evaluate the impact of the use but sedative and analgesic medications, which can
significantly influence hypovigilance.

Patient and Public Involvement

Patients and the public were not involved in the design, or conduct, or reporting or dissemination plans of this research.

Results

Patients characteristics

Among 146 patients considered for inclusion in our cohort, 30 were eligible (Figure 4). These 30 patients experienced a
total of 1,493 hypovigilant episodes and 764 non-hypovigilant episodes. Two participants did not have any hypovigilant
episodes. Participants in our cohort were: aged 69 years (mean), male (63%), admitted to the ICU for surgical (30%) or
medical (70%) reasons, and mostly intubated receiving IV sedation-analgesia medication (70%).

Table 2. Demographic and clinical characteristics of participants (N=30).

Demographic characteristics

Age (years), mean (SD); min-max 68.9 (11.0); 35-86
Height (cm), mean (SD); min-max 168.0 (8.9); 152-183
Sex, n (%)

Women 11 (36.7%)

Men 19 (63.3%)

Length of ICU stay (days), mean (SD); min- | 8.60 (5.29); 1.33-22.24
max

Comorbidities, n (%)

Cardiovascular diseases 22 (73.3%)
Respiratory disease 14 (46.7%)

Renal Disease 8 (26.7%)

Diabetes 8 (26.7%)

History of stroke 3 (10.0%)

No comorbidities 1 (3.3%)

Other 21 (70.0%)
Depression in the past, (n, %)
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Yes 1(3.3%)
No 29 (96.7%)
Type of admission, (n, %)
Medical 21 (70.0%)
Surgical 9 (30.0%)
Respiratory assistance, (n, %)
Yes 25 (83.3%)
No 5 (16.7%)
Intubated, n (%)
Yes 21 (70.0%)
No 9 (30.0%)

Admission assessment

Glasgow Coma Scale, mean (SD); min-max | 14 (1); 8-15

mean (SD); range

Functional Activity Questionnaire (FAQ), | 3 (5); 0-19

Clinical Frailty Scale, median ; IQR 2;5

Figure 4: Flowchart of the data collection process.

Patient screened
for inclusion

n=146

Patients not meeting inclusion criteria
n=115
Admission to ICU> 5 days: 5
Expected ICU stay (<48 hrs): 4
No family/substitute decision maker available: 6
Family/caregiver did not speak English/French: 1
Patient refusal: 6
Level of palliative care: 7
Infectious isolation/COVID: 33
Other reasons: 35

Research stafl not available : 19

Y

Patients included in the study

n=230

Figure 5: Significant features in the models.

https://preprints.jmir.org/preprint/60885

[unpublished, non-peer-reviewed preprint]



JMIR Preprints Giguere et a

Number of times the feature is significant
in the Mann-Whitney U test

Count

R —— ] S SR S I I e I M e e e o UL
Tl S o i R e BRSBTS
3 T g e £ o e EdE EEL EEEZFEEEL E EEJE £ JE EE S
3 = 5% 5 8 235598 508 859 i (e G S CGERE Y S % 3 =
T 3 A el fl sl =l o 0 0 O o ¥ 5 2 2 £ 5 ¢ ¢ T
® > Q T T 0 0 g 0 i i i = = = 4 ¥ ¥ A A A T T T >
| © T T T s B 0= LA o o o o o o a odin N NN NN AN L
v { o @ o 6 o o 0 O @ o 0 o ©:i60. 6 |
< 0 Z iz =z z -z = Tz e A 4 o 0 0 Ot
| ®w n O (2] g
o =

3

Variable

Figure 5 illustrates the frequency of significant features identified through the Mann-Whitney U test conducted during
model cross-validation. This is consistent across all of the classifiers, as they all had the same groups. The green bars
represent 35 features that showed significance, while the pink bars indicate significance when the medication variable
was included in sensitivity analyses. Variables that were consistently significant across multiple folds included CO2-
EX_availability (indicating intubation status), NBP-M, NBP-S, RR, and Temp_availability (indicating internal body
temperature probe presence). Following these key features, others frequently determined as significant were
AR_availability (arterial line presence), NBP-D, PVC, PVC_diff 2, RR_diff_1, SPO2-%, and SPO2-R. These features
exhibited varying degrees of importance across cross-validation folds, suggesting their potential relevance in detecting
hypovigilance episodes. Notably, the use of IV sedation and analgesia medication variable was significant in 10
instances, highlighting its importance in our models.

Classification Results

The classification results of our three Al classifiers, XGBoost, Random Forest (RF), and LightGBM, along with an
additional set of the three models incorporating the sedative/analgesic medication variable, are presented in Table 4.

Table 3: Classification performance metrics for our three AT models.

Average
1l
Model Average Aver"a.ge reca Average AUC Average F1
accuracy precision
(Sensitivity)
Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
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Models without
incorporating the
sedative/analgesic
medication variable
XGBoost 0.66 (0.11) 0.75(0.10) 0.73 (0.18) 0.58 (0.09) 0.68 (0.10)
Random Forest 0.67 (0.15) 0.76 (0.11) 0.68 (0.22) 0.60 (0.12) 0.69 (0.12)
LightGBM 0.68 (0.12) 0.76 (0.11) 0.74 (0.18) 0.60(0.12) 0.69 (0.11)
Models with the
incorporation of the
sedative/analgesic
medication variable
XGBoost 0.70 (0.15) 0.76 (0.13) 0.70 (0.19) 0.62 (0.14) 0.72(0.14)
Random Forest 0.71 (0.15) 0.77 (0.13) 0.64 (0.25) 0.63 (0.13) 0.72 (0.15)
LightGBM 0.70 (0.15) 0.76 (0.13) 0.71 (0.21) 0.62 (0.12) 0.72 (0.14)

For the models without the inclusion of the sedative/analgesic medication variable, the LightGBM model demonstrated
the highest average accuracy, average precision, average recall, average AUC, and average F1 score. Furthermore, it
exhibited an average sensitivity of 74% with a standard deviation of 18% and a average precision of 76% with a standard
deviation of 11%. XGBoost followed as the second-best classifier with an average recall of 73% (SD 18%) and an
average sensitivity of 75% (SD 10%). When the sedative/analgesic medication variable was incorporated, LightGBM
remained the top performing classifier, closely followed by XGBoost and RF. Their performances are relatively similar
except in terms of average recall, where both XGBoost and LightGBM have an average recall of 70% and 71%
respectively and RF achieved 64%.

Feature importance

Figure 6: SHapley Additive exPlanations (SHAP) values of the LightGBM model without incorporating the
sedative/analgesic medication variable model.
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Figure 6 depicts that the CO2-EX availability (intubation variable), NBP-S and RR were particularly influential features
in the model. SPO2-R, HR, and the NBP-M were also influential. The y-axis displays the feature names in order of
importance from greatest to least importance. The x-axis represents the average SHAP value, which indicates the impact
of each feature on the model. The model used to generate this figure is a LightGBM generated in the cross-validation that
used only these five features as inputs because the Mann-Whitney was significant only for these features.

Discussion

This study aimed to develop an Al model to identify hypovigilance episodes in patients using data from a single ICU.
Our results demonstrate that the differentiation of episodes of hypovigilance from non-hypovigilance episodes is possible
with three different classifiers using routinely acquired clinical ICU data.

Principal Results

Our LightGBM classifier showed slightly better results than XGBoost and RF across multiple evaluation criteria.
However, all the classifiers show significant variability in correctly identifying positive instances (true positives) across
different folds of the cross-validation process. The standard deviation of our results may be due to differences in
participant characteristics or class imbalances during training. The precision of 76% with a standard deviation of 11%
indicates the ability to correctly identify positive instances among all instances classified as positive across different
folds. LightGBM classifiers generally outperformed both XGBoost and Random Forest in terms of average accuracy,
precision, recall, AUC, and F1 score. These results demonstrate the potential for future prospective external validation
with larger data sets. An average recall rate of 74% indicates effective detection of hypovigilant episodes. The XGBoost
algorithm achieved a recall rate of 73% and an average precision rate of 75%. A screening tool needs to be sensitive. This
is best addressed by a model with a high recall [55]. Although these values may not be exceptionally high individually,
collectively they demonstrate promise for potential future refinement and validation for clinical use.

Our analysis also revealed a clear and anticipated improvement in model performance with the inclusion of IV sedative
and analgesic medications, correlating with the occurrence of hypovigilant episodes. This suggests the importance of

incorporating data about IV sedative and analgesic medications into a predictive model for monitoring and predicting
hypovigilant episodes, and eventually a continuous delirium prediction model.

Comparison With Prior Work

The majority of research on hypovigilance has previously been conducted in laboratory settings, which offer a highly
regulated setting but might not accurately reflect real-world ICU situations [28]. The field of vigilance research has been
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hindered by inconsistent and poorly defined terminology, making it hard to compare our results to all of the existing
literature on the subject [27]. The existing research is also mostly focused on driving and flight simulations, during which
operators do experience hypovigilance, but it may not present the same as ICU patients [28]. Our results from the ICU
setting are interesting, as bedside nurses monitor patients' vigilance hourly, and medical devices automatically capture
physiological markers used to monitor patients. These markers can be used to monitor vigilance automatically.

Comparable delirium prediction models, which also use non-invasive features show similar or slightly better
performances. For example, the model developed by Oh et al. (2018) [55] achieved a balanced accuracy of 70%, with a
maximum accuracy of 71.5%, only using automatically collected variables, notably HRV. These results are in line with
other delirium studies using EEG and ECG [57]. Despite our lower performance compared to Oh et al. (2018), our model
still shows promise considering that we derived our algorithm on a smaller dataset without HRV data.

Current delirium prediction models rely on static data collected by clinicians, such as age, mechanical ventilation, and
sedative administration. Most models use a single snapshot in time, typically within 24 hours of admission, and do not
account for fluctuations in a patient’s condition during their ICU stay [2]. This approach is inconsistent with critical
illness and delirium pathophysiology [2]. To improve the accuracy of delirium diagnostic and prediction models, we
considered the dynamic nature of a patient's condition and incorporated real-time data into our models [2]. A future
enhanced and more accurate automated model could potentially offer real-time patient monitoring throughout their ICU
stay. Such a model could utilize data that is generally accessible across all ICUs. Further, the variability of the baseline
"gold standard" in hypovigilance detection or prediction models is a significant challenge. Different studies use diverse
measures, some lacking prior validation [28]. To address this, our study used two validated sedation scales (RSS and
RASS) in a clinical setting, incorporating a validated gold standard to enhance the labeling process of our hypovigilant
state.

Strengths

Our study has some strengths. First, by conducting our research in a real-world ICU setting and using routinely collected
vital signs and physiological markers in ICUs around the world, we ensured that our findings are relevant and
transferable to similar healthcare settings. In addition, we employed rigorous data collection methods using an automated
vital sign data collection system. This ensures the consistency and accuracy of our data set, minimizing the risk of
classification bias. Our data collection and classification methods are entirely non-invasive and exclude procedures such
as blood tests or EEGs, thereby emphasizing the integration potential into machine learning-based autonomous systems.
Given that no baseline sociodemographic variables such as age, gender, past medical history, or other clinical variables
were included in our model, our model without the IV sedative/analgesic medication variable could stand alone without
any human-collected data. Additionally, our Al-derived detection model based on automatically collected vital signs is
agnostic to language which would make our model more equitable for patients who speak languages different from their
healthcare providers.

The study analyzed numerous episodes of hypovigilance and non-hypovigilance in ICU patients. These episodes often
lasted for extended periods, making them suitable for detailed analysis. The experienced nurses' regular assessments of
vigilance using the RASS or RSS provided a rich dataset for training machine learning models. The expertise and
familiarity of the bedside nurses with these standard assessment tools contributed to the reliability and credibility of our
outcome measures.

Our study also took advantage of the routine use of IV sedatives and analgesia medications in the ICU, such as propofol,
hydromorphone, fentanyl, and midazolam that induce prolonged states of deep sedation. This provided valuable
opportunities to detect episodes of hypovigilance, allowing us to refine our model and improve its effectiveness in
identifying clinically relevant conditions. Identification of hypovigilance has important implications for healthcare
settings for screening persons at risk of delirium. Delirium screening is a time-consuming task that requires completing
multicomponent screening tools such as the Confusion Assessment Method for the Intensive Care Unit. Motivated by the
growing sophistication of Al models in the medical domain, our project investigated the possibility of using machine
learning to enhance the screening capacity in the context of nursing shortages. This potentially represents a viable path
towards improving patient outcomes and decreasing the workload of healthcare professionals [58]. More work is still
needed to develop a practical and reliable tool for hypovigilance assessment in the context of detecting and predicting
delirium episodes. The creation of Al algorithms capable of timely detecting the onset of hypovigilant episodes may
allow clinicians to apply treatments or mitigation measures, thereby enhancing patient outcomes in the ICU setting.
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Limitations

We utilized PROBAST to assess the risk of bias in our model [34]. The PROBAST checklist is provided in Appendix B.
Based on this assessment, we identified several limitations to our study. First, our study only recruited a small cohort
consisting of only 30 participants. To mitigate this limitation, we employed a 10-fold group cross-validation approach.
Future studies that include a larger sample in other ICUs will help identify new patterns in physiological marker
fluctuations that help identify hypovigilant states. The cross-validation method used to evaluate the model's performance
across multiple patient groups helped make use of all our small dataset. The cross-validation strategy also helped identify
stable and reliable model performance metrics, minimizing overfitting risk and providing more accurate estimates of the
model's true performance on the whole patient dataset. Our model's wide standard deviations are attributed to our small
dataset. Nonetheless, our models showed moderate discriminative power, surpassing chance levels which suggests a
hopeful path for future refinement and improvement.

A second limitation comes from the fact that our models were built using physiological data captured at low frequency
using one-minute intervals. Low-frequency data collection limited our ability to capture the subtle changes in high-
frequency variations that could be manifested in the transition from non-hypovigilant to hypovigilant states, such as
changes in HRV. HRV would have been a valuable characteristic — as shown in other contexts [28] - but we could not
collect it with our current GE CARESCAPE Gateway setup. To address this lack of HRV, we investigated the use of
derivative heart rate metrics in our study and the use of other cardiac measures such as PVC.

While other, more sophisticated hypovigilance detection models incorporate electroencephalography (EEG) data [28],
continuous EEG data was not available in our study. In fact, few ICUs have access to continuous EEG monitoring for all
their patients at the same time, underscoring the importance of developing a model that does not rely on these
complicated sensors to ensure its generalizability to all patients. Hence, our approach enables the evaluation of
hypovigilance detection in a broader context, where EEG may not be available.

Finally, medication administration is not automatically or digitally captured in our ICU. Charting of medication
administration was manually documented by bedside nurses in patients charts. Our study also limited its data collection
only to intravenous (IV) sedatives and analgesics administered, ignoring for the moment the potential impact of orally
administered sedatives, analgesics and psychoactive medications. Future Al algorithms that use data from digital
medication administration charting tools would offer new opportunities to build better Al algorithms to detect and predict
hypovigilant states and hypoactive delirium episodes.

Conclusion

We developed an automatic machine learning algorithm to detect hypovigilance in ICU patients using only routine and
easily captured physiological parameters. The classifiers presented in this study demonstrated that hypovigilance could
be distinguished from non-hypovigilance cases with modest results. Our models exhibited consistency and potential for
improvement. Our study underscores the potential of machine learning algorithms in real-world clinical settings and
identifies avenues for future research to enhance the detection of hypovigilance and improve patient outcomes.
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DSM-5: American Psychiatric Association's Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition

EEG: Electro-encephalography
ECG: Electro-cardiography
FAQ: Pfeffer Functional Activities Questionnaire
GE: General electric
HR: Heart rate
HRV: Heart rate variability
ICU: Intensive care unit
LightGBM: light gradient-boosting machine classifier
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NBP-M: Non invasive blood pressure mean
NBP-S: Non invasive blood pressure systolic
PNS: parasympathetic autonomic nervous system
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RASS: Richmond Agitation and Sedation Scale
RF: Random forest
RR: Respiratory rate
RSS: Ramsay sedation scale
SHAP: SHapley Additive exPlanations
SPO2-%: Oxygen saturation
SPO2-R: Pulse oximeter pulse rate

TRIPOD: Transparent Reporting of a multivariable prediction model for Individual Prognosis

XGBoost: eXtreme Gradient Boosting
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Labeling process to identify episodes of hypovigilance using the corresponding Ramsay Sedation Scale and Richmond

Agitation and Sedation Scale.
Ramsay RASS  Vigilance state

+4 Non-hypovigilant

1 +3 Non-hypovigilant

Agitated +2 Non-hypovigilant

Restless +1 Non-hypovigilant

Alert and calm 2 0 Non-hypovigilant
Drowsy 3 -1 Hypovigilance
Light sedation -2 Hypovigilance
Moderate sedation 4 -3 Hypovigilance
h) -4 Hypovigilance
6 -5 Hypovigilance
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Label identification process.
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Data splitting and hyperparameters optimization to evaluate the models' performances.
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Flowchart of the data collection process.

Patient screened
for inclusion

n= 146

Patients not meeting inclusion criteria
n=115

Admission to ICU> 5 days: 5

= Expected ICU stay (<48 hrs): 4
No family/substitute decision maker available: 6
Famuly/caregiver did not speak English/French: |
Patient refusal: 6
Level of palliative care: 7
Infectious isolation'COVID: 33
Other reasons: 35

Research stafl not avanlable @ 19

A%

Patients included in the study

mn=30
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Number of times the feature is significant

in the Mann-Whitney U test

Significant features in the models.
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SHapley Additive exPlanations (SHAP) values of the LightGBM model without incorporating the sedative/analgesic
medication variable model.
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Transparent Reporting of amultivariable prediction model for Individual Prognosis or Diagnosis for machine learning models.
URL.: http://asset.jmir.pub/assets/5e660326db0cd3d8883d475566a62452. pdf

PRediction model Of Bias ASsessment Tool (PROBAST) to identify potential biases.
URL.: http://asset.jmir.pub/assets/35cf033305bbel 737c758a81d7799e48.docx

Questionnaires used to describe the cohort.
URL: http://asset.jmir.pub/assets/e7550d9b07ce6438e41deaffa27d75c2.docx
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