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AnesNet: a versatile deep convolutional 2
framework for predicting depth of anesthesia
using BIS and multimodal intraoperative
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Abstract

Deep anesthesia is associated with delayed recovery, postoperative cognitive dysfunction, and increased long-
term mortality. In clinical practice, improper control of anesthesia depth can lead to intraoperative awareness or
excessive suppression, thereby elevating the risk of postoperative neurological complications. Therefore, accurate
monitoring and prediction of anesthesia depth are of great clinical importance. Currently, the bispectral index
(BIS) is the most widely used clinical tool for assessing anesthesia depth by analyzing electroencephalogram (EEG)
signals. However, existing BIS monitoring models can only provide real-time assessments and cannot effectively
predict the trend of anesthesia depth. To address this limitation, this study proposes AnesNet, a deep learning—
based model designed to provide early warnings of anesthesia depth 5, 10, and 15 min in advance. Considering
diverse clinical needs, AnesNet supports both regression and classification prediction paradigms, enabling
continuous depth forecasting and risk-oriented early warning of clinically unfavorable anesthesia states. A total
of 2,803 surgical patients were included in this study. Results show that AnesNet achieved an AUROC of 0.895 in
classification tasks and a MAE of 4.90 in regression tasks. Furthermore, feature ablation experiments demonstrated
the model’s interpretability, enabling quantification of the contribution of individual physiological parameters to
the prediction outcomes.
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Introduction

Achieving the appropriate depth of anesthesia is essential
for optimal surgical outcomes. A light hypnotic level may
cause intraoperative awareness [1], potentially leading to
post-traumatic stress disorder or depression [2]. On the
other hand, deeper levels of hypnosis have been associ-
ated with a range of adverse outcomes, including delayed
awakening and recovery [3, 4], potentially postoperative
complications such as cognitive dysfunction [5, 6], and
possibly long-term mortality [7]. Inadequate intraopera-
tive monitoring of anesthesia depth is considered a sig-
nificant factor contributing to suboptimal anesthesia
management [8], underscoring the need for consistent
and accurate monitoring.

The Bispectral Index (BIS) is currently the most widely
used method in clinical practice for monitoring intra-
operative anesthetic depth. BIS assesses brain activ-
ity through electroencephalogram (EEG) signals [9],
which are presented as a numerical ‘BIS values’ ranging
from 0 (no brain activity) to 100 (fully awake). BIS val-
ues between > 40 and < 60 represent adequate general
anesthesia for surgery, and values < 40 represent a deep
hypnotic state [10]. Although BIS values are a tool used
by anesthesiologists to monitor the depth of anesthe-
sia, by the time an inappropriate depth is indicated by
the BIS value, the patient may have already incurred the
risks associated with a hypnotic level that is too light or
too deep. Therefore, models that can predict the hypnotic
level in real time, allowing anesthesiologists to adjust
sedation before an inappropriate depth of anesthesia
occurs, are critically needed.

A previous study indicated that anesthesiologists pre-
fer to administer deep anesthesia due to the fear of light
anesthesia and resulting intraoperative awareness [11].
Other studies have demonstrated a substantial increase
in patient exposure to anesthetic drugs with routine
care [3, 5, 12]. Collectively, the literature indicates that
patients are more likely to be exposed to the risks of deep
anesthesia rather than light anesthesia, and clinical tools
are needed to ensure that the increased exposure to deep
anesthesia does not lead to more adverse outcomes. In
particular, accurate predictive models that can identify
risk of deep hypnotic events with enough time to adjust
anesthetic depth represent an urgent unmet need.

Most previous studies used machine learning
approaches to analyze EEG data to approximate BIS in
real time [13—18] rather than predicting future BIS val-
ues. These studies used features extracted from EEG as
the single data source for estimating depth of anesthesia;
however, the anesthesia-induced changes in brain activ-
ity also affect the central nervous system’s regulation
of peripheral organ function and vital signs, including
heart rate, blood pressure, pulse oxygen saturation, and
end-tidal carbon dioxide, indicating that these clinical
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features may provide important information to predict
future depth of anesthesia intraoperatively.

Traditional machine learning methods such as Random
Forest (RF) and Support Vector Machine (SVM) perform
well on structured, low-dimensional feature data but typ-
ically rely on handcrafted feature engineering [19], which
limits their ability to directly process high-dimensional,
continuous physiological waveform data and to model
complex temporal dependencies and nonlinear interac-
tions among multimodal signals. In contrast, convolu-
tional neural networks (CNNs) can automatically learn
multi-scale temporal features from raw time-series data
and effectively integrate multi-channel physiological sig-
nals [13], making them more suitable for modeling BIS
and multimodal intraoperative physiological waveforms.
Therefore, this study adopts CNN as the primary mod-
eling framework to enable more accurate prediction of
future anesthesia depth.

This study aims to develop a predictive model capable
of utilizing either single- or multi-channel intraoperative
physiological signals to provide real-time early warnings
of future trends in anesthesia depth, assessing whether
clinically available BIS values, either alone or in combi-
nation with other intraoperative physiological signals,
can help predict anesthesia depth. We propose a novel
convolutional neural network architecture, AnesNet,
designed to support the prediction task of anesthesia
depth, which can be implemented through two modeling
approaches—regression for forecasting future BIS values
and classification for identifying imminent deep anes-
thesia events—while supporting variable input channel
configurations to accommodate diverse clinical monitor-
ing scenarios. Compared to traditional models, AnesNet
incorporates not only electroencephalographic indicators
(BIS), but also multimodal physiological signals includ-
ing arterial blood pressure (ABP), electrocardiogram
(ECG-II), photoplethysmography (PLETH), and end-
tidal carbon dioxide (ETCO,). This multimodal integra-
tion enhances the model’s predictive capability regarding
intraoperative anesthesia state fluctuations. We trained
and evaluated the model using a large-scale dataset from
surgical patients, and conducted ablation experiments to
quantify the contribution of each input signal. The results
demonstrate that AnesNet offers valuable early-warning
capabilities and decision support for anesthesia manage-
ment, showing strong potential for clinical application.

Methods

To investigate the feasibility of predicting intraopera-
tive deep hypnotic events, we constructed a deep learn-
ing pipeline centered around AnesNet. As illustrated in
Fig. 1, this framework consists of four major stages: (I)
Data Acquisition, in which physiological waveform data
were collected from the VitalDB repository containing
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Fig. 1 Overview of the AnesNet framework for intraoperative anesthesia depth prediction

more than 6,000 surgical cases; (II) Signal Selection,
where five key physiological indicators (BIS, ABP, ECG-
II, PLETH, and ETCO,) were chosen; (III) Data Parti-
tioning, in which 2,803 eligible patients were divided
into training, validation, and test sets (60%, 10%, and
30%, respectively); and (IV) Model Training and Evalu-
ation, during which the proposed AnesNet architecture
was trained and validated for both classification and
regression tasks. This model supports both classification
and regression tasks to accommodate different clinical
objectives. For each patient, 30-second waveform seg-
ments were extracted at 5, 10, and 15 min prior to labeled
events (deep hypnotic or non-hypnotic), enabling time-
lagged prediction of BIS trends. The final model outputs
either a binary probability of deep hypnosis (AnesNet-C)
or a continuous BIS score estimate (AnesNet-R), demon-
strating both flexibility and high predictive performance
across multiple temporal horizons.

Data source

The data used in this study were sourced from the
VitalDB database (http://vitaldb.net/data-bank) [20], a
publicly available research dataset which provides physi-
ological monitoring data from various devices for 6,388
surgical patients. These patients underwent non-cardiac
(general, thoracic, urologic, and gynecologic) surgeries
in 10 out of the 31 operating rooms at Seoul National
University Hospital, Seoul, Republic of Korea, from
June 2016 to August 2017. A waiver of study approval
was granted by the Institutional Review Board (IRB)
of Peking University Third Hospital because of the use
of de-identified data. The original study (VitalDB) was
approved by the IRB of Seoul National University Hos-
pital (H-1408-101-605) and written informed consent
was waived due to the retrospective nature of the study
design. The original study was registered at clinicaltrials.
gov (NCT02914444, Principal investigator: Chul-Woo
Jung, Date of registration: 2016-09-26).

The database contains clinical information, hemody-
namic parameters, and laboratory results recorded dur-
ing surgery. Five physiological signals were selected as
the primary inputs for analysis: ABP, ECG-II, PLETH,
ETCO,, and BIS values. ABP and ECG-II represent
cardiovascular regulatory function; PLETH captures
peripheral perfusion dynamics; and ETCO, indicates
respiratory function, all of which complement BIS by
providing additional physiological context for predicting
anesthesia depth.

Data preprocessing

We first extracted data containing the aforementioned
signals. Arterial blood pressure, electrocardiogram, and
pulse oximetry data were obtained using the GE Health-
care Tram-Rac (SNUADC) patient monitor, with a wave-
form acquisition interval of 1/500 seconds. The CO2
waveform was collected using the Drager Primus anes-
thesia machine, with a waveform acquisition interval of
1/62.5 s. During the waveform extraction process, all
data were resampled to 100 Hz. BIS values were obtained
from the Covidien BIS Vista EEG monitor at a sampling
rate of 1 Hz.

To ensure data integrity, a rigorous quality-control
process was performed. Acceptable signal ranges were
defined as follows: BIS, 0-100; ABP, 0-200 mmHg;
ECG-II voltage, > -1 mV; PLETH, 0-70; and ETCO,,
0-60 mmHg. Waveforms exhibiting random or irregular
fluctuations, sudden spikes, prolonged drifts, harmonic
distortion, flat lines, or truncation were excluded from
analysis.

After quality control, 2,803 patients were included in
the study and randomly divided into training (n=1,682),
validation (7=280), and test (#=841) sets at a ratio of
6:1:3. A deep hypnotic event was defined as any con-
tinuous segment lasting more than 5 min with a BIS
value <40. In addition to BIS values, the other predictive
features included waveforms of ABP, ECG-II, PLETH,
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and ETCO,. To predict deep hypnotic events, 30-second
waveform segments occurring 5, 10, or 15 min before
each event were used as input. In contrast, non-hypnotic
events were defined as continuous segment of non-
hypnotic state lasting more than 20 min, and the input

Table 1 Data characteristics
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segments were taken 5, 10, or 15 min before and after

each non-hypnotic event.

Data analysis

Table 1 summarizes the baseline characteristics of the
2,803 patients included in the training, validation, and

Training dataset Validation dataset Test dataset p-value
(n=1682, 60%) (n=280, 10%) (n=841, 30%)
Age, years (SD) 59 (15) 60 (15.5) 59 (14.5) 0.2177
Sex, n (%) 0.7063
Male 940 (55.9) 149 (53.2) 466 (55.4)
Female 742 (44.1) 131 (46.8) 375 (44.6)
Height, cm (SD) 163 (9.5) 162 (9) 163 (9.5) 0.7015
Weight, kg (SD) 61(11.5) 61(12.5) 62 (11.5) 0.6364
Body mass index, kg/m2 (SD) 23 (4) 23 (4) 23(3.5) 0.3462
ASA grade, n (%) 0.5602
1 352(21.3) 59 (21.3) 171 (21.0)
2 1023 (62.0) 183 (66.1) 527 (64.7)
3 256 (15.5) 33(11.9) 107 (13.1)
4 13(0.8) 1(04) 6(0.7)
5 0(0.0) 0(0.0) 0(0.0)
6 5(03) 1(04) 4(0.5)
Preoperative comorbidity, n (%)
Hypertension 569 (33.8) 97 (34.6) 287 (34.1) 0.9610
Diabetes mellitus 201 (12.0) 33(11.8) 108 (12.8) 0.7921
Pulmonary function test, n (%) 0.6136
Normal 1369 (81.4) 235 (84.0) 697 (82.9)
Obstructive-dominant pattern 218 (13.0) 33(11.8) 95 (11.3)
Restrictive-dominant pattern 95 (5.6) 12 (4.3) 49 (5.8)
Emergency operation, n (%) 213(12.7) 36 (12.9) 103 (12.2) 0.9447
Surgical domain, n (%) 0.8693
General surgery 1039 (61.8) 171 (61.1) 526 (62.5)
Gynaecologic surgery 93 (5.5) 13 (4.6) 46 (5.5)
Thoracic surgery 528 (31.4) 92 (32.9) 255(30.3)
Urogenital surgery 22(1.3) 4(14) 14(1.7)
Approach, n (%) 0.9255
Open 683 (40.6) 115 (41.1) 342 (40.7)
Robotic 64 (3.8) 10 (3.6) 43 (5.1)
Videoscopic 935 (55.6) 155 (55.4) 456 (54.2)
Anaesthesia, n (%) 0.1466
General 1681 (99.9) 279 (99.6) 841 (100.0)
Sedation analgesia 1(0.1) 1(04) 0(0.0)
Spinal 0(0.0) 0(0.0) 0(0.0)
Duration of anaesthesia, min (SD) 241 (106.5) 245 (114.5) 244 (102.5) 06797
Postop in-hospital stay, day (SD) 12 (15.5) 13(21) 11(11.5) 0.8072
Postop ICU stay, day (SD) 1(5) 1(2.5) 1(1.5) 0.9907
In-hospital mortality, n (%) 17 (1.0) 1(04) 10(1.2) 04773
Dataset composition
Deep hypnotic event, n (%) 2505 (13.2) 356 (11.5) 1134 (11.7)
per patient, n (SD) 1(2.5) 1(3) 1(2.5)
Non-deep hypnotic event, n (%) 16,520 (86.8) 2732 (88.5) 8583 (88.3)
per patient, n (SD) 10 (7) 10 (7) 10 (8)

“Per patient, n (SD)" represents the mean number of events per patient and the corresponding standard deviation across patients
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test datasets. The three datasets were comparable in
demographic, anthropometric, and clinical parameters,
with no statistically significant differences observed
among them (all p>0.05). The mean age of patients was
approximately 59 years, and males accounted for about
55% of the population. Most patients were classified as
American Society of Anesthesiologists (ASA) grade II
and underwent general anesthesia, primarily for gen-
eral or thoracic surgical procedures. The proportions of
emergency operations, surgical approaches, and comor-
bidities such as hypertension and diabetes mellitus were
also balanced across the datasets.

Regarding intraoperative and postoperative vari-
ables, the mean anesthesia duration was approximately
240 min, and the average postoperative hospital stay was
around 12 days. The incidence of in-hospital mortality
was low (<1.5%) across all groups. Dataset composition
analysis showed that deep hypnotic events accounted
for roughly 12% of all labeled events, with the remainder
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representing non-deep hypnotic states. These findings
indicate that the dataset partitioning was statistically bal-
anced and suitable for model training and evaluation.

AnesNet

The proposed AnesNet architecture is a multi-channel
one-dimensional convolutional neural network (1D-
CNN) designed to extract temporal dependencies from
physiological waveform data. As illustrated in Fig. 2, the
input signals—including BIS, ABP, ECG-II, PLETH, and
ETCO,—are concatenated along the channel dimension
to form a unified multi-channel input tensor. For each
30-second signal segment sampled at 100 Hz, the tempo-
ral length is T'=3000, and the number of input channels
is N. The resulting input can therefore be represented as

X e RVxT
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Fig. 2 Architecture of the proposed AnesNet deep learning model for anesthesia depth prediction
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Each 1D convolutional layer applies C convolutional ker-
nels of size k to capture local temporal features. The out-
put of the c-th channel at time step t is defined as

N k
ch,t = Z Z Wc,n,j . X’n, t4+j—1 + bc

n=1 j=1

where W, , jdenotes the j-th weight of the c-th kernel on
the n-th input channel; b, is the bias term. The resulting
output feature map can be expressed as

YE RNXT/

Here, T7=T — k + 1 represents the temporal dimension
after convolution. Each convolutional layer is followed
by batch normalization, a ReLU activation function,
and max-pooling to improve numerical stability and
reduce temporal resolution. Stacking multiple convolu-
tional blocks allows the model to progressively capture
both short- and long-range temporal dependencies in
the physiological signals. A global average pooling layer
aggregates the extracted features across time, and a fully
connected (dense) layer produces the final task-specific
outputs.

Table 2 Performance of the AnesNet-C

Predic- Model AUROC Sensitivity Specificity
tion (95% (95% Confidence (95% Con-
lag Confidence Interval) fidence
Interval) Interval)
5min 5-parameter  0.8953 0.8289 0.8301
multichannel  (0.8858- (0.8070-0.8508) (0.8222-
model 0.9049) 0.8381)
Bispectral- 0.8920 0.8228 0.8242
index-only (0.8826— (0.8005-0.8450) (0.8161-
model 0.9015) 0.8322)
4-parameter  0.6207 0.5855 0.5849
multichannel  (0.6041- (0.5569-0.6142) (0.5745-
model 0.6373) 0.5953)
10min  5-parameter  0.8648 0.7989 0.8007
multichannel (0.8509- (0.7700-0.8279) (0.7903-
model 0.8786) 0.8110)
Bispectral- 0.8519 0.7857 0.7857
index-only (0.8370- (0.7556-0.8158) (0.7749-
model 0.8668) 0.7965)
4-parameter  0.5988 0.5666 0.5682
multichannel (0.5781- (0.5317-0.6016) (0.5548-
model 0.6195) 0.5815)
15min  5-parameter  0.8421 0.7642 0.7658
multichannel (0.8262- (0.7297-0.7987) (0.7525-
model 0.8581) 0.7791)
Bispectral- 0.8233 0.7561 0.7578
index-only (0.8050— (0.7210-0.7911) (0.7441~
model 0.8417) 0.7715)
4-parameter  0.6232 0.5763 0.5794
multichannel  (0.5982- (0.5340-0.6186) (0.5642-
model 0.6482) 0.5947)
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Two variants of the model were developed: AnesNet-C
(Fig. 2-A) for classification and AnesNet-R (Fig. 2-B) for
regression. In AnesNet-C, the output layer employs a sig-
moid activation function to map predictions to a prob-
ability between 0 and 1, representing the likelihood of an
impending deep hypnotic event. In AnesNet-R, the out-
put layer uses a linear activation to estimate the continu-
ous BIS value at the target time point.

In addition, the model’s architecture—including the
number of layers and channel widths—is adjusted based
on the prediction interval (5, 10, or 15 min) to better
capturetemporal dynamics over varying time scales. For
instance, the 5-minute prediction uses a shallower net-
work with four convolutional layers and progressively
increasing channel sizes, whereas the 15-minute predic-
tion employs a deeper network with seven convolutional
layers.

Result

The classification performance of AnesNet-C is sum-
marized in Table 2. The results show that the model
consistently demonstrates strong predictive abil-
ity across 5-, 10-, and 15-minute prediction intervals,
achieving AUROC values of 0.8953, 0.8648, and 0.8421,
respectively.

To assess the importance of different input features,
we conducted ablation studies by building two addi-
tional models: a BIS-only single-channel model, and a
four-parameter model using only conventional vital signs
(ABP, ECG-II, PLETH, and ETCQO,). The BIS-only model
performed slightly worse than the full hybrid model, sug-
gesting that BIS signals alone are highly informative for
predicting deep hypnotic events. In contrast, the four-
parameter model showed significantly lower perfor-
mance than both the full model and the BIS-only model,
with AUROC values below 0.63, indicating that conven-
tional vital signs alone are insufficient for accurate pre-
diction of deep anesthesia events in the absence of BIS.

Furthermore, model calibration curves generated via
bootstrapping, as shown in Fig. 3, demonstrated good
fit and calibration performance of the primary model
Overall, these results suggest that integrating BIS with
conventional physiological signals improves predictive
performance, while BIS alone provides highly representa-
tive information regarding anesthetic depth.

Table 3 summarizes the performance of the regression
models across different prediction intervals. The primary
hybrid model, which incorporates BIS and the four physi-
ological signals, achieved MAEs of 4.90, 5.44, and 5.65
for the 5-, 10-, and 15-minute intervals, respectively,
outperforming all other models in both accuracy and
generalization stability. As part of the ablation study, the
BIS-only model consistently had slightly higher MAEs
than the full model across all time points, reinforcing
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15 min prediction

Fig. 3 Bootstrapped calibration curves of the primary model

Table 3 Performance of the AnesNet-R

Predic- Prediction Factors  MAE AUROC
tion lag (95% Confidence  (95%
Interval) Confidence
Interval)
5min 5-parameter multi- 49024 0.8829
channel model (4.7654-5.0299) (0.8736-0.8921)
Bispectral-index-only 4.9415 0.8828
model (4.8083-5.0587) (0.834-0.8922)
4-parameter multi- 7.1255 0.5772
channel model (6.9863-7.2663) (0.5605-0.5939)
10 min  5-parameter multi- 54433 0.8595
channel model (5.2690-5.6046) (0.8456-0.8733)
Bispectral-index-only  5.4435 0.8593
model (5.2726-5.6050) (0.8452-0.8733)
4-parameter multi-  7.1516 0.5642
channel model (6.9809-7.3322) (0.5421-0.5864)
15min  5-parameter multi- 56518 0.8411
channel model (5.4445-5.8599) (0.8246-0.8576)
Bispectral-index-only  5.6633 0.8401
model (54466-5.8662) (0.8233-0.8568)
4-parameter multi- 76047 0.5425
channel model (7.3995-7.8109) (0.5179-0.5672)

BIS’s dominant role in regression-based prediction. In
contrast, the four-parameter model showed markedly
higher MAEs (e.g., 7.13 for 5-minute prediction), indi-
cating that conventional vital signs alone are insufficient
to accurately reconstruct BIS values. Notably, all models
exhibited a modest increase in MAE with longer predic-
tion intervals, reflecting greater uncertainty in forecast-
ing over extended time horizons. Although the regression
models’ AUROCs were generally slightly lower than
those of the classification models, the primary model still
maintained AUROCs between 0.84 and 0.88 across all
intervals, demonstrating strong discriminative ability.

In summary, the results indicate that BIS is the core
information source for predicting future BIS trends;
incorporating multiple vital signs in a five-channel hybrid
model further improves prediction accuracy; and con-
ventional multiparameter monitoring data, without EEG-
based BIS, cannot effectively replace BIS in assessing
anesthetic depth.

Discussion

Properly monitoring the depth of anesthesia is crucial
during surgical procedures. Deep anesthesia may be asso-
ciated with increased risks to patients [3, 4], possibly a
higher incidence of postoperative complications [3, 5, 6],
prolonged hospitalization [21], and potentially elevated
mortality rates [7]. Accurately monitoring anesthesia
depth and administering appropriate anesthetic agents
is challenging due to the variability in patient responses
to standard drug doses. This study showed that a deep
learning model can predict deep hypnotic events on the
basis of BIS values alone or in combination with ABP,
ECG-II, PLETH, and ETCO2 5, 10, and 15 min before the
deep hypnotic event. The model exhibited satisfactory
performance across diverse patients and types of surgery.

Multiple studies have demonstrated frequent, unneces-
sary, and excessive anesthetic exposure with routine care
[3, 5, 12]. Chan et al. reported that routine care resulted
in a 21% increase in propofol delivery and a 30% increase
in volatile anesthetics compared to BIS value-guided
anesthesia [5]. These findings suggest that patients are
frequently subjected to an increased risk of deep anesthe-
sia when anesthesiologists rely solely on their experience
without the aid of depth-of-anesthesia monitoring.

Traditionally, the depth of anesthesia is approximated
through vital signs, including ABP, ECG-II, PLETH,
and ETCO2. These monitoring practices are established
and considered as standard care protocols. Our find-
ings revealed that a 4-parameter multichannel model,
incorporating the aforementioned routinely acquired
biosignals, did not achieve satisfactory performance in
predicting deep hypnotic events. The model’s sensitiv-
ity and specificity were between 56% and 58%, indicat-
ing that the model failed to detect nearly half of the deep
hypnotic events. This could be because patient vital signs
may not accurately reflect the depth of anesthesia; rather,
they might only reflect the indirect effects of anesthesia
on the brain.

During surgery, monitors record and process the brain’s
spontaneous electrical activity. Several EEG-derived indi-
ces, such as the BIS value [18] and Patient State Index
[22], have been developed to measure hypnotic levels
during anesthesia. Among these, the BIS monitor was the
first device approved by the FDA to measure hypnotic



Qi et al. BMC Anesthesiology (2026) 26:198

levels and is the most studied method to date. The BIS
value is a valuable tool for assessing anesthesia depth,
with a BIS < 40 conventionally indicating deep anesthe-
sia [10]. However, by the time anesthesiologists observe
a BIS below this threshold, the patient may already be
in a deep hypnotic state. This delay in detection puts
patients at risk of adverse outcomes if the anesthesiolo-
gist is unable to adequately correct the hypnotic state
very rapidly.

Predictive models forecasting the risk of deep anesthe-
sia could aid anesthesiologists in proactive intervention,
thereby optimizing clinical management and mitigating
associated risks. Deep learning algorithms are increas-
ingly used for analyzing biosignal waveforms to predict
medical conditions, such as intraoperative hypotension
[23]. Efforts have been also made to estimate the depth of
anesthesia. However, most previous studies aimed at pre-
dicting the depth of anesthesia have focused on approxi-
mating BIS values in real time from EEG data, rather than
directly predicting them [13, 18]. The model proposed by
Alsafy [17], which used hierarchical dispersion entropy
coupled with a community graph detection approach,
demonstrated a strong correlation between BIS values
and the predictive model, achieving a Pearson correlation
coefficient of 0.96.

Previously, Hwang et al. [24] proposed a prediction
model that achieved a root-mean-square error of 6.614
for the regression task, and an AUROC of 0.937 for the
binary classification task of assigning BIS values as either
< 60 or > 60. This model predicted BIS values 25 s in
advance, which represented the 25 s required to com-
plete the BIS calculation and leaves no time for clinical
intervention. However, the 25-second predictive inter-
val did not leave time for the anesthesiologist to adjust
drug delivery. In contrast, our model provides anesthesi-
ologists with a reasonable window of time—several min-
utes—to investigate causes and intervene before a deep
hypnotic event occurs.

To our knowledge, this is the first study to propose a
deep-learning model for predicting future deep hyp-
notic events. The BIS-value-only model adequately pre-
dicted deep hypnotic events 5 min, 10 min, and 15 min
in advance in a diverse patient population that under-
went a variety of surgical procedures. Additionally, the
hybrid model incorporating biosignals showed greater
but not statistically significant AUROCs compared to the
BIS-value-only model. BIS monitoring has been specifi-
cally developed and validated for assessing the depth of
anesthesia, making it a highly specific indicator in this
context. The additional biosignals included in the hybrid
model may not be directly related to anesthesia depth,
which could have limited their effectiveness in improv-
ing predictive performance. Further studies of models
combining BIS values and other clinical features may
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help elucidate optimal combinations for predicting deep
anesthesia.

One limitation of this study was that it was conducted
at a single center, which may limit the generalizability of
the findings. A second limitation was the lack of external
validation data. Third, a key consideration in interpret-
ing our model’s predictive performance is the inherent
pharmacodynamic hysteresis—the temporal lag between
plasma drug concentration and its clinical effect. It is
plausible that the anesthetic states predicted at 5 to
15-minute intervals partially reflect the delayed manifes-
tation of drugs administered at TO. However, our model
transcends simple pharmacodynamic lag by capturing
individualized physiological responses to both drug titra-
tion and surgical stimuli. Unlike population-based PK/
PD models, the current approach leverages real-time
temporal trends in EEG-based BIS and multiparameter
monitoring data to anticipate transitions that are not yet
clinically evident. Furthermore, the 15-minute prediction
window exceeds the typical time-to-peak effect (tpeak)
for common anesthetic agents, suggesting a degree of
predictive foresight beyond natural physiological latency.
Future research integrating mechanistic PK-PD param-
eters, such as estimated effect-site concentrations (Ce),
will be essential to further disentangle algorithmic pre-
diction from inherent pharmacological delays. Addition-
ally, while drug delivery data, such as end-tidal volatile
concentrations or TCI-calculated effect-site concentra-
tions, could offer valuable insights, they were not avail-
able for all patients. Including these data in future studies
could help refine prediction models.

It is worth noting, the definition of deep anesthesia is
based on the BIS value, which is derived from EEG sig-
nals recorded from two channels on the forehead. How-
ever, recent studies, including the ENGAGES-Canada
trials, have challenged the hypothesis that EEG-guided
anesthetic depth significantly reduces the incidence of
postoperative delirium or mortality [25]. These trials
primarily focused on minimizing EEG suppression time,
which does not fully address postoperative complica-
tions. This highlights the complexity of the relationship
between anesthesia depth and postoperative complica-
tions. Although our model performed well at predicting
deep anesthesia events, this does not imply that mini-
mizing BIS suppression alone will reduce postoperative
complications such as delirium. The relationship between
anesthesia depth and postoperative outcomes is multi-
factorial and influenced by patient characteristics and
surgical variables. Future research should incorporate
additional patient-specific and intraoperative factors to
improve predictions of postoperative complications. Fur-
thermore, exploring the potential of multi-channel EEG
or full-brain EEG monitoring could offer more precise
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assessments of anesthesia depth, potentially improving
outcomes, particularly in high-risk populations.

Conclusion

This study proposes AnesNet, a deep neural network—
based model for predicting the depth of anesthesia,
enabling early warning of intraoperative deep hypnotic
events. The model integrates the BIS value with four rou-
tine vital signs (ABP, ECG-II, PLETH, and ETCO,), and
supports both classification and regression tasks. Vali-
dated on real surgical data from 2,803 patients, AnesNet
demonstrated strong predictive performance across 5-,
10-, and 15-minute forecasting intervals. Notably, the
five-channel hybrid model achieved an AUROC of 0.895
in the classification task and a low MAE of 4.90 in the
regression task, significantly outperforming conventional
multi-parameter models without BIS input.

Furthermore, ablation experiments revealed that BIS is
the core signal for predicting deep anesthesia, while the
fusion of multiple parameters further enhances model
accuracy and robustness. AnesNet offers a promising
tool for refined intraoperative anesthesia management
and improved perioperative patient safety. Future studies
may incorporate multi-center datasets and full-scalp EEG
features to develop more generalizable and interpretable
predictive strategies.
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