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Abstract: In the realm of anesthetic management during surgical procedures, the reliable estima-
tion of mean arterial pressure (MAP) is critical for ensuring patient safety and optimizing drug
administration. This paper investigates the determination of the optimal Long Short-Term Memory
(LSTM) architectures aimed at enhancing the estimation of MAP. Using data from a trial involving
70 patients undergoing Total Intravenous Anesthesia (TIVA) provides the effect-site concentrations
of Propofol and Remifentanil as key input variables for LSTM models. Our solution categorizes the
selection strategies into three distinct methodologies: (i) a population-based method applying a single
model across all patients, (ii) a patient-specific method tailoring models to individual physiological
responses, and (iii) a novel category-specific method that groups patients based on the correlation
between input variables, the effect-site concentrations of Propofol and Remifentanil, and MAP output.
The novelty of this paper lies in the proposed method to identify the optimal architecture, evaluating
288 models to fine-tune the best model for each patient and category. Our findings suggest that the
patient-specific model outperforms others, highlighting the benefits of personalized model archi-
tectures in medical artificial intelligence (AI) applications. The category-specific models provide a
pragmatic solution, with reasonable accuracy and enhanced computational efficiency. By contrast, the
population-based models, while efficient, have a lower estimation accuracy. This study confirms the
significance of sophisticated LSTM architectures in medical Al, providing insights into their potential
for advancing patient-specific anesthetic care by accurately online estimating MAP.

Keywords: artificial intelligence; anesthesia; LSTM; data-driven LSTM architecture; online estimation;
hemodynamics

1. Introduction

During surgical procedures, as patients undergo anesthesia, the administration of
Remifentanil and Propofol stands as a cornerstone, actively shaping the patient’s phys-
iological responses. These pharmacologically distinct agents, an opioid analgesic and a
hypnotic, contribute to achieving and maintaining an optimal level of anesthesia. However,
beyond their primary hypnotic and analgesic roles, these drugs may exert side effects, po-
tentially influencing the physiological response of the patient, specifically the mean arterial
pressure (MAP) [1]. MAP serves as a vital indicator of perfusion and oxygen delivery to
organs, making its accurate prediction during surgery imperative [2]. The challenge at
hand is not only to comprehend the dynamics of how Remifentanil and Propofol influence
MAP but also to devise an online predictive framework that balances the need for accuracy
with computational efficiency.
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Artificial intelligence (AI) has revolutionized various aspects of the medical field, offer-
ing advanced solutions for diagnostics, treatment planning, and patient management [3,4].
In the domain of Al applications in anesthesia, the complex interplay between drug ad-
ministration and patient physiological responses has been a focal point of exploration [5].
Understanding this dynamic interaction is crucial for optimizing patient outcomes.

There exists a relationship between the architectural design of neural network models
and their predictive performance [6]. LSTM architecture selection for predicting physiolog-
ical parameters has received notable attention [7] because of its proficiency in capturing
temporal dependencies within the data [8,9]. LSTM networks have been increasingly
applied in the prediction of medical signals due to their ability to model time series data
effectively. Particularly in the context of irregularly sampled medical time series, which is
common in healthcare data [10], LSTMs demonstrate notable advantages. These networks
adeptly handle intra-series irregularities (varying time intervals within a single data stream)
and inter-series irregularities (different sampling rates across multiple data streams) [11,12].
This capability is crucial for modeling complex medical signals, e.g., blood pressure, where
data points might be unevenly spaced in time. Further, the integration of LSTMs with other
neural network architectures, like Convolutional Neural Networks (CNNs), has shown
promising results in the medical field. Specifically for anesthesia, using inputs like Propofol
and Remifentanil to predict MAP, the ability of LSTM to capture temporal dependencies
and handle missing or irregular data points makes it a suitable choice. The ability of
LSTM to process time-dependent data and handle variations in data sampling rates are
key reasons for their suitability in estimating MAP under anesthesia. The choice of the
best architecture for LSTM models has often been driven either by tests involving multiple
architectures, or by the background expertise of researchers [13,14]. The following question
arises: is the selected LSTM architecture truly the optimal choice for a given Al application,
or is there an optimal criterion that demands consideration, e.g., the computational time?

We recognize the need to build more optimal architectures for deep learning models,
with enhanced accuracy and computational efficiency, since we aim to obtain an online MAP
estimation solution. In this context, our paper addresses this dual imperative by introducing
three distinct selection approaches of the LSTM architecture. The first method involves
a population-based architecture, considering 70 patients under anesthesia. The second
method adopts a patient-specific strategy, building an LSTM architecture uniquely for each
patient. The third method employs a novel categorization method based on input-output
correlation, wherein patients are categorized according to the correlation of inputs (effect-
site concentration of Propofol CeProp (ug/mL) and effect-site concentration of Remifentanil
CeRemi (ng/mL)) with the output MAP (mmHg), and a specific architecture is identified
for each category.

Central to our study is to investigate the possible balance between computational effi-
ciency and estimation accuracy across these diverse methodologies. This study introduces
a novel method that compares 288 different architectures to determine the optimal model
for each patient and category. All 70 patients were subject to routine monitoring during
TIVA, and they were sedated using Propofol. Additionally, Remifentanil was adminis-
tered through target-controlled infusion (TCI) to manage supplementary analgesia. We
calculated CeProp (the effect site concentration of Propofol) and CeRemi (the effect site
concentration of Remifentanil), using the Schnider and Minto pharmacokinetic models,
respectively [15,16]. Through this multifaceted approach, we simultaneously enhance
accuracy, computational efficiency, and the applicability of LSTM models in the context of
physiological parameter prediction in anesthesia.

This paper is organized as follows: Section 2 presents the description of the clinical trial
protocol. Section 2 also provides an in-depth exploration of the methodology, focusing on
the regression employing LSTM networks and the critical parameters influencing the per-
formance of the model. Section 3 presents the results obtained from three distinct methods,
population-specific, patient-specific, and category-specific, comparing their performance
based on key metrics. The discussion in Section 4 critically examines the implications of our
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findings, the novelty of the paper, and its limitations. Finally, Section 5 offers concluding
remarks and highlights the future aspects of research in this field.

2. Methodology
2.1. Clinical Trial Protocol

The patients used in this study, scheduled for elective surgery under Total Intravenous
Anesthesia (TIVA), were selected based on inclusion criteria like ages 18-80 years, American
Society of Anesthesiologists (ASA) Class I, II, and III, and the ability to provide informed
consent. Exclusion criteria included patients with chronic pain, pregnant women, and those
with electrically sensitive devices. This study adhered to ISO 14155 standards [17] for
good clinical practice and complied with European Regulation (EU) 2017 /745 [18]. Ethical
approval was obtained, and informed consent was provided by all participants. During
anesthesia, Propofol and Remifentanil were administered using target-controlled infusion
(TCI) with initial target concentrations set at 5 ng/mL for Propofol and 3 ng/mL for
Remifentanil. Dosages were adjusted by anesthesiologists based on heart rate and blood
pressure. Muscle relaxation was achieved using rocuronium, guided by an induction
dose of 0.3 mg/kg and further boluses as needed. MAP was monitored in mmHg using
a hemodynamics monitor (GE HealthCare, Chicago, IL, USA). The primary objective
outcome of this clinical study has been published in [19]. The biometrics of the 70 patients
are detailed in Appendix B, and the variability in MAP among these patients is discussed
in Appendix C.

2.2. Model Design and Architecture

The computational unit used for calculations in this study was a Dell workstation
equipped with an Intel® Xeon® Bronze 3204 CPU @ 1.90 GHz, 64 GB of RAM, running
Windows 11 Pro for Workstations. The software environment used for data processing and
analysis was MATLAB v.2022.

In the context of regression employing LSTM networks, the architecture primarily
comprises a sequence input layer and an LSTM layer with a specified number of hidden
units [20,21]. In this work, the inputs to the LSTM model are the effect site concentrations
CeProp and CeRemi. The LSTM layer is followed by a Fully Connected Layer and a Regres-
sion Layer. Notably, the desired output of this architecture is the MAP [22]. The selection
of parameters in an LSTM network plays a pivotal role in determining its performance for
regression tasks. These parameters, as summarized in Table 1, encompass various aspects,
e.g., the number of LSTM layers, neurons per layer, activation functions, number of epochs,
optimizer choice, and mini-batch size.

Table 1. Description of LSTM Parameters.

Parameter

Role

MATLAB Code Example

LSTM layers

Determines the depth of the neural
network.

layers = [lstmLayer(16),
lstmLayer(32), ...]

Neurons per
layer

Defines the number of basic processing
units in each LSTM layer.

neurons = [16, 64];

State activation
function

Activation function for updating the
cell and hidden state in the LSTM layer.

stateActivation = {tanh,
softsign};

Gate activation

Activation function for the gates in the

gateActivation = {sigmoid,

function LSTM layer. hard-sigmoid};

Number of Controls the number of training epochs = [50, 100, 200,
epochs iterations through the entire dataset. R

Optimizer Adjusts model parameters during optimizer = {adam, rmsprop,

training to minimize the error.

sgd, ...};

Mini-batch size

Determines the number of training
examples used in each update.

miniBatchSize = [16, 32,
64];
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The number of LSTM layers and neurons per layer defines the complexity of the
network, with a careful balance needed to avoid overfitting. Activation functions play a
pivotal role in how information is stored and flows through the LSTM.

For the StateActivationFunction, common choices include tanh and softsign.
The hyperbolic tangent function tanh is defined as follows :

e —1
tanh(x) = m, (1)
while the softsign function is defined as:
softsign(x) = 1 :|x| (2)

These functions impact the ability of the network to capture long-term dependencies
and update the cell and hidden state [23]. The LSTM architecture is detailed in Appendix A.

For the GateActivationFunction, common choices are sigmoid and hard-sigmoid.
The sigmoid function is defined as follows:

1
o(x) = = e 3)
and the hard sigmoid function is defined as follows:
0 if x < =25,
o(x) =402x+05 if —25<x<25. 4)
1 ifx>25

These functions are applied to the gates in the LSTM layer, influencing how informa-
tion flows through the network [24].

Optimizers, e.g., adam, rmsprop, and sgd (stochastic gradient descent), also play a
key role in adjusting model parameters during training. The adam optimizer dynamically
adapts learning rates using moment estimates, enhancing convergence speed. Its updated
equations are

my=PBy-m_1+ (1—pB1) -8t )

vr=B2-vr1+(1—B2) -7, (6)
my

Gtzé)t_l—a- Ui+ € (7)

where 6 represents the model parameters, g; is the gradient at time step ¢, m; and v;
are the first and second moment estimates, respectively (which are weighted averages
of past gradients), B1 and B, are exponential decay rates for moment estimates, a is the
learning rate, and € is a small constant (typically 10~®) to prevent division by zero, ensuring
numerical stability. The command rmsprop uses a moving average of squared gradients,
and sgd employs the standard stochastic gradient descent update rule. The choice of
optimizer depends on factors like the specific characteristics of the dataset and the desired
training efficiency [25].

The depth and width of the network, activation functions, number of epochs, optimizer
choice, and mini-batch size collectively impact the ability of the model to capture patterns
and its training efficiency [14]. These parameters not only influence accuracy but also
significantly impact the training time. In this work, three methods for choosing LSTM
architectures are proposed: population-specific, patient-specific, and category-specific.
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2.3. Performance Metrics

To assess the performance of the estimation results obtained from the methods
(population-specific, patient-specific, and category-specific), the following performance
metrics are employed:

(i) Mean Squared Error (MSE): MSE measures the average squared difference between
the actual y; and predicted j; values and is calculated as

14 .
MSE = — Y (i —9:)* 8
=

(i) Mean Absolute Error (MAE): MAE computes the average absolute difference between
the predicted and actual values, providing a more interpretable measure:

n

1 .
MAE = =} lyi = 9il ©)
i=1

(iii) Coefficient of Determination (R?):R? quantifies the proportion of the variance in
the dependent variable that is predictable from the independent variable(s), and is
given by

R2_ 1. Limi(yi—9i)°
it (yi — 9)?

where 7 is the mean value of the observed values.

(10)

The MSE and MAE provide insights into the accuracy of estimations, with lower values
indicating better performance. R? ranges from 0 to 1, where a higher R? signifies a better
fit of the model to the data. The results obtained from the three methods are compared in
terms of estimation accuracy and computational efficiency. The analysis encompasses MSE,
MAE, and R? values to assess the effectiveness of each method. Additionally, consideration
is given to the time consumed by each method in finding the optimal architecture, aiming
to identify the most efficient method.

2.4. Population-Specific Method

This method uses one user-defined LSTM architecture for 70 patients. The architecture
presented in Figure 1 is the result of an iterative process where a few different architectures
are tested. The selection of this specific architecture follows the traditional approach,
relying on the expertise of the practitioner [26]. The choice is based on the ability of the
architecture to achieve acceptable MSE results and its capacity to capture complex temporal
dependencies in the time series data of CeProp and CeRemi.

Data Fully

processing Input layers  ------ LSTM Layer1 ---- LSTMLayer2 --- Connected  --.
e Layer
el . 1 Vo |
i P Number of . Number of i

o ) b v R,
A(Raw data) 'ﬁ | i neurons: 50 || meurons: 50 i
A N[ : Do P i )
PV o | o S » | et o e (| Map

£ | CeRemi \ Activation P Activation o i ;

o ! ! 1| Functions: |i 1| Functions: | ...

= feeeoeeoooood il “sigmoid”+ |1 | “sigmoid”+ |

-+ ! “tanh” ! ' “tanh”

Optimizer: Adam optimizer
Number of Epochs: 200

Figure 1. The architecture of the LSTM-based regression model for the population-specific method.

The input layer includes CeProp and CeRemi values, which are processed offline and
provided to the model simultaneously as the training data. The LSTM layers process these
inputs over a sampling time of 5 s. The normalization step is applied to ensure consistent
scaling across signals, for stable training. The architecture consists of two LSTM layers, each



Appl. Sci. 2024, 14, 5556

6 of 20

with 50 neurons. This decision balances model complexity with computational efficiency,
allowing the model to effectively capture and learn from the temporal patterns present
in the data. The activation functions in both LSTM layers are set to the default values in
MATLAB R2022a, which are sigmoid for gate activation and hyperbolic tangent tanh for
state activation.

The Fully Connected Layer is employed to consolidate information from the LSTM
layers before passing it through the Regression Layer. This design facilitates the extraction
of high-level features from the LSTM layers and prepares the model for the final regression
task. The adam optimizer is employed with a set number of epochs (200) to optimize the
model parameters. The Adam optimizer is known for its efficiency in handling sparse
gradients and adapting learning rates during training, making it a suitable candidate
for this regression task. The Deep Learning Toolbox in MATLAB® from MathWorks® ver-
sion 14.1. was used for the implementation of the LSTM network, including the layers
(sequencelInputlayer, lstmLayer, fullyConnectedLayer, regressionLayer) and train-
ing functions (trainNetwork, predict) [27].

2.5. Patient-Specific Method

To enhance personalized medicine, this novel method identifies the optimal architec-
ture for the LSTM model for each patient. The methodology explores various configurations
of LSTM architectures for each patient through an iterative process. The patient-specific
selection process is illustrated in Algorithm 1, summarizing the steps necessary to identify
the best LSTM architecture for each of the 70 patients.

Algorithm 1 Best LSTM architecture search

1: Initialize bestMSE = co

2: Define numLayers = [2, 3]

3: Define numNeurons = [10, 50, 75, 100]

4: Define optimizers = {‘adam’, ‘sgdm’, ‘rmsprop’}
5: Define stateActivations = {‘tanh’, ‘softsign’}
6:
7:
8:
9

Define gateActivations = {"hard-sigmoid’, ‘sigmoid’}
Define minibatchSizes = [16, 32, 64]
for numLayer in numLayers do

for numNeuron in numNeurons do

10: for optimizer in optimizers do

11: for stateActivation in stateActivations do

12: for gateActivation in gateActivations do

13: for minibatchSize in minibatchSizes do

14: Build and train LSTM model with current hyperparameters
15: Evaluate model performance and calculate MSE
16: if MSE <bestMSE then

17: bestMSE = MSE

18: bestModel = current model architecture

19: end if

20: end for

21: end for

22: end for

23: end for

24: end for

25: end for

26: Output bestModel and bestMSE

The algorithm execution consists of the following loops: The loop on line 8 varies the
number of LSTM layers, and the number of LSTM layers is set between 2 and 3 to prevent
overfitting or underfitting of the model; the loop on line 9 adjusts the number of neurons
within each layer; the loop on line 10 explores different optimizers, including adam, sgdm,
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and rmsprop; the loops on (lines 11 and 12 iterate over activation functions for the state
and gate, respectively; the loop on line 13 varies the mini-batch sizes. Within each run of
the loops, a model is built, trained, and evaluated by calculating the MSE. If the MSE of
the current model is lower than the best MSE recorded so far, the model architecture is
updated to the new best. The design of the loops reflects an intensive strategy, enabling
the algorithm to evaluate a wide range of architectural configurations. This algorithm is
optimum seeking but is computationally intensive, requiring 130 h and 20160 iterations to
identify the best architecture for each of the 70 patients.

2.6. Category-Specific Method

To tackle the computational intensity inherent of the patient-specific method, we
propose a novel category-specific method based on the mean correlation between inputs
(CeProp/CeRemi) and the output (MAP). The reasoning for developing a category-specific
method is based on the significant impact of correlation rates between inputs and out-
puts on estimation accuracy. This leads to an increased complexity of neural network
architectures [28,29]. The mean correlation is computed for pairs (CeProp/MAP and
CeRemi/MAP), and the resulting values are categorized into five distinct ranges. Each
category represents a specific range, providing insights into the relationship between inputs
and output.

The correlations between CeProp, CeRemi, and MAP are calculated as follows:

" ,(CeProp; — CeProp)(MAP; — MAP)

——— —, (11)
\/Z?:l (CeProp; — CeProp)? Y. {(MAP; — MAP)?

Corr(CeProp, MAP) =

Y. 1 (CeRemi; — CeRemi)(MAP; — MAP)
\/ XLy (CeRemi; — CeRemti)2 Yy (MAP, — MAP)?

Corr(CeRemi, MAP) = (12)

where 7 is the number of samples, and CeProp;, CeRemi;, and MAP; represent the data
points for CeProp, CeRemi, and MAP at the i-th time point, respectively. CeProp, CeRemi,
and M AP represent the means of the corresponding sets. The obtained mean correlation
value is classified into the appropriate range as given in Table 2.

Table 2. Correlation groups and patients.

Categories Correlation Range Patients

1 Weak or no correlation 0t00.10 Patient 15

2 Weak correlation 0.10 t0 0.20 Patient 59

3 Mild correlation 0.20 to 0.40 Patients 10, 28, 30, 52, 60, 62, 65, 68
Patients 2, 4, 6,12, 13, 19, 20, 21, 23, 26, 27,

4 Moderate correlation 0.40 to 0.70 29,31, 32,33,34,37,40,41, 42,44, 45, 46,

47,49, 50, 51, 53, 55, 57, 58, 61, 67, 69

Patient 1,3,5,7,8,9,11, 14, 16,17, 18, 22,
5 Strong correlation 0.70 to 1.00 24,25, 35, 36, 38, 39, 43, 48, 54, 56, 63, 64,
66,70

In contrast with the patient-specific method, within the category-specific method,
Algorithm 1 is executed 5 times only instead of 70. Consequently, at the conclusion of this
process, we obtain one distinct architecture for every correlation category. This method
significantly reduces the total number of iterations (1440) compared to the examination of
all 70 patients.



Appl. Sci. 2024, 14, 5556

8 of 20

3. Results
The dataset was split into 70% for training and 30% for testing, and the number of
epochs for the LSTM architecture was set at 200.

3.1. Population-Specific Method Results

The architecture used in the population-specific method consists of two LSTM layers
with 50 neurons each, using sigmoid for gate activation and hyperbolic tangent tanh for
state activation, followed by a Fully Connected Layer and a Regression Layer, optimized
using the Adam optimizer. Figure 2 shows the comparison between LSTM-estimated MAP
versus real MAP values for three patients with worst fitting (Figure 2a), average fitting
(Figure 2b) and best fitting (Figure 2c).

80 84
Real data
— Predicted

Real data
Predicted

B 82

80

70

65

MAP (mmHg)

60

MAP (mmHg)

55

50

300 350

45
0 200 400 600 800 1000 1200
Samples Samples

(a) Patient 15 (b) Patient 28

120

Real data
Predicted

15

10 r

MAP (mmHg)
)

95

Samples

(c) Patient 63
Figure 2. Results of LSTM-estimated MAP vs. actual MAP values for different patients using the

population-specific method.

For Patient 15 (Figure 2a), the LSTM model fails to predict MAP accurately, resulting
in a modest R? value of 0.38, due to the weak correlation between inputs (CeProp, CeRemi)
and output (MAP) (Table 2). As depicted in Figure 2a, similarly, Patient 28 (Figure 2b)
shows a less accurate estimation with an R? value of 0.58. By contrast, Patient 63 (Figure 2c)
shows an accurate estimated MAP profile with an R? value of 0.7. The strong correlation
between drug concentrations and MAP enhances the ability of the model to accurately

capture and predict MAP dynamics.

3.2. Patient-Specific Method Results
The results of the new algorithm presented in Algorithm 1 for the patient-specific
method are depicted in Figure 3.
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For the state activation function (Figure 3a), tanh dominates with an appearance in
83% of patients, while softsign is the best state activation function for 17% of patients.
The results of the gate activation function (Figure 3b) show that the sigmoid is the most
frequent, with an appearance in 67.1% of patients. This result suggests that the sigmoid
activation function is more adept at regulating the flow of information through the LSTM
gates, potentially contributing to better model convergence. The results in (Figure 3c)
reveal that the adam optimizer is the most prevalent optimizer with presence in 95.7% of
patients. By contrast, rmsprop was identified in only three patients. The mini-batch size
of 32 is the most prevalent (Figure 3d), occurring in 41% of the patients. The selection of
100 neurons per layer (Figure 3e) is the predominant configuration, appearing in 46% of
patients, with variations in other configurations (50 neurons at 20%, 75 neurons at 27%, 10
neurons at 7%). The results (Figure 3f) indicate that 67% of patients fall within the three-
layer approach. The variations across parameters emphasize the need for personalized
adjustments. This analysis enhances our understanding of prevalent trends and informs
future refinements in LSTM architecture selection for physiological parameter estimation
during anesthesia.

State Activation Function Gate Activation Function Optimizer

mtanh msoftsign m hard sigmoid  m sigmoid madam = rmsprop

Number of LSTM layers

Minibatch Size Number neurones per layer layers
=16 =32 =64 =10 neurons = 50 neurons = 75 neurons = 100 neurons =2 layers =3 layers

Figure 3. Percentages of appearance of each option among the different iterations and loops for the

patient-specific method.

The best architecture for each patient is used to estimate the MAP. The results of
patients with the worst and best fitting estimations are presented in Figures 4a and 4b,
respectively. The accuracy of the fitting is higher when the correlation between inputs
(CeProp, CeRemi) and output (MAP) is strong, as seen in Patient 63. Conversely, for Patient
15, the estimation accuracy is lower due to the weak correlation between inputs and output.

80 120
Real data Real data
Predicted Predicted
75
115
70
P zﬁ 110
3
:g 65 E
s 3
g \ 7
e Z 105
55
100
50
45 95
0 200 400 600 800 1000 1200 0 50 100 150 200 250 300
Samples Samples
(a) Patient 15 (b) Patient 63

Figure 4. Results of LSTM-estimated MAP vs. actual MAP values for different patients using the
patient-specific method.
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3.3. Category-Specific Method Results

In Figure 5, the LSTM-estimated MAP and measured MAP for one patient per category
are shown. Figure 5a, 5b, and 5c show the results obtained for patients in categories 1,
2, and 3, respectively. Variations in estimation accuracy can be observed, specifically for
Patient 15 (weak or no correlation category) and Patient 59 (weak correlation category);
the results demonstrate a significant difference between estimated and real MAP values.
This highlights the failure of this method for accurate estimation in weak correlation
situations. For patient 28 (mild correlation category), the results show good estimation. This
emphasizes the impact of correlation strength on predictive accuracy, as milder correlations
present additional challenges in capturing the dynamics of physiological responses.

80 T
Real data %0
Predicted — Real data
88 P Predicted
5 _
E z
E E
S E
= ES
=
40
0 200 400 600 800 1000 1200 0 50 100 150 200 250 300 350 400 450 500
Samples Samples
(a) Patient 15—Category 1 (b) Patient 59—Category 2
84 - v - - . T 90 - - T
Real data Real data
Predicted

Predicted

82

80

MAP (mmHg)
MAP (mmHg)

55
600 800 1000 1200

0 50 100 150 200 250 300 350

Samples Samples

(c) Patient 28—Category 3 (d) Patient 40—Category 4

120 T T .
Real data
Predicted

15

1mor

105 \ /
\ /

100

MAP (mmHg)
\
)
/

95
0 50 100 150 200 250 300

Samples

(e) Patient 63—Category 5
Figure 5. Results of LSTM-estimated MAP vs. actual MAP values for one patient from each category

using the category-specific method.
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For categories 4 (moderate correlation) and 5 (strong correlation), the results indicate
a very good estimation of MAP using LSTM category-specific methods (Figure 5d,e).
This demonstrates the effectiveness of the method in capturing the intricate relationships
between drug concentrations and MAP profiles in patients with strong correlations.

3.4. Comparative Study

Figure 6 provides a comparison of the three methods, population-specific, category-
specific, and patient-specific, investigated in this paper. The performance metrics employed
to assess the obtained results are given in Table 3.

Table 3. Median values for MAE, MSE, and R? for different methods.

Population-Specific Category-Specific Patient-Specific

MAE 0.4139 + 0.05 0.38115 + 0.04 0.36325 + 0.03
MSE 0.332 + 0.04 0.280 + 0.03 0.222 + 0.02
R? 0.594 + 0.07 0.606 + 0.06 0.722 £ 0.05

The maximum MAE is observed for the population-specific method (0.7037), while
the minimum is achieved by the patient-specific method (0.1004). The population-specific
method reveals the maximum MSE (0.6939), while the minimum is attained by the patient-
specific method (0.0256). The minimum R? is observed for the population-specific method
(0.376), and the maximum is achieved by the patient-specific method (0.872).
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Figure 6. Boxplot representation of the performance metrics for each method.

Patient-specific

These results indicate that building the LSTM architecture for each patient leads
to better predictive performance, as evidenced by lower MAE and MSE, and higher R?
compared to the population-specific and category-specific methods.
The highly significant p-value of 7.16776 x 10~2! shows that the patient-specific
method significantly improves R? values, enhancing model estimation capability. Similarly,
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the p-values for MSE (0.0125) and MAE (0.0012) also indicate statistically significant differ-
ences among the methods, with the patient-specific method resulting in better estimations.
The result confirms that the patient-specific method provides the best estimation accu-
racy; however, due to its intensive nature, this method requires significant computational
time. In Table 4, the computational time needed by each method to find the LSTM model
architectures is presented.

Table 4. Total time consumed to find the LSTM model architectures for the three methods.

Method Time Consumed to Find the Architecture
Population-specific Lessthan1h
Patient-specific 130 h
Category-specific 53h

In the population-specific method, the selection of the LSTM architecture occurs
within an hour, highlighting the efficiency of the method in minimizing time requirements.
Conversely, the category-specific method requires 53 h through five runs of the algorithm,
each corresponding to a distinct correlation category. The patient-specific method requires
significantly higher computation time, i.e., 130 h. The need to iterate individually over
70 patients raises notable concerns, particularly in real-time applications.

The results demonstrate that, while the population-specific method offers a swift con-
vergence to an LSTM architecture (i.e., 1 h), it tends to show higher MAE and MSE values,
along with a lower median R?. The patient-specific methods show the best estimation accu-
racy; however, the extended computational time needed limits the real-time application of
this method. The category-specific method is an intermediary option, effectively balancing
computational efficiency (53 h) and individualization.

4. Discussion

In this paper, three distinct methods for selecting the best LSTM model architectures
have been investigated for the estimation of MAP during anesthesia: population-specific,
patient-specific, and category-specific. The population-specific method employed a uniform
architecture for all patients; the patient-specific method fine-tuned the architecture for each
individual; and the category-specific method used five distinct architectures based on the
correlation categories between inputs (CeProp and CeRemi) and the output (MAP).

The patient-specific method arises as the best architecture, with the lowest MAE and
MSE, and the highest R2. However, this method was also the most computationally inten-
sive, taking 130 h to find the optimal architecture for each patient. The population-specific
method was the most computationally efficient (i.g. 1 h). However, it showed the worst es-
timation accuracy, with the highest MAE and MSE and the lowest R?. The category-specific
method can be seen as a trade-off solution between the patient-specific and population-
specific methods, with a computational time of 53 h and an estimation performance close
to the patient-specific method. This investigation indicates the pivotal role of architec-
tural selection in deep learning models, as they significantly influence model performance.
For LSTM models, these architectural parameters (e.g., the optimizer, the number of layers)
had a significant impact on the ability of the model to learn from the data and make accurate
estimations. Exploring the best LSTM architectures for MAP estimation has significant
implications in clinical settings. By improving the accuracy of MAP forecasting every 5 s,
models can enhance individualized patient care, allowing anesthesiologists to make more
informed and timely decisions regarding drug administration. This could lead to better
maintenance of hemodynamic stability during surgery, reducing the risk of complications
such as hypotension or hypertension.

The evaluation of LSTM architecture has been extensively explored in the literature,
with various approaches employed to improve predictive performance. Several studies
have compared different optimizers, e.g., Adam, SGD, RMSprop, and Adagrad, to deter-
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mine their impact on LSTM model performance [30,31]. Other investigations have focused
on the selection of activation functions, with sigmoid and tanh functions being widely
evaluated [32]. Additionally, research has been conducted on the choice of the number of
hidden layers and nodes within each layer, aiming to optimize model complexity and pre-
dictive accuracy [33,34]. Previous studies focused on optimizing hyperparameters within a
fixed architecture, whereas this study proposes a novel method that tailors the architecture
to individual patients and input-output correlation categories. Our finding also highlights
the significant effect of the correlation between inputs (CeProp and CeRemi) and the output
(MAP) on LSTM model performance. Patients with a high correlation between inputs and
output experienced accurate estimations, contrasting with patients with a low correlation,
who showed worse predictive performance among the three methods. This reveals the
importance of considering the correlation in implementing Al for prediction purposes.
This necessitates the imperative of personalized healthcare in the realm of anesthesia,
as responses to anesthetic drugs can differ significantly from one individual to another.

While the category-based method offers a practical balance by reducing computational
time to 53 h, this computational time is still excessive in a TIVA environment, where a
daily routine surgery takes between 20 min and 3 h. To assess the real-time applicability
of this approach, the focus was on the last category (patients with the highest correlation
between inputs and output). The LSTM model was trained on patients in the last category,
excluding one patient (Patient 70), to retain unseen data for testing. A simulated real-life
scenario was implemented in MATLAB®, where the trained LSTM received input data
(CeProp and CeRemi) and estimated the corresponding MAP every 5 s. These estimations
were then compared against the real MAP values. This analysis aims to demonstrate the
practical utility of the category-based approach in real-life scenarios.

Figure 7a shows the estimations from both the category-specific (red) and population-
specific models (green) against the actual MAP values (blue). It can be observed that the
category-specific method provides better estimation than the population-specific method.
Figure 7b indicates that the category-specific model’s estimations have a distribution closer
to the actual MAP values (p-value = 0.0021), hence capturing better the central tendency
and variability in the actual MAP values, leading to more accurate estimations. Despite
requiring 53 h for the initial architecture selection and model training, the simulation of real-
life scenarios provided feasible and accurate MAP estimations. These results are shown in
Figure 7. Despite the lengthy initial computational time, its online estimations are accurate,
making it an effective approach for MAP estimation. The simulator proposed in [35] can
be used to generate additional data and test the proposed solution before applying it on
real data.
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Figure 7. Results of an online real-life simulation to estimate the MAP values every 5 s of Patient 70.
(a) LSTM-estimated MAP using the category-specific method using the population-specific method
vs. actual MAP values. (b) Boxplot representation of real MAP (1), category-specific model estimation
(2), and population-specific model estimation (3).



Appl. Sci. 2024, 14, 5556

14 of 20

To determine the feasibility of using the LSTM model for MAP estimation, an initial
assessment of the correlations between CeProp, CeRemi, and MAP is essential. Recording
CeProp and CeRemi signals for at least 10 min, which corresponds to the duration from
the start of infusion of Remifentanil and Propofol until the start of the incision (includ-
ing intubation and patient preparation), provides a reliable estimate of the correlation.
If the correlation coefficient exceeds 0.4, proceed with the LSTM algorithm for accurate
estimation. If below 0.4, estimation may not be feasible, and alternative methods should
be considered. This ensures the model is used effectively when a strong input-output
relationship is present.

Limitations:

*  The current study method provides estimation, not forecasting, which means it esti-
mates the MAP value at a particular moment rather than forecasting future values.
Although the proposed method offers the advantage of having MAP data that can
be sampled as desired, the method could be improved in future research to forecast
MAP within a precise prediction horizon. Forecasting MAP values can significantly
enhance monitoring capabilities and early warning systems for adverse events. By pre-
dicting MAP values, it is possible to enable early detection of potential issues such as
hypotension (low blood pressure) [36] and hypertension (high blood pressure) [37],
allowing timely interventions to prevent complications. This predictive approach
improves patient outcomes by providing healthcare professionals with advanced
notice of potential adverse events, facilitating prompt and appropriate responses.

*  This approach needs an offline process at the start of a TIVA trial to categorize pa-
tients based on their correlation and to identify the best model architecture for each
category. Investigating the factors underlying these correlations could improve this
approach. Factors such as the medical history of the patient (e.g., heart disease),
biometric data (e.g., weight, age, sex), and the type of surgery may all influence
the correlation between anesthetic drug concentrations (Propofol /Remifentanil) and
MAP. Understanding these factors could facilitate the development of a more efficient
categorization process. In our database, patients are categorized into four groups to
examine the influence of BMI on the average correlations between the inputs (CeRemi
and CeProp) and the output MAP.

In Table 5, the number of patients found in each BMI category is shown. The figure
below illustrates the distribution of average correlations between MAP and the inputs
(CeRemi and CeProp) across different BMI categories.

Table 5. Distribution of patients across different BMI categories.

BMI Category BMI Range Number of Patients
Underweight <18.5 3
Normal weight 18.5-24.9 31
Overweight 25-29.9 24
Obesity >30 12

The boxplot in Figure 8 shows a significant difference (p-value = 0.0233) in the average
correlation based on BMI categories. This indicates that BMI significantly affects the
correlation between drug concentrations and MAP. This finding suggests that BMI
can be a factor used in the development of a more efficient categorization process.

¢  The dataset used in this paper consists of a relatively small sample size of 70 patients
from a single population, recognizing the non-generalizability of our approach, which
relies on a single database. Future research should expand upon these findings,
exploring alternative deep learning models, e.g., feed-forward neural networks (FFNs)
and recurrent neural networks (RNNs).
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Figure 8. Boxplot representing the distribution of average correlation between MAP and CeRemi and
CeProp across different BMI categories.

5. Conclusions

This work proposes a novel approach to find the optimal architecture of the LSTM
model for MAP estimation during anesthesia. The results indicate that the patient-specific
method is the most accurate but also the most computationally intensive. The population-
specific method is the least accurate but also the most computationally efficient. The
category-specific method is a trade-off between the two methods. Additionally, the results
show that the correlation between the input and the output is an important factor to
consider when using Al for estimation. The results highlight the potential use of this
optimal LSTM model in clinical practice to enhance personalized anesthesia care.
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Appendix A. LSTM Model for MAP Prediction

The LSTM model operates on the training dataset of the inputs (CeProp and CeRemi)
{xt} and the output (MAP) {y;}, with t denoting time steps. The LSTM model consists of
the following layers:

1. Sequence input layer: This layer accepts the input data and initializes the sequence
for LSTM processing. Each time step t passes the feature vector x; to the subsequent layers.

2. LSTM layer: the model’s core, the LSTM layer, operates with mathematical equations.
It maintains internal variables, including the following:
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e Input gate (i;): The input gate controls the flow of new information into the cell state.
It is computed using the sigmoid activation function ¢ and is defined as follows:

it = o (Wyixe + Wyihi—1 + b;). (A1)

*  Forget gate (f;): The forget gate controls the retention of past information in the cell
state and acts as a weighting factor of past-to-new data. It is computed similarly to
the input gate and is defined as follows:

fi = U'(foxt + thht—l + bf) (A2)

e Candidate cell state (C;): The candidate cell state represents the new information that
could be stored in the cell state. It is computed using the hyperbolic tangent activation
function, defined as follows:

Ct = tanh(chxt + Wiehi1 + bc) (A3)

¢ Cell state update (C;): The cell state C; is updated by combining the previous cell state
Ci—1 with the new information from the input gate and candidate cell state:

Ct=fi-Cq+ip-Cr. (A4)

*  Output gate (0;): The output gate controls what information from the cell state should
be used to compute the output. It is defined as follows:

0r = 0(WxoXt + Wiohi—1 + bo). (A5)

Here, o represents the sigmoid activation function, tanh is the hyperbolic tangent
activation function, W are weight matrices, b are bias vectors, and h;_; is the previous
hidden state.

3. Fully Connected Layer: Following the LSTM layer, the Fully Connected Layer prepares
the data for classification. It applies learned weights and biases to the output of LSTM.

4. Regression Layer: The final Regression Layer assigns a continuous MAP value to
each time step, ensuring accurate prediction.

Appendix B. Patient Database

For the database of 70 patients, the clinical investigation involving human subjects
was compliant with the regulatory framework stated in the European Regulation (EU)
2017/745. This academic clinical investigation was approved by the Ethics Committee
of Ghent University Hospital,the Federal Agency for Medicines, and Health Products
of Belgium FAGG (EC/BC-08020, FAGG/80M0840, EudraCT: CIV-BE-20-07-0342442020,
clinicaltrials.gov: NCT04986163, principal investigator: Martine Neckebroek).

Table Al. Representative 70-Patient Database Biometric Values (1/2).

Age Height Weight BMI
Index Gender (Ye§rs) ( rﬁ) (kg) (kg/m?)

1 F 31 163 49 18.4
2 F 44 168 57 20.2
3 F 42 168 70 24.8
4 F 71 158 69 27.6
5 F 38 182 87.6 26.4
6 F 41 175 135 44.1
7 F 68 172 67 22.6
8 M 59 183 76 22.7
9 M 50 186 96 27.7
10 M 73 181 83 25.3
11 X 22 165 87 32
12 M 29 183 92 27.5
13 F 54 160 48 18.8
14 X 19 168.7 59 20.7
15 X 26 155 61 254
16 F 54 163 58 21.8
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Table Al. Cont.

Age Height Weight BMI
Index Gender (Yegrs) (mi) (kg) (kg/m?)

17 F 50 174 64 21.1
18 F 30 176 74 23.9
19 F 57 164 70 26
20 X 33 162 80 30.5
21 F 62 168 88 31.2
22 F 48 155 56 23.3
23 M 62 183 85 254
24 F 36 168 63 22.3
25 M 58 179 94 29.3
26 F 65 162 87 33.2
27 F 49 167 86 30.8
28 M 46 187 97 27.7
29 M 68 176 85 274
30 F 50 167 70 25.1
31 M 54 175 90 29.4
32 F 64 164 96 35.7
33 F 46 170 82 28.4
34 F 58 157 53.5 21.7
35 F 41 167 65 23.3

Table A2. Representative 70-Patient Database Biometric Values (2/2).

Age Height Weight BMI
Index Gender (Years) (cm) (ks) (kg/m?)

36 F 40 159 63 249
37 F 30 160 53 20.7
38 F 18 163 64 24.1
39 F 64 158 58 23.2
40 M 63 171 104 35.6
41 F 30 156 44 18.1
42 F 19 168 54 19.1
43 F 51 168 58 20.5
44 F 59 171 75 25.6
45 M 73 174 67 22.1
46 M 23 173 66 22.1
47 M 25 181 74.5 22.7
48 M 31 170 85 294
49 M 32 186 100 289
50 F 40 157 85 345
51 F 27 157 58 23.5
52 F 71 174 71 23.5
53 M 32 180 78 24.1
54 F 21 166 63 229
55 X 48 170 84 29.1
56 M 63 168 82 29.1
57 M 71 175 66 21.6
58 F 48 165 76 27.9
59 F 71 167 83 29.8
60 X 21 160 60 234
61 X 21 171 73 25
62 X 34 172 90 304
63 X 26 170 50 17.3
64 F 33 172 94 31.8
65 X 22 172 69 23.3
66 F 70 165 62 22.8
67 X 21 168 56 19.8
68 F 35 160 82 32
69 X 21 165 70 25.7
70 X 20 155 49 20.4

Appendix C. MAP Variability among Different Patients and the Safety Intervals

The boxplot in Figure Al illustrates the distribution of MAP values for each patient,
highlighting the variability in MAP measurements.
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The observed differences in MAP values among different patients can be attributed
to several factors, including individual physiological differences, varying responses to
anesthesia, and underlying medical conditions. Some patients exhibit wider variability in
their MAP measurements, as shown by the larger distribution. Based on this variability,
it is evident that forecasting the MAP every 5 s during surgery is crucial. The situation
where the MAP exceeds the safety limits (65-75 mmHg), highlighted in green in the figure,
underscores the need for real-time forecasting of the MAP. This paper marks the initial step
toward a real-time, online forecasting procedure using Al tools. Future work will focus
on developing an algorithm for forecasting MAP and detecting when it exceeds the safety
limits, thereby significantly reducing the risks associated with these exceedances.
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safety interval for MAP (65-75 mmHg) during general anesthesia [38].
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