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Abstract

:

Propofol and fentanyl are commonly used agents for the induction of anesthesia, and are often associated with hemodynamic disturbances. Understanding pharmacodynamic impacts is vital for parasympathetic and sympathetic tones during the anesthesia induction period. Inspired by the thermodynamic interaction between drug concentrations and effects, we established a machine-learning-based response surface model (MLRSM) to address this predicament. Then, we investigated and modeled the biomedical phenomena in the autonomic nervous system. Our study prospectively enrolled 60 patients, and the participants were assigned to two groups randomly and equally. Group 1 received propofol first, followed by fentanyl, and the drug sequence followed an inverse procedure in Group 2. Then, we extracted and analyzed the spectrograms of electrocardiography (ECG) and pulse photoplethysmography (PPG) signals after induction of propofol and fentanyl. Eventually, we utilized the proposed MLRSM to evaluate the relationship between anesthetics and the integrity/balance of sympathetic and parasympathetic activity by employing the power of high-frequency (HF) and low-frequency (LF) bands and PPG amplitude (PPGA). It is worth emphasizing that the proposed MLRSM exhibits a similar mathematical form to the conventional Greco model, but with better computational performance. Furthermore, the MLRSM has a theoretical foundation and flexibility for arbitrary numbers of drug combinations. The modeling results are consistent with the previous literature. We employed the bootstrap algorithm to inspect the results’ consistency and measure the various statistical fluctuations. Then, the comparison between the modeling and the bootstrapping results was used to validate the statistical stability and the feasibility of the proposed MLRSM.
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1. Introduction


The induction of anesthesia—the transition process from an awake to an anesthetized state—gradually increases the effects of hypnotics and opioids [1,2], which may cause complex dynamic changes in the activity of the autonomic nervous system (ANS). The ANS plays a vital role in the maintenance of physiological homeostasis. Some clinical trials have evaluated different intravenous anesthetic effects on ANS tone [3,4,5,6]. However, these trials were limited to individual anesthetic techniques, and analyzed heart rate variability (HRV) through classical spectral analysis, which assumes data stationarity, and is thus unsuitable for the short induction course of anesthesia. Spectral analysis of heartbeat-to-heartbeat intervals is a widely used non-invasive technique to assess the autonomic integrity of—and the balance between—the sympathetic and parasympathetic tones [7]. From the perspective of wavelet-based spectral analysis, signal fitting with multiple wavelet filters would offer a higher time resolution [8]. This technique improves the understanding of how co-administered propofol and fentanyl modify the activity of the ANS. However, there is no available method to deal with the instantaneous modulation of the ANS during the induction of anesthesia with propofol and fentanyl.



The response surface model (RSM) is a mathematical representation of the concentration–effect relationships between combinations of multiple drugs over a continuous surface space [1,2,9,10,11,12,13,14]. It illustrates the type and degree of drug interactions [15,16]. The RSM method can elucidate the interactions between two drugs—such as propofol and fentanyl in our study. It also clarifies the drugs’ effects, including loss of response to verbal or tactile stimuli, or as surrogates for surgical pain [1,10]. However, methods to measure the immediate sympathetic and parasympathetic effects during the induction of anesthesia are still lacking [2,3,9,14]. To solve this problem, we extended the framework of the thermodynamic mechanism to accommodate the conventional RSMs. We established a machine-learning-based response surface model (MLRSM) to explain the autonomic effects of drug stimulation. This data-driven MLRSM, based on thermodynamic mechanisms and statistical learning methods, can reflect the human physiological responses affected by anesthetic drugs. Our purpose was to seek the least amount of local anesthetics and, thus, shorten the recovery time after surgery. The conventional RSMs rely on the initial guesses in the maximum likelihood estimates, and would offer ill-suited results when using singular matrices [9,10,11,12,13,14]. Compared to conventional RSMs, the proposed MLRSM could significantly reduce computational time consumption and maintain an acceptable level of accuracy. Eventually, we hope that the proposed MLRSM can offer an optimal depth of anesthesia for autonomic modulation in the perioperative period.



In a nutshell, the proposed MLRSM connects the physical essence of thermodynamics and the statistical properties of experimental datasets, and then extracts the corresponding indispensable parameters by learning from the clinical data. We hypothesized that this proposed propofol–fentanyl MLRSM, combined with the wavelet transformation of HRV, could provide precise information on the optimal anesthesia status for transient autonomic modulation, even in the short timeframes of general anesthesia. This may lay the foundation for improving the reliability of anesthetic depth monitoring and the development of new clinical applications. The goal of this study was to provide a data-driven response surface model based on sophisticated machine learning methods. The MLRSM can offer a high-efficiency model construction with extremely low computational complexity. It can also derive analytical formulae for an arbitrary number of drug combinations. This achievement would reinforce the relevant development of clinical practices.




2. Materials and Methods


2.1. Data Collection and Preprocessing


2.1.1. Clinical Trials


A prospective observational study was conducted on 60 patients with the American Society of Anesthesiologists (ASA) physical status I–II who underwent elective surgery with the induction of propofol and fentanyl. All subjects gave their informed consent for inclusion before they participated in the study. The study was conducted in accordance with the Declaration of Helsinki, and the protocol was approved by the Ethics Committee of the Institutional Review Boards (IRB) of Taipei Veterans General Hospital (No. 2017-07-009CC) and Landseed Hospital (No. 16-033-B1), and registered at ClinicalTrials.gov (NCT03613961 and NCT03072069). We excluded cases of emergency surgery. This study adheres to the applicable STROBE guidelines. Patients were studied while supine, and standard monitoring was employed and recorded before and throughout the induction of anesthesia with propofol and fentanyl. The ECG (electrocardiogram) waveforms were continuously recorded by a multichannel polygraphic system (Embla N7000, Natus, Pleasanton, CA, USA), and data were saved directly to a memory card within the device at a rate of 1024 Hz for offline analysis of HRV and pulse photoplethysmography (PPG). Patients were divided into two groups for characterizing the individual ANS modulation effects of propofol and fentanyl, and for exploring the interactions in these two distinct induction groups. Patients in Group 1 received propofol first, followed by fentanyl, while the drug sequence followed an inverse procedure in Group 2. A brief period of individual drug effects was observable before adding the second induction drug. This period was pooled and modeled separately to investigate the single-drug ANS effects. The MLRSM then performed the interaction estimation when the two drugs existed simultaneously. Each patient received propofol (Propofol-Lipuro 1%, 20 mL, B BRAUN) and fentanyl (fentanyl “PPCD”, 0.1 mg/2 mL) via a 20-gauge catheter. When each surgery was completed uneventfully, so were the data collection and the general anesthesia.



We found that after both drugs were administered, both groups seemed identical. However, pharmacology is not a simple linear combination. If one drug is administered after another drug, we could not determine the individual effects of the latter drug, and vice versa. The delay of drug onset would result in very different paired peak and trough concentrations [17,18]. Thus, for a two-drug model, as in our study, we needed to identify the effects of propofol alone, of fentanyl alone, and then of both drugs simultaneously. The stepwise dosing technique is used frequently in pharmacodynamic studies [19,20,21,22,23]. Furthermore, it would be unethical and excessive to recall the patients for a second dosing trial.




2.1.2. Data Preprocessing and Pharmacokinetic Simulation


Our previous methods provided a preprocessing technique for ECG data, R–R wavelet intervals, and photoplethysmography beat-to-beat pulse amplitudes (PPGA) [24]. This technique offered estimations of the power over the high-frequency (HF) and low-frequency (LF) bands (HF, 0.15–0.4 Hz; LF, 0.04–0.15 Hz) in every second via a continuous wavelet function, representing the instantaneous function of the ANS. The HF of the series of heartbeats represents a marker of vagal modulation [25], and the ratio of the LF to the HF (LHR) becomes an indicator of the balance between sympathetic and vagal modulation [7,26]. The PPG signals reflect the peripheral sympathetic responses [27,28]. Since the normalization of the data would eliminate the inter-subject differences between baseline autonomic functions, we utilized Equation (1) to transform the signals individually into the region of [0, 1] through their maximum and minimum values [24]:


   X ′  ←   X −  X  m i n      X  m a x   −  X  m i n     × 100 ,  



(1)




where  X  is the original value in the series, and    X  m i n     and    X  m a x     are the original minimum and maximum values, respectively, while   X ′   is the transformed value. Thus, the transformed variables had the same normalized range, and the distribution of each patient response had the same normalized unit.



The pharmacokinetic profiles of plasma (Cp) and effect-site concentrations (Ce) were estimated using the Tivatrainer simulation program (version 8, EURO Siva). Then, we employed Shafer’s pharmacokinetic model [29] to estimate the fentanyl effect-site concentrations and Schnider’s pharmacokinetic model [30] to calculate propofol effect-site concentrations. Finally, we estimated the mean HRV using the technique of continuous wavelet transform [24], and graphically extracted the values of drug concentrations at the same time points using plots.





2.2. Model Derivation


2.2.1. Thermodynamic Interpretation


From the perspective of thermodynamics, we can estimate the macroscopic properties of a system of interest through the integrative manifestations of a large number of microscopic particles inside the system. Then, we can clarify the mapping transform between this macro–micro relationship by utilizing the number of possible microstates  Ω . For a system that contains  N  particles, if we naturally classify these particles into several subgroups    (   n 1  ,    n 2  ,   … ,  n m   )    according to their intrinsic microscopic properties, we can directly define the number of possible microstates as   Ω = N ! /  (   n 1  !  n 2  ! …  n m  !  )   , where    n 1  +  n 2  + … +  n m  = N  . Each subgroup    n i    here represents a specific microstate. By introducing this relationship to the mechanism of drug stimulation, we may elaborate on the human physiological responses after integrative manifestations of a set of drug stimuli. Here, we assumed that the human body is an isolated and isothermal system, and that the drug stimulation could immediately affect this system. In other words, the human physiological responses under anesthetic stimuli would instantly reflect the integrative manifestations of the drugs’ effects. This means that we can describe the average consequences of human responses after anesthetic stimuli by mapping the performance of drug effects to the microstates in a physical space. This concept connects the number of possible microstates to the drug effects and the corresponding drug concentrations.



Specific anesthetic drug effects directly lead to relevant human physiological responses in clinical practice. Thus, we can safely assume that the microstates and the performance of the drugs’ effects are isomorphic. To be specific, the number of possible microstates can have a simple expression according to the mapping relationship between the microstates and the specific effects of the individual anesthetic drugs, and this expression has the simple form   Ω =  E  m a x   ! /  [  E !  (   E  m a x   − E  )  !  ]   . The parameter  E  represents the subgroup of successful drug stimuli, while    E  m a x   − E   represents the subgroup with insignificant or unsuccessful drug effects. In other words, these two terms in the denominator of  Ω  indicate that two possible subgroups were adopted to model the two different states of the drug effects. From the perspective of thermodynamics, the parameters  E  and    E  m a x     are also the state number of successful drug stimulation and the total state number of drug stimuli, respectively, throughout the duration of drug stimulation.



Because of the response differences in the drug concentrations of each subject, we first normalized the drug concentration as   C /  C  50     for the model’s construction. The parameter  C  is the drug concentration given by injection, while    C  50     is the drug concentration at which 50% of subjects experienced the maximum clinical effect. Under this scheme, the upper bound of the total drug effects statistically becomes   H =   ∏   i = 1  E  C /  C  50   =    (  C /  C  50    )   E    after  E -time successful and independent drug stimulation. Since each of the state numbers of these two subgroups is enormous, we can find the maximum likelihood of  Ω  subject to the constraint condition by applying Stirling’s approximation to the natural logarithm of  Ω  and the constraint condition. Thus, we obtained [31]:


  ln Ω + γ  [  ln    (   C   C  50      )   E  − ln H  ]  ≈  E  m a x   ln  E  m a x   − E ln E −  (   E  m a x   − E  )  ln  (   E  m a x   − E  )  + γ  [  ln    (   C   C  50      )   E  − ln H  ]  .  



(2)







The parameter  γ  is a Lagrangian multiplier. By taking the calculus of variations to Equation (2) with the value of successful drug stimulation  E , we obtained   δ  [  ln Ω + γ ln    (  C /  C  50    )   E   ]  ≈  [  − ln E + ln  (   E  m a x   − E  )  + γ ln  (  C /  C  50    )   ]  δ E = 0  . Therefore, we obtained an analytical model that connected the drugs’ effects with the drug concentrations in a set of individual anesthetic drug stimuli:


  E =    E  m a x   ×    (   C   C  50      )   γ       (   C   C  50      )   γ  + 1   =    E  m a x     1 +    (   C   C  50      )    − γ     .  



(3)







It should be noted that the proposed analytical model is the well-known Greco model with individual drug effects used to resolve the RSM-related problems [15,16]. The total state number    E  m a x     of Equation (3) is a measured maximum of human physiological responses with drug stimulation in the Greco model [9,10,11,12,13,14]. It should also be emphasized that we obtained the RSM-type model by adopting the concept of the macro–micro relationship. The Lagrangian multiplier  γ  becomes a measure of the steepness of the drug concentration–effect configuration. Moreover, instead of the iteration processes utilized in parameter extraction by conventional RSMs [1,2,9,10,11,12,13,14,15,16], Equation (3) offers an avenue of data-driven processing for the RSM-type model. It connects the statistical properties of experimental data and the corresponding indispensable parameters by learning from the clinical data.




2.2.2. Machine-Learning-Based Response Surface Model


Conventional iteration procedures help to numerically estimate parameters in resolving the RSM problems [9,10,11,12,13,14], but they also cause undesired issues, such as high computational complexity, lower accuracy, high-cost hardware dependency, and irregular data structure [31,32]. We thus proposed an alternative solution by endowing probabilistic meanings to the data-driven model. From a statistical perspective, we can reconstruct Equation (3) as a conditional probability density function (PDF):


  f  (  C | γ ,  C  50    )  ≔  E   E  m a x     =  1  1 +    (   C   C  50      )    − γ     .  



(4)







Thus, the PDF   f  (  C | γ ,  C  50    )    is conditional on the parameters  γ  and    C  50    , and behaves similarly to a sigmoid function. Since we converted the conventional RSM-type model to a PDF by squeezing the data into a specific domain, the PDF curves collected from every subject should pass through the data centroid according to the similarity of the physiological responses. To technically measure the data centroid    (   C 0  ,    f 0   )   , we utilized a machine learning method—Gaussian mixture models [31]—to search for the most probable positions of the centroid from the experimental data, and to estimate the corresponding statistical distributions of the data.



To resolve the steepness  γ , we took a partial derivative of Equation (4) and obtained   ∂ f / ∂ C = f  (  1 − f  )   (  γ / C  )   . Then, we redefined the centroid as a coordinate origin to inspect the curve behavior near the data centroid. The trends of the curve’s steepness would then conform to the statistical meanings of the data covariance matrix. By introducing the concept of principal component analysis [33], we can determine the direction and the extent of curve declination utilizing the covariance matrix. First, the declination direction of the curve corresponds to the sign of off-diagonal elements   C o v  (  f , C  )   . Since the value of   C o v  (  f , C  )    would also affect the extent of the curve’s declination, we employed its unit vector form to measure the declination direction, i.e.,   C o v  (  f , C  )  / ‖ C o v  (  f , C  ) ‖   . Secondly, the ratio of eigenvalues    λ f  /  λ C    of the covariance matrix can directly reflect the extent of curve declination. From the following secular equation, we can obtain the corresponding eigenvalues of the covariance matrix [33]:


   λ  f , C   =  1 2   [  C o v  (  f , f  )  + C o v  (  C , C  )   ]  ±  1 2   [  C o v  (  f , f  )  − C o v  (  C , C  )   ]    1 −    (    2 C o v  (  f , C  )    C o v  (  f , f  )  − C o v  (  C , C  )     )   2    ,  



(5)







Once the statistical condition    |  C o v  (  f , f  )  − C o v  (  C , C  )   |  ≫ 2 C o v  (  f , C  )    is satisfied, the eigenvalues    λ f    and    λ C    approach the diagonal elements of the data covariance matrices   C o v  (  f , f  )    and   C o v  (  C , C  )   , respectively. Since the domain of the PDF  f  is in    [  0 ,   1  ]   , the statistical condition is always satisfied in clinical practice. Then, we can estimate the extent of the curve’s declination using the square root ratio of    λ f    and    λ C   , i.e.,     C o v  (  f , f  )  / C o v  (  C , C  )     . The value of the curve’s steepness at the centroid point    (   C 0  ,    f 0   )    can be expressed as follows:


      f  (  1 − f  )   γ C   |     (   C 0  ,    f 0   )    ≅   C o v  (  f , C  )    ‖ C o v  (  f , C  ) ‖        C o v  (  f , f  )    C o v  (  C , C  )      =  r  ‖ r ‖   ·    S f     S C    .  



(6)







The factor   r / ‖ r ‖   is a normalized correlation coefficient of the clinical data, and it also represents the declination direction of the curve’s steepness. The statistical measures    S f    and    S C    are the standard deviations of  f  and  C , respectively.



Eventually, by substituting Equation (4) into Equation (6), the analytical form of the steepness  γ  with the data-driven term    (   C 0  ,    f 0   )    can be expressed as follows:


  γ =    C 0       f 0   (  1 −  f 0   )     r   | r |    ·    S f     S C    .  



(7)







In the representation of the Greco model [15,16], we have


  γ =    C 0     E 0   (  1 −  E 0  /  E  m a x    )     r   | r |    ·    S f     S C    .  



(8)




where    E 0    is the average drug effect. Then, we can obtain the normalization factor    C  50     by substituting  γ  and    (   C 0  ,    f 0   )    into Equation (4):


   C  50   =  C 0     (    1 −  f 0     f 0     )    1 / γ   .  



(9)







In the representation of the Greco model, similarly, we have


   C  50   =  C 0     (     E  m a x   −  E 0     E 0     )    1 / γ   .  



(10)







Therefore, we proposed a machine-learning-based RSM associated with the analytic forms of data-driven  γ  and    C  50    . Under the framework of the proposed MLRSM, the curve steepness  γ  is dimensionless as its statistical property. Since the statistical operations of the MLRSM rely on machine learning methods and whole clinical data, the MLRSM has a high tolerance for data centroid mismatching, and can offer flexible model formation.




2.2.3. Multi-Drug MLRSM


Under the circumstance of a multi-drug stimulation, the total drug effects can be expressed linearly as     ∑   i = 1  m   C i  /  C  50 , i   = M   by considering  m  kinds of independent drug stimulation. However, the interaction between drugs would also participate in the effects on human physiological responses. We assumed the drug interaction as an additional effect on the linear drug combination   M  (  1 + α  C  r e   /  C  50 , r e    )   , where the parameter  α  is a ratio to modulate the drug interaction and the linear drug combination. Then, we utilized the reduced concentration    C  r e   /  C  50 , r e     to describe the drug interaction:


     C  r e      C  50 , r e     =    [    ∑   i = 1  m     (     C i     C  50 , i      )    − 1    ]    − 1   ≡ R .  



(11)







Therefore, the upper bound of total drug effects after  E -time successful and multi-drug stimulation statistically becomes:


    ∏   i = 1  E  M  (  1 + α R  )  =    [   (    ∑   i = 1  m     C i     C  50 , i      )   (  1 + α    C  r e      C  50 , r e      )   ]   E  .  



(12)







Under this new constraint condition, for instance, the proposed MLRSM with two different drug stimuli becomes:


   E   E  m a x     = f  (   C 1  ,    C 2  | α ,    γ  i n t   ,  C  50 , 1   ,  C  50 , 2    )  =  1  1 +    (     C 1     C  50 , 1     +    C 2     C  50 , 2      )    −  γ  i n t        (  1 + α    C  r e      C  50 , r e      )    −  γ  i n t       .  



(13)







Thus, we obtained an analytical model under a set of two anesthetic drug stimuli. It is obvious that once we modify the term      (     C 1     C  50 , 1     +    C 2     C  50 , 2      )    −  γ  i n t        (  1 + α    C  r e      C  50 , r e      )    −  γ  i n t       to be      [     C 1     C  50 , 1     +    C 2     C  50 , 2     + α  (     C 1     C  50 , 1        C 2     C  50 , 2      )   ]    −  γ  i n t      , Equation (13) is indeed the general form of the Greco model [9,10,11,12,13,14,15,16]. It is worth emphasizing that according to the new constraint condition in Equation (12), the proposed MLRSM has high feasibility and flexibility for the cases of arbitrary usage numbers of anesthetic drugs in clinical practice.



To determine the interaction steepness    γ  i n t    , we can repeat the steps from Equations (5)–(8). However, it is hard to find eigenvalues of a high-order covariance by resolving the corresponding secular equation. Furthermore, the definition of Equation (6) might not be suitable for high-dimensional datasets. At the moment, the concept of Bliss independence [34] provides an excellent foundation for establishing the proposed multi-drug MLRSM. It elaborates on the cooperation of drugs that behave independently of one another. Thus, according to the concept of Bliss independence, we safely assumed that the solution of    γ  i n t     can have a first-order approximation by directly multiplying the corresponding PDFs:


   1  1 +    (     C 1     C  50 , 1     +    C 2     C  50 , 2      )    −  γ  i n t        (  1 + α    C  r e      C  50 , r e      )    −  γ  i n t       ≅  1  1 +    (     C 1     C  50 , 1      )    −  γ 1       1  1 +    (     C 2     C  50 , 2      )    −  γ 2      .  



(14)







Under this scenario, the PDFs are the one-sided limits of the two-drug MLRSM. By comparing the two-drug MLRSM to its one-sided limits, we obtained the corresponding equations:


   {       M  −  γ  i n t     =    ∑   i = 1  2      (     C i     C  50 , i      )    −  γ i                                                                                                     (  1 + α R  )    −  γ  i n t     = 1 +    ∏   i = 1  2      (     C i     C  50 , i      )    −  γ i    /    ∑   i = 1  2      (     C i     C  50 , i      )    −  γ i          ,  



(15)




where    C i   ,    c  50 , i    , and    γ i    are the drug concentration, that of 50% clinical effects, and the steepness of the   i th   drug at its one-sided limit, respectively. By redefining     ∑   i = 1  2     (   C i  /  C  50 , i    )    −  γ i    ≡ S   and     ∏   i = 1  2     (   C i  /  C  50 , i    )    −  γ i    ≡ T  , we obtained the compact expressions and corresponding values of the interaction steepness and the interaction ratio:


   {       γ  i n t   =     sgn  (     ∏   i = 1  2    γ i   )    ln S   ln M    |     (   C 1  ,    C 2  ,   f  )  =  (   C  0 , 1   ,    C  0 , 2   ,    f 0   )            α =  1 R     [     (  1 +  T S   )    1 /  γ  i n t     − 1  ]     (   C 1  ,    C 2  ,   f  )  =  (   C  0 , 1   ,    C  0 , 2   ,    f 0   )          ,  



(16)




where    (   C  0 , 1   ,    C  0 , 2   ,    f 0   )    is the corresponding centroid point. It should be noted that the sign function used in Equation (16) represents the direction of the interaction steepness of the two-drug system. By following Equation (15), the derivations of the interaction steepness and the interaction ratio should be    γ  i n t   = − ln S / ln M   and   α =  [     (  1 + T / S  )    − 1 /  γ  i n t     − 1  ]  / R  , respectively. In practice, however, the formula of  α  would become divergent on some specific coordinates due to the term   − 1 /  γ  i n t    . This predicament might arise from the utilization of the first-order approximation. Since the declination direction of the response surface depends on the signs of    γ 1    and    γ 2   , we utilized the sign function to determine the corresponding declination direction. Only when    γ 1    and    γ 2    have different signs would there be a twist of the response surface. Thus the sign of   1 /  γ  i n t     also relies on the results of the sign function. These operations led to the outcomes of Equation (16).



To avoid data bias between subjects, we also transformed the values of drug concentrations  C  using the min–max normalization [24]:


  C ←   C −  C  m i n        C  M a x   −  C  m i n     ,  



(17)




where    C  m i n     and    C  M a x     are the minimum and the maximum values of the drug concentrations in each subject, respectively. Thus, the parameter  C  used in the proposed MLRSM becomes dimensionless. Additionally, we employed the bootstrap algorithm [35] in both groups for the statistical analysis to ensure consistency of the results and measure the various statistical fluctuations. The number of iterations of each model estimate was 500.






3. Results


The included patients were scheduled for orthopedic, breast, gynecological, and urological surgery, under general anesthesia. General anesthesia was induced with propofol (1.5–2.0 mg/kg) and fentanyl (3–5 μg/kg). Patients were divided into two groups to characterize the individual ANS modulation effects of propofol and fentanyl, and to explore the interaction between these two distinct induction groups. The 30 patients in Group 1 received propofol first, followed by fentanyl, while the drug sequence followed an inverse procedure in the 30 patients in Group 2. We collected Group 2’s patients to clarify both the single-sided ANS effects and their synergy. In Group 1, the average age was 44.8 ± 15.74 years, and 56% of the patients were women. Their mean height and weight were 160.50 ± 7.56 cm and 62.28 ± 12.31 kg, respectively, and their mean body mass index was 24.10 ± 3.94 kg/m2. In Group 2, the average patient age was 48.79 ± 12.63 years, and 51% of the patients were women. Their mean height and weight were 163.73 ± 9.43 cm and 65.68 ± 12.59 kg, respectively, and their mean body mass index was 24.5 ± 4.45 kg/m2.



3.1. Validation and Visualization of the Single-Drug MLRSM


To validate the proposed MLRSM, we collected clinical data from the two distinguished groups. First, we inspected the performance of the single-drug MLRSM by utilizing single-sided propofol and fentanyl. The averaging processing times of the effects of pure propofol (in Group 1) and pure fentanyl (in Group 2) were 178 and 107 s, respectively. The MLRSM extracted the data of normalized LF (LFn) and HF (HFn), LHR, and PPGA from the start of each administration of propofol or fentanyl. Figure 1 depicts the raw data distributions and the MLRSM predictions of the LFn, HFn, LHR, and PPGA signals versus the effect-site concentrations of pure propofol (Cep) and fentanyl (Cef). Table 1 lists their corresponding modeling and sampling steepness  γ  and normalization factor    C  50    . The comparison between the sampling and modeling results exhibits the results’ consistency and the statistical stability of the single-drug MLRSM. Each plot in Figure 1 demonstrates the Cep, the Cef, and their corresponding effects on the ANS during the initial brief period of single-drug induction.




3.2. Two-Drug MLRSM vs. Conventional RSMs


We also demonstrated the three-dimensional morphologies of the propofol–fentanyl interaction MLRSM, as shown in Figure 2. The contour levels of 5%, 50%, and 95% delineated on each plot indicate the performance of the drug interactions. Table 2 exhibits the corresponding modeling and sampling parameters, and the comparison between parameters also verifies the results’ consistency and the statistical stability of the multi-drug MLRSM. The values of steepness    γ 1    and    γ 2    of PPGA listed in the Cp column of Table 2 achieve a negative interaction steepness    γ  i n t    ; thus, the three-dimensional morphology of PPGA is reasonable, as shown in Figure 2a. It should be noted that since the morphologies of Groups 1 and 2 and their mixture are similar, we only exhibit that of the mixture data in Figure 2. Furthermore, the steepnesses and normalization factors listed in Table 2 are different from those in Table 1. This is because these two groups have different initial and boundary conditions.



We then demonstrated the global morphologies of MLRSM by extending the centroids in Equation (16) to the whole surface space. The morphologies of Figure 3 have significant differences compared to the outcomes shown in Figure 2. The red arrows in Figure 3 describe the paths of drugs with negative steepness. For instance, the Cep and Cef of PPGA in the term Cp, as shown in Figure 3a, all have negative steepnesses. Thus, the morphology exhibits the corresponding consequences on its two boundaries. On the other hand, the red paths on LHR and PPGA in the term Ce in Figure 3b show the performance of the drugs with negative steepness. In this case, the performance would have some interaction with the drugs with positive steepness. Thus, the surface becomes more flattened on the junction, as shown in Figure 3b. In other words, the global MLRSM seems to have a better capability for drug behavior predictions than conventional RSMs. However, the global MLRSM still requires more clinical evidence to verify its feasibility. Moreover, the values of the interaction steepness and ratio listed in Equation (16) still play a vital role in clinical research and applications. The validation of the global MLRSM is beyond the scope of this article.





4. Discussion


According to the single-drug MLRSM estimations, the depressions of LFn and HFn occur while increasing the Cep and Cef in the two groups. This study is the first to use a single-drug MLRSM to evaluate the autonomic effects of propofol and fentanyl. From a clinical perspective, low HFn indicates high parasympathetic suppression, whereas the increasing LHR represents the relative temporal elevation of cardiac sympathovagal balance. Thus, the phenomenon of high parasympathetic suppression occurs in these two groups. The sympathetic activity illustrated by PPGA was markedly suppressed after the administration of propofol in Group 1. However, no changes were seen in LHR and PPGA after the administration of fentanyl in Group 2. These findings indicate that there was an overall reduction in the autonomic response after the administration of pure propofol or fentanyl, as shown by the reduced HFn and LFn values (see Figure 1a,b), and a continuous increase in the normalized PPGA (see Figure 1a). Propofol and fentanyl are widely used induction agents due to the rapid onset of anesthesia after their administration. We believe that ANS disturbances occur primarily at this stage, and we need more efficient models to identify drugs’ effects on ANS activity. Wang et al. [24] state that the induction of propofol results in a significant and immediate rise in cardiac sympathovagal balance and reduced sympathetic activity. The same individual effects of propofol on the Cep term were also observed based on the single-drug MLRSM. Fentanyl (an opioid) is an agent used to suppress hemodynamic alterations by increasing analgesia and abolishing sympathetic discharge during surgery [36]. Previous studies have reported that fentanyl reduces the power of LF and LHR [37]. The single-drug MLRSM also reflects the same outcomes in Figure 1b. Vettorello et al. [38] found that low-dose fentanyl did not have a direct sympatholytic effect. Our findings based on the single-drug MLRSM of fentanyl’s effects in reducing sympathetic activity are consistent with previously published literature.



To fairly compare the conventional RSMs [9,10,11,12,13,14] to the two-drug MLRSM, we also demonstrated the three-dimensional morphologies of activities measured by plasma concentrations (Cp). Thus the Ce and Cp MLRSMs are graphed separately and shown in Figure 2. The modeling response surfaces of LFn, HFn, and LHR, shown in Figure 2a, appeared to share similar morphologies to that established using the conventional RSM methods [1,2,9,10,11,12,13,14,15,16]. In other words, the proposed two-drug MLRSM seems to resemble the traditional RSM methods in this regard. However, previous research has not reported the morphology of the PPGA response surface. It should be noted that the steepnesses of propofol (   γ 1   ) and fentanyl (   γ 2   ) in terms of LHR and PPGA listed in the Ce column of Table 2 have different signs. Their negative interaction steepnesses cause the corresponding morphologies, with decreasing trends. Then, this result inhibits the effects of positive steepnesses. We also noted that the sampling    γ 2   s of LHR in both the Cp and Ce terms has significant standard deviations. This may be the root cause of this predicament. The single-sided steepness  γ  describes the boundary curvature of a response surface. According to Equations (9) and (16), it also affects its corresponding normalization factor    C  50    , as well as the interaction steepness.



On the other hand, the bootstrapping results of  γ  imply that there might exist data inconsistency in the LHR term. Fortunately, the response surface constructed from the MLRSM could prevent these problems. The theoretical formulae directly provide the analytical solutions. We also found similar situations with regard to the    γ  i n t     of LFn in the Cp term and the  α  of HFn in Group 1, but their modeling and sampling values were comparable. Furthermore, the abnormal interaction ratios that occurred in the LFn of Group 1 (67.5643) and the LHR of Group 2 (508.7802) did not show any influence on the results of the mixture part of the groups. Their corresponding sampling values were both infinite. These consequences become hard to explain, since the performance of each group should affect the outcomes. The outcomes seemed to smooth the performance of the abnormal interaction ratios. Only defining the local interaction steepness and ratio might not be a good strategy for the response surface modeling. Thus, we demonstrated the global morphologies of activities by extending the centroids in Equation (16) to the whole surface space, as shown in Figure 3.



We also discussed the limitations of the proposed MLRSM from the perspective of clinical practice. The duration of the individual anesthetic drugs obtained in this period varies according to clinical dosing preferences. The single-drug MLRSM only evaluated the brief period before adding the second induction drug in this observational study. The peak drug concentration of fentanyl (Cef) occurred at the 183rd second, after the time of the second drug’s administration (the 107th second). Our single-drug model may not capture the peak effect of the Cef on the ANS. We could only observe the trend of decreasing HFn and LFn, but were uncertain about the LHR balance and PPGA under the influence of Cef. On the other hand, the peak drug concentration of propofol (Cep) occurred at the 97th second, but the administration time of the second drug was at the 177th second. This may be the reason that we obtained the undesirable LHR and PPGA in Figure 1, and we may not have obtained a complete and true representation of the peak drug effects on ANS response. The time-dependent properties of RSM should be discussed in the future. On the other hand, fair comparisons in multi-drug scenarios between our MLRSM and other works are not easy, because we might have used different experimental conditions, protocols, and strategies for drug use. We only can compare the morphologies of the response surfaces and the corresponding boundaries under the effect of drugs with similar attributes. As mentioned above, the results from the traditional RSM methods [1,2,9,10,11,12,13,14,15,16] validate the performance of the two-drug MLRSM.




5. Conclusions


Based on the proposed MLRSM, the participants could study and model the performance of pure drugs or their combination. The MLRSM also allows an arbitrary number of combinations of drugs, since we derived the equations of the drug interaction. The vital clinical parameters estimated from the MLRSM would be of benefit to clinical research and applications. The proposed MLRSM offers a high-efficiency model construction with extremely low computational complexity, and it also provides vital clinical information. Furthermore, we found that the local MLRSM could not reflect the differences between the steepnesses with opposite signs. A global MLRSM could resolve this predicament, but we do not have enough clinical evidence at the moment. The parameters extracted from the local MLRSM still play a vital role in clinical practices. Thus, a well-developed global MLRSM is our next task.
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Figure 1. (a,b) The corresponding effects on the ANS caused by the effect-site concentrations of pure propofol (Cep) and fentanyl (Cef) in Groups 1 and 2, respectively. The black dots and red lines represent the raw data and the MLRSM predictions, respectively. 






Figure 1. (a,b) The corresponding effects on the ANS caused by the effect-site concentrations of pure propofol (Cep) and fentanyl (Cef) in Groups 1 and 2, respectively. The black dots and red lines represent the raw data and the MLRSM predictions, respectively.



[image: Mathematics 10 01651 g001]







[image: Mathematics 10 01651 g002 550] 





Figure 2. (a,b) The three-dimensional morphologies of activities on the ANS in terms of plasma concentrations (Cp) and effect-site concentrations (Ce), respectively. The level contours exhibit the corresponding performance of the drug interaction. Panel (b) exhibits only the mixed morphologies of Groups 1 and 2. 
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Figure 3. (a,b) The global three-dimensional morphologies of activities on the ANS in terms of plasma concentrations (Cp) and effect-site concentrations (Ce), respectively. This figure exhibits only the mixture of Groups 1 and 2. The red arrows represent the changing path of the drug with negative steepness. 
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Table 1. The modeling and sampling parameters of pure propofol and fentanyl MLRSM.
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Activity

	
Parameters

	
Propofol

	
Fentanyl




	
Modeling

	
Sampling

	
Modeling

	
Sampling






	
LFn

	
Steepness  γ 

	
−4.4084

	
−4.4105 (0.0570) *

	
−2.3600

	
−2.3624 (0.0275)




	
Normalization factor    C  50    

	
5.2611

	
5.2613 (0.0307)

	
1.7159

	
1.7161 (0.0184)




	
HFn

	
Steepness  γ 

	
−4.1503

	
−4.1510 (0.0592)

	
−2.2044

	
−2.2052 (0.0281)




	
Normalization factor    C  50    

	
4.9724

	
4.9740 (0.0322)

	
1.5134

	
1.5129 (0.0184)




	
LHR

	
Steepness  γ 

	
4.0242

	
4.0220 (0.0521)

	
−2.3588

	
−2.3409 (0.0285)




	
Normalization factor    C  50    

	
7.0896

	
7.0899 (0.0379)

	
1.4091

	
1.4075 (0.0199)




	
PPGA

	
Steepness  γ 

	
3.5442

	
3.5432 (0.0429)

	
−2.0138

	
−2.0371 (0.0291)




	
Normalization factor    C  50    

	
6.5799

	
6.5787 (0.0360)

	
1.2836

	
1.2795 (0.0186)








*: Standard deviation.
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Table 2. The modeling and sampling parameters of the propofol–fentanyl interaction MLRSM.
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Activity

	
Para-

Meters

	
Cp

	
Ce (Mixture)

	
Ce (Group 1)

	
Ce (Group 2)




	
Modeling

	
Sampling

	
Modeling

	
Sampling

	
Modeling

	
Sampling

	
Modeling

	
Sampling






	
LFn

	
    γ 1    

    γ 2    

	
1.2797

1.7051

	
1.28 (0.01)

1.70 (0.01)

	
−3.2024

−2.8392

	
−3.20 (0.03)

−2.84 (0.02)

	
-- *

--

	
−3.20 (0.03)

−2.84 (0.02)

	
--

--

	
−3.20 (0.03)

−2.84 (0.02)




	
    C  50 , 1     

    C  50 , 2     

	
13.1206

10.3580

	
13.11 (0.15)

10.36 (0.09)

	
3.9268

2.0578

	
3.93 (0.02)

2.06 (0.01)

	
--

--

	
3.93 (0.02)

2.06 (0.01)

	
--

--

	
3.93 (0.02)

2.06 (0.01)




	
    C  0 , 1     

    C  0 , 2     

	
5.3293

6.4379

	
5.33 (0.06)

6.44 (0.06)

	
4.2351

2.3693

	
4.23 (0.02)

2.37 (0.01)

	
4.4430

2.8881

	
4.44 (0.03)

2.89 (0.01)

	
4.0676

1.9515

	
4.07 (0.03)

1.95 (0.01)




	
    γ  i n t     

	
10.0290

	
12.19 (9.95)

	
−0.4678

	
−0.47 (0.02)

	
−0.0579

	
−0.06 (0.02)

	
−1.0517

	
−1.05 (0.04)




	
  α  

	
0.0693

	
0.07 (0.03)

	
1.6778

	
1.68 (0.07)

	
67.5643

	
Inf

	
0.9598

	
0.96 (0.02)




	
HFn

	
    γ 1    

    γ 2    

	
1.2892

1.5988

	
1.29 (0.01)

1.60 (0.01)

	
−3.2263

−2.6622

	
−3.23 (0.03)

−2.66 (0.03)

	
--

--

	
−3.23 (0.03)

−2.66 (0.03)

	
--

--

	
−3.23 (0.03)

−2.66 (0.02)




	
    C  50 , 1     

    C  50 , 2     

	
15.0960

11.8426

	
15.10 (0.19)

11.85 (0.11)

	
3.7128

1.8988

	
3.71 (0.02)

1.90 (0.01)

	
--

--

	
3.71 (0.02)

1.90 (0.01)

	
--

--

	
3.71 (0.02)

1.90 (0.01)




	
    C  0 , 1     

    C  0 , 2     

	
5.3293

6.4379

	
5.42 (0.06)

6.44 (0.06)

	
4.2351

2.3693

	
4.22 (0.02)

2.36 (0.01)

	
4.4430

2.8881

	
4.44 (0.03)

2.89 (0.01)

	
4.0676

1.9515

	
4.07 (0.03)

1.95 (0.01)




	
    γ  i n t     

	
4.1107

	
4.13 (0.26)

	
−0.2176

	
−0.22 (0.02)

	
−0.1191

	
−0.12 (0.02)

	
−0.6847

	
−0.68 (0.03)




	
  α  

	
0.1660

	
0.17 (0.01)

	
3.9263

	
4.02 (0.60)

	
5.7335

	
6.42 (3.38)

	
1.2405

	
1.24 (0.04)




	
LHR

	
    γ 1    

    γ 2    

	
1.2451

1.5897

	
1.25 (0.01)

1.47 (0.59)

	
3.1158

−2.6172

	
3.12 (0.03)

−2.03 (1.65)

	
--

--

	
3.12 (0.03)

−2.02 (1.67)

	
--

--

	
3.12 (0.03)

−2.06 (1.61)




	
    C  50 , 1     

    C  50 , 2     

	
14.8138

12.4434

	
14.80 (0.20)

12.11 (1.48)

	
7.1478

1.8258

	
7.14 (0.04)

1.95 (0.34)

	
--

--

	
7.15 (0.04)

1.91 (0.30)

	
--

--

	
7.15 (0.04)

1.96 (0.35)




	
    C  0 , 1     

    C  0 , 2     

	
5.4163

6.4236

	
5.42 (0.06)

6.42 (0.06)

	
4.2173

2.3599

	
4.22 (0.02)

2.36 (0.01)

	
4.3982

2.8534

	
4.40 (0.03)

2.85 (0.01)

	
4.0676

1.9515

	
4.07 (0.03)

1.95 (0.01)




	
    γ  i n t     

	
3.6084

	
3.02 (2.47)

	
−0.5546

	
−0.50 (0.71)

	
−0.8130

	
−0.53 (0.73)

	
−0.0255

	
−0.45 (1.61)




	
  α  

	
0.1929

	
0.22 (0.15)

	
0.6589

	
0.59 (0.15)

	
0.3642

	
0.42 (0.23)

	
508.7802

	
Inf




	
PPGA

	
    γ 1    

    γ 2    

	
−1.0789

−1.4841

	
−1.08 (0.01)

−1.49 (0.01)

	
−2.7005

2.3635

	
−2.70 (0.02)

2.36 (0.02)

	
--

--

	
−2.70 (0.02)

2.36 (0.02)

	
--

--

	
−2.70 (0.02)

2.36 (0.02)




	
    C  50 , 1     

    C  50 , 2     

	
4.9809

6.5615

	
4.98 (0.07)

6.56 (0.07)

	
4.6255

2.5710

	
4.62 (0.03)

2.57 (0.02)

	
--

--

	
4.63 (0.03)

2.57 (0.02)

	
--

--

	
4.63 (0.03)

2.57 (0.02)




	
    C  0 , 1     

    C  0 , 2     

	
5.2263

6.5400

	
5.22 (0.06)

6.54 (0.06)

	
4.1871

2.2863

	
4.19 (0.02)

2.29 (0.01)

	
4.3317

2.7539

	
4.33 (0.03)

2.75 (0.01)

	
4.0815

1.9444

	
4.08 (0.03)

1.94 (0.01)




	
    γ  i n t     

	
−0.9360

	
−0.94 (0.03)

	
−1.2411

	
−1.24 (0.03)

	
−1.2383

	
−1.24 (0.03)

	
−1.3195

	
−1.32 (0.05)




	
  α  

	
1.0353

	
1.04 (0.02)

	
0.8278

	
0.83 (0.02)

	
0.9129

	
0.91 (0.01)

	
0.6747

	
0.68 (0.02)








* --: The same with the mixture data.
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