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Abstract

:

Due to the progressive digitalization of the industry, more and more data is available not only as digitally stored data but also as online data via standardized interfaces. This not only leads to further improvements in process modeling through more data but also opens up the possibility of linking process models with online data of the process plants. As a result, digital representations of the processes emerge, which are called Digital Twins. To further improve these Digital Twins, process models in general, and the challenging process design and development task itself, the new data availability is paired with recent advancements in the field of machine learning. This paper presents a case study of an ANN for the parameter estimation of a Steric Mass Action (SMA)-based mixed-mode chromatography model. The results are used to exemplify, discuss, and point out the effort/benefit balance of ANN. To set the results in a wider context, the results and use cases of other working groups are also considered by categorizing them and providing background information to further discuss the benefits, effort, and limitations of ANNs in the field of chromatography.
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1. Introduction


With the ongoing digitalization of the industry, the so-called Industry 4.0, previously inaccessible or barely accessible data are now available. Previously handwritten or printed process data is digitalized or accessible via standardized interfaces like OPC UA [1,2,3]. This digitalization also enables new opportunities in process development and optimization [3,4]. One concept is the implementation of Digital Twins of the process. These digital twins are digital copies of the process [5,6]. In the context of process engineering, these are sophisticated models of the processes, as shown in Figure 1. These do not only support process development in the early stages but also enable the tracking of the process itself and its deviations. This can be utilized to predict consequences and improve process performance and/or quality [7,8].



Digital twins need to be scalable to be useful in process development, manufacturing, and piloting. However, certain aspects, such as phase equilibrium behavior and mass transfer kinetics, do not change with scale, while others, like fluid dynamics and energy distribution, do. To create a predictive process model, it is important to separate these effects and determine the model parameters at the laboratory scale. Then only the fluid dynamics have to be changed at larger scales. In order to rely on any model-based decisions, these models must be validated experimentally with accuracy and precision. Such model validation is distinctly based on a statistical design of experiments (DoE) plan at mini plants. The scalable digital twin concept is shown in Figure 1 [9]. Artificial neural networks (ANN) can be used in a number of ways. They can serve as regressors for process analytical technology (PAT) sensor data or replace methods like the partial least squares (PLS) algorithm. ANN can also be used to determine model parameters instead of minimizing the sum of least square errors between experimental and simulated datasets. Additionally, ANNs can be used to adapt the digital twin’s process and model parameters to real-time operation data. Another application of ANN is in process models or as part of such models, e.g., hybrid models. A complete framework for total process design and operation has already been established [10,11,13].



Concerning process chromatography, over the years, many methods for modeling and optimization of process chromatography have been suggested and implemented [14,15,16,17,18,19,20]. Instead of only exploiting existing methods, new methods like the utilization of machine learning algorithms are explored. These range from common data analysis tools like the Partial Least Squares (PLS) algorithm to the utilization of artificial neural networks (ANN) [21,22,23,24], which are considered universal approximators [25].



For the sake of simplicity, this work focuses on artificial neural networks (ANNs). The ANNs can be utilized in all levels of Figure 2. In the context of process chromatography, current ANN approaches can be simplified into the following categories (Figure 3). Depending on the category, different types of solutions can be realized. On the other hand, different types of training and different perquisites and amounts of data samples are necessary for a successful implementation.



Figure 3a describes a general regressor, which is a type of ANN that maps inputs to outputs without considering any underlying mechanistic relationships. This type of ANN works best within its training area and may not be able to extrapolate data beyond its limits. The outputs are produced in a fraction of seconds [26,27,28,29,30,31,32,33,34,35].



Figure 3b describes an ANN that is still a general regressor but tries to identify model parameters from measurements. In this case, the ANN supplies parameters to the model. It is necessary to consider the model input, which affects the input of the ANN, in the training dataset. The outputs are also produced in fractions of a second [22,36,37,38,39,40,41].



Figure 3c describes an ANN that is part of the equation system of the model. The ANN receives input from the equation system and delivers results back to the equation system. In this case, the ANN is a function that can adapt to the problem, meaning it learns to be the missing equation(s) of the mechanistic model based on supported data. In other words, in the classical approach, only parameters of a function are adjusted to match the data, while in this approach, an entire function is evolved to match the reference data. Therefore, this is called a hybrid model in the context of this paper because the model itself consists of data-driven and mechanistic elements. In this scenario, the output of the model is primarily constrained in terms of speed and accuracy by the limitations of the equation system and the information contained within the available data [23,42,43].



Figure 3d depicts a so-called physics-informed neural network (PINN) that constitutes the model, or at least a significant portion of it. In this scenario, the ANN learns the underlying mechanistic equations, ranging from algebraic equations to partial differential equations, and can account for any unknown effects through the data supplied. The model output is generated quickly, within a fraction of a second, making it a valuable tool for real-time applications. This type is still in an early stage of research in the field of chromatography [44,45,46]. Further information about PINNS can be found in [47,48,49].



Before discussing the benefits and drawbacks of each approach, it is important to understand how the training in each of the approaches works in general. This is also essential for a better understanding of the effort and opportunities ANN offers. A simplified scheme is shown in Figure 4. During training, the ANN receives an input and a desired output. The current result is then compared to the desired result, and the error is calculated based on a user-defined formula. The training algorithm then tries to minimize this error by adjusting the ANN parameters accordingly via backpropagation [50,51]. This process is repeated until there is no more improvement over a specified number of training epochs or a certain threshold is met. To avoid overfitting or underfitting, several approaches are taken. At first, an ANN architecture has to be developed that is able to perform the mapping from inputs to outputs of the given data without overfitting. This is mostly influenced by the underlying complexity of the information in the data itself [50,51]. In practice, different amounts of layers and neurons and different activation functions are tested until a promising candidate emerges [31,37,44,52]. In chromatography, these architectures mostly follow the fully connected feed-forward scheme. Further performance-enhancing options are different loss functions and different training algorithms with different parameters. Additionally, techniques such as dropout or regularization are utilized to increase the generalization ability of ANNs. Thereby, generalization means the error of the ANN on unseen data [50,51]. This generalization ability is also greatly influenced by the amount of training data, as shown by Pirrung et al. [31]. In the end, the optimization of all those so-called hyperparameters leads to multiple networks being trained and evaluated during the whole ANN development process. Detailed information concerning ANNs in general and the training process can be found in Fausett [50] and Goodfellow at el. [51].



Figure 4a shows the case of the Figure 3a category regressor and the Figure 3b category regressor with the subsequent model. Information exists only in the data. In this case, an appropriate amount of data is required for training, and the training duration mainly depends on the network architecture and the amount and complexity of the data. This type of model may not be predictive outside the bounds of the training data. An example is a regressor for isotherm parameters or retention time.



Figure 4b shows the simplified training scheme of a physics-informed neural network (PINN) from Figure 3c. To train a PINN, physical principles are first formulated as mathematical equations, which are then incorporated into the loss function used in the training process. The physical constraints can range from simple algebraic equations to complex partial differential equations (PDE). The neural network then tries to optimize the loss function by minimizing the error between predicted and actual outcomes while satisfying the imposed physical constraints. The error can be calculated by using automatic differentiation [47,48,49], thus no human interaction is necessary. By doing so, the network learns the underlying physical principles governing the system being studied, leading to more accurate and reliable predictions. This type of model is predictive because it follows the rules of the underlying PDEs. On the other hand, the model has to be retrained if the initial conditions or boundary conditions are changed, as stated by Subraveti et al. [46].



Figure 4c shows most of the information is in the model equation system, and the missing information (e.g., the isotherm) is in the data. In this case, the ANN is part of the equation system, and the data is only needed for the non-mathematically described part of the model. The whole model has to be solved for each ANN training epoch, and the training is limited by the complexity of the missing data and the model itself [23,42,43]. This hybrid model learns the behavior that is not described in the model equation, and the ANN is modified so that the whole model fits the data. This is a form of fitting, but instead of modifying parameters, a whole function is modified. The model is only predictive within the range of the input data [23].



Most examples of ANNs as regressors, as shown in Figure 3a, are used for process optimization. First, an ANN is developed to predict certain values. Then a standard optimization algorithm is used to perform the optimization with the ANN’s inputs and outputs. Examples are Golubović et al. [28], Nagrath et al. [30], and Pirrung et al. [31].



Golubović et al. [28] used ANNs for retention factor optimization of mycophenolate mofetil (MFM) and its degradation products. The ANN predicted the retention factors based on buffer composition, flow rate, and column temperature. A purely experimental dataset of 33 samples based on the Central Composite Design (CCD) was used, which is able to detect linear and quadratic effects. The ANN outperformed standard Multilinear Regression (MLR) and enabled the reduction of the experiment duration from 6.2 min to 5.2 min. The drawbacks of this approach may be the limitations on the area and information of the CCD design space and the experimental effort. Designing and performing these experiments on a preparative chromatography scale may also not be possible. On the other hand, no process knowledge or process modeling is necessary for this approach. Even no ANN knowledge is necessary, as the network was optimized by trial and error.



Nagrath et al. [30] used, in contrast to Golubović et al. [28], simulated data instead of experimental data to overcome the experimental bottleneck, which becomes more relevant the more complex the task becomes. As stated by Nagrath et al. [30], a rising number of parameters has become a critical issue in optimization procedures solely based on mechanistic models as proposed by Narayanan et al. [53]. The reasons for that are local minima and the overall computation time. Therefore, the utilization of ANNs for target variable prediction for preparative chromatography optimization is proposed. In this approach for a three-component separation, the gradient slope, flow rate, feed load, and column length were varied in simulations, and their effect on the target variables—production rate, yield, and maximum concentration—was determined to create a training set. In addition, an extra dataset with softer conditions was created to avoid a bias of 0 productivity on the middle component because this overlaps with the left and right components. Additionally, this approach showed good optimization results and greatly benefited from the shorter computation times. On the other hand, prior knowledge is necessary, not only to model the process itself but also to generate suitable data for the ANN training, as shown by the extra dataset for the middle component. In addition, the ANN may be flexible for the trained system, but it has to be completely retrained for new systems and other numbers of components. Therefore, to make an informed decision between the ANN approach and the classical approach, it is crucial to take into account the extra effort needed for data design, generation, and ANN training.



The most complex variant of this approach was performed by Pirrung et al. [31], who utilized ANNs for downstream process optimization. The variable process part consisted of anion exchanger (AEX), cation exchanger (CEX), and hydrophobic interaction (HIC) columns in arbitrary combinations. The maximum number of columns was three. Each column could only be utilized once in a process setup to satisfy the orthogonality principle. The goal was to find an optimal process setup with optimal process parameters without the drawbacks of sequential optimization (suboptimal processes) and the benefits of global parallel process optimization, which yields the possibility of finding the optimal process but also a larger computational effort. Therefore, at first, an ANN-based global optimization was performed, followed by a mechanistic model-based search. The optimization goal was defined as maximizing the yield subject to a purity of greater than 99.9% by manipulating the initial and final salt concentrations and the two cut points for the product pooling and column setup. Similarly, for Nagrath [30], three networks were trained. For each column, a separate ANN with yield and all protein concentrations served as output, while initial and final salt concentrations and the two cut points for the product pooling served as input. The dataset consisted of 1000 samples, but Pirrung et al. showed [31] that the ANN accuracy reached a plateau at dataset sizes of 3000–5000 samples and concluded that a trade-off between accuracy and simulation effort has to be made. The decision for a smaller dataset showed the anticipated worse performance of the ANN global search. This was compensated by the following mechanistic model based on local search. The total optimization time was reduced from 24.7 h to 7.5 h, including dataset generation and ANN training, with a mechanistic model simulation time of 3 s for a single column. Nevertheless, the aforementioned inaccuracies of the ANNs led to an additional evaluation step. Therefore, the authors proposed to always implement a plausibility check. Additionally, accumulating ANN errors may render this method ineffective with an increasing number of neural networks.



Examples for ANNs who act as regressors as depicted in Figure 3b are given by Wang et al. [39,40], Xu et al. [37], and Mouellef et al. [22,36]. In all approaches, the ANNs are used as fast solvers for inverse problems. In other words, they determine mechanistic model parameters from chromatogram simulations of hopefully dedicated experimentally distinct validated models, which is not done in most cases [9]. While Wang et al. [39], Mouellef et al. [22], and Xu et al. [37] only investigated adsorption parameters (Wang: SMA, Mouellef: competitive Langmuir, Xu: competitive Bi-Langmuir), Wang et al. [40] considered maximal loading and salt gradient length in a root cause investigation, and Mouellef et al. [36] considered fluid dynamics and adsorption parameters. However, in later works [22,40], a much smaller parameter area was covered, as only the deviations from a predefined process were to be tracked. On the other hand, references [22,37,39] considered a wide parameter area to realize a parameter estimator for arbitrary three-component mixtures for a fixed column under predefined process conditions. The development procedure of all approaches was nearly the same. Therefore, not every approach is explained in detail. All approaches used simulations for dataset generation. The main reason was the size of the dataset and the associated experimental effort. The used training datasets ranged from 235 [40] simulations to 38,100 simulations [37]. The first step was to design a suitable parameter range based on expert knowledge and sensitivity analysis. Inside that range, the simulations were performed with uniformly distributed parameter variations. After the simulations, the input layer of the ANN had to be designed. A chromatogram itself is a time series of concentrations (or their corresponding UV values) over a range of several minutes to hours, with resolutions that still have to track the peaks’ main characteristics. Accordingly, a single chromatogram consists of a huge number of sample points, with most of its values being constant, as shown in Figure 5.



Thus, Wang et al. [39,40] and Mouellef et al. [22,36] decided to reduce the data amount and complexity by reducing the chromatogram to the necessary information to achieve shorter ANN training durations and reduce the necessary amount of training data, while Xu et al. [37] used the whole chromatogram. Wang et al. [39,40] modified Gauß, fitted the noisy data, normalized it, and cut off all values below 0.2 to reduce the data. Mouellef et al. [22,36] extracted the time points at which certain % values of the maximum peak height were reached and used these as ANN inputs together with the actual peak height. With this approach, different sample rates, which result in different amounts of points in the time series, have not been taken into account (the ANN input structure is fixed after training), while still considering non-ideal peak shapes. The training process itself is similar to other approaches. All groups showed good results and could reduce the parameter determination process to a fraction of a second. On the other hand, Mouellef et al. [22] and Xu et al. [37] showed that the prediction performance shrinks for more complex isotherms (a higher number of parameters), which has to be countered by higher amounts of data. Additionally, the result only works on predefined columns and process conditions, thus limiting its flexibility, especially if column aging is considered. The data generation and ANN training have to be repeated for other amounts of compounds and other conditions. Additionally, the necessary effort for data generation, evaluation, and training may exceed the effort of standard inverse methods, especially if an expert provides good initial values. Therefore, this method may only be beneficial if arbitrary n-component mixtures are to be modeled on exactly the same column.



The only known examples by the authors for Figure 3c, where the ANN is incorporated into the model itself in the area of chromatography, are given by Gao et al. [23] as the first hybrid modeling approach, and Narayanan et al. [43], who follow a comparable path about 10 years later. Both groups used ANNs to model the adsorption behavior on a chromatography resin instead of setting standard isotherm types a priori like Langmuir [54]. Gao [23] used the ANN-based isotherm to replace a flawed Bi-Langmuir isotherm in a Simulated Moving Bed (SMB) enantiomer separation. Narayanan et al. [43] compared different levels of hybridization on a batch capture chromatography step. Both groups showed better results than using the standard isotherm models and stated the methodology as straightforward. In contrast to the aforementioned approaches, the resulting ANN can be used in different process conditions because the ANN-isotherm itself is not influenced by parameters like flow rate or feed concentration, thus rendering it more flexible. Another benefit is the low amount of necessary data compared to the aforementioned approach in Figure 3b. In the end, Gao et al. only utilized one band profile, while Narayanan et al. needed nine data samples. On the other hand, Gao et al. [23] pointed out an obstacle that has to be considered. One is to design experiments that contain enough information for the ANN’s training. They discovered that heavily overloaded peaks worked best. It may be that the ANN needed more information about the asymptotic, i.e., saturation area, of the isotherm. Another obstacle, as pointed out by Narayanan et al. [31], is that the network may attempt to compensate for other deficiencies in the model during training, in addition to the missing isotherm equation. Consequently, while the ANN may produce an isotherm that closely resembles the actual one, there is no guarantee that it will be an exact replica with the exact mechanism, but only an overall fit over the phase equilibrium range chosen.



There are also two currently known authors for physics-informed neural networks (PINNs), as depicted in Figure 3d. Both working groups, Subraveti et al. [44,46] and Santana et al. [45], showed excellent results by replacing the whole chromatography model with PINNs and achieved immense speedups in model computation time, namely in fractions of seconds. Both Santana et al. [45] and Subraveti et al. [46] showed that no experimental data is needed as long as all necessary mechanistic equations are provided. Subraveti et al. [46] also showed that the more complex process setups, like the Pressure Swing Adsorption (PSA), can be modeled and compared using different approaches regarding computation time. Additionally, it was shown by Subraveti et al. in [44] that no implicit or explicit isotherm equations are needed if the PINNs are supported by experimental data. Nevertheless, the prerequisite for this method is sophisticated mechanistic models. As a consequence, PINNs may be ineffective in early model development stages due to the computational effort needed for the training needed after each model adjustment. Because the authors of this paper themselves did not work with PINNs previously, we are hesitant to highlight any further potential problems and benefits as stated by [44,45,46,47,48,49].



An overview of previous publications and their classification in Figure 2 is given in the following Figure 6. Despite promising results, it should be noted that the authors are unaware of any industrial applications utilizing the early publications from Zhao et al. [55] and Gao et al. [23].



The following sections present a case study demonstrating how mixed-mode chromatography model development, as the complex end of chromatography mechanism modeling, could be expedited by the utilization of an ANN. The main goal was to fasten the Steric Mass Action (SMA)-based mixed-mode isotherm parameter determination. The parameter determination via inverse methods proved to be too laborious and time-consuming for non-mixed-mode experts because of the sheer number of parameters and parameters with similar effects on the binding behavior, i.e., seven per component. Therefore, a solution was sought that is both flexible enough to accommodate different substances and applicable to nonprofessionals using machine learning. The solution was the development of an ANN of category Figure 3b, which determines the model parameters from chromatograms and supplies these to the actual model. Until now, no other approach to mixed-mode SMA model parameter determination via machine learning is known to the authors. Because of the expected minimum size of the training dataset, all data was generated via simulations.




2. Materials and Methods


2.1. Chromatography Modeling


The chromatography model has been explained in detail before by Vetter et al. [56] as a modified SMA model for Mixed-Mode based on the Steric Mass Action Isotherm of Nfor et al. [57], which considers the pH and salt concentration changes typical for mixed-mode chromatography (MMC) and the lumped pore diffusion model (LPD) [16]. The mass balance of the two fractions of the mobile phase can be written as Equation (1) [16].


    ∂  c i    ∂ t   = −  u  i n t   ·   ∂  c i    ∂ x   +  D  a x   ·    ∂ 2  c   ∂  x 2    −  k  e f f   ·  6   d P        1 −  ε s       ε S    ·     ∂  c i    ∂ x   −   ∂  c  p , i     ∂ x      



(1)




where    u  i n t     is the interstitial velocity of the mobile phase,    D  a x     is the axial dispersion coefficient,    k  e f f     is the effective transfer coefficient,    d p    is the particle diameter,    ε S    is the porosity,  c  is the concentration in the liquid phase, and    c p    is the concentration in the pore.  x  denotes the position in the column of length L and  t  the time. The index  i  denotes the  i -th component. The boundary conditions are described by Equation (2) for the column inlet and Equation (3) for the column outlet. L depicts the length of the column [16].


   u  i n t   ·  c  i n , i    t  =  u  i n t   ·  c i    t , 0   −  D  a x     ∂  c i    ∂ x     t , 0    



(2)






    ∂  c i    ∂ x     t , L   = 0  



(3)







The mass transfer coefficient    k  e f f , i     is given by Equation (4). Here,    k  f , i     is the film mass transfer coefficient,    r p    is the particle radius, and    D  p , i     is the pore diffusion coefficient [58]. The pore diffusion coefficient    D  p , i     was calculated according to the correlation of Carta [14] and    k  f , i     according to Wilson and Geankoplis [59].


   k  e f f , i   =  1   1   k  f , i     +    r p     D  p , i        



(4)







The mass balance between the fluid and solid phases for mixed-mode ligands with the same number of each functional group (   Λ  IEX   =  Λ  H I C   = Λ  ) is given by Equation (5) [57].


     q  p , i      c  p , i     =  A i  ·     1 −   ∑   j = 1  m     q  p , j      q  p M M , j   m a x          ν i  +  n i     



(5)




where    q p    is the loading,    c p    is the concentration in the pores,  v  is the stoichiometric coefficient of the salt counterion, and  n  is the stoichiometric coefficient of the hydrophobic ligand with    A i    as given in Equation (6) [57].


   A i  =  Λ  (  v i  +  n i  )   ·      z s   c s      −  v i    ·  c  −  n i    ·  e   K  s , i   ·  c  p , 1     ·  e   K  p , i   ·  c  p , i     ·  K  e q    



(6)




where  Λ  is the total number of binding sites,    z s    is the charge of the salt counterion,    c s    is the molar concentration of salt,    K s    is the interaction constant for the IEX part,    K p    is the interaction constant for the HIC part, and    K  e q     is the equilibrium constant. Additionally,  v  can be expressed as a function of the pH value and can be written as proposed by Hunt et al. [60] in the linear Equation (7)


   ν i    p H   =  ν  0 , i   + p H ·  ν  1 , i    



(7)







The spatial discretization of the partial differential system was done via orthogonal collocation on finite elements. All chromatography simulations were performed on 10 Dell Latatitude E5470 Systems, which were managed by a Dell Precision 3630 System in a client-server setup to increase the simulation speed via parallelization.




2.2. Dataset


The dataset was generated based on expert knowledge from previous mixed-mode monolith experiments for the purification of mRNA after the transcription step from pDNA to mRNA [7,61]. The components will be called component A, B, and C in the context of this paper. The mixed-mode data is based on the results of Schmidt et al. [61]. The values of    K p    are known to be insensitive at values below   1500    M  − 1    , but were included to test the ANN’s capabilities to perform on insensitive data. All parameter variations followed a uniform distribution in the ranges given in Table 1. For each variation, a chromatogram was simulated for the gradients 15 CV, 20 CV, and 25 CV, where the pH value started at pH 3 and ended at pH 6, and the salt started at 0.05 mol/L and ended at 1.0 mol/L. Therefore, a single sample consisted of three simulations. In total, 4800 simulations were performed, which resulted in 1600 samples.



To reduce the amount of input data, the chromatogram data was reduced with 2 different approaches. In the first approach, we followed the method described in [22] to extract the time points where specific % values of the maximum peak height were achieved. In this case, these % values were every 5% of the maximum peak height. This results in 360 input points for the ANN in each sample. This method is defined as the Time-Stamp-Method (TSM) in the context of this paper. The second approach involved fitting the chromatograms using Equation (8) from Li [62] and subsequently replacing the chromatogram data with the fit parameters.


  Y    t   m  =  H      1 +  λ l   e   k l     t l  − t              t l  − t    α    +     1 +  λ t   e   k t    t −  t t              t −  t t     β    − 1    



(8)







There    t l    and    t t   , which are the times at which half of the maximum concentration is reached at the leading and tailing sides of the peak. Additionally, in this approach, the actual sample rate of the data is irrelevant for the ANN. This method results in 81 input points for the ANN in each sample. The method will be called the fit-parameter-method (FPM) in the context of this paper.




2.3. ANN Development


All ANN development was done within the Keras Framework 2.4.3 [63], using the Tensorflow backend version 2.4.1 [64] in Python 3.8.7 [65]. The Spyder IDE [66] was used to facilitate Python development. ANN training was performed on a Dell Precision 3630 system. In all cases, the Keras Hypertuner [67] was used for initial hyperparameter tuning and fine tuning. The hyperparameter range and initial guesses were informed by both previous experience and the publications cited earlier in this paper. Since two different representations of the data were used, two separate ANNs were developed. The dataset was randomly split into 70% training and 30% validation data.



For the Time-Stamp-Method the best-performing ANN was trained with the optimizer Adam [68], with a learning rate of     10   − 3     and a batch size of 16 over 27,931 epochs with early stopping. The architecture is a fully connected feed-forward network with 197 neurons with selu [69] activation functions in the first layer, followed by a dropout layer [70] with a 40% dropout chance as a regularization technique. The output neurons consist of a linear activation function. The longest training time was 5 h. The best performing ANN was trained in 43 min with a loss of 0.50 in the training set and a loss of 0.49 in the validation set.



The best-performing ANN for the fit parameter approach was trained with the optimizer Adam [68], with a learning rate of     10   − 4     and a batch size of 16 over 7653 epochs with early stopping. The architecture is 49 neurons with an elu [69] activation function in the first layer, followed by a dropout layer [70] with a 40% dropout chance as a regularization technique. The output neurons consist of a linear activation function. The longest training time was 1 h. The best-performing ANN was trained in 14 min. With a loss of 0.72 in the training set and 0.68 in the validation set.





3. Results


3.1. Time-Stamp Method (TSM)


As shown in Table 2, the performance of the ANN with the TSM is insufficient based on training and validation data. With    K  e q     and    v 1    performing the worst without any correlation between reference data and predicted data. Previous works of Mouellef et al. [22,36] showed that such behavior is often caused by insensitive parameters in certain parameter combinations.



The effect on insensitive parameters can be seen especially well in Figure 7. In subplots Figure 7a–c, the prediction performance is low at low values of    K p   . In that area, a horizontal trend is observable for    K p  < 1500    M  − 1    . As mentioned before, this is exactly the area where    K p    is insensitive. Above that area, prediction performance increases significantly. A similar trend for    q  p M M   m a x     can be seen in subplot Figure 7d–f. It is known that    q  p M M   m a x     is only relevant in the nonlinear area of the isotherm, where the loading is nearing saturation. Therefore, this parameter can only be determined properly if the injected mass is close to the maximum loading capacity. A similar obstacle was reported by Gao et al. [23], which led to an experimental design with heavily overloaded columns. To prove this theory, simulations were performed with the ANN’s predicted parameters. One of the better results and one of the worse results of these simulations are depicted in Figure 8.



Both subplots of Figure 8 show clearly insufficient a priori prediction capabilities. This also applies to the not shown simulations with a median R2 of 52%; an overview of the retention time offset is shown in Figure 9. Therefore, previous theories cannot be exclusively validated. On the other hand, both pictures suggest a trend, which can be seen in the data: the ANN shows a relatively good performance with mainly small retention time offsets on chromatograms with fewer overlapping peaks, like Figure 8a. Conversely, chromatograms with highly overlapping peaks, such as those in Figure 8b, are correlated with poor prediction performance regarding retention time and peak shape. This is related to the fact that the majority of the samples in the dataset consist of baseline separated peaks, let alone triple overlapping peaks. Thus, the ANN may be lacking the information to learn the interaction between the components or to handle overlapping peaks at all. In addition, the dataset is relatively small for the complexity of the mixed-mode isotherm (Equations (5) and (6)) and the amount of ANN input and output values. Nevertheless, the application of low data amounts due to limitations in availability and efforts is realistic for industrialization. Additionally, appropriate separation, i.e., avoiding completely overlapping peaks, is a fundamental aspect of chromatography performance and operation.



To at least reduce the number of input parameters, the fit parameter method was also performed with the given samples for training and validation.




3.2. Fit Parameter Method


For the sake of brevity, only the coefficients of determination (R2) are given in Table 3. The plots themselves show similar trends as seen in Figure 7, but with a much worse overall performance. As shown in Table 2 and Table 3, the performance of the ANN with the fit parameter method is even worse than the TSM method on training and validation data. However, the general trends from the TSM are still conserved. Therefore, the authors assume that the prediction performance is not limited by the utilized data preparation methods but by the data or problem itself.



Nevertheless, the ANN predicted validation data was used for simulating chromatograms for the sake of completion. The results are shown in Figure 10. Figure 10a indicates that using the fitting parameters as input for an ANN may be possible. In this case, this allowed a factor of 21 shorter training time. Nevertheless, the performance is not sufficient, and with an average R2 of 27% significantly worse than the previous timestamp approach. However, it can still be observed that the retention time is causal for the deviations.





4. Discussion


Since two separate networks with quite different input data encounter similar problems, it can be firmly inferred that the cause lies in the data itself, in the design of the simulation experiments, or, to some extent, in the nature of the mixed-mode isotherms and not in the developed ANNs. However, this could only be verified by massively increasing the number of samples. Only Xu and Zhang [71] considered an isotherm of almost similar complexity to the Bi-Langmuir isotherm. However, they required over 38,000 samples for an R2 between 88% and 93%. In the context of this publication, this would mean over 100,000 individual simulations for still unsatisfactory results. However, this would contradict the defined task and conflict with realistic, feasible efforts to enhance efficiency in process design and development. As exemplified, the ANN results for regression of highly complex mixed-mode interacting mechanisms of binding and displacements as functions of pH, conductivity, buffer, and multi-component interactions do not show nearly satisfactory results. The authors state, based on the results of this study, that either the amount of data or the capabilities of the ANNs may be exhausted by the mixed-mode isotherm. To the knowledge of the authors, this work investigates the most complex of all considered isotherms with the most parameters. The effort-to-benefits ratio for the defined task in process design and development is disproportionately low compared with classical and well-established approaches for model validation [56,72,73,74,75]. With this number of simulations needed, the general question of reasonableness already arises, since these data are usually not available in the necessary range of variation. The generation of the data based on a distinct experimentally validated model requires, on the one hand, a chromatography expert who is able to write appropriate models, estimate possible parameter variation ranges, and evaluate the results of the ANNs. On the other hand, necessary computing capacities are required to simulate and train the ANNs. Accordingly, there is a risk that the actual goal of offering a nonprofessional a simple way to quickly determine model parameters will be completely missed, since the chromatography expert could ultimately invest more time in the development of the ANN than is gained by using the ANN. The chromatography expert, who is necessary anyway, is able to find good starting parameters for the common solution of these inverse problems due to his experience and model parameter data from different projects. Thus, he is already reducing the necessary computing time to a minimum. In addition, the chromatography expert can adapt his initial parameter estimates to changing process conditions such as different flow rates, injection volumes, or component numbers. The proposed ANNs in this work and related literature are, in most cases, not able to adapt without retraining on new data. Previous training considering such adjustments would further increase the already large amount of required data due to increasing complexity, as can be deduced from the preliminary work [22,39,40,71]. Therefore, the approach presented here for competitive isotherms of higher complexity is not suitable for the intended objective. To be discussed is whether this would be of any benefit. ANNs are powerful tools to circumvent high computation times and mathematically insufficiently described phenomena by using data, as described in Chapter 1. Yet, ensuring the availability of necessary data is crucial for the successful implementation of data-driven approaches. However, even with data availability, it is important to note that the majority of the previously mentioned approaches rely on validated mechanistic models, which are ready for use. This highlights the ongoing need for chromatography experts, including process modeling. Moreover, in the regulatory environment, initiatives such as Process Analytical Technology (PAT) [76,77] emphasize the importance of deep process comprehension. Such fundamental comprehension cannot be achieved by relying on pure black-box models, which are able to show correlations from input to output data but cannot present the cause of this correlation, which is an imminent problem shared by all regression algorithms. On the other hand, the excellent ANN regression capabilities can be combined with online multivariate data measurements to extend the PAT algorithm repertoire, like the partial least squares algorithm (PLS) for online monitoring [24,58,78,79]. At first glance, hybrid models or PINNs supplied with data (Figure 3c,d) appear to be a valid compromise, but these presuppose a largely error-free model and data with sufficient information. This obstacle was already discovered by Gao et al. [23] in 2004. If the model or data are flawed, the ANN may lose its predictive power when operating outside the range of the data provided, and the modeler may not realize this due to a lack of process knowledge, which can make model validation more challenging or even impossible. This may also be the reason why this method has not yet been widely used in the industry since 2004. Exceptions may arise in cases where rigorous modeling using partial differential algebraic equation systems for real-time process control proves to be too computationally demanding. However, in this context, hybrid methods still have to prove their superiority in terms of performance and economics when directly compared to established and mathematically proven methods from control engineering in general and advanced process control. Such examples are simple linearization around the operation point, observers for state estimation, or model-predictive controllers based on in-depth process comprehension [80,81,82,83].




5. Conclusion


As shown in the sections before, the predefined goals of this work are reached to point out the benefits and efforts of the hot topic of ANN application in process chromatography design and operation. The performance of the ANN did not satisfy the requirements for complex equilibrium phase behavior of binding and displacement based on pH, conductivity, buffer strength, and multi-component interactions. The root cause may be poor experimental design, too little data, or simply the inability to learn unique correlations between the chromatogram data and coefficients. This could only be verified by drastically increasing the data amount and trying multiple different experimental designs, which would lead to an unreasonable number of simulations. Nevertheless, this work showed not only successful applications and approaches of ANNs in the field of chromatography but also some limitations of ANNs.



Key Takeaways:




	
ANN can serve as a valuable alternative to regression for PAT data or design and control space data interpolations, but alternative statistical methods have to be checked as unrealistic and inconsistent phenomena could occur based on overfitting;



	
The regression of a model parameter for manufacturing data digital twin adjustment to actual reality by ANN is a valid tool. For model parameter determination in process development, alternatives like minimization of the sum of least square errors have been more efficient until now, utilizing about 1–6 chromatograms;



	
Machine learning cannot prove root causes mathematically. Therefore, in a regulatory environment, it is of no final use;



	
High data amounts are needed, which need to be generated via validated mechanistic models, as experimental setups would be unrealistic efforts;



	
Hybrid models with isothermal ANNs can circumvent high data amounts and/or missing process knowledge but still require mechanistic models. No application is known where any known isotherm up to modified SMA does not describe the phenomenon well. Applications based on 1–6 chromatograms are documented, which is the most efficient;



	
Standard operation mode data may not supply the necessary information to train ANNs if complex phenomena of buffer and component interference need to be described. Specially designed experimental plans would be needed, which contradict any manufacturing operation tasks;



	
The use of machine learning for process development and control presents a contradiction, as it relies on training on ready-to-use validated mechanistic models that are still often used with prejudice in industry;



	
Even computationally demanding tasks in process control can be acceptably fulfilled with standard control methods like linearization around the operation point or methods based on deep process comprehension. This leads to economical business case-derived decisions;



	
The benefits and effort of machine learning have to be evaluated and compared with alternative methods at each application and project step individually. They are not general problem solvers, and expert knowledge is still needed to evaluate results.
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Figure 1. Concept of a scalable digital twin, based on the concepts of Sixt et al. [9], Zobel-Roos et al. [10], and Uhl et al. [11]. It is based on an experimentally validated mechanistic model with possibly hybrid parts while considering the Quality by Design (QbD) [12] approach. 
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Figure 2. Levels of digital twins based on Udugama et al. [8]. 
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Figure 3. ANN application categories. (a) The ANN serves as a regressor. (b) The ANN regressor supplies a mathematical model with data. (c) The ANN is incorporated in the mechanistic model. (d) A physics-informed neural network (PINN) model. 
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Figure 4. ANN training alternatives. (a) ANN as a regressor, e.g., isotherm parameters from chromatograms or retention time prediction (b) Training of a PINN. (c) A hybrid model with ANN as part of the model/equation system. 
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Figure 5. Example chromatogram of a mixed mode separation of three components. In addition to salt elution chromatography, a pH gradient is also used in mixed-mode chromatography. Elution information is limited to the area between 300 s and 650 s. There is no additional information outside of that area. 
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Figure 6. Publication overview over ANN application categories based on Figure 3. The mentioned publications comprise: Wang et al. [39,40], Mahmoodi et al. [41], Mouellef et al. [22,36], Xu et al. [37], Zhao et al. [55], Madden et al. [29], Marengo et al. [32], Malenovic et al. [33], Golubovic et al. [28], Pirrung et al. [31], Gao et al. [23], Narayanan et al. [43], Santana et al. [45], and Subraveti et al. [44,46]. 
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Figure 7. Predicted over reference value plots for    K p    (a–c) and    q  p M M   m a x     (d–f) of all three components. Each plot shows the R2 values for the training and validation sets. The training set values are shown as blue dots. The validation data is shown as orange triangles. Column one represents the parameters of component A, column two of component B, and column three of component C. 
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Figure 8. Two simulated 20 CV gradient mixed-mode chromatograms with original parameter values (solid lines) and ANN predicted parameter values (dotted lines). (a) Depicts one of the good results (not the best), with an R2 of 97% for component A, 45% for component B, and 73% for component C. (b) Shows the worse simulation results with ANN predicted values, with an R2 of 0.8% for component A, 7% for component B, and 0.3% for component C. 
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Figure 9. Box plot of the retention time   Δ  t  r e t     offset from reference and ANN parameter predicted simulation. 
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Figure 10. Two simulated 20-CV gradient mixed-mode chromatograms with original parameter values (solid lines) and ANN predicted parameter values (dotted lines). (a) Depicts one of the good results (not the best), with an R2 of 98% for component A, 98% for component B, and 75% for component C. (b) Shows the worst simulation results with ANN predicted values with R2 of 0.1% for component A, 0.1% for component B, and 0.2% for component C. 
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Table 1. Varied parameters and their ranges for dataset generation. The charge of the salt counterion (   z s   ) was deemed constant.
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	Parameter
	Lower Boundary
	Upper Boundary





	    K  s , A        M  − 1       
	   − 5.5 ×   10  1    
	   − 2.0 ×   10  1    



	    K  p , A        M  − 1       
	   1.0 ×   10  0    
	   3.0 ×   10  5      1



	    v  0 , A      −    
	   2.8 ×   10   − 3     
	   1.0 ×   10  1    



	    v  1 , A      −    
	   − 1.5 ×   10  0    
	   − 1.7 ×   10   − 4     



	    q  p M M , A   m a x         m g   m L       
	   4.0 ×   10  1    
	   3.0 ×   10  2    



	    K  s , B        M  − 1       
	   − 5.5 ×   10  1    
	   − 5.0 ×   10  0    



	    K  p , B        M    − 1     
	   1.0 ×   10  0    
	   3.0 ×   10  5      1



	    v  0 , B      −    
	   7.0 ×   10   − 3     
	   1.0 ×   10  1    



	    v  1 , B      −    
	   − 2.0 ×   10  0    
	   − 4.0 ×   10   − 5     



	    q  p M M , B   m a x         m g   m L       
	   4.0 ×   10  1    
	   3 ×   10  2    



	    K  s , C        M  − 1       
	   − 5.5 ×   10  1    
	   − 2.0 ×   10  1    



	    K  p , C        M    − 1     
	   1 ×   10  0    
	   4 ×   10  4      1



	    v  0 , C      −    
	   4.0 ×   10   − 3     
	   1.0 ×   10  1    



	    v  1 , C      −    
	   − 2.0 ×   10  0    
	   − 3.0 ×   10   − 4     



	    q  p M M , C   m a x         m g   m L       
	   4.0 ×   10  1    
	   3 ×   10  2    
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Table 2. Coefficients of determination (R2) of reference over ANN predicted values for all parameters of components A, B, and C of the Time-Stamp-Method.
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Parameter

	
R2 of Component A [−]

	
R2 of Component B [−]

	
R2 of Component C [−]




	

	
Training

	
Validation

	
Training

	
Validation

	
Training

	
Validation






	
    K s    

	
85%

	
76%

	
81%

	
76%

	
85%

	
74%




	
    K p    

	
60%

	
76%

	
68%

	
71%

	
61%

	
74%




	
  n  

	
89%

	
84%

	
85%

	
78%

	
88%

	
84%




	
    K  e q     

	
21%

	
3%

	
27%

	
3%

	
25%

	
1%




	
    q  p M M   m a x     

	
68%

	
60%

	
47%

	
30%

	
52%

	
19%




	
    v 1    

	
47%

	
35%

	
48%

	
35%

	
43%

	
23%




	
    v 0    

	
86%

	
77%

	
79%

	
65%

	
77%

	
68%
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Table 3. Coefficients of determination (R2) of reference over ANN predicted values for all parameters of components A, B, and C for the Fit-Parameter-Method.
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Parameter

	
R2 of Component A [−]

	
R2 of Component B [−]

	
R2 of Component C [−]




	

	
Training

	
Validation

	
Training

	
Validation

	
Training

	
Validation






	
    K s    

	
76%

	
66%

	
77%

	
67%

	
75%

	
64%




	
    K p    

	
48%

	
40%

	
41%

	
0%

	
31%

	
65%




	
    q  p M M   m a x     

	
49%

	
29%

	
37%

	
14%

	
27%

	
6%




	
    v 1    

	
25%

	
9%

	
32%

	
12%

	
29%

	
9%




	
    v 0    

	
64%

	
49%

	
61%

	
43%

	
57%

	
37%
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