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Abstract

Chromatographic separation processes are described by nonlinear partial differential

and algebraic equations, which may result in high computational cost, hindering

further online applications. To decrease the computational burden, different data-

driven modeling approaches can be implemented. In this work, we investigate differ-

ent strategies of data-driven modeling for chromatographic processes, using artificial

neural networks to predict pseudo-dynamic elution profiles, without the use of

explicit temporal information. We assess the performance of the surrogates trained

on different dataset sizes, achieving good predictions with a minimum of 3400 data

points. Different activation functions are used and evaluated against the original

high-fidelity model, using accuracy, interpolation, and simulation time as performance

metrics. Based on these metrics, the best performing data-driven models are imple-

mented in a process optimization framework. The results indicate that data-driven

models can capture the nonlinear profile of the process and that can be considered

as reliable surrogates used to aid process development.
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1 | INTRODUCTION

The shift toward automation in process industries has led to an

increased focus on the development of tools that can facilitate

end-to-end digitalization.1,2 High-fidelity (white-box) models are used

as efficient alternatives to aid and expedite the often costly and time-

consuming experiments necessary for process design and optimiza-

tion.3,4 In separation processes, mathematical models are often used

as digital twins for in silico simulations, as well as the development of

optimization policies and control strategies.5–7 Despite their wide-

spread application, mathematical models—and in particular high-

fidelity formulations—of separation processes are not trivial to

develop. Expressing separation dynamics in an explicit form requires

advanced understanding of the governing principles and the column

dynamics, as well as expert knowledge. Even, in the occasion that

advanced process knowledge and expert resources are available, the

parameterization of such models requires wet-lab measurements that

may result challenging to acquire, such as concentration dynamics in

(semi-)continuous fashion or intercolumn dynamics.8 The acquisition

of high-quality experimental data is often hindered by practical con-

straints, including the cost and time-intensive nature of experiments,

as well as limitations in measurement techniques.9,10 High-fidelity

process models of separations commonly comprise systems of partial

differential and algebraic equations (PDAEs) that describe the physi-

cochemical phenomena taking place in the system.11 The latter can

often result in computationally expensive model simulations, that may

challenge further online applications, such as optimization and

control.12,13
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1.1 | Surrogate modeling in separation processes

To tackle these challenges, the research community has focused on

alternatives that harness the power of machine learning to develop

data-driven (black-box) and hybrid (gray-box) formulations.14,15 These

models, also known as surrogates, have been employed as approxima-

tions to the high-fidelity formulations, enabling faster solution of

optimization problems and control policies.16–18 Data-driven models

can also be trained to predict key performance indicators (KPIs) of the

separation systems and be subsequently employed as computationally

efficient surrogate models for the optimization tasks.19–22 A notable

example is the MAPLE framework developed by Pai et al.,23 which

utilizes artificial neural networks (ANNs) to facilitate rapid screening

of process conditions for adsorption processes. Similarly, in the

realm of chromatographic separations, data-driven modelling tech-

niques have found applications in process simulation and monitor-

ing. Recently, Ding and Ierapetritou13 proposed a data-driven

modeling approach wherein Gaussian Process Regression models

were trained to perform feasibility assessments and process optimi-

zation, successfully improving process performance while reducing

simulation time.

In recent years, different types of surrogate models have been

developed to describe separation systems, leveraging advancements

in machine learning. Recurrent neural networks24–27 and long short-

term memory networks (LSTMs)28,29 have been applied to time-series

data, demonstrating their capability to capture temporal dependencies

and improve predictive accuracy. Rihm et al.30 employed LSTMs to

predict the dynamic behavior of a batch distillation process, based on

a combination of experimental and synthetic data. convolutional neu-

ral networks (CNNs) have been utilized for image-based data, where

their ability to automatically extract features makes them well-suited

for tasks such as process monitoring and fault detection.31–33 Kensert

et al.34 developed a CNN to predict the location and probability of

peaks in complex chromatograms. The model was able to accurately

predict the peaks despite the noise of the data and was able to gener-

alize to, unseen by the model, experimental chromatograms.

Hybrid modeling formulations, with different objectives, such as

parameter estimation,35 surrogate-based optimization,36–38 and model

simulation,39,40 have also been introduced. In the area of process sim-

ulation, the concept of “degrees of hybridization” was introduced by

Narayanan et al.,41 proposing the development of a series of hybrid

models with varying levels of integration between high-fidelity and

data-driven approaches, to simulate and predict chromatographic

breakthrough curves. The hybrid models demonstrated good predic-

tion and extrapolation abilities, while providing process understand-

ing, nonetheless still comprising the computationally expensive

PDAEs. For process optimization, Keulen et al.42 suggested the use of

ANNs for a preliminary screening of the optimization flowsheets of a

purification process, thus reducing the number of simulations per-

formed afterwards by the high-fidelity model and therefore the over-

all required time to reach the global optimum.

Similarly, physics informed neural networks (PINNs) have been

employed, to introduce process knowledge in the mathematical

formulations, while reducing the computational complexity.43,44

The introduction of the system's conservation equations and

physics-based constraints in the loss function of the training of

the PINNs, allows for the incorporation of process knowledge

during the model training, without hindering the model simula-

tion.45 For example, a PINN development framework for adsorp-

tion and chromatographic processes using deep neural networks

has been presented by Subraveti et al.46 As such, while requiring a

detailed knowledge and description of the system for their train-

ing, PINNs can provide the spatiotemporal information with

reduced computational cost.47,48

An integral component of all the data-driven and hybrid method-

ologies is the selection of the surrogate model's architecture. ANNs

are frequently the preferred choice and have been presented using

different architectures that influence their performance. This per-

formance is contingent upon factors such as their input and output

strategies, the bounds of their hyperparameters and the activation

functions they utilize.49 Conventionally, during the development

and training of an ANN, multiple activation functions are evalu-

ated, and the most suitable one is selected based on the empirical

performance metrics of the resultant networks.50 To our knowl-

edge, few works have assessed the appropriateness of activation

functions and their performance in the area of separation

systems.51,52

1.2 | Surrogate modeling for chromatographic
processes

Chromatographic processes are a class of separation processes, com-

monly used in (bio)pharmaceutical manufacturing, amongst other

sectors.53–55 The design of such systems is not trivial and comprises a

series of steps and decisions to be made. For example, the choice of

resins, loading times, as well as flowrate optimization are of critical

importance.56–58 An experimental campaign aimed at the design of

chromatographic systems is extremely resource intensive, because

of the lengthy experimental procedures and the cost associated with

screening different materials and conditions.9,59 Knowledge transfer

from other systems and/or products would normally be an efficient

way to expedite process design. In practice, however, bioprocesses

are often challenged by high variability both within and across modali-

ties, rendering this not an optimal way forward. In that respect,

model-based solutions can offer a handy approach to expedite pro-

cess design.60–62

As outlined above the development and application of high-

fidelity process models requires advanced expert knowledge and

entails a level of increased computational complexity, which may not

be desired at the early stages of process design. For this reason,

researchers have been looking at data-driven or hybrid alternatives

that can offer: (i) quicker suggestions for feasible operating setups/

schedules and (ii) easy-to-handle digital twins for online applica-

tions.63 Despite efforts in the field, there remain open research

questions, which, amongst others, are related to: (i) data availability

2 of 16 MICHALOPOULOU and PAPATHANASIOU

 15475905, 2024, 12, D
ow

nloaded from
 https://aiche.onlinelibrary.w

iley.com
/doi/10.1002/aic.18600 by Im

perial C
ollege L

ondon, W
iley O

nline L
ibrary on [02/12/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



and its impact on the surrogate performance, (ii) identification of the

appropriate surrogate architecture that can enable use on on-/at-

line measurements, and (iii) usability of such models as alternatives

for preliminary unit optimization, in the context of process

development.

To address these challenges, in this work, we develop data-driven

models that can predict the nonlinear separation profile of continuous

chromatographic processes used in bioprocesses. We use ANNs as

the backbone, eliminating the need for spatial discretization of the

equations, thereby improving computational efficiency. We use and

compare four activation functions for their performance, and we

explore two different input–output strategies to identify the appropri-

ate level of information required, unraveling the impact of system

dynamics on the performance of the surrogates. We investigate the

capability of ANNs to capture temporal dynamics through time

dependent inputs, without explicit timestep information, thus allowing

the ANNs to differentiate between process time steps. We compare

ANNs developed based on datasets of different sizes. We use this as

a driver to investigate the feasibility of developing data-driven models

without the requirement o f a high-fidelity formulation. Finally, with

the aim to aid process development, the developed ANNs are used to

identify good candidate flow rate profiles via Bayesian optimization

(BO). Their performance is compared against the high-fidelity process

model, and their performance is benchmarked against high-fidelity

process models.

2 | CASE STUDY: THE TWIN-COLUMN
MULTICOLUMN COUNTERCURRENT
SOLVENT GRADIENT PURIFICATION

We consider the twin-column multicolumn countercurrent sol-

vent gradient purification (MCSGP) process, utilized as a purifica-

tion step in monoclonal antibody production, as the system under

study. The MCSGP, first presented by Aumann and Morbidelli,64

is a semicontinuous ion-exchange chromatographic process

comprising two identical columns. The system separates the product (P),

from a mixture containing weak (W), and strong (S) impurities.65 To

achieve that, the units operate in a semicontinuous fashion, alternating

between batch (Phases B1 and B2) and interconnected (Phases I1 and I2)

mode (Figure 1). The separation is enabled by the use of a modifier

(M) gradient that defines the charge of the chromatographic columns.

Separation occurs over these four process steps executed alternately by

the two columns, enabling continuous cyclic steady state (CSS) operation.

Each process phase (Figure 1) is divided into four steps, according

to the different components that are being eluted at the end of the

column.65 Starting from Phase I1, column 2 starts empty and equili-

brated, while column 1 elutes a mixture of weak impurities and

product. The outlet stream of column 1 is recycles to column 2 with

an additional fraction of modifier, favoring the adsorption. Once

Phase I1 ends and Phase B1 begins, the connection between the

two columns is interrupted and they operate in batch. This is to

facilitate the collection of the product, at the target specifications.

During this step, the product is collected from column 1, while at

the same time feed (F) is introduced to column 2. Following a similar

pattern with Phase I1, at the start of Phase I2, the outlet flow exiting

column 1 contains product that does not meet the purity con-

straints, since it is mixed with strong impurities. This impure fraction

is transferred to column 2 to be further purified. By the end of this

step, when Phase B2 begins, only strong and weak impurities are

eluted from columns 1 and 2, respectively and discarded. When the

product begins to reach the end of column 2, overlapping with weak

impurities, Phase B2 ends, with the columns switching positions,

and the procedure is repeated.

3 | METHODOLOGY

This section describes the developed workflow (Figure 2). The steps

within the dotted box in Figure 2 are performed once and offline and

they comprise the high-fidelity process model investigation for the

construction of the appropriate input/output strategy, the generation

of the synthetic dataset and the development of the data-driven

models. BO is deployed for the identification of good candidate pro-

cess conditions that can assist process development. To this end, a

comparison is executed between the high fidelity and the data

driven formulations for their performance (Figure 2, green, vertical

workflow).

F IGURE 1 Schematic overview of a complete cycle of the twin-
column multicolumn countercurrent solvent gradient purification process.
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3.1 | High-fidelity process model

An experimentally validated, high-fidelity model is used to simulate

the process (Figure 1) and identify the main sources of mathematical

complexity and computational cost.66 The model, originally developed

by Müller-Späth et al.,67 is presented in Appendix A. The model

employs lumped kinetics to describe the liquid and solid phase con-

centrations of each species.66 Given the process at hand, the main

computational bottleneck of the system results from the PDAE

formulation of the system, which leads to a large number of vari-

able and equation sets that need to be solved at each spatial and

temporal step. This is further aggravated from the dynamic

nature of the system, which requires the calculations to be

repeated for several cycles, until CSS is reached. More specifi-

cally, the process model consists of PDAEs, discretized over

50 collocation points along the column length.66 After spatial dis-

cretization, the model comprises 3309 variables and 4119 ordi-

nary differential and algebraic equations and requires 11 process

cycles to reach CSS.68

3.2 | Analysis of the system dynamics via the high-
fidelity process model

By employing a black-box approach for the surrogate, we eliminate

complexities arising from nonlinearities in the separation terms

(e.g., Equations A7–A12, Supplementary Material S1) and the spatial

discretization. We further assess the impact of the process operating

conditions on the model outputs to decide upon a comprehensive

input–output set. This allows us to pinpoint which variables have the

most substantial influence on process outcomes.

As demonstrated by Papathanasiou et al.,68 the modifier concen-

tration and its gradient profile, can significantly impact the separation

efficiency. The flowrates and duration of the process steps influence

synergistically the duration and timing of the elution windows. The

feed mixture introduced semicontinuously to the system can influence

the composition and quality of the collected product. Although the

feeding time could be treated as an optimization variable, the compo-

sition of the stream results directly from the previous separation step.

For the purposes of this work, it is considered as a disturbance with

an expected and preidentified range of variation and is included in the

input set.

Once the input variables are identified, the process outputs of

interest for the data-driven model need to be selected. In this case,

the liquid phase concentrations of the mixture components at the col-

umn outlet are chosen. Specifically, we consider the concentrations of

the weak impurities (CW), the product (CP), and the strong impurities

(CS). Their average values over a cycle at the column outlet during the

product collection windows (Figure 1, B1 phases, column on the left-

hand side) are used to compute product purity (Pur) (Equation 1) and

process yield (Y) (Equation 2), which are the KPIs of interest.

Purav,j ¼ CavP,s,j

CavW,s,jþCavP,s,jþCavS,s,j
ð1Þ

Yj ¼CavP,s,j

Cfeed
P

ð2Þ

where, j is the cycle index, s is the outlet stream and Cavi,s,j is the aver-

age concentration of component i in stream s during cycle j. The

advantage of predicting the concentrations of the species at each

F IGURE 2 Workflow of presented methodology. (1) Horizontally (within the dotted line): Actions here are performed sequentially and
include: high-fidelity process model investigation for the construction of the appropriate input/output strategy, the generation of the synthetic

dataset and the development of the data-driven models. (2) Vertically (green workflow): Bayesian optimization (BO) for the identification of good
candidate process conditions that can assist process development, performed both on the high-fidelity and the data-driven models.
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time step of the process, instead of directly predicting the KPIs, is

the ability to then simulate the process dynamically, given that in

the twin-column MCSGP, the two columns operate in an intercon-

nected mode. As such, the elution profiles of the species can be

predicted, offering further insights into the performance of the

process.

3.3 | Data-driven model development

3.3.1 | Synthetic data generation

The model analysis performed above results into a multiple input–

multiple output system. Figure 2 illustrates the procedure followed for

the construction of the input–output matrices. Based on that, the nine

input variables presented in Table 1 are varied. The inputs are varied

within a range of interest and within the validated region of the

high-fidelity model, using a quasirandom Sobol sequence (Table 1).69

Chromatographic separation efficiency is highly susceptible to the

timing and the gradient of the product elution profile. It is therefore

of paramount importance for data-driven models to consider tempo-

ral information of the concentrations of the mixture components.

Here, and for the first time, the input set is further augmented by

including the inlet concentrations of the three mixture components

(Figure 3), coupled with the inlet concentration of the modifier at

each sampled time step (dt = 1 min). This informs the dataset and

therefore the ANN training of the dynamic nature of the column

inlet and includes information on the impact of the modifier gradient

on the elution profiles. It further transfers information on how the

inlet feed concentration impacts the tracked outputs. The tracked

output set includes the three component concentrations at the col-

umn outlet.

The proposed strategy embeds information about the dynamic

nature of the process into the data-driven model without explicitly

considering time. By sampling the inlet and outlet concentrations and

informing the model of a variable modifier concentration input, the

dynamics of the gradient-based elution are introduced to the model.

This eliminates the need for explicit temporal information, achieving

three main goals: (1) relying solely on measurable entities, (2) decreas-

ing the computational time required for training and simulation, and

(3) making the data-driven model adaptable to different elution times,

a crucial attribute during process development, when switching times

have not yet been optimized.

For the purposes of this work, the modifier concentration gra-

dient and the duration of each step are kept constant. Unit start-up

and/or shutdown are not considered here. For every input set

change, the high-fidelity model is simulated until CSS is reached,

and the process outputs are collected for the duration of one pro-

cess cycle. Given the input–output strategy, the generated data

does not have a spatial component, as data is not collected inside

the columns. Based on the three identified groups of manipulated

variables; feed concentrations, flowrates, and modifier concentra-

tions (Table 1), the generated samples are equally split into four

subsets:

• three subsets generated by independently varying each input sepa-

rately, and

• one subset where all inputs are simultaneously varied.

The above strategy allows the generation of a dataset that

describes both the singular, as well as the combinatorial effects of the

inputs on the outputs.

The input–output data required for the ANN training is

acquired through simulations of the high-fidelity process model. To

assess the impact of the dataset size on the ANN performance, four

datasets are generated using data from 50, 100, 200, and

400 cycles, respectively.

3.3.2 | Surrogate architecture

The complexity of the separation process and the strong correlations

between the considered entities may challenge the development of

an ANN that can accurately capture the system dynamics. To further

investigate this, we develop and compare two different surrogate

strategies. The first one (Figure 4a) is a 13 � 3 system, whereby a sin-

gle ANN is used to approximate the impact of the inputs on the three

monitored outputs. The second one (Figure 4b) is composed by three,

13 � 1, systems, whereby each output is approximated by a separate

ANN. For each ANN architecture under study, we use and assess for

TABLE 1 Inputs considered for synthetic data generation.

Input

Lower

bound

Upper

bound

Feed concentrations

Feed concentration of weak

impurities (mg/mL) (Cfeed,W)

0.05 0.08

Feed concentration of

product (mg/mL), (Cfeed,P)

0.3 0.5

Feed concentration of strong

impurities (mg/mL), (Cfeed,S)

0.03 0.05

Flowrates

Flowrate during phases

B1 and B2 (mL/min), (QB)

0.1 1

Flowrate during phases

I1 (mL/min), (QI1)

0.1 1

Flowrate during phases

I2 (mL/min), (QI2)

0.1 1

Modifier concentrations

Feed concentration of

modifier (mg/mL), (Cfeed,M)

1 3

Initial modifier concentration of

Phases I1 for column 1 (mg/mL), (CM,1)

2 3

Initial modifier concentration of

Phases I1 for column 2 (mg/mL), (CM,2)

0.8 1.2
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their performance the following activation functions: (i) ReLU,

(ii) Sigmoid, (iii) Softmax, and (iv) Tanh.

3.3.3 | Hyperparameter tuning

BO is performed to tune the hyperparameters of the ANNs, namely

the number of hidden layers, the number of neurons per hidden layer

and the learning rate of the training (Table 2). This is preferred over a

grid search approach due to the complexity and size of the generated

data, which may render grid hyperparameter searches inefficient or

even infeasible.

The ANNs are trained uniformly with the same activation func-

tion and number of neurons in each hidden layer, using 80% of the

generated data for training and 20% for testing, for a maximum of

40,000 epochs. Regardless of the activation function implemented in

the hidden layers, the output layer utilizes the linear activation

function. Early stopping is implemented if the model performance

based on the testing data does not improve for 500 consecutive

epochs, to avoid overfitting. Once the hyperparameter optimization

is completed, the resulting ANNs are simulated using the process

schedule and their performance is assessed. It is important to note

that the two columns (Figure 1) are identical in terms of technical

and physicochemical properties. For this reason, the same ANN

architecture is used.

F IGURE 4 (a) Schematic representation of the structure of the data-driven models using multiple-input/multiple-output artificial neural
networks (ANNs), (b) Schematic representation of the structure of the data-driven models using multiple-input/single-output ANNs.

TABLE 2 Hyperparameter bounds for the Bayesian optimization.

Hyperparameters Lower bound Upper bound

Hidden layers 1 5

Neurons per hidden layer 16 128

Learning rate 10�5 0.1

F IGURE 3 Schematic
representation of the input–
output structure for the synthetic
data generation.
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3.3.4 | BO for identification of good candidate
process conditions

Based on their prediction and interpolation accuracy, the developed

data-driven models with the best performance for each activation

function are used for process optimization. Given that the feed com-

position is a measured disturbance, five different scenarios of varying

feed concentrations are generated and assessed (Table 3).

The optimization objective is to maximize the yield of the MCSGP

process at CSS, while ensuring the product meets the purity specifica-

tions (Pur ≥ 98%).70 This is achieved by optimizing the flowrates dur-

ing the different phases of the process. The optimization problem is

formulated as follows:

min F¼�Yð Þ

s:t: 0:1≤QB ≤1

0:1 ≤QI1 ≤1

0:1 ≤QI2 ≤1

Pur≥98%

where Pur and Y are the product purity (Equation 1) and the process

yield (Equation 2) at CSS, QB (mL=min) is the flowrate during phases

B1 and B2, QI1 (mL=min) is the flowrate during Phases I1 and QI2

(mL=min) is the flowrate during Phases I2.

4 | RESULTS AND DISCUSSION

Product purity is the primary objective of any bioprocess purifica-

tion step, followed by the yield, which indicates process efficiency.

As described above, the two KPIs are calculated by the end of each

process cycle, based on the average, outlet concentrations of the

mixture components during the product collection window

(Equations 1 and 2, respectively). It is therefore of utmost impor-

tance for any surrogate to accurately predict the system dynamics

during the product elution window. Furthermore, in a tertiary mix-

ture as the one studied here, the product (P) is the most critical out-

put to be tracked, as the impurities are, in practice, discarded. For

these reasons and for simplicity, the results presented therein are

focused on the performance of the data-driven models with respect

to the product concentration and during the elution window. The

predictions of the weak and strong impurities are presented and dis-

cussed in Appendix B.

4.1 | Multiple-input/multiple-output ANNs

4.1.1 | Assessment of surrogate model predictions

First, we assess the performance of a multiple-input/multiple-output

(13 � 3) ANN. Here, the elution profiles of all three mixture compo-

nents are described by the same surrogate. Four different activation

functions are investigated, and the impact of four different dataset

sizes is assessed. All data-driven models present some discrepancies,

either by under- or overpredicting the concentrations, throughout the

elution profile.

This can be attributed to the structure of the ANNs utilized in the

models, which aims to capture the underlying interactions between

the components of the separation, through the correlation of the out-

puts. Since a single ANN is used for the prediction of all three species,

the shared nodes of the layers of the ANNs correlate the predicted

outputs to one another. Therefore, the predicted elution profiles are

not independent, reflecting the separation mechanisms. As such, any

errors in the prediction of one component can impact the predictions

of the rest.

As it can be observed (Figure 5), there is a direct correlation

between the number of training samples and the performance of the

data-driven models. As data availability decreases, the performance of

the models deteriorates. However, the observed relationship is not

linear and the effect on each of the activation functions can vary.

Focusing further on the performance of the models trained with

100 and 200 cycle samples, a different behavior can be identified for

each activation function, in terms of accuracy during the product elu-

tion window and the overall profile. The tradeoff between the training

sample size and the model performance is not constant. The model

trained with 100 cycle samples using the Sigmoid activation function

outperforms the respective model trained with 200 cycle samples.

Similarly, in the case of the Softmax activation function, while the

model trained with 200 cycle samples achieves an overall accurate

prediction throughout the elution profile, the data-driven model

developed with 100 cycle samples has a better performance in captur-

ing the elution peaks.

TABLE 3 Process optimization
scenarios.

Feed concentration of
weak impurities

Feed concentration
of product

Feed concentration of
strong impurities

Scenario 1 Nominal Nominal Nominal

Scenario 2 15% Increase 15% Increase 15% Increase

Scenario 3 15% Decrease 15% Decrease 15% Decrease

Scenario 4 10% Increase 10% Decrease 10% Increase

Scenario 5 10% Decrease 10% Increase 10% Decrease
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The results presented in Figure 5 benchmark the surrogates' per-

formance against the nominal conditions of the feed stream composi-

tion. To further asses the capabilities of the surrogates to capture the

system dynamics across the predefined variability of the feed stream

(±20% from the nominal value), 10 new sets of input data are gener-

ated by randomly varying the model inputs, within the range of the

data generation bounds, and are used to validate the data-driven

models. Table 4 summarizes the performance metrics considered to

assess the surrogates: (i) the accuracy of the model against the high-

fidelity process model, at the nominal operating conditions, (ii) the

prediction accuracy during the product elution time window, (iii) the

interpolation accuracy of the model against new datasets, and

(iv) the simulation time required to compute one cycle (Table 4). The

prediction and interpolation accuracy of the models is evaluated

using the mean absolute percentage error (MAPE) (Equation 3), com-

monly used to assess prediction accuracy in regression analysis. The

error is calculated by comparing the predicted concentrations of the

data-driven models to the concentrations calculated by the high-

fidelity process model, thus providing a clear metric for model per-

formance assessment.

MAPE¼1
n

Xn

i¼1

CHFi,s,j�CDDi,s,j

CHFi,s,j

����

�����100 ð3Þ

where, n is the number of data points, CHFi,s,j is the concentrations of

component i in stream s during cycle j calculated by the high-fidelity

process model, and CDDi,s,j is the concentrations of component i in

stream s during cycle j predicted by the data-driven models.

The overall accuracy and the accuracy of the product elution win-

dow (Table 4) indicate that the data-driven models can accurately pre-

dict the outlet concentrations of the three species. The metrics

indicate that the ReLU-based architecture is not affected significantly

by the amount of data available in the training set. Contrary to that,

the performance of the Tanh-based ANNs deteriorates with decreas-

ing data availability. Overall, the performance of the nonlinear func-

tions presents a stronger dependency to dataset availability. This

could be expected, as the nonlinear profile of the elution can be

described more accurately by denser datasets and sampling inter-

vals. Equally, the good performance of ReLU across the training

sets can be attributed to the fact that the separation profile could

also be approximated by a set of affine functions, confirmed by

F IGURE 5 Comparison of the predictions of the high-fidelity and the data-driven models, of the outlet concentrations of the Product at the
nominal operating conditions, using multiple-input/multiple-output artificial neural networks and the (a) ReLU, (b) Sigmoid, (c) Softmax, and
(d) Tanh activation functions, for a reducing number of training samples.
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previous research.68,71,72 All developed surrogates demonstrate

good interpolation capabilities, with the exception of Tanh trained

with 50 cycle samples. To improve the performance of the models

trained on the smallest dataset (50 cycle samples), a k-fold cross-

validation was employed. Specifically, a 5-fold validation was

implemented, which, in this case, did not yield significant improve-

ments, while it increased the computational cost of the training by

a factor of 24.

The significance of the time required for the simulation of one

process cycle, can be highlighted when taking into consideration that

the models predict directly at CSS. When comparing the computa-

tional requirements of the high-fidelity and the data-driven models, it

is important to compare the time required to predict at CSS and not

only to compile one process cycle. Therefore, considering that the

high-fidelity model requires 89 s to reach CSS, the prediction at CSS

in under 1 s indicates a 98.9% reduction in the required

simulation time.

4.1.2 | BO for identification of good candidate
process conditions

To assess the capabilities of the models to aid process development,

the ANNs with the highest prediction and interpolation accuracy of

each activation function are implemented within a BO formulation.

BO is also performed using the high-fidelity model for comparison.

For this, the five optimization scenarios presented in Table 3 are run.

Figure 6 illustrates the BO convergence of Scenario 1 using both the

surrogates and the high-fidelity process model and compares the

performance against the nominal case. The nominal case (Scenario 1)

represents the case for which the MCSGP setup has been experimen-

tally optimized. It can be observed that, as expected, the high-fidelity

process model converges to the experimentally optimized conditions,

presenting a negligible improvement, which can be assumed to fall

within the model's confidence interval (<2%). The BOs run using the

Sigmoid- and the Softmax-based surrogates converge to similar values

of process yield.

Looking at the flow rate values identified as optimal we observe

that the optimal calculated flowrates resulting from the data-driven

optimizations deviate by an average of 6% from the optimum derived

from the high-fidelity optimization. To further investigate the

observed discrepancies, we assume that the high-fidelity process

model is an accurate representation of the unit operation. To validate

the operating policies identified by the surrogate-based BO as

optimal, we perform open-loop simulations using the high-fidelity

process model. Specifically, we use the operating conditions iden-

tified by the surrogate-based BO and simulate the high-fidelity

process model, comparing the resulting yield and purity values to

those predicted by the surrogates. The % discrepancy of the pre-

dicted purity and yield of the data-driven models and the ones cal-

culated by the high-fidelity process model is given in Table 5. This

is calculated as Outputhighfidelity�Outputdatadriven
�� ��. The individual

discrepancies for each scenario are <15%, with the exceptions of Sce-

narios 3 (all functions except the Tanh), Scenario 4 for the Sigmoid,

and Scenario 5 for the Softmax and the Tanh.

Figure 7 illustrates the average discrepancy across all BO scenario

for every activation function. As the MCSGP process is used as the

final purification step of a therapeutic, the most crucial evaluation

TABLE 4 Performance of the investigated multiple-input/multiple-output ANNs.

Activation function Training sample size

Overall

accuracy (%)

Product elution

window accuracy (%)

Interpolation

accuracy (%)

Single cycle simulation

time (under CSS) (s)

ReLU 50 Cycles 94.5 98.2 92.0 0.9

100 Cycles 96.1 99.8 94.9 0.8

200 Cycles 96.5 99.6 94.9 0.9

400 Cycles 99.0 99.6 94.5 1.0

Sigmoid 50 Cycles 98.7 99.5 98.5 0.9

100 Cycles 97.6 99.6 98.6 0.9

200 Cycles 93.7 99.5 96.2 0.8

400 Cycles 94.6 99.8 97.0 0.9

Softmax 50 Cycles 98.8 97.5 93.9 0.9

100 Cycles 99.5 98.3 99.5 0.8

200 Cycles 89.4 99.5 94.1 0.9

400 Cycles 99.6 99.0 99.5 1.0

Tanh 50 Cycles 86.0 94.2 71.3 0.8

100 Cycles 88.6 96.4 80.7 0.8

200 Cycles 93.0 94.3 94.0 0.8

400 Cycles 98.9 99.6 98.8 1.0

Note: CPU seconds reported for a 64 GB, 2.90 GHz workstation.
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metric remains the product purity (Equation 1). When assessing the

performance of the different activation functions used in the data-

driven models, it can be observed that the discrepancy between the

predicted and the calculated product purity in each optimization sce-

nario is significantly small. This indicates than when implemented in

the optimization framework, the data-driven models predict and meet

the purity constraint satisfactorily (average discrepancy of < 4%).

It is worth noting that only the Tanh activation function performs

relatively poorly in terms of predicting the product purity, despite pro-

viding its good prediction of the process yield (Figure 7). As such,

since product purity is the paramount concern, the model developed

using the Tanh activation function is considered less suitable than the

alternatives that offer higher accuracy in predicting the product

purity, despite their less accurate predictions of the process yield.

Following the above analysis, the discrepancies illustrated in Fig-

ures 6 and 7 can therefore be attributed to: (1) the shortfall of the sur-

rogate models to accurately predict the outputs in some of the

interpolation case studies and (2) to endogenous error propagation as

discussed in Section 4.1.1. In terms of computational cost, the high-

fidelity model-based optimization requires �200 min, to complete

100 iterations, while, for the same number of iterations, the

data-driven models require �2 min. As such, the significance of the

data-driven model-based optimization lies in the models' ability to

approximate the optimal operating conditions at a fraction of the typi-

cally required computational cost.

TABLE 5 Discrepancy of data-driven model predictions using multiple-input/multiple-output artificial neural networks compared with high-
fidelity model, for the optimization scenarios.

Activation function

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Purity (%) Yield (%) Purity (%) Yield (%) Purity (%) Yield (%) Purity (%) Yield (%) Purity (%) Yield (%)

ReLU 0.2 8.1 0.4 3.1 1.5 25.3 0.2 12.8 1.6 10.8

Sigmoid 0.5 5.5 0.5 3.9 0.2 29.9 0.1 33.3 0.3 13.1

Softmax 1.0 3.7 0.1 1.1 0.1 41.5 0.4 14.0 1.7 40.4

Tanh 0.5 10.8 1.6 6.7 2.3 12.5 2.1 3.3 10.8 27.5

F IGURE 7 Average discrepancy of data-driven model predictions of (a) product purity and (b) process yield, using multiple-input/multiple-

output artificial neural networks, for the optimization scenarios.

F IGURE 6 Convergence of optimization algorithms using the
high-fidelity process model and the data-driven models developed
using the multiple-input/multiple-output artificial neural networks.
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4.1.3 | Multiple-input/single-output ANNs

As demonstrated in the previous section, error propagation from the pre-

diction of one of the species to the others, may negatively impact the

performance of the surrogates. For this, we assess an approach

whereby three multiple-input/single-output ANNs are developed,

tracking each output separately.

4.1.4 | Assessment of surrogate model predictions

The performance of the multiple-input/single-output ANNs is pre-

sented in Figure 8. The developed data-driven models predict the elu-

tion profile of the product well, using all the investigated activation

functions. More specifically, all data-driven models trained with at

least 200 cycles display an almost perfect prediction of the elution

profile, while only minor discrepancies are observed for the models

trained with 100 cycles. Even in the case of 50 cycle samples, the

data-driven models using the Sigmoid and the Tanh activation

functions manage to capture both the timing and the height of the

elution peak, despite the limited data availability. It is worth noting

that the activation function with the relatively largest

discrepancies is the ReLU (Figure 8a), which can be attributed to

the fact that ReLU. In the case of the 100 cycle samples, the larg-

est mispredictions can be observed during the elution peak of the

product. As such, despite the accurate predictions during the rest

of the elution profile, this model could lead to an overestimation of

the process KPIs, which would in turn lead to the collection of a

product that is unsafe for human use. This highlights the need to

investigate, not only the overall accuracy of the data-driven

models, but also the predicted elution profiles, as high accuracy

across the entirety of the predictions does not necessarily equate

to a reliable surrogate.

The observed behavior of the surrogates is assessed by calcu-

lating their prediction and interpolation accuracy (Table 6). The

calculated percentages indicate that the data-driven models pre-

dict well the elution profiles of the species within the expected

range of the operating conditions, even when trained with limited

data. Different to the rest, are the ReLU-based models trained

with 50 and 100 cycle samples display a poor performance in the

evaluation metrics, and more specifically in their interpolation

capabilities. However, when the training dataset is augmented,

the performance of the linear activation function is comparable to

the nonlinear ones.

F IGURE 8 Comparison of the predictions of the high-fidelity and the data-driven models, of the outlet concentrations of the Product at the
nominal operating conditions, using multiple-input/single-output artificial neural networks and the (a) ReLU, (b) Sigmoid, (c) Softmax, and (d) Tanh
activation functions, for a reducing number of training samples.
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4.1.5 | BO for identification of good candidate
process conditions

Using the same performance metrics to analyze the models (Table 6),

the data-driven models with the best performance in terms of predic-

tion and interpolation accuracy for each activation function are used

for process optimization. Figure 9 presents indicatively the conver-

gence of the optimization algorithms for the optimization Scenario

1. As illustrated (Figure 9), the data-driven and high-fidelity model-

based optimization algorithms converge and predict a small increase

in the process yield, compared with the nominal operating

conditions.

The optimal flowrates predicted by the data-driven models are

then used to simulate the high-fidelity process model. The results of

the optimization of the five scenarios are presented analytically in

Table 7. Notably, the overprediction of some of the data-driven

models (Figure 9) is also reflected in the discrepancy between the pre-

dicted and the calculated process yield for Scenario 1 (Table 7).

Similar to the observations derived from the elution profile pre-

dictions (Figure 8), the ReLU activation function presents the largest

discrepancies in the prediction of the product purity, when compared

with the other investigated activation functions. Nonetheless, the

average disparity between the predicted and the calculated metric

remains at 1.1% (Figure 10). Considering the inherent margin of error

that accompanies any mathematical model, this discrepancy can be

considered insignificant, indicating that all the investigated models

perform satisfactorily. Overall, it is observed that the surrogates utiliz-

ing the Softmax activation function have the best performance in each

optimization Scenario (Table 7), as well as across all of the 5 (Figure 10).

The rest of the developed models are performing well with 15%

average discrepancy for the predicted yield and a negligible discrep-

ancy for product purity.

4.1.6 | Comparative assessment of ANN
architectures

A key focus of this work is the identification of the appropriate ANN

architecture for the approximation of the system at hand. As illus-

trated previously, in simulation mode, the single-output ANNs

(Figure 8) show an overall increased performance throughout the

TABLE 6 Performance of the investigated data-driven models using multiple-input/single-output artificial neural networks.

Activation function Training sample size

Overall

accuracy (%)

Product elution

window accuracy (%)

Interpolation

accuracy (%)

Single cycle simulation

time (under CSS) (s)

ReLU 50 Cycles 81.2 96.6 61.3 1.1

100 Cycles 98.9 99.4 59.2 1.0

200 Cycles 99.8 99.8 97.1 1.0

400 Cycles 99.6 99.7 98.5 1.1

Sigmoid 50 Cycles 97.7 99.3 96.6 0.9

100 Cycles 98.1 97.5 98.3 1.1

200 Cycles 98.2 99.6 97.9 0.9

400 Cycles 98.3 99.6 99.1 1.1

Softmax 50 Cycles 97.8 99.4 96.0 1.2

100 Cycles 98.9 99.8 99.1 1.1

200 Cycles 96.6 99.8 97.7 1.1

400 Cycles 93.6 99.2 96.1 1.2

Tanh 50 Cycles 96.4 99.6 94.9 1.0

100 Cycles 97.4 99.6 96.5 1.1

200 Cycles 96.5 99.8 97.4 1.1

400 Cycles 96.1 99.5 98.3 1.2

F IGURE 9 Convergence of optimization algorithms using the
high-fidelity process model and the data-driven models developed
using the multiple-input/single-output artificial neural networks.
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entire elution profiles of the species across all activation functions.

This can be attributed to the lack of error propagation, due to the

independent predictions of the ANNs. However, given sufficient data

availability, both training approaches (Figures 5 and 8) yield reliable

surrogates. Moreover, the smoother prediction profiles of the single-

output ANNs suggest that using this approach may be a better fit,

when developing models intended for further applications.

On that front, we investigate the performance of the two archi-

tectures within the BO. Figure 11 illustrates a quantitative comparison

of the % average discrepancy of the predicted purity and yield of the

data-driven models and the ones calculated by the high-fidelity pro-

cess model, using the optimal conditions identified by the surrogate-

based BO. It can be observed that in the majority of the cases, the

3 � single-output ANN system outperforms its multiple-output

TABLE 7 Discrepancy of the data-driven model predictions using multiple-input/single-output artificial neural networks compared with
high-fidelity model, for the optimization scenarios.

Activation function

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Purity (%) Yield (%) Purity (%) Yield (%) Purity (%) Yield (%) Purity (%) Yield (%) Purity (%) Yield (%)

ReLU 0.2 11.9 1.7 4.4 0.6 7.6 0.9 18.7 2.0 1.6

Sigmoid 0.2 9.8 0.4 11.5 0.2 7.0 0.1 15.6 0.6 6.0

Softmax 0.3 5.3 0.6 13.0 0.2 8.8 0.7 1.2 0.9 3.3

Tanh 0.4 14.3 0.2 20.7 0.3 23.7 0.3 0.1 1.5 1.7

F IGURE 10 Average discrepancy of data-driven model predictions of (a) product purity and (b) process yield, using multiple-input/single-
output artificial neural networks, for the optimization scenarios.

F IGURE 11 Comparison of performance of data-driven models, using multiple-output and single-output artificial neural networks, for the
optimization scenarios.
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counterpart. Exception to this is the ReLU with respect to the purity

prediction, the difference of which is, nevertheless, negligible.

5 | CONCLUSIONS AND OUTLOOK

In this work, we present the development of data-driven models (surro-

gates) for a continuous chromatographic separation process. Two differ-

ent architectures are implemented and assessed, whereby the outlet

concentrations of the mixture components are described either by the

same surrogate (1 � multi-output model) or by three separate surrogates

(3 � single-output models). One of the key novelties of the presented

work is the use of pseudo-dynamic input datasets, transferring the

knowledge of system dynamics to the surrogates without the need for

explicit temporal information or memory. Furthermore, we promote on-/

at-line integration of the surrogates with experimental setups by consid-

ering input–output sets that include only measurable entities. We further

demonstrate the development of surrogates under limited data availabil-

ity, using 90- to 200-fold smaller datasets compared with the open litera-

ture. For each case, we use ANNs and we assess the performance of

four different activation functions, both piece-wise linear and nonlinear.

We further investigate the effect of limited data availability on the accu-

racy of the developed models. The developed surrogates are tested for

their performance as basis for BO for the identification of good candi-

date process conditions to guide process development. The results indi-

cate that with the use of sufficient data, both modeling strategies can

produce reliable surrogates, while the 3 � single-output system demon-

strates better performance in cases of limited data availability. Critically,

all surrogates are trained to predict directly at CSS without prior knowl-

edge of the CSS conditions and show good performance with respect to

the prediction of the product elution window. On average, ReLU per-

forms well under all investigated scenarios, while nonlinear activation

functions often indicate an improved capability to predict the system

dynamics in cases of smaller datasets. Overall, the data-driven models

manage to reduce by 98.9% the computational cost required to simulate

the process and expedite the BO by 99%, when compared with the

high-fidelity process model. This demonstrates that the ANNs can effi-

ciently handle dynamic predictions and achieve robust performance even

with limited data availability, providing an efficient alternative to model

dynamic bioprocess applications.

Outcomes of this work are a strong indicator that fully black-box

surrogates can be used to inform and expedite the process develop-

ment workflow. Nevertheless, the development of such models still

requires relatively rich datasets, which can be generated either fully

synthetically or in combination with high-throughput experimenta-

tion.57,63,73 Particularly the latter techniques are a promising way for-

ward that can support the integration of such modeling tools to the

industrial workflow, especially in biopharmaceutical process develop-

ment. In that respect, the transition from Industry 4.0–5.0 necessitates

a holistic and inclusive approach, whereby different modeling tech-

niques are adopted at the appropriate stages of the development.

Based on this, black-box models offer a reliable and rapid solution to aid

process development, minimizing cost.13,42 Gray-box models

compliment this by integrating a level of process understanding, where

available to aid a more sophisticated approach to process understand-

ing, offering a higher level of transferability.41,74 Finally, high-fidelity

process models remain the gold standard for in-depth process investiga-

tion and rigorous, dynamic optimization, requiring advanced expert

knowledge and explicit description of the underlying mechanisms.8,75,76
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