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Abstract

Developing an accurate and reliablemodel for chromatographic separation thatmeets

regulatory requirements and ensures consistency inmodel development remains chal-

lenging. In order to address this challenge, a standardized approach was proposed

in this study with ion-exchange chromatography (IEC). The approach includes the

following steps: liquid flow identification, system and column-specific parameters

determination and validation, multi-component system identification, protein amount

validation, stericmass action parameters determination and evaluation, and validation

of the calibrated model’s generalization ability. The parameter-by-parameter (PbP)

calibration method and the consideration of extra-column effects were integrated to

enhance the accuracy of the developed models. The experiments designed for imple-

menting the PbP method (five gradient experiments for model calibration and one

stepwise experiment formodel validation) not only streamline the experimental work-

load but also ensure the extrapolation abilities of the model. The effectiveness of the

standardized approach is successfully validated through an application about the IEC

separation of industrial antibody variants, and satisfactory results were observedwith

R2
≈ 0.9 for the majority of calibration and validation experiments. The standardized

approach proposed in this work contributes significantly to improve the accuracy and

reliability of the developed IEC models. Models developed using this standardized

approach are ready to be applied to a broader range of industrial separation systems,

and are likely find further applications in model-assisted decision-making of process

development.
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1 INTRODUCTION

Downstream processing involving multiple steps to isolate and

purify the desired product from the cell culture medium, is piv-

otal for antibody and other protein drug production. In downstream

processing of protein drugs ion-exchange chromatography (IEC) is

widely used due to its high capacity, selectivity, and moderate

prices.[1,2]

Achieving high-resolution IEC separation poses challenges, how-

ever, as individual components from upstream processes may have

closely related elution behavior, which even may displace each other.

A comprehensive understanding of these behavior is essential,[3] but it

is cumbersome to obtain through experimental methods alone. In con-

trast, mechanistic models are extensively used in research related to

IEC processes due to their robust interpretability and superior extrap-

olation abilities.[4–9] Regulatory authorities, such as those outlined in

ICH-Q8(R2),[10] ICH-Q9,[11] and ICH-Q10,[12] emphasize that model-

based process development contributes to a better understanding of

complex elution behaviors. Beyond meeting ICH requirements, the

industry is also moving toward implementing digital twins to operate

process in a completely new environment.[13–16] The implementation

holds promise in effectively reducing the time to market during the

development of new biopharmaceuticals.[17] However, applying these

models in industrial chromatography still presents several challenges,

with one of themost significant being the development of accurate and

reliable models.

In terms of model accuracy, it refers to the ability of the developed

models to precisely depict the behavior of all components during the

elution experiments. In other words, the developed mechanistic mod-

els serve as a complete mirror of the IEC process in the real world,

forming a pair of digital twins. Figure 1 displays the potential errors

during themodel development.

(1) PDE errors: Mechanistic models commonly used in themodeling

of IEC processes are primarily formulated as partial differential equa-

tions (PDEs). Developing PDEs that fully mirrors the IEC process is a

highly challenging task. One crucial consideration is the bias-variance

tradeoff, which implies a potential relationship between the complex-

ity of PDEs and its bias-variance.[18] Reducing the PDE complexitymay

heighten bias but decrease variance. On the contrary, increasing the

PDE complexity may reduce bias but increase variance (resulting in

poor predictive ability) such as complex computational fluid dynam-

ics (CFD) models.[19] But it requires detailed knowledge of the packing

and flow path of the chromatography skid, making them computation-

ally intensive.[20–22] It is essential to develop a simple yet efficient PDE

to strike a balance in this trade-off. The most widely applied model in

IEC is the stericmass action (SMA)model, comprising four parameters.

It has been demonstrated to accurately predict the elution behavior

of multi-component mixtures during IEC processes.[23] Therefore, the

SMA model stands out as a sound choice. For industrial chromatog-

raphy, solely modeling the chromatographic unit may not suffice to

meet practical application demands. It is necessary to employ a series

of PDEs to model the entire chromatography workstation, encom-

passing components such as pipelines, pumps, detectors, and more.

F IGURE 1 Four classes of errors in developing themechanistic
model for ion-exchange chromatography (IEC) processes.

This is essential due to the potential dominant impact of extra-column

dispersion on resolution.[24,25]

(2) Approximation errors: Most of the chromatography PDEs lack

analytical solutions. Obtaining numerical solutions for them through

numerical methods introduces approximation errors. Discontinuous

Galerkin finite element method has demonstrated outstanding accu-

racy and fast computational speed in solving stiff problems such as

these chromatography PDEs.[26–28]

(3) Calibration errors: A model that accurately describes the IEC

process cannot be directly obtained through experimental observa-

tions. Instead,weneed to employ calibration experiments andmethods

to estimate the model parameters, leading to the introduction of cali-

bration errors. There are three kinds of calibration experiments for the

SMAmodel. First is thebatch adsorption,which canbeused to fitmulti-

ple adsorption isothermsunderdifferent salt concentrations.However,

the generalization of the SMAmodel obtained from batch experiments

to column experiments is questionable due to the neglect of column

effects. Secondly, breakthrough experiments can be used to calibrate

the SMA model. The third method is bind-and-elute experiments con-

ducted under various operating conditions. The design of operating

conditions will affect the calibration error. Regarding the parameter

estimationmethods for the SMAmodel through bind-and-elute exper-

iments, the inverse method (IM) and the Yamamoto method[29,30] can

be adopted. However, applying them to practical industrial applica-

tions has certain limitations. Specifically, the IM, reliant on reasonable

initial guesses,[26] poses a challenge for novice modelers in determin-

ing suitable values. Additionally, there is an ongoing debate regard-

ing whether the parameters obtained through the IM hold physical

significance.[31,32] As for the Yamamoto method, it is only applica-

ble to diluted conditions and not ideal for industrial chromatography

with high protein loadings for ensuring productivity. To overcome the
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limitations of these two methods, we proposed a more efficient

approach, parameter-by-parameter (PbP)method.[33,34] This approach

allows the users to obtain SMA parameters by determining retention

of the components considered for modeling. Another advantage is its

simplicity in calculations, involving only basic linear regressions and

linear systems. These calculations can be readily calculated by novice

modelers and easily implemented by Excel spreadsheets.[35] The con-

cept of PbP calibration has been extended from the SMA model in the

IEC field to the field of hydrophobic interaction chromatography.[36]

Nevertheless, the PbP method has more stringent requirements for

experimental design than other methods (such as gradient lengths and

loading of elution experiments), posing a challenge for its applications.

In the realm of industrial chromatography, it is essential to acknowl-

edge that the absence of modeling extra-column dispersion could

potentially introduce errors in the determination of retention times

(which is particularly critical for the PbP method), thereby amplifying

the calibration error.

(4) Validation error: The validation experiment is used to assess

the generalization ability of the calibrated model. This validation error

is unneglectable, but it should fall within an acceptable range. The

design of validation experiments significantly influences the testing of

this ability. Interpolative validation and extrapolative validation yield

markedly different results. Validation through a well-designed and

straightforward experiment would be optimal.

Above all, the errors in developing an IEC model result from four

aspects. To minimize these errors and enhance the accuracy of the

model, collaboration among researchers from various disciplines is

essential. For instance, chemists can contribute by developing PDEs

that more accurately describe the IEC process, while mathematicians

can explore more efficient numerical methods. Those applying the

models in industrial field should focus on the utilization of these

models to reduce calibration and validation errors throughout the

process.

In terms of model reliability, it relies on the establishment of

such an accurate model mentioned above. Model reliability plays a

crucial role in enhancing the dependability of model-assisted decision-

making. Model-assisted decision-making has found widespread appli-

cations in the field of IEC, such as process optimization,[37] process

characterization,[38] process scale-up,[25,39,40] and process control.[41]

It is essential to consider the normativity and standardization of model

development in IECprocesses.A standardizedandnormative approach

to model development ensures that the developed models meet reg-

ulatory standards and ensure product quality,[42] thereby enhancing

the reliability of the models. In the era marked by a surge in mechanis-

tic model research, ensuring the repeatability of model development

becomes a crucial means of providing reliability to the models. This is

particularly crucial for industrial applications. For instance, personnel

in industrymust ensure the accurate specification ofmodels developed

for different projects, adhering to uniform development standards.

Moreover, adopting a standardized development approach will signif-

icantly optimize the workflow of the model development process and

accelerate the speed of model development.

This study aims to present a standardized approach for developing

an accurate and reliable model in IEC. In order to enhance the accu-

racy of the developed model, the proposed approach employs the PbP

method as a calibration method (minimize the third-class calibration

errors), elucidates the design of calibration and validation experiments

(minimize the third-class and fourth-class errors), and considers the

modeling of extra-column effect (minimize the first-class errors). In

termsofmodel reliability, a standardizedmodel development approach

may contribute to its improvement. The approach includes the fol-

lowing steps: liquid flow identification, system and column-specific

parameters determination and validation, multi-component system

identification, protein amount validation, SMA parameters determina-

tion and evaluation, and validation of the calibrated model’s gener-

alization ability. Following sections will demonstrate its applicability

through concrete examples about industrial antibody purification with

an ÄKTA avant 25 system.

2 MECHANISTIC MODELS

This section introduces several well-established models for various

equipment in ÄKTA system, including the chromatographic column,

extra-column equipment (e.g., tubes, valves, detectors, mixers and

pumps), and the injection system. For detailed information on chro-

matographic models, readers are referred to relevant textbooks.[1,43]

2.1 Models inside the column

The equilibrium dispersivemodel (EDM) is used as:

𝜕ci
𝜕t

(z, t) = −
ucol
𝜀t

𝜕ci
𝜕z

(z, t) + Dapp
𝜕2ci
𝜕z2

(z, t) −
1 − 𝜀t
𝜀t

𝜕qi
𝜕t

(z, t) (1)

where ci and qi represent the liquid-phase and solid-phase concentra-

tion of protein i, respectively. z and t are the axial position and time,

respectively. εt is the total porosity.Dapp is theapparent axial dispersion

coefficient. Superficial velocity ucol are calculated using volume flow
.

V,

column length L, and total volume of a packed column Vcol:

ucol =

.

V L
Vcol

(2)

Themodel is completedwith boundary conditions using themobile-

phase concentration of protein i at inlet cin,i:

Dapp
𝜕ci
𝜕z

(0, t) =
ucol
𝜀t

[
ci (0, t) − cin,i (t)

]
(3)

Dapp
𝜕ci
𝜕z

(L, t) = 0 (4)

The kinetic SMAmodel with four parameters (characteristic charge

ν, equilibrium coefficient keq, shielding factor σ, and kinetic coefficient
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kkin) and total ion-exchange capacityΛ is given by:

kkin,i ⋅
𝜕qi
𝜕t

(z, t) = keq,i

[
Λ −

n∑
j=1

(
𝜈j + 𝜎j

)
⋅ qj (z, t)

]𝜈i
⋅ ci (z, t) − qi (z, t)

⋅ c𝜈is (z, t) (5)

𝜕qs
𝜕t

(z, t) = −

n∑
j = 1

𝜈j ⋅
𝜕qj
𝜕t

(z, t) (6)

where cs and qs represent the liquid-phase and solid-phase concentra-

tion of salt.

2.2 Models outside the column

The dispersed plug flow (DPF) is used for tubingmodeling:

𝜕ci
𝜕t

(z, t) = −u
𝜕ci
𝜕z

(z, t) + Dax
𝜕2ci
𝜕z2

(z, t) (7)

where velocity u is calculated using the tube diameter d:

u =
4

.

V
𝜋d2

(8)

and the axial dispersion coefficientDax is obtained by:

Dax = 2ud (9)

The boundary conditions, Equations (3) and (4), used in the column

model are similarly implemented in the DPFmodel.

The ideal continuously stirred tank (CST) is employed for modeling

of valves, mixers, and detectors using the hold-up volume V:

dci
dt

(t) =

.

V
V

[
cin,i (t) − ci (t)

]
(10)

2.3 Model of injection system

The injection system can be characterized by a rectangular pulse:

cinj,i
(
tinj

)
=

{
cinjxi 0 < t ≤ tinj
0 t > tinj

(11)

where cinj,i and xi are the injection concentration and mole fraction of

protein i, respectively. cinj and tinj represent the injection concentration

and time, respectively.

The flow path equilibrated with the low-salt buffer before injection

is applied as initial conditions for all equipment.

2.4 Numerical solution

The column model and DPF model were spatially discretized using the

discontinuous Galerkin finite element method. These models, along

with the CSTmodel, were solved using the solve_ivp solver in SciPy[44]

with Python 3.10 and other packages (e.g., NumPy,[45] scikit-learn,[46]

Pandas, andMatplotlib[47]).

2.5 Parameter estimation

Table 1 enumerates all model parameters and the corresponding

determination methods, categorized into three groups based on com-

putability: known, experimentally determinable, and determinable via

bind-and-elute experiments. The first two groups comprise system and

column-specific parameters, while the SMA parameters in the third

group are of particular importance and can be obtained using the PbP

method. More details on the PbP method can be read in our previ-

ous publications.[33,34] In this work, a summary of the PbPmethodwas

provided:

(1) First linear regression (LR1) was applied to establish the rela-

tionship between the salt concentration at outlet at retention time of

protein i, cs,R,i, and the normalized gradient slope GH = (1 − εt)(cfinal −
cinitial)/CVG as:

lgGH = m1,ilgcs,R,i + n1,i (12)

where slopes m1,i = νi + 1 and intercepts n1,i =

−lg[keq,i(𝜈i + 1)(Λ − aic̄inj)
𝜈i ]. cfinal and cinitial are the salt concen-

tration at inlet of gradient start and end, respectively. CVG is elution

volume with the unit of column volume (CV). m1 can be employed to

calculate ν as:

𝜈i = m1,i − 1 (13)

(2) Second linear regression (LR2) was used to establish the rela-

tionship between the term10−n1,i⋅𝜈
−1
i (𝜈i + 1)

−𝜈−1
i calculated by LR1 and

loading conditions (c̄inj) as:

10−n1,i⋅𝜈
−1
i (𝜈i + 1)

−𝜈−1
i = m2,i c̄inj + n2,i (14)

where slopes m2,i = −k
𝜈−1
i
eq,i ⋅ ai and intercepts n2,i = k

𝜈−1
i
eq,i ⋅ Λ. Relative

injection concentration c̄inj = cinj ⋅ u ⋅ tinj∕L. n2 can be utilized to esti-

mate keq as:

keq,i =
(
n2,i
Λ

)𝜈i

(15)

(3) Simplified linear approximation (SLA) for guessing the initial

values of σ as:

𝜎i =
ai
keq,i

c̄inj
cR,i

(
cs,R,i
Λ

)𝜈i

− 𝜈i (16)

where ai is the nonlinear coefficient of protein i obtained by LR2, cR,i
and cs,R,i are the mobile-phase concentration at outlet of protein i and

salt at retention of protein i, respectively.
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TABLE 1 Parameters of model and the correspondingmethods for their determination.

Model Symbol Unit Determination Equation Value

EDM ucol mm s−1 Known (2) 0.64

EDM εt – Pulse injection (18) 0.831

EDM Dapp mm2 s−1 Pulse injection (19) 0.0956

EDM L mm Known [-] 192

SMA Λ M Acid–base-titration (20) 0.61

SMA ν − Bind-and-elute, LR1 (13) [8.0, 8.3, 8.6]

SMA keq ×105 Bind-and-elute, LR2 (15) [4.4, 4.0, 3.2]

SMA σ − Bind-and-elute, SLA+ IM (16) [36.0, 67.1, 15.5]

SMA kkin ×107 sMν Bind-and-elute, IM (17) [70.4, 27.0, 9.7]

DPF u mm s−1 Known (8) [-]

DPF Dax mm2 s−1 Known (9) [-]

DPF L mm Known [-] [-]

DPF d mm Known [-] [-]

CST V µL Known or pulse injection [-] [-]

CST, continuously stirred tank; DPF, dispersed plug flow; EDM, equilibrium dispersive model; IM, inverse method; LR1, first linear regression; LR2, second

linear regression; SLA, simplified linear approximation; SMA, steric mass action.

(4) Initial guesses of kkin weredeterminedby theheuristic algorithm.

Then, the optimization problem was further solved with the objective

function J as:

min
kkin ,𝜎

J
(
ch,i; kkin,𝜎

)
:= min

kkin ,𝜎

m∑
j = 1

n∑
i = 1

‖c′i − ch,i
(
L, t; kkin,i ,𝜎i

) ‖2
L2‖c′i‖2L2 (17)

wheremandnare thenumberof experiments andbinding components,

respectively. c′i and ch,i are the measurement and numerical solution of

mobile-phase concentration of protein i. ‖ ⋅ ‖L2 is L2-norm.

3 MATERIALS AND METHODS

3.1 Resin, protein, and chemicals

The strong cation-exchange resin Eshmuno CPX (Merck KGaA, Darm-

stadt, Germany) was utilized. All column experiments were conducted

using a column with a height of 192 mm and a volume of 15.1 mL in an

ÄKTA avant 25 system (Cytiva, Uppsala, Sweden).

The antibodies of the immunoglobulin G type with a molecular

weight of 148149 Da used in this study were obtained from Gmax

Biopharm LLC., Hangzhou, China. The antibody was produced in Chi-

nese hamster ovary cells, and subsequently purified using protein A

affinity chromatography. The eluate from affinity chromatographywas

collected and the pHwas adjusted to 7.0, and then carefully stored at a

low temperature of−80◦C tomaintain stability until further use in this

study.

Acetic acid sodium hydroxide and sodium chloride were supplied

from Merck in Darmstadt, Germany. Morpholine ethyl sulfonic acid

(MES) was purchased from Aladdin in Shanghai, China. All buffers

were prepared using deionized water and filtered with a 0.2 µm sterile

filter.

3.2 Pulse injection experiments

εt and Dapp can be determined by pulse injection experiments, involv-

ing the introduction of a nonbinding but pore-penetrating tracer, NaCl,

onto the ÄKTA system. Using the injection of NaCl, εt was obtained by:

𝜀t =
Vint + Vpore

Vcol
= t0 ⋅

.

V
Vcol

=
VR − Vplant

Vcol
(18)

whereVint andVpore represent the interstitial volume of the fluid phase

and the volume of the particle pore system. t0 is the column dead time.

VR andVplant are the total dead time and the extra-column dead time of

the system or plant.

Using the stage number of the cascade model developed by Martin

andSynge,[48] Dapp canbe calculatedby the firstmoment tR and second

moment σcasc using the NaCl peak in pulse injection experiments as:

Dapp =
uL

2𝜀tNcasc
=

uL
2𝜀t

⋅
𝜎2casc

t2
R

(19)

Notably, this pulse injection approach was also employed for the

assessment of the dead volume of other tubes and valves.

3.3 Acid–base-titration experiments

Λ was determined by titration experiments. Initially, the packed col-

umnwas equilibratedwith deionizedwater and flushedwith a solution
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TABLE 2 Sample volumes, elution conditions, and R2 of bind-and-elute experiments.

No. Purpose

Loading [g L−1

column]

Injection volume

(CV) Elution condition

R2

A1 A2 M

1 Calibration 10 0.52 Gradient 10 CV 0.71 0.88 0.91

2 Calibration 10 0.52 Gradient 15 CV 0.68 0.89 0.86

3 Calibration 10 0.52 Gradient 20 CV 0.70 0.90 0.92

4 Calibration 30 1.56 Gradient 10 CV 0.80 0.77 0.83

5 Calibration 40 2.08 Gradient 10 CV 0.86 0.65 0.73

6 Validation 10 0.52 Stepwise 5 CV 0.98 0.94 0.88

containing 0.5 M HCl. The system was then washed with deionized

water again. Subsequently, a solution containing 0.1 M NaOH was

introduced into the columnuntil an observable increase in conductivity

signal was detected at the column outlet. All experimental procedures

were conducted in triplicate.Λwas calculated by:

Λ = cNaOH

VNaOH − Vplant − Vcol ⋅ 𝜀t
(1 − 𝜀t)Vcol

(20)

where cNaOH and VNaOH are the concentration and volume of NaOH

solution used for titration, respectively.

3.4 Bind-and-elute experiments

The study involved six bind-and-elute experiments, consisting of five

linear gradient elution experiments for model calibration and a step-

wise elution experiment for model validation. These experiments were

employed for the implementation of the PbP method. Our preliminary

research has already elucidated how to design elution experiments

to better utilize the PbP method.[33,34] The injection volumes of sam-

ple and elution conditions for bind-and-elute experiments are listed in

Table 2.

The calibration experiment design adhered to the principle that

three experimentswith identical sample loading conditions but varying

gradient lengthswere used for LR1 calculation (e.g., experimentsNo. 1,

2, and 3 in Table 2), and three experiments with different sample load-

ing conditions but identical gradient lengths were employed for LR2

calculation (e.g., experimentsNo. 1, 4, and 5 in Table 2). Consequently, a

total of five experimentswereutilized formodel calibration. Linear gra-

dient elution experiments needed complete elution of all components

to bemodeled within the linear gradient phase.

Stepwise elution, which differs from the gradient elution used in the

calibration experiments, can be considered as the extreme case of infi-

nite smoothness of the gradient and is suitable for testing the model’s

ability to predict beyond the calibration range.[42]

All elution experimentsmaintained consistent conditions, except for

injection and elution conditions. The antibody sample was adjusted to

pH 5.5 and injected at a concentration of 19.2 g L−1 by injection pump.

A low-salt buffer with 50 mM acetate at pH 5.5 as well as a high-salt

buffer of 50 mM acetate and 500mM NaCl was prepared. The low-salt

buffer was used for equilibration and washing of the chromatographic

workstation. Themixture of these twobuffers generated differentNa+

concentrations for the elution step, which was considered for model-

ing. A solutionwith1MNaOHwereemployed for column regeneration.

Gradient elution experiments were executed with Na+ concentrations

ranging from 50 mM (0% high-salt buffer) to 300 mM (50% high-salt

buffer). The elution peaks resulting from all experiments were col-

lected in 2- or 3-mL fractions, in accordance with the injection volume

of sample and elution conditions of each experiment. For the gradient

elution, only the peak with a UV signal greater than 50mAU at 280 nm

was fractionated.

3.5 Analytical methods

The protein sample and elution fractions were analyzed by weak

cation-exchange HPLC with ProPacTM WCX-10 analytical column

(Thermo, Waltham, USA) and Alliance e2695 HPLC system (Waters,

Milford, USA). Equilibrium buffer was prepared using 20 mM MES

buffer (pH 6.3), while elution buffer contained 0.5 M NaCl in 20 mM

MES buffer (pH 6.3). The gradient was from 0% to 100% elution buffer

in 50.0 min with flowrate of 0.5 mL min−1. The protein response was

detected using UV detector at 280 nm. The percentage of peak area

was obtained via peak integration from HPLC chromatograms. Purity

of the main variant was determined by dividing the main peak area by

the total peak area of all variants.

4 RESULTS AND DISCUSSION

The standardized approach for developing an accurate and reliable IEC

model is shown in Figure 2. Validation of this approach was conducted

through a case study addressing the separation of antibody variants.

4.1 Identification of liquid flow

The flow path scheme (see Figure S1A) of ÄKTA avant 25 was avail-

able in ÄKTAmanual with clear labeling. This scheme comprised three

flows interconnected by the injection valve (V9-inj): injection flow, elu-

tion flow, and column flow. For modeling purposed, all equipment in

the injection and column flows, as well as those in the elution flow

that affect the system,were taken into account. This considerationwas
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F IGURE 2 Standardized approach for accurate and reliable model
development of ion exchange chromatography based on
parameter-by-parameter method and consideration of extra-column
effects.

based on the assumption that the fluid flow was homogeneous and

well-mixed up to the restrictor (R9).

In the flows considered for modeling, all tubes were modeled using

the DPFmodel with their lengths and diameters. The chromatographic

column was modeled using a combination of the EDM and SMA mod-

els. The remaining equipment in the chromatographyworkstationwere

modeled with the CST model, which only requires knowledge of their

volume. The model applied to each equipment is shown in Table 3

and Figure S1B (see the Supporting information).

4.2 Determination of system and column-specific
parameters

Table 1 includes the column-specific parameters that determined

by pulse injection experiments and acid–base-titration experiments,

including εt, Dapp, and Λ. Table 3 outlines the system parameters

of ÄKTA avant 25. The parameters that are not provided by the

manufacturer were determined by pulse injection experiments.

4.3 Validation of system and column-specific
parameters

The system and column-specific parameters determined in the last

section were validated by the conductivities of bind-and-elute exper-

iments. For this purpose, the flow path was modified by employing the

DPF model to describe the chromatographic column instead of the

model combination of EMD and SMA models, with consideration of

modeling of the salt species only.

In order to compare the experimentally measured conductivities

with the salt concentrations predicted by models, the molar conduc-

tivities were required. It was calculated according to Kohlrausch’s law

for strong electrolytes under ideal dilution conditions on the basis of

offline measurements of the conductivity of the solution.[1]

A good agreement between the predicted and experimental (dots)

conductivities during the elution phase is observed in Figure 3, with R2

≈ 1.00. It may due to the fact that we included the modeling of extra-

columnequipment.[24,25] However, slight differenceswere observed at

retention times, where the simulated conductivities followed straight

lineswhile the experimental values decreased, as shown in the bottom-

right subplots of Figure 3. This difference might be caused by the high

concentration of protein during elution, resulting in free sodium ions

binding to the resin and thereby reducing the conductivity. An alter-

native explanation lies in the viscosity of solution. As the conductivity

is a measure of ion mobility, a high concentration of protein induces

lower ion mobility owing to the high solution viscosity.[1] Additionally,

the top-left subplots of Figure 3 show sharp increases in the conduc-

tivity after injection, whichmight be due to protein binding to the resin

releasing sodium ions from their original positions, thereby increasing

the conductivity.
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TABLE 3 Description of tubes, valves, pumps, detectors, and column in ÄKTA avant 25.

Label Type Diameter [mm] Length [mm] Volume [µL] Model From?

S1 Tube 1.60 700.0 1406.7 DPF M

V9-IS Valve − − 0.0 − −

InS Tube 1.60 220.0 442.1 DPF M

P9-S Pump − − 87.2 CST E

1S1 Tube 0.75 340.0 150.1 DPF M

1S2 Tube 0.75 340.0 150.1 DPF M

2S Tube 0.75 100.0 44.2 DPF M

R9 Restrictor − − 87.2 CST E

3S Tube 0.75 485.0 214.2 DPF M

3 Tube 0.75 280.0 123.6 DPF M

M9 Mixer 1400.0 CST M

4 Tube 0.75 400.0 176.6 DPF M

V9-inj Valve − − 87.2 CST E

5 Tube 0.50 180.0 35.3 DPF M

V9-C Valve − 87.2 CST E

V9-C-in − − − 1050.0 CST M

Column Column 10.0 192.0 15,072.0 EMD+ SMA E

V9-C-out − − − 1050.0 CST M

6 Tube 0.50 160.0 31.4 DPF M

U9-D Detector − − 2.0 CST M

7 Tube 0.50 100.0 19.6 DPF M

C9 Detector − − 22.0 CST M

8 Tube 0.50 165.0 32.4 DPF M

V9-pH Detector − − 60.6 CST M

1R Tube 0.50 75.0 14.7 DPF M

2R Tube 0.50 75.0 14.7 DPF M

9 Tube 0.50 215.0 42.2 DPF M

V9-O Valve − − 60.6 CST M

Frac Collector 0.50 1280.0 251.2 DPF M

E: experimentally determinable, M: manufacturer available. CST, continuously stirred tank; DPF, dispersed plug flow; EDM, equilibrium dispersive model;

SMA, steric mass action.

4.4 Identification of the multi-component system

The weak cation-exchange HPLC chromatogram of the antibody

sample in Figure 4 contains 12 species. Due to the complexity of

modeling all of the variants, four criteria were developed to iden-

tify which species should be modeled in the multi-component system

as:

(1) selecting only those variants adjacent to themain peak;

(2) choosing only those species with compositions exceeding a

target specification;

(3) considering those peaks that could be reconstructed into a near-

Gaussian shape inmost fractions as one species[7];

(4) modeling together co-eluting species with near-identical reten-

tion times.

For the antibody showcase, three species, namely A1, A2, and M,

comprising 86.3% of the feed material, were selected for modeling.

This selection was based on criteria 1 and 2: retention times less than

30min and area ratios above 10%. Three acidic variants weremodeled

asA1 (criterion3), representing22.3% (7.7%+5.3%+9.2%)of the feed

material, and two acidic variants weremodeled as A2 (criterion 4), rep-

resenting 12.0% (8.8% + 3.2%) of the feed material. In particular, the

biological activity and binding activity results (data not shown) demon-

strated no significant difference in activity between main peak and its

shoulder peak. Therefore, they were modeled as a single component,

comprising 52.0% of the feed material. Finally, the basic variant on the

right of the main variant was characterized as the amidated species

at the C-terminal of the heavy chain, which is generally considered

safe.[49]
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(A) (B) (C)

(D) (E) (F)

F IGURE 3 Conductivities of experiments (scatters) andmodel predictions (black lines). Grey lines: UV absorbance. Purposes: (A–E)
calibration, (F) validation. Top-left: details during injection phase. Bottom-right: details of the red area at retention time.

F IGURE 4 Weak cation-exchange HPLC chromatogram of feed
material.

4.5 Validation of protein amount

Elution peaks resulting from bind-and-elute experiments were col-

lected, and the protein amount in each collection was measured and

compared with UV absorbance obtained from the chromatographic

system. The extinction coefficient, which converts mass concentration

to UV absorbance, was calculated using Beer’s law and considering the

2 mm path length of the UV sensor.[50] The average extinction coeffi-

cient of four experiments with a column loading of 10 g L−1 was 1.35

AU (g L−1) −1 cm−1, consistent with the reported value (1.42 AU (g L−1)
−1 cm−1 for antibodies).[51]

Using this extinction coefficient, the protein amount and UV

absorbance curves are compared in Figure 5. It is noteworthy that the

proportionate extinction coefficient obtained above is only validwithin

the linear range of UV and protein quantity conversion. The regions

beyond the linear range, as shown in Figure 5D, E, lose the validity of

this conversiondue toexcessively high concentrations, leading to lower

R2.

The comparison between UV and protein quantity plays a crucial

role in the subsequent steps of this approach, particularly in the frac-

tion analysis for bind-and-elute experiments. If issues arise during the

validation of protein amount, hindering a satisfactory match, whether

to proceed with further fraction analysis should be reconsidered. One

of the major challenges in calibrating the SMA model by bind-and-

elute experiments is the intensive analytical work, although this can be

mitigated through alternative approaches such as peak deconvolution

methods.[52]

Furthermore, this comparison allows us to identify which frac-

tions significantly impact UV absorbance values and need to be

analyzed. Employing this approach, we selected collections with a

protein amount exceeding 0.7 g L−1 for analysis, while those not

meeting this criterion were excluded. This decision also took into

account the detection limit of the analytical equipment, below which

the data would be unreliable, necessitating complex enrichment

operations.
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F IGURE 5 Protein amount of the collections (dots) and UV absorbance (lines). Purposes: (A–E) calibration, (F) validation.

4.6 Determination of SMA parameters

The SMAmodel was calibrated by the PbP method as published in our

previous papers.[33,34] Experiments No. 1, 2, and 3 in Table 2 are used

for LR1calculationwithEquation (12),whereGH is aknownparameter.

As for cs,R,i, its determination involves the following steps: (1) identify-

ing the retention timeof the protein i through the firstmomentmethod

and fraction analysis data; (2) locating the experimental value corre-

sponding to this retention time from the outlet conductivity curve;

(3) converting this experimental value into salt concentration using

Kohlrausch’s law. Experiments No. 1, 4, and 5 in Table 2 are used for

LR2 calculation with Equation (14) where the left-hand-side term and

c̄inj can be obtained from LR1 and operating conditions, respectively.

Highly linear correlations for both LR1 and LR2 across all variants

was found (Figure 6A, B), with R2 approaching 1.00. ν and keq of each

component were calculated by Equations (13) and (15), respectively,

and are listed in Table 1. Notably, A1 and A2 had lower ν than M, con-

sistent with previous report that antibody charge variants with higher

ν had greater binding affinity to the cation-exchange resin and thereby
eluted later.[7,26]

The SLA method yielded positive initial guesses of σA1 = 258.9,

σA2 = 359.8, and σM = 63.2, consistent with the notion that σ repre-

sents the number of shielded sites on the adsorbent surface. Although

some SMAmodels for antibody charge variants assume similar σ due to
their identical molecular weights,[26,53] in this particular case, σ were
significantly different. An interesting relationship between σ and the

component’s mole fraction x in the sample was found as xA1σA1 ≈

xA2σA2 ≈ xMσM, indicating that the variant with a higher x has a smaller

σ. This relationship can be rewritten as xA1(νA1 + σA1) ≈ xA2(νA2 + σA2)
≈ xM(νM + σM) because ν were similar for all variants. The rewritten

formula was likely to the SMA model’s nonlinear term,
n∑

j = 1
(𝜈j + 𝜎j)qj,

which represents the contribution of each component to SMA. Thus,

the observation indicated that the different variants’ σ can be dis-

tinct, but their contributions to SMAwere equivalent. This relationship

was also observed in previous investigation on σ for monomer-dimer

mixtures of antibodies,[8,34] where xM(νM + σM) ≈ xD(νD + σD). For
the system where the mole fraction of monomers was twice that of

dimers,[8,34] the relationship can be rewritten as νD + σD ≈ 2(νM + σM),
which is the basis of the self-association isotherm.[40,54–56]

However, the current interpretation was in conflict with the pre-

viously accepted explanation based on the same molecular weight.

Evidently, this divergence aroused because the SLAmethod, which has

an in-depthphysical understandingof theSMAmodel,wasemployed to

calculate σ. Conversely, the employment of a non-physically meaning-

ful approach like the IM might not reveal this phenomenon.[35] Thus,

the accuracy and interpretability of the SLA method for estimating σ
were superior to those of the IM. Nevertheless, it remained uncertain

whether the same molecular weight or equal contribution, is a better

interpretation. Further research is necessary to address this question.

Subsequently, σ and kkin were determined by solving the optimiza-

tion problem defined in Equation (17). The results were σA1 = 36.0, σA2
= 67.1, and σMain = 15.5. All variants’ σ were proportionately smaller

than that of initial guesses. Notably, the algebraic relation xA1(νA1 +
σA1)≈ xA2(νA2 + σA2)≈ xM(νM + σM) was also observed.
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F IGURE 6 First linear regression (LR1) for ν and second linear
regression (LR2) for keq.

The primary difference between the SMA and stoichiometric dis-

placement models was the introduction of σ, similar to the divergence

between the PbP and Yamamoto methods. Notably, σ accounted for

themain reasonwhy the SMAmodel can successfully generalize to the

nonlinear adsorption region.[6,9] However, the accurate calculation of σ
was a complex and challenging task, and various approaches have been

explored in recent studies.[33,34,57,58]

4.7 Evaluation of SMA parameters

Based on the estimated SMA parameters, the elution curves of calibra-

tion experiments with fraction analysis are compared in Figure 7A–E.

R2 of five calibration experiments for variants A2 andM are close to

0.90, as listed inTable 2, indicating satisfactory agreement between the

experimental and simulated results. In comparison, R2 of A1was lower,

whichmight be due to groupingmultiple acidic variants as a single com-

ponent during component identification. Subsequently, we will assess

the accuracy of the developed model in describing the IEC process in

this case by analyzing peak retention times, heights, and conductivities.

Regarding the retention times, the experimental values matched

well with model simulations for all variants in all experiments. This

suggests that the PbP method derived from retention time can esti-

mate the relationship between the SMA parameters and retention

time.[33,34]

Regarding the peak heights, the simulated values of M in the

experiments (10 g L−1 column loading) were slightly lower than those

obtained experimentally. The simulated peak heights of all components

in the experiments (30 and 40 g L−1 column loading in Figure 7D, E)

were higher than the experiments, with lower R2 compared to other

experiments. This difference could be attributed to an increase in

mass transfer resistance at high concentrations,[43] which violates

the rapid equilibrium assumption of the EDM model. To account for

this phenomenon, a more sophisticated mass transfer model may be

needed.[9,59]

Regarding the conductivities, another difference between the mod-

els and experiments was observed after the sample injection, as shown

in the top-left subplots of Figure 7. Compared to Figure 3 where the

chromatographic column was modeled by the DPF model, Figure 7

partially predicts the increase in conductivities, but its magnitude was

significantly lower than experiments. According to the mass conserva-

tion law, a decrease in conductivities must occur to compensate the

increase. The compensationwas observed at retention time, especially

for high loadings (Figure 7E). By comparing conductivities in Figure 7E

(SMA model) and Figure 3E (DPF model), it was concluded that the

SMA model can describe the decrease in conductivities at retention

time,whichwasmainly explained by Equation (6) in the SMAmodel.[23]

Based on a comprehensive analysis of peak retention times, heights,

and conductivities, the model developed within this approach can be

considered accurate in calibration experiments.

4.8 Validation of the calibrated model’s
generalization ability

This section aimed to evaluate the calibrated model’s generalization

ability, also referred to extrapolation or prediction ability. Figure 7F

presents the chromatogram with fraction analysis of the stepwise

experiment (R2
A1

= 0.98, R2
A2

= 0.94, and R2
M
= 0.88). Notably, R2 were

higher than the calibration. This increase can be attributed to two fac-

tors. Firstly, the validation experiment contained denser fractions of

A1, resulting in a better match of peak area for A1. Secondly, accu-

rately predicting the conductivities through modeling of extra-column

effects had a significant impact on the stepwise experiment.[25] These

two reasons underscore the importance of designing the collection

density and modeling extra-column effects based on the approach.

Stepwise experiments were completely different from linear gradi-

ent elution experiments employed for calibration purposes. While

efficiently reducing the number of experiments, they prove to be effec-

tive in evaluating the extrapolation capability and accuracy of models

developed within this approach. This extrapolation-based validation

approach is superior to the interpolation-based validation of linear

gradient elution experiments.[58]
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F IGURE 7 Chromatograms of experiments (scatters) andmodel simulations (colored lines). Black lines: conductivity curves predicted by
models. Top-left: details during injection phase. Bottom-right: details of the red area at retention time.

5 CONCLUSION

A standardized approach was proposed in this study to guide novice

modelers to develop an accurate and reliable model for IEC pro-

cesses. The proposed approach systematically introduced each aspect

of standardized IEC modeling through a step-by-step approach. The

effectiveness thedevelopedapproach is successfully validated through

an application about the separation of antibody variants.

The standardized approach integrated the PbP calibration method

to IECmodeling toenhance theaccuracyof thedevelopedmodels (min-

imize the third-class calibration and fourth-class validation errors). The

experiments designed for implementing the PbP method (five exper-

iments for model calibration and one for validation, respectively) not

only streamline the experimental workload but also ensure the extrap-

olation abilities of the model. This accurate and reliable standardized

approach to IEC modeling holds the potential to meet regulatory

requirements and ensure consistency in model development. Models

developed using this standardized approach are ready to be applied

to a broader range of industrial separation systems, and will likely

find further applications in model-assisted decision-making of process

development.
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