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A B S T R A C T

Anion exchange chromatography (AEX) is one of the downstream unit operations that is most frequently claimed 
for its capability to remove viruses. However, the impact of various process parameters on virus removal by AEX 
is still not fully understood. Mechanistic modeling could be a promising way to approach this knowledge gap. 
These models leverage physical and chemical principles to simulate a wide range of experimental conditions 
based on a limited number of wet lab calibration experiments. Especially the reduced need for resource-intensive 
virus spiking studies makes them a valuable tool to improve mechanistic understanding of viral clearance in 
silico.

We compared a stoichiometric and a colloidal adsorption model of parvoviral mock virus particles (MVP) on Q 
Sepharose FF to assess their abilities to predict LRVs of MVP over a pH range from 6.1 – 7.7 and sodium chloride 
concentrations from 0 – 400 mM. A general rate column model including pore diffusion was applied based on the 
finding that MVP can access ~3 % of the pore volume. While the stoichiometric model needed three pH- 
dependent parameters to describe the pH range, we were able to calibrate a colloidal model with only the 
charge being pH-dependent. Validation at the edge-of-failure showed good and comparable predictive power for 
both models. The colloidal particle adsorption (CPA) model showed a better fit to a validation dataset generated 
with process intermediates containing mAbs at higher volumetric loads. Since no residual MVPs were detected at 
low ionic strength (e.g. < 140 mM NaCl at pH 6.1 or < 220 mM NaCl at pH 7.7) the behavior of the adsorption 
models at these conditions could not be verified.

This study contributes to the applicability of in silico methods to virus removal by AEX and could aid 
knowledge-based platform validation of virus clearance by chromatographic methods.

1. Introduction

Biopharmaceuticals like monoclonal Antibodies (mAb) and other 
protein formats have experienced a constantly growing market share in 
the past years [1,2]. This growth was accompanied by raising compe
tition and the need to reduce manufacturing costs. One of the key cost 
factors in biomanufacturing is downstream processing, which is a 
complex sequence of chromatography, filtration, and conditioning steps 
[3]. From an mechanistic perspective these unit operations are based on 
mass transport (convection, film diffusion, pore diffusion) and 

thermodynamics (adsorption), which can be described by ordinary dif
ferential equations or partial differential equations [4]. In the past years, 
academic and industrial efforts led to predictive mechanistic models of 
unit operations like affinity [5,6], anion exchange (AEX) [7], mixed 
mode (MM) [8,9] and cation exchange (CEX) [10,11] chromatography 
as well as ultrafiltration/diafiltration [11,12]. These models, based on 
physical and chemical principles, can simulate process behavior within a 
broad range of experimental conditions while minimizing the need for 
extensive wet lab experiments and can be connected to mechanistic 
process models capable of simulating whole process trains [13].
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Biopharmaceuticals are often produced in Chinese hamster ovary 
(CHO) cell cultures. CHO cells are known to contain (type-A) and release 
(type-C) retrovirus-like particles (RVLPs), and there have been several 
reports of cell cultures infected by adventitious viruses [14]. Therefore, 
regulatory guidelines (ICH Q5A) require viral clearance for clinical and 
commercial use of biopharmaceuticals produced in these cell cultures 
[15–17]. The increasing availability of methodologies using 
non-infectious RVLP and minute virus of mice mock virus particles 
(MVP) in combination with molecular methods [18–21] enable inves
tigation of virus clearance at reasonable cost and throughput [20,
22–26]. Especially the understanding of virus clearance by AEX chro
matography was aided by these methodologies and support recent 
findings in understanding the impact of process parameters, the effect of 
surface charge distribution of viruses and virus mAb interactions [22,
27–30]. More recently, these findings led to efforts to describe virus 
removal of AEX chromatography using mechanistic modeling. These 
models have been shown to be valuable for better understanding of the 
impact of process parameters and to define the edge-of-failure of virus 
removal. However, due to the challenge of accurately describing chro
matographic behavior on the log10-scale, calibrating these models 
required either analysis of a large number of fractions [31] or resulted in 
significant uncertainty of the model [32]. High analytical efforts make 
the calibration of these models less reasonable from a cost benefit 
standpoint especially, when costly studies with infectious viruses are 
performed. On the other hand, high uncertainty limits the application of 
these models for process design based on quality by design (QbD) 
principles. Further, these models were based on a steric mass action 
(SMA) adsorption model. SMA is based on an intuitive stoichiometric 
derivation of the electrostatic interaction between adsorber surfaces and 
biomolecules [33]. Non- stoichiometric colloidal particle adsorption 
(CPA) models recently gained more interest due to their ability to pro
vide a better description over broad pH ranges, easier transferability 
between resins and better description of the behavior at high load 
conditions. These models follow a more fundamental approach and 
make use of the linearized Poisson Boltzmann equation to describe the 
electrostatic interaction between adsorber surfaces and biomolecules 
[34–37].

In this study, we compared a SMA and a CPA adsorption model for 
their capability to accurately predict the virus removal of MVP in AEX 
chromatography in flow through mode over a broad pH range (6.1 – 
7.7). Based on the finding that MVP access a fraction of the Q Sepharose 
FF (QSFF) pores, a General Rate Model (GRM) column model was used. 
To obtain models with high confidence and reduced analytical effort, the 
calibration was performed with a straightforward dataset consisting of 
three linear gradient elution (LGE) and an incremental step elution (ISE) 
experiment at five pH values. The models were subsequently validated 
to accurately predict logarithmic reduction values (LRV) at the edge-of- 
failure at four pH values and various counter ion concentrations using an 
MVP spiked multi component buffer system (MCBS). After buffer vali
dation, the mechanistic models were validated using process in
termediates of three different monoclonal antibodies (mAbs) at 
extended volumetric loads. Finally, simulations were conducted to un
derstand the impact and interaction of pH, ionic strength and volumetric 
load on the LRV of QSFF in flowthrough mode.

2. Theory

2.1. Column and system model

General Rate Models (GRM) include pore diffusion Dpore,i as well as 
film mass transfer kfilm,i. Therefore, GRMs are particularly useful in 
describing chromatography processes where proteins access the pore 
volume and where mass transfer as well as slow diffusion becomes 
limiting. Eq. (1) describes the GRM where the temporal change in con
centration of the i th solute is dependent on convective mass transport 

driven by volumetric flow with the interstitial velocity uint. The inter
stitial velocity is described by uint = ulin / εb with ulin beeing the linear 
flow rate and εb is the interstitial porosity. The axial dispersion coeffi
cient Dax describes the peak broadening effects. The model is com
plemented by Danckwerts boundary conditions in Eq. (2) and (3) with 
cin,i(t) being the concentration of the i th solute at the column inlet. 

∂ci

∂t
(x, t) = − uint

∂ci

∂x
(x, t) + Dax

∂2ci

∂x2 (x, t) −
1 − εb

εb

3
rp

kfilm,i
(
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(
r= rp

))

(1) 

∂ci
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(0, t) =

uint(t)
Dax, i

(
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∂ci

∂t
(L, t) = 0 (3) 

The pore diffusion Dpore,i is described in Eq. (4) with the particle 
porosity εp and cp,i being the protein concentration inside the pores of the 
resin particle. Modeling Dpore,i requires the introduction of a radial co
ordinate r ∈

(
0,rp

)
, with rp beeing the particle radius. The pore model is 

complemented by the symmetry condition at the particle center (r =

0) Eq. (5) and flux continuity at the particle surface (r = rp) Eq. (6). 
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=

kfilm, i

εpDpore,i

(
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∂cp,i

∂t
(x,0, t) = 0 (6) 

2.2. Adsorption models

There are different ways to describe the adsorption mechanism of the 
virus onto the adsorber surface of an AEX chromatography resin. The 
SMA model describes the adsorption process as reversible equilibrium 
reaction. The assumption is that the formation of the protein-ligand 
complex can be expressed based on the law of mass action thereby 
considering only charges that are directly involved in the complex [33]. 
Although this is a practical and straightforward derivation, such stoi
chiometric models assume short-range interactions and are therefore 
non ideal for the description of the long-range interactions between 
proteins and AEX surfaces. To address this, colloidal models have been 
developed based on the linearized Poisson-Boltzmann equation. These 
models assume proteins as perfect spheres and the adsorber as a planar 
surface, both with uniform charge distribution, in an electrolyte solu
tion. Using this non stoichiometric approach, the partitioning between 
both components is calculated based on the minimum free interaction 
energy in the interaction boundary layer [38–40]. Both models are 
schematically shown in Fig. 1 and described in detail in the following 
sections.

2.2.1. Steric mass action model
The steric mass action (SMA) isotherm describes the adsorption of 

molecules on a charged surface as a competitive equilibrium between 
the concentrations of adsorbed proteins per skeleton volume qv, i and 
liquid phase cp,i and the salt concentration cs using a stochiometric 
approach. The characteristic charge v depicts the number of functional 
groups that participate at the protein-ligand complex. Steric shielding 
factor σ describes the additional number of functional groups sterically 
masked by the adsorbed protein. The resins total ionic capacity is 
described by Λ [33]. A kinetic form of the SMA (Eq. (7)) was used, which 
describes the adsorption rate kads and desorption rate kdes of the i th 
solute as keq,i = kads,i/kdes,i and kkin,i = 1/kdes,i respectively [41]. 
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kkin, i
∂qv,i

∂t
= keq, i

(

Λ −
∑k

j=1

(
vj + σj

)
qj

)vi

cp,i − qicvi
s (7) 

qsalt = Λ −
∑k

j=1
vjqj (8) 

Based on Hunt et al. the pH dependence of keq, and kkin were 
described using exponential functions (Eqs. 9 and 10), while v was 
described with a linear regresion model (Eq. 11) [42]. 

keq, i(pH) = keq0,i ekeq1,i (pH− pHref) (9) 

kkin,i(pH) = kkin0,i ekkin1, i (pH− pHref) (10) 

vi(pH) = v0,i + v1,i
(
pH − pHref

)
(11) 

2.2.2. Colloidal particle adsorption model
The colloidal particle adsorption (CPA) developed by Briskot et al. 

[34–36] was used in this study. In the following sections the main ele
ments of the model are summarized. For further details the reader is 
referred to the papers of Briskot et al..

Eq. (12) describes the CPA with Kv,i being the equilibrium coefficient, 
while qv,i represents the adsorbed protein per skeleton volume of the 
adsorbent and cp,i denotes the protein concentration inside the boundary 
layer of the adsorber. 

∂qv,i

∂t
= kkin,i

(
Kv,icp,i − qv,i

)
(12) 

As shown in Eq. (13) the kinetic kkin,i of the CPA model is not constant 
but dependent on the fitting parameter k∗

kin,i and the characteristic 
minimum of interaction free energy uA,i

(
δm,i
)
. Since uA,i

(
δm,i
)

is regulated 
by the protein charge Zi and ionic strength Im. These parameters also 
affect kkin,i. kb denotes the Boltzmann constant and T the temperature. 

kkin,i = k∗
kin,i

1
2

(
uA,i
(
δm,i
)

kbT

)2 1

cosh
(

uA,i(δm,i)
kbT

)

− 1
(13) 

The definition of the equilibrium coefficient Kv,i is given in Eq. (14). 
The fitting parameter Δi represents the boundary layer thickness at the 
resin surface and Bi(Θ) is the available surface function in dependence of 
the surface coverage Θ, while ulat,i being the lateral interaction energy 
between the proteins in the adsorption layer. 

Kv,i = Δi
kbT

uA,i
(
δm,i
)Bi(Θ)exp

(

−
ulat,i

kbT

)(

1 − exp
(

−
uA,i
(
δm,i
)

kbT

))

(14) 

Bi(Θ) is referred to as the available surface function (Eq. (15)), where 
Θ represents the surface coverage (Eq. (16)), NA being the Avogadro 
number and qi representing the protein adsorbed per adsorber surface. 

Bi(Θ) = (1 − Θ)exp

(

−
πa2

i
∑

iqiNA + 2πai
∑

iaiqiNA

(1 − Θ)
−

πa2
i

( ∑
iaiqiNA

)2

(1 − Θ)
2

)

(15) 

Θ = πNA

∑
a2

i
qv,i

As,i
(16) 

At low load conditions, were Bi(Θ) and ulat,i are not limiting, Kv,i can 
be reduced to Eq. (17). 

Kv,i =
ΔikbT

uA,i
(
δm,i
)

(

1 − exp
(

−
uA,i
(
δm,i
)

kbT

))

(17) 

The protein of interest is assumed to allocate in the interaction 
boundary layer at distance with the characteristic minimum of the 
interaction free energy uA,i

(
δm,i
)

defined in Eq. (18), within the boundary 
layer spatially limited by δ∗i . 

δm,i = argmin
z

uA,i(z) (18) 

When both the adsorber surface and the protein approach each other 
a complex interaction profile between surface as a flat element and the 
protein as a curved element is expected. However, this complex inter
action can be simplified using the Derjaguin approximation, which de
scribes both the adsorber surface and the protein as planar surfaces 
interacting with each other and is applicable. Under the prerequisite of 

Fig. 1. Schematic representation of the foundational assumptions made by the 
steric mass action (SMA) model and the colloidal particle adsorption (CPA) 
model. The SMA follows a stoichiometric approach and describes the charac
teristic charge based on the number of charges that participate at the virus- 
ligand complex. The CPA describes the adsorption based on the interaction 
free energy affected by the electrostatic potential, assuming the virus as a 
perfect sphere with equally distributed charge.
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the Derjaguin limit that κai ≫ 1. Via Eq. (19), the interaction free energy 
uA, i can be calculated from interaction free energy per area wA, i, with z 
being the distance between adsorber surface and protein. 

uA,i(z) = 2πai

∫∞

z

wA,i(z)dz (19) 

wA, i can be calculated from Eq. (20), 

wA,i(z) = ϵϵ0κ
2ψ0,Aψ0,i

exp(κz) − exp(− κz)
+ ϵϵ0κ

(
ψ2

0,A + ψ2
0,i

)
exp(− κz)

exp(κz) − exp(− κz)
(20) 

considering the electrostatic surface potential at the adsorber surface 
ψ0,A, the electrostatic surface potential at the protein ψ0,i, and the in
verse debye length κ Eq. (21) [35,43,44]. 

κ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2e2ImNA

kBTεε0

√

(21) 

With the relative permittivity of the surrounding electrolyte solution 
ε, the vacuum permittivity ε0, and e denoting the elementary charge.

The electrostatic surface potentials of the protein and the adsorber 
surface can be described with the Gouy-Chapmann theory. According to 
this theory, the structure of an electric double layer the interface be
tween a charged surface and an electrolyte solution consisting of an 
inner layer I with immobile ions and a diffusive layer D consisting of 
mobile ions, which are distributed according to electrostatic forces. The 
surface potential ψ0 can be calculated assuming electroneutrality be
tween the charge-potential of the inner layer σI(ψ0) and the diffusive 
layer σD(ψ0) (Eq. (22)). 

σD(ψ0) = σI(ψ0) (22) 

Simplifying the systems towards planar surfaces according to the 
Derjaguin approximation, the charge density of the diffusive layer of the 
adsorber surface σD, A(ψ0) or the protein σD, i(ψ0) can be calculated via 
the Grahame relation (Eq. (23)) [45,46] 

σD = 2εε0κkBTsinh
(

eψ0

2kBT

)

(23) 

In contrast to the potential of the diffusive layer, the charge-potential 
ration of the inner layer the surface charge density of the adsorber 
surface σI, A and the protein σI, i, have to be calculated in different ways. 
The surface charge density of the adsorber surface σI, A can be derived 
from the dissociation reaction of the Ligand L occurring at the respective 
pKa 

LHζL ⇌LζL − 1 H+ (24) 

and can be described as a function of pH via Eq. (25), where ζL describes 
the ligand charge of either an anion exchanger (ζL = 1) or a cation 
exchanger (ζL = 0). 

σI, A = eNAΓL

[
ζL −

(
1 + 10pKL − pH0

)− 1
]

(25) 

With ΓL being the ligand surface density, which is dependent on the 
dissociation constat pKL of the ligand and the local pH at the surface pH0 

as given in Eq. (26). pH0 is defined by the Boltzmann relation with the 
bulk phase pH [35,46]. 

pH0 = pH +
1

ln(10)
eψ0

kBT
(26) 

Combining Eq. (25) and Eq. (26), σI, A can be described as a function 
of the electrostatic potential σI, A (ψ0).

The surface charge density of the protein σI, i, is determined by 
charge Zi of the protein (Eq. (27)), which depends on the protonation 
states of its exposed amino acid residues. 

σI, i(pH) =
eZi(pH)

4πa2
i

(27) 

The pH dependence of Zi can be approximated using a polynomial 
expression (Eq. (28)), 

Zi(pH) = Zi
(
pHref

)
+
∑m

k=1
Zk,i
(
pH − pHref

)k (28) 

where m represents the degree of the polynomial, Zk,i denotes the 
empirical parameters describing the titration curve, pHref denotes a 
reference pH value and Zi

(
pHref

)
represents the protein charge at the 

reference pH [34,35]. The degree of the polynomial required to describe 
Zi in dependence of pH varies depending on the complexity of the pro
tein’s titration curve and the selected pH range.

In this paper the simplified CPA model (Eq. (17)) that neglects 
protein-protein interactions at the absorber surface was used. Therefore, 
we refer to Briskot et al. for a detailed derivation of the parameter ulat,i 
that takes account for these interactions [35].

3. Materials and methods

3.1. Resin, buffers and molecules

If not stated otherwise all chemicals were obtained from Merck 
(Darmstadt, Germany). The strong anion exchange chromatography 
resin QSFF (Cytiva, Marlborough, USA) was used in this study. The GRM 
model was calibrated using MiniChrom Prepacked columns (Repligen) 
with an inner diameter (dc) of 8 mm and bed height (Lc) of 100 mm. 
Spiking MVP were obtained from Cygnus (Southport, USA).

Chromatography runs for calibration and validation were performed 
with a MCBS [31] with additional sodium chloride concentration of 20 
or 1000 mM NaCl. All buffers were prepared with purified water, 
adjusted to the respective pH using 1 M sodium hydroxide or 1 M hy
drochloric acid and filtered using 0.45/0.22 µm Sartopore 2 (Sartorius, 
Göttingen, Germany).

Monoclonal antibodies (mAbs) were produced in genetically engi
neered CHO expression systems using standard methods. The mAbs were 
captured from harvest cell culture fluid using protein A chromatog
raphy, neutralized to pH 6.0, depth filtered and stored at − 70 ◦C. Before 
use, mAbs were thawed, dialyzed into MCBS using 30 mL Silde-A-Lyzer 
dialysis cassettes with 10 kDa cut off and adjusted to the respective 
protein concentration and ionic strength using the MCBS.

3.2. Instruments

Chromatographic experiments were performed using a ÄKTA Pure 
25 system with a 10 mm UV flow cell and a F9-C fraction collector. The 
chromatography system was controlled with the Unicorn software 
version 7.10 (Cytiva, Marlborough, USA).

3.3. Software

Numerical simulations and parameter estimations were conducted 
using the GoSilico chromatography modeling software (GSCM) (Cytiva, 
Marlborough, USA). For all simulations, the columns were spatially 
divided into 15 axial and 5 radial cells of the same size. Temporal dis
cretization employed a Crank-Nicolson time-stepping scheme with a 
step size of 5 s. Data visualization was performed using Python version 
3.7.6. Contour plots were generated using the statistical software JMP 
18.

3.4. System and column characterization

System dead volumes and mixing behavior of the chromatography 
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system were simulated as described previously [31]. Total porosity εt, 
interstitial porosity εb, and particle porosity εp were determined with 1 
M sodium chloride pulse as pore penetrating tracer and MVP in 1 M 
sodium chloride as none pore penetrating tracer. The ionic capacity Λ 
was determined by on-column titration as described by Huuk et al. [47]. 
The film transfer kfilm was calculated via the penetration theory corre
lation while the pore diffusion Dpore was calculated using the 
Mackie-Meares correlation [48,49].

To characterize the available surface of the MVP the inverse size 
exclusion chromatography (iSEC) method was used. It was assumed that 
the pore size distribution (PSD) follows a log-normal distribution given 
by f(r) Eq. (29) with rp being the mean pore size and sp representing the 
standard deviation of the PSD. 

f(r) =
1
r

exp

[

−
1
2

(
log
(
r
/
rp
)

sp

)2
]

(29) 

For estimation of rp and sp, the Kd values of sodium chloride, 
differently sized dextrans and MVP were experimentally determined at 
200 cm/h and fitted to Eq. (30) via the Nelder-Mead-Method, rh denotes 
the hydrodynamic radius of the respective molecule. 

Kd =

∫∞
rm

f(r)
[
1 − (rh/r)2

]
dr

∫∞
0 f(r)dr

(30) 

Subsequently, the PSD including the fitted rp and sp were used to 
calculate the accessible pore area per adsorber skeleton volume As, as 
described by DePhilips and Lenhoff (Eq. (31)) [50]. 

As,i(rh) =
εp

1 − εp

∫∞
rm

2(r − rh)r− 2f(r)dr
∫∞

0 f(r)dr
(31) 

For very small molecules the limiting case As,0 = limrm→0As,i(rm) de
fines the maximum accessible pore area per skeleton volume, which is 
necessary to calculate the ligand surface density ΓL with regards to the 
ionic capacity (Eq. (32)). 

ΓL = Λ A− 1
S,0 (32) 

All column characterization experiments were performed in 
triplicates.

3.5. Chromatography experiments and parameter estimation

For model calibration three LGE runs and one ISE run were per
formed at pH 6.1, 6.5, 7.1, 7.4, and 7.7. Blank runs with 1 % (v/v) PBS 
spike were performed for each run and the resulting UV traces were 
subtracted from the calibration runs before parameter estimation. As 
shown in Fig. 2, for initial calibration of the SMA parameters keq and v, 
the UV traces of the LGE runs were analyzed using the Yamamoto cor
relation [51]. Subsequently kkin was estimated while refining keq and v 
by reversely fitting to UV traces and MVP immuno-qPCR offline data 
using a Levenberg-Marquart (LM) algorithm. CPA parameters Z, Δ and 
k∗

kin were reversely fitted to UV traces and MVP immuno-qPCR offline 
data using a two-stage calibration strategy. For initial estimation of the 
parameters an Adaptive Simulated Annealing (ASA) algorithm was used 
followed by further refinement applying an LM algorithm. After cali
brating the model for each pH respectively the resulting parameters 
were plotted over the pH and fitted to the functions given in the theory 
section. Uncertainty of the model parameters was evaluated based on an 
estimate of the covariance matrix as previously described in Hahn et al. 
[6], using the GSCM software. For model validation flowthrough ex
periments were either performed using MVP-spiked MCBS (buffer vali
dation) or mAb containing process intermediates spiked with MVP (mAb 
validation). All calibration and validation runs with their respective 
total MVP load, mAb load, volumetric load, objective, pH, and sodium 
chloride concentrations are shown in Table 1 and Table 2.

3.6. Virus surrogate quantification

MVP was analyzed using immuno-qPCR with the MockV® MVM Kit 
(Cygnus, Southport, USA). Quantification was performed following the 
vendor’s instructions using a LightCycler® 480 II device (Roche).

4. Results and discussion

4.1. System and column characterization

The calibration and validation experiments described in this paper 
were run using a previously characterized chromatography system. 
Dead volumes, mixing and dispersive behavior were published in [31]. 
Column porosities were determined by sodium chloride and dextran 
pulses while the ionic capacity was determined using on-column titra
tion. The pore accessibility was examined by inverse size exclusion 
chromatography (iSEC) for two reasons. Firstly, to make a profound 
decision, which column models including pore diffusion are a reason
able choice when it comes to modeling of parvovirus particles, and sec
ondly, to estimate the theoretical surface area that is accessible to the 
MVP As, MVP. The iSEC experiments were run using six preparative 
dextrans and the MVP under non-adsorbing conditions. As shown in 
Fig. 3, the MVP used in this study was slightly retained by QSFF and 
showed a specific particle porosity εb, MVP of 0.027 resulting in the 
theoretical surface area per resin volume accessible for the MVP As, MVP 

of 0.068 nm− 1. A total accessible surface area per resin volume As, 0 of 
0.616 nm− 1 was determined. All resulting column parameters are listed 
in Table 3.

Fig. 2. Calibration strategies for Steric Mass Action (SMA) and Colloidal Par
ticle Adsorption (CPA) model.
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Based on the pore accessibility of the MVP it was assumed that GRM 
models, which include pore diffusion, are suitable for modeling of 
parvovirus particle adsorption on QSFF. The mass transfer parameters for 
the GRM were calculated according to the empiric correlations given in 
Table 4.

4.2. Model calibration

The aim of this study was to calibrate a mechanistic model that can 
predict the LRV of MVPs during QSFF based AEX in flowthrough mode 
over sodium chloride concentrations ranging from 20 – 500 mM and a 
pH range from 6.1 – 7.7. To calibrate SMA and CPA adsorption isotherms 
three LGE experiments, and one ISE run were performed with MVP 
spiked buffer.

In our previous study, we showed that particle loads typical for virus 
clearance studies can hardly become a limiting factor, assuming that 
particles are only adsorbed to the outer surface of chromatography 
beads [31]. This became even more evident when considering the pore 
accessibility of the MVP particle. A fractional surface area of 0.00034 % 
was calculated from the circular area of an MVP AMVP = πr2

hcMVPVload 

and the surface area accessible to the MVP. Therefore, the shielding 
factor σ of the SMA, as well as the available surface function Bi(Θ) and 
lateral interaction energy ulat,i of the CPA, were assumed to be 
negligible.

The parameters keq and v for SMA (Eq. (7)) and Z and Δ for CPA (Eq. 
(17)) were initially estimated from UV signals of the LGE runs. ISEs were 
used to refine keq and v as well as inverse estimation of the kinetic 
parameter kkin based on UV signals and immuno-qPCR analysis.

After estimating the parameters of both adsorption models for each 
pH individually, they were fitted to the respective equations given in 
Section 2.2.1, to describe their pH dependencies. As shown in Fig. 4A-C, 
three pH dependent parameters keq, v and kkin were necessary to describe 
the MVP behavior at a pH range from 6.1 to 7.7 with the SMA model. 
The characteristic charge v increased with increasing pH, while the 
equilibrium parameter keq became smaller. This behavior of keq appears 
counterintuitive since one would expect stronger adsorption of MVP to 
QSFF at higher pH values. A reasonable explanation for this behavior 

might result from a comparison with the CPA model. The CPA model 
could be described with electrostatic surface potential Z being the only 
pH dependent parameter (Fig. 4D). Z showed a non-linear behavior with 
a steep decrease between pH 6.1 and 6.5, probably caused by deproto
nation of histidine side chains. This behavior was described using a third 
order polynomial consisting of Z0, Z1, Z2 and Z3. Considering this 
behavior of Z, the decreasing keq values of the SMA might be a 
compensation of the overestimated impact of the pH resulting from the 
linear expression of v. While pH dependence of keq and v has been re
ported previously, the kinetic parameter kkin of the SMA is usually 
described as a pH independent parameter [42,52]. Due to the substantial 
changes of keq, a constant kkin was not sufficient for the SMA model 
calibrated in this study. Since keq and kkin are connected by keq = kads/kdes 

and kkin = 1/kdes it was necessary to increase the desorption rate kdes 
leading to a pH dependent kkin. Initial simulations without pH dependent 
kkin led to pH dependent MVP breakthrough during load (data not 
shown), caused by compensation though a decreasing adsorption rate 
kads. The CPA model on the other hand, was expressed with constant 
values of Δ and k∗

kin over the calibrated pH range (Fig. 4E-F). The dif
ferences in the pH dependence of the SMA and CPA model might be 
attributed to the different mechanistic derivation. SMA characteristic 
charge v only takes account for the number of ligands that are involved 
in the formation of the MVP-ligand complex, Z accounts for the elec
trostatic surface potential of the MVP and is not based on the interaction 
with the ligand. Apart from a reduced number of pH affected parameters 
when using the CPA, this might also enable the transfer of Zi towards 
other resins, as previously described by Briskot et al. [35]. This resin 
transfer could significantly reduce the required experimental effort for 
calibration.

The 95 % CI of the SMA model parameters were smaller compared to 
the confidence of the calibrated CPA model. This was mainly caused by 
the higher confidence of the ionic strength independent kkin of SMA, 
which was well suited to describe the maximum LRV. The pH dependent 
model parameters of both models are listed in Table 5.

As shown in Fig. 5, the UV profiles from the ISE calibration runs 
showed a series of minor UV peaks (< 10 mAu) during loading phase and 
the initial increment step. Since these fractions did not show positive 

Table 1 
Summary of calibration experiments performed with different gradients, pH values and sodium chloride concentrations.

NaCl conc. cs [mM]

MVP Load 
[Particles]

Load volume [mL] Objective Elution mode pH Load / Equilibration / Wash Elution Gradient / Step 
length 
[CV]

1011 5 Yamamoto method LGE 6.1 20 20 – 1000 20, 40, 60
1011 5 Inverse estimation ISE 6.1 20 100 – 320 3
1011 5 Yamamoto method LGE 6.5 20 20 – 1000 20, 40, 60
1011 5 Inverse estimation ISE 6.5 20 100 – 320 3
1011 5 Yamamoto method LGE 7.1 20 20 – 1000 20, 40, 60
1011 5 Inverse estimation ISE 7.1 20 100 – 320 3
1011 5 Yamamoto method LGE 7.4 20 20 – 1000 20, 40, 60
1011 5 Inverse estimation ISE 7.4 20 100 – 320 3
1011 5 Yamamoto method LGE 7.7 20 20 – 1000 20, 40, 60
1011 5 Inverse estimation ISE 7.7 20 100 – 320 3

Table 2 
Summary of validation experiments performed with different gradients, pH values and sodium chloride concentrations.

NaCl conc. cs [mM]
MVP Load 
[Particles]

mAb Load [g/Lresin] Volumetric 
Load [mL]

Objective pH Load / Equilibration / Wash

1011 – 5 Buffer Validation ​ 6.1 20, 140, 160, 180
1011 – 5 ​ 6.5 20, 180, 200, 220
1011 – 5 ​ 7.1 20, 200, 220, 240
1011 – 5 ​ 7.7 20, 220, 240, 260
1011 30 25 mAb Validation mAb1, mAb2, 

mAb3
6.5 20, 160, 180, 200

1011 30 25 7.4 20, 200, 220, 240
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results in the immuno-qPCR analysis, the UV peaks are likely artefacts 
caused by buffer variations or trace impurities in the commercially ob
tained MVP. Consequently, they were not considered critical. The 
comparison of the calibrated adsorption models and experimental data 
showed that both the SMA and the CPA model successfully captured the 
onset of the MVP elution, as indicated by the UV signal and quantified on 
the logarithmic scale via Immuno-qPCR. The calibration experiments 
showed continued elution of low levels of MVP at ionic strengths where 
both models predicted complete elution of the MVP. This difference 
between models and calibration experiments might be caused by de
pendency of the molecular diffusion coefficient on ionic strength. In this 
study, Dpore of the MVP was approximated from the rh using the Stokes- 
Einstein and Mackie-Meares equation, assuming the diffusion to be 
constant. In contrast, it is known that Dpore of proteins can be dependent 
on the ionic strength [53,54]. GRM that take account for ionic strength 
dependency of Dpore have been described in literature and could give a 
more detailed description of the MVP elution behavior, with the 
downside of increasing model complexity [55]. In general, the CPA 
model showed a higher degree of congruence with the calibration runs, 
both in terms of the number of elution peaks and continued elution of 
MVP at higher ionic strength. Since the onset of elution was accurately 
described by both models and considered to be more critical for pre
dicting the edge-of-failure of virus removal, subsequent model valida
tion was conducted for both models.

4.3. Validation in buffer

To verify the capability of the calibrated model to predict MVP 
removal over a broad range of pH values and ionic strength, flowthrough 
runs were simulated in 1 mM increments with sodium chloride con
centration ranging from 0 to 400 mM at pH 6.1, 6.5, 7.1, and 7.7. Based 
on the predictions of the calibrated models, four flowthrough experi
ments per pH were performed with MVP spiked buffer to verify the 
model. One experiment at minimum sodium chloride concentration of 
20 mM and three runs at sodium chloride concentrations close to the 
edge-of-failure, at which a declining LRV was expected.

At lower ionic strength, the behavior of the SMA and the CPA model 
showed a divergent behavior. SMA predicted a plateau at a maximum 
LRV of 4.9 at low ionic strength, while CPA predicted a constant decline 
of LRV until reaching the edge-of-failure (Fig. 6). When approaching the 
edge-of-failure both models predicted a comparable LRV decline. The 
differences in the prediction of LRV as a function of ionic strength are 
caused by the different mechanistic descriptions of both models. Under 
conditions where counter ions do not displace the bound MVP and mass 
transfer is not limiting, the only remaining restriction is the rate of 

Fig. 3. Characterization of pore accessibility of QSFF by iSEC. (A) Specific 
porosities εb of dextrans (●) and MVP (■) and fitted pore model (-). (B) 
Accessible surface area in dependence of the hydrodynamic radius rh.

Table 3 
Column parameters, units, and sources.

Parameter Symbol Value Unit Source

Diameter dc 8 mm Manufacturer
Length Lc 100 mm Manufacturer
Column 

volume
Vc 5.027 mL

Vc = π
(

dc

2

)2
Lc

Bead radius rm 45 µm Manufacturer
Total column 

porosity
εt 0.893 – εt =

Vf

Vc

Interstitial 
porosity

εb 0.262 – εb =
Vint

Vc

Particle 
porosity

εp 0.855 – εp =
Vf − Vint

Vc − Vint

Ionic capacity Λ 2.02 M Λ =
cCl− VCl−

Vc(1 − εt)

Accessible 
pore area 
salt

As,0 0.616 nm− 1 As,i(rh) =

εp

1 − εp

∫∞
rm

2(r − rh)r− 2f(r)dr
∫∞

0 f(r)dr
Accessible 

pore area 
MVP

As,i 0.068 nm− 1

Ligand 
density

ΓL 3.58×10− 6 mol/ 
m2

ΓL = Λ A− 1
S,0

Table 4 
Mass transfer parameters of General Rate Model (GRM).

Parameter Symbol Value Unit Source

Axial dispersion Dax 2.5 ×
10− 7

m²/ 
s

Dax =

uint2rh, iεint

0.2 + 0.011
(
εintRep

)0.48

Hydrodynamic 
radius MVP

rh, MVP 17.2 nm [21]

Hydrodynamic 
radius Cl−

rh,s 0.12 nm

Diffusion 
coefficient MVP

Dm, MVP 1.4 ×
10− 11

m2/ 
s

Dm, i =
kBT

6πηrh, i
Diffusion 

coefficient Cl−
Dm, s 2.0 ×

10− 9
m2/ 
s

Film transfer MVP kfilm, MVP 4.3 ×
10− 6

m/s kflim =

1.09
εint

Dm, i

2rh, i

(
εintuint2rh, i

Dm, i

)0,33

Film transfer Cl− kfilm, s 1.2 ×
10− 4

m/s

Pore diffusion 
MVP

Dp, MVP 9.3 ×
10− 11

m2/ 
s

Dpore, i =
εp

(
2 − εp

)2Dm, i

Pore diffusion Cl− Dp, s 1.3 ×
10− 9

m2/ 
s
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adsorption/desorption described by the kinetics kkin. The SMA defines 
kkin as a constant rate leading maximum LRV independent of the ionic 
strength (Eq. (7)). In contrast, the CPA defines kkin as a function of the 
minimum interaction energy and thereby as a function of the ionic 
strength (Eq. (13)). Hence, a lower ionic strength leads to a lower degree 
of free energy, an increase in the adsorption/desorption rate, and 
thereby an increase in the maximal LRV. Both the SMA and the CPA 
model were calibrated on data that are restricted by the LOQ of the 
offline analytics used. Since no residual MVPs could be detected at low 
ionic strength (e.g. < 140 mM NaCl at pH 6.1 or < 220 mM NaCl at pH 
7.7), the LRVs at values > 4 at these conditions have to be considered as 
non verified extrapolations. Therefore, we were not able to confirm 
which simulated behavior at lower ionic strength is more accurate. To 
verify the model predictions at low ionic strength, spiked MVP con
centrations would have to be at least 1000x higher than those tested in 
this study. Such high MVP spikes were not possible to realize based on 
the concentration of the available material. For practical applications, 
this has minor consequences, as low ionic strength ensures high levels of 
virus removal. The LOQ in assays commonly used for virus clearance 
studies is primarily constrained by experimental parameters and the 
composition of buffer matrices, which can affect assay sensitivity. Based 
on literature values for QSFF (LRV ~ 5) the maximum LRV predicted at 
low ionic strength by the SMA model seems to be more likely [28]. 
Effective removal of viruses is typical for AEX chromatography low ionic 

strength and neutral pH [56]. Nevertheless, the predictions of the SMA 
and CPA at the edge-of -failure were verified and in good agreement 
validation runs. In general, both model types showed a similar behav
iour close to the edge-of-failure and comparable Root Mean Square Error 
of Prediction (RMSEP) values of 0.36 for the SMA and 0.68 for the CPA. 
The slightly higher RMSEP of the CPA model was mainly caused by a 
poorer fit to the validation runs at LRV < 1.

4.4. Validation in presence of mAb

After validation of the mechanistic models in buffer matrices the next 
step was to increase the complexity and test the predictions in presence 
of three different mAbs (mAb1, mAb2, and mAb3), which were previ
ously purified by protein A chromatography, low pH, and depth filtra
tion. mAb validation runs were performed at four counter ion 
concentrations close to the edge-of-failure. pH 6.5 was chosen to 
compare validation in buffer with validation in presence of mAbs. pH 
7.4 was chosen as a previously non-validated condition. Due to the 
target mAb load of 30 gmAb Lresin

− 1 the validation runs in presence of 
mAbs, were performed and simulated with higher loading volumes of 25 
mL compared to 5 mL for the buffer validation runs. Therefore, mAb 
validation runs were additionally used to validate the extrapolation of 
the models towards higher load volumina.

As shown in Fig. 7, the CPA adsorption model predicted a shallower 
curve that matched more closely to the measured data than the steep 
curve predicted by the SMA. This was also reflected by the higher 
RMSEP of the SMA compared to the CPA (Table 6). Both adsorption 
models predicted a decline in LRV at lower counter ion concentrations, 
compared to the validation in buffer. This was probably caused by iso
cratic elution of the MVP. The validation runs showed a highly similar 
LRV decline for all three mAbs with mAb2 showing a decline at slightly 
lower counter ion concentration than mAb1 and mAb3 at both pH 
values. This might be caused by weak molecular interactions between 
MVP and mAb2. Product-specific impact of mAbs has been reported by 
Hung et al. hypothesizing that these impacts might be caused by hy
drophilic positively charged surface patches. However, they showed as 
well that high counter ion concentrations reduce these effects and can 
therefore have a positive effect on LRVs [30]. Therefore, under high salt 
conditions other reasons could be responsible for the different behaviour 
of mAb2. The surface charge of mAb2 might impact the minimum free 

Fig. 4. pH dependance of the parameters v (A), keq (B), and kkin (C) of the SMA adsorption model as well as Z (D), Δ (E), and kkin∗ (F) of the CPA adsorption model. 
Dashed lines represent fitted parameter correlations. Error bars indicate the 95 % confidence interval of the respective parameters.

Table 5 
SMA and CPA parameters of the pH dependent MVP model.

SMA Parameter Symbol Value CPA Parameter Symbol Value

Characteristic 
charge [-]

vo 33.78 Charge [-] Zo − 656.7

​ v1 19.27 ​ Z1 − 54.81
​ ​ ​ ​ Z2 6.850
​ ​ ​ ​ Z3 − 16.90
Equilibrium 

constant [-]
keq,0 9E-30 Boundary layer 

thickness [-]
Δ 4.12e- 

05
​ keq,1 33.98 ​ ​ ​
Kinetic 

coefficient 
[sMᶹ]

kkin, 0 2E-18 Kinetic 
coefficient [s− 1]

k∗
kin 1510

​ kkin, 1 − 18.72 ​ ​ ​
Reference pH pHref 6.90 Reference pH pHref 7.38
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interaction energy uA,i
(
δm,i
)
, thereby limiting MVP adsorption and 

facilitating elution at lower counter ion concentrations. Small impact of 
proteins on the Donnan ratio between bulk phase and pore have been 
previously reported [57]. Although this impact is negligible for 
description of typical separation problems a small change in pore pH 

might become significant for prediction of LRVs. Taking into account 
that the predictions of both models were relatively accurate when being 
compared to in silico predicitons in literature, the edge-of-failure pre
dictions of both models were considered as valid [32,58].

Fig. 5. Comparison of experimental and simulated chromatograms of the SMA (left) and the CPA (right) derived from the pH dependent model parameters.
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Fig. 6. Buffer validation of SMA adsorption model (A, C) and CPA adsorption model (B, D) at pH 6.1, 6.5, 7.1, and 7.7. Error bars of LRVs indicate the 95 % 
confidence intervals of measurements. LRVs at LOQ of the Immuo-qPCR analytics are indicated by X.

Fig. 7. mAb Validation of SMA adsorption model (A, C) and CPA adsorption model (B, D) in presence of mAb1, mAb2, and mAb 3 at pH 6.5 and 7.4. Error bars of 
LRVs indicate the 95 % confidence intervals of measurements. LRVs at LOQ of the Immuo-qPCR analytics are indicated by X.
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4.5. Model application

After validating the edge-of-failure predictions of the CPA model in 
buffer and in the presence of mAbs, simulations were performed in a 
design space ranging from pH 6.0 – 7.8 and 0 – 300 mM of sodium 
chloride at the validated load volumes of 5 and 25 mL as well as ex
trapolations towards load volumes of 100 mL and 1000 mL (Fig. 8). 
Simulations of virus removal revealed an increase in counter ion resis
tance with rising pH. The nonlinear shape of the response surface plot 
might be attributed to the titration curve of the MVP. As load volumes 
increased, the simulations revealed a more rapid transition from effec
tive (LRV > 4) to ineffective removal (LRV < 1) with rising sodium 
chloride concentration. However, the zone of effective removal was 
hardly affected by varying load volumes.

The volume dependent shift in the edge-of-failure is likely caused by 
weak partitioning of the MVP at increasing sodium chloride concen
trations. Weak partitioning in chromatography is known to lead to 
delayed elution [59]. In contrast, the low impact on the effective 
removal zone may be explained by a sharp increase of the partitioning 
coefficient under these conditions, as indicated in the CPA validation 
plots. These findings suggest that high load volumes during AEX chro
matography can influence the removal of viruses at elevated ionic 
strength. This might be of interest when assessing the virus removal at 
high volumetric loads, as commonly applied in continuous 
manufacturing processes [60].

5. Conclusion

In this study, we successfully used mechanistic modeling to predict 
the removal of a parvovirus MVP over a broad pH range, different ionic 
strengths and different load volumes. Based on the finding that the MVP 
used in this study has access to a certain percentage of the pore volume a 
GRM column model was chosen and SMA and CPA adsorption models 
were compared.

For the SMA model three pH-dependent parameters were necessary 
to describe the adsorption model, whereas the CPA model was calibrated 
with only the charge Zi being pH dependent. This might enable a transfer 
of CPA charge Zi to other resins and thereby reduce the calibration 
effort.

Both adsorption models were able to predict LRVs with reasonable 
accuracy. The SMA predicted a sigmoidal shape with a maximum LRV 
governed by the adsorption kinetics and an edge-of-failure purely 
described by the counter ion displacement. Although, the CPA showed a 
similar behavior close to the edge-of-failure, no maximum LRV but a 
continued increase in LRV at low ionic strength was predicted, probably 
caused by the dependency of kinetics on the interaction free energy. 
Since no residual MVPs were detected at low ionic strength (e.g. < 140 
mM NaCl at pH 6.1 or < 220 mM NaCl at pH 7.7) it was not possible to 
determine which adsorption model is more accurate under these con
ditions. Therefore, predictions made within this parameter range should 
be interpreted with caution. Nevertheless, this limitation is negligible 
for practical applications since high removal efficiency can be expected 
within this experimental range. Based on literature values, the SMA 
predictions at low ionic strength are more likely.

Both models were well suited to predict the edge-of-failure in the 
presence of three different mAbs. The extrapolation of the CPA model 
towards higher load volumes was more accurate, which could aid the in- 
silico exploration of virus clearance behavior during continuous 
processing.

Although not shown in this study, it is known that weak and tem
poral electrostatic interactions between mAbs and parvovirus capsids can 
affect the maximum LRV of AEX [30]. A promising concept of Kitamura 

Table 6 
Root mean square error of prediction (RMSEP) of SMA and CPA absorption 
model for mAb1, mAb2, and mAb3.

mAb1 mAb2 mAb3

LRV RMSEP SMA 1.63 2.25 1.66
LRV RMSEP CPA 0.82 1.28 0.71

Fig. 8. Response surface plot of the effect of pH and sodium chloride combinations on the LRV of QSFF in flowthrough mode at a volumetric load of 5 mL (A), 25 mL 
(B), 100 mL (C), and 1000 mL (D). The plot was generated based on the validated model using a CPA adsorption isotherm.
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et al. is to identify hydrophilic patches with a positive charge that have 
higher risks for virus mAb interactions, prior to the application of 
mechanistic modeling for LRV predictions [32].

In summary, both adsorption models compared were suitable to 
predict the edge-of-failure of MVP clearance. CPA had some major ad
vantages over SMA. Despite leading to a better mechanistic under
standing of MVP removal by AEX these findings could facilitate the 
mechanistic chromatography modeling of parvoviruses like infectious 
MVM, Adeno Associated Virus or other virus types (e.g. retroviruses). 
Such models could enable in silico risk analysis of process parameters 
that affect virus clearance, support of design space definition according 
to QbD principles and ultimately reduce the need for resource intensive 
viral clearance studies facilitating platform validation.
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