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ABSTRACT 
Mathematical models play a central role in biopharmaceutical manufacturing, especially within the 
Quality by Design framework. For these models to be effectively used in optimization tasks, they 
must be both reliable and capable of delivering results in an affordable computational time. This 
work proposes a strategy to model aggregate formation during viral inactivation in the context of 
monoclonal antibody downstream processing. These units often display mixing-sensitive behavior 
because aggregation kinetics is controlled by local pH, whose spatial heterogeneities arise from 
titrant addition at a defined feed point. To address this challenge, compartment models (CMs) are 
employed. This modeling approach captures spatial inhomogeneities within the unit by leveraging 
flow-exchange information derived from a single steady-state Computational Fluid Dynamics 
(CFD) simulation involving only the solution of mass, momentum and turbulence equations. Results 
obtained by comparing compartment models with both perfectly mixed models and full CFD sim-
ulations including aggregation kinetics demonstrate that CMs can reproduce the CFD results with 
good approximation, while reducing computational time by orders of magnitude. 

Keywords: Compartment Models, Computational Fluid Dynamics, Monoclonal Antibodies, Downstream Bio-
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INTRODUCTION 
Mathematical modeling has become a cornerstone 

in the modernization of pharmaceutical manufacturing, 
enabling process optimization, quality-by-design strate-
gies, and the development of digital twins [1]. To effec-
tively serve this role, models must ensure robustness and 
reproducibility under real manufacturing conditions, es-
pecially because this level of reliability is increasingly re-
quired by regulatory frameworks. 

Beyond supporting unit-operation design, mathe-
matical models are equally essential at the system level, 
where they allow the integrated optimization of process 
configurations, resource allocation, and operational 
strategies. 

Achieving this goal calls for an accurate description 
of the relevant phenomena across multiple scales, from 
process-level behavior down to local fluid dynamics [2]. 
This aspect is particularly critical in unit operations where 

fluid flow and mixing have a decisive impact on process 
outcomes. 

In the context of biopharmaceutical manufacturing 
for monoclonal antibodies (mAb) production, one of the 
most critical operations where mixing plays a central role 
is the viral inactivation step. This step takes place in the 
downstream section of the process, during which purifi-
cation and product quality refinement are carried out. 
This operation is designed to ensure product safety by 
lowering the solution pH through the addition of an acidic 
titrant and holding this condition for a minimum amount 
of time, thereby inactivating acid-labile viruses. However, 
low pH conditions simultaneously trigger aggregation ki-
netics for certain monoclonal antibodies [3]. Aggregation 
is a key risk, as it may impact product quality and reduce 
yield, and its kinetics depend strongly on the local pH dis-
tribution within the vessel. Therefore, spatial heteroge-
neities in mixing directly translate into variations in ag-
gregation rates, linking hydrodynamics with critical 
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quality attributes, especially for proteins that are prone 
to low-pH aggregation. 

A model of the unit in which the viral inactivation 
step is performed must therefore be able to capture the 
influence of imperfect mixing on both pH distribution and 
aggregation kinetics in order to provide reliable and ac-
curate predictions. Additionally, the application of a unit 
model inside process-level optimization tasks requires 
the capability of this model to provide predictions within 
a significantly reduced computational time. This combi-
nation of physical fidelity and computational efficiency is 
essential to enable model-based decision-making in bio-
pharmaceutical development and manufacturing. 

Due to their simplicity and fast computational times, 
models that assume perfectly mixed conditions inside the 
vessel are commonly used in process-level optimization 
tasks. However, these models fail to represent the effect 
of fluid dynamics on the aggregation kinetics, leading to 
an underestimation of aggregation risks and potentially 
misleading performance predictions. On the other hand, 
when a detailed hydrodynamic description is required, 
computational fluid dynamics (CFD) models that solve 
both the flow behavior and the transport of species are 
generally employed. While this kind of approach can be 
highly accurate, it requires substantially higher computa-
tional time and resources, which limits its applicability for 
system-level optimization and for extensive exploration 
of complex physical phenomena [4]. 

To overcome the challenge of developing hydrody-
namics-oriented yet time-efficient models, a multi-scale 
approach should be adopted for the modeling of the ves-
sel. One promising way to implement such a multi-scale 
strategy is through compartment models (CMs). In this 
modeling approach, the vessel is discretized into a net-
work of interconnected compartments, each assumed to 
be ideally mixed [5]. The exchange of mass between 
compartments is not modeled directly by solving the full 
fluid-flow equations, but is instead derived from a single 
CFD simulation that solves only the flow and turbulence 
equations [6]. This makes it possible to capture the large-
scale hydrodynamics at a reduced computational cost, 
while retaining spatial heterogeneities and flow non-ide-
alities within the equipment. Compartment models there-
fore provide a powerful intermediate between overly sim-
plified ideal-mixing assumptions and the full resolution of 
CFD simulations [7][8][9]. This makes them particularly 
useful for describing the pH distribution inside the unit 
and, in turn, its effect on aggregation kinetics at a signif-
icantly reduced computational cost. 

This work aims to examine the applicability of com-
partment modeling to the viral inactivation step in mAb 
production processes, with the goal of developing a 
model that incorporates local pH gradients to improve 
predictive accuracy compared to perfectly mixed mod-
els, while providing results in a substantially shorter time 

than a full CFD simulation. Such a model can be readily 
used for process-level optimization or for evaluating al-
ternative operating conditions that do not affect the un-
derlying fluid dynamics. 

MODELING WORKFLOW 
The modeling workflow adopted in this study is de-

scribed in this section. 
The development of the compartment model follows 

a sequential procedure. First, a CFD simulation resolving 
only the fluid flow (momentum, continuity, and turbulence 
equations) is performed. The process geometry is then 
discretized into compartments, after which the mass-
flow exchanges between compartments are computed 
from the CFD results. Finally, the corresponding material 
balances are solved. The following sections detail each 
step of this workflow. 

Fluid flow only CFD simulation 
A steady-state CFD simulation resolving the fluid 

flow (momentum, continuity, and turbulence equations) 
serves as the starting point for the development of the 
compartment model. 

Two different vessel geometries representative of 
equipment used during industrial viral inactivation at dif-
ferent scales are here considered. Comparing these two 
configurations allows to investigate how vessel geometry 
and characteristic scales influence mixing patterns, pH 
distribution, and consequently aggregation behavior. 

The first geometry, referred to as the R&D scale 
vessel, consists of a cylindrical unbaffled tank with a con-
ical bottom and a maximum working volume of 200 L, op-
erated here with 90L of liquid. The nominal impeller 
speed is set to 230 RPM. The second geometry, referred 
to as the Clinical scale vessel, features a square cross-
sectional area and a maximum working volume of 1000 L, 
and it is operated with 550L of liquid. The nominal impel-
ler speed is set to 180 RPM. 

An unstructured polyhedral mesh was selected for 
the simulations of both geometries. The meshes were 
generated using Ansys® Fluent, release 25.1 watertight 
geometry meshing workflow. The resulting meshes com-
prise 377348 computational cells for the R&D scale ves-
sel and 1261684 cells for the Clinical scale one. CFD sim-
ulations were run using Ansys® Fluent, release 25.1. 

The fluid inside the vessel comes the prior purifica-
tion step. It contains the product, process impurities, and 
buffer components. The density is 1007 kg/m³, while the 
viscosity is 10⁻³ Pa·s. 

To model turbulence, the SST k-ω model is se-
lected, retaining the default parameters. To model the 
impeller rotation, the Multiple Reference Frame approach 
is used; the rotating reference frame is shown in Figure 1 
for the R&D scale vessel and in Figure 2 for the Clinical 
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scale one. 

 
Figure 1. 3D geometry of the R&D scale vessel. 

 
Figure 2. 3D geometry of the Clinical scale vessel. 

The simulations are performed under steady-state 
conditions and the resulting fluid-flow behavior was vali-
dated against experimental operating data from the ves-
sel, using blend time as the metric for comparison. 

Key information required to build the compartment 
model (e.g. cell centroid coordinates, volume, velocity 
components, data concerning neighbouring cells) are ex-
ported in text files using User Defined Functions. 

Compartment model 
Starting from the results of the steady-state CFD 

simulation describing the detailed fluid flow behavior, the 
compartment model is built through a sequence of steps: 
first, the geometry is divided into compartments; next, 
the fluxes between compartments are computed; and fi-
nally, the material balances within each compartment are 
solved. All implementations were carried out in a Python 
3.13 environment. 

Compartmentalization 
The compartmentalization procedure is the prelimi-

nary step in constructing the compartment model. Its 
purpose is to divide the system geometry into compart-
ments, each representing a volume in which the perfectly 
mixed assumption is applied. Adjacent compartments are 
then allowed to exchange mass with one another. 

In this study, a basic compartmentalization 

procedure is employed. More complex approaches, e.g. 
accounting for the flow patterns inside the tank, can be 
found in the literature [10][11][12]. 

The selected compartmentalization procedure con-
sists of defining the number of compartments to be gen-
erated along the different coordinate axes. In this way, 
the system is compartmentalized so that all compart-
ments have approximately the same volume. Due to the 
distinct geometries of the two vessels, a cylindrical coor-
dinate system (r, θ, y) was used for the R&D scale tank 
whereas a cartesian coordinate system (x, y, z) was 
adopted for the Clinical scale tank. An example of com-
partment division with 4 compartments along each coor-
dinate is visualized in Figure 3 using cylindrical coordi-
nates for the R&D scale vessel, in Figure 4 using carte-
sian coordinates for the Clinical scale one. 

 
Figure 3. Example of compartmentalization with four 
compartments along the different coordinates for the 
R&D scale vessel using cylindrical coordinates. 
 

 
Figure 4. Example of compartmentalization with four 
compartments along the different coordinates for the 
Clinical scale tank using cartesian coordinates. 

After this subdivision, the CFD mesh cells are 
grouped based on whether their centroids fall within the 
coordinate bounds of each compartment [13]. Conse-
quently, at the end of this step, a mapping is obtained 
that associates each CFD mesh cell with its correspond-
ing compartment. 

Fluxes computation 
To compute the material exchanges between com-

partments, the face flux data exported from the CFD 
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simulation are used. For each mesh face k, the CFD solver 
provides a flux value fk. 

Faces that connect cells belonging to two different 
compartments are identified by examining the compart-
ments associated with their neighboring CFD cells. Let 
compartment i contain the set of CFD mesh cells 𝒞𝒞�, and 
compartment j the set 𝒞𝒞�. A face k contributes to the ex-
change between compartments i and j if it connects a cell 
𝑐𝑐� ∈ 𝒞𝒞� and a cell 𝑐𝑐� ∈ 𝒞𝒞�. Based on this identification, the 
set of faces contributing to the flux from compartment i 
to compartment j can be defined as: 

ℱ�→� = �𝑘𝑘 | 𝑘𝑘 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝒞𝒞� 𝑡𝑡𝑡𝑡 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝒞𝒞�� (1) 

A schematic illustrating how cells and faces are as-
signed to each set is shown in Figure 5. 

The total flux from compartment i to compartment j 
is then computed as the sum of the corresponding face 
fluxes: 

𝐹𝐹�→� = ∑ 𝑓𝑓��∈ℱ�→�
    (2) 

Consequently, the overall outgoing and incoming 
fluxes for compartment i are defined as: 

𝐹𝐹���� = ∑ 𝐹𝐹�→�
�
�=1     (3) 

𝐹𝐹��� = ∑ 𝐹𝐹j→�
�
�=1     (4) 

where N is the total number of compartments. 

 
Figure 5. Schematics of assignments of cells and faces. 
𝐶𝐶1,𝐶𝐶2 ∈ 𝒞𝒞�,𝐶𝐶3,𝐶𝐶4 ∈ 𝒞𝒞�. Face 𝐹𝐹� divides cells 𝐶𝐶1 ∈ 𝒞𝒞� and 
𝐶𝐶3 ∈ 𝒞𝒞�, and is assigned to set ℱ�→� since mass flux is from 
𝐶𝐶1 to 𝐶𝐶3; face 𝐹𝐹� divides cells 𝐶𝐶2 ∈ 𝒞𝒞� and 𝐶𝐶4 ∈ 𝒞𝒞�, and is 
assigned to set ℱ�→� since mass flux is from 𝐶𝐶4 to 𝐶𝐶2. 

Material balances 
The compartment model then solves a system of or-

dinary differential equations, composed of one equation 
per species in each compartment. The mass balances are 

expressed as follows: 
���,�

��
= ∑ (𝐹𝐹�→� ∗ 𝑤𝑤�,�)

�
�=1 − 𝑤𝑤�,� ∗ 𝐹𝐹�,�������� + 𝑅𝑅 (5) 

where 𝑀𝑀�,� is the mass of species i in compartment c, N is 
the total number of compartments, 𝑤𝑤�,� is the mass frac-
tion of species i in compartment c, R represents reaction 
or source terms for species i in compartment c. 

The resulting system of material balances is solved 
using the solve_ivp function from the scipy library, with 
the BDF method selected as the numerical solver. 

The solution returns the mass profiles of each spe-
cies within all compartments as a function of time. To en-
able comparison across different models, the total mass 
of each species in the tank is then computed at every 
timestep by summing its mass over all compartments. 

All simulation results will be compared to that of a 
perfectly mixed tank. 

CASE STUDY 
Some monoclonal antibodies are prone to aggrega-

tion under low-pH conditions. A simplified kinetic expres-
sion describing this behavior was derived from the work 
of Arosio et al. (2011) [3]. The simplified aggregation 
mechanism can be represented as: 

𝑀𝑀 +𝑀𝑀
�������→ 𝐴𝐴    (6) 

The kinetic constant kaggr is assumed to depend on 
pH according to the following relationship: 

𝑘𝑘���� = �𝑘𝑘����0 � ⋅ exp�−𝛽𝛽(𝑝𝑝𝑝𝑝 − 3.334)�  (7) 

where 𝑘𝑘����0  and β are model parameters estimated from 
experimental data. Their numerical values are reported in 
Table 1. 

Table 1: Aggregation kinetics model parameters. 

Parameter Value 
kaggr  [m/(kg h)] 
β  [-] 

The reaction rate can therefore be expressed on a 
mass basis as: 

𝑅𝑅 = 𝑘𝑘���� ⋅ [𝑀𝑀]2    (8) 

where [M] is the mass concentration of the mAb. 
All kinetic expressions were formulated on a mass 

basis to simplify their implementation in the CFD simula-
tions, since no information on the molecular weight of the 
mAb was available. 

To incorporate the aggregation kinetics into both 
the CFD simulations and the compartment models, three 
species must be considered: the monoclonal antibody, 
referred to as the monomer; the product formed through 
aggregation, referred to as the aggregate; and the 
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oxonium ion, which is included to represent the pH distri-
bution inside the tank through its definition: 

𝑝𝑝𝑝𝑝 = − log10[𝐻𝐻3𝑂𝑂+]    (9) 

where [H3O+] is the molar concentration of oxonium ion 
expressed in mol/L. Since the total fluid density is as-
sumed to remain constant, an additional species, referred 
to as the solvent, is considered implicitly. Its mass is not 
obtained by solving a dedicated balance equation; in-
stead, it is computed at each time step as the difference 
between the total fluid mass and the sum of the masses 
of all explicitly modeled species. 

The viral inactivation process operates in fed-batch 
mode, as a titrant is continuously added to the vessel to 
reduce the pH to the desired target value. In principle, 
this would result in a time-varying liquid volume inside the 
tank. However, to simplify the set up of the simulations, 
the process was modeled under the assumption of con-
stant volume. 

In the CFD simulations, the reaction rate is imple-
mented as a source term for monomer or aggregate in all 
fluid zones using Equation (5). The continuity, momen-
tum, and turbulence equations were not solved during 
this stage, and the flow variables were fixed to the values 
obtained from the initial steady-state simulation. 

All simulations were carried out in transient mode. 
The simulations were initialized using typical values re-
ported in experimental studies of aggregation kinetics for 
pH, monomer concentration, and aggregate concentra-
tion. These initial conditions were assumed to be homo-
geneous throughout the vessel volume. The process was 
simulated until the pH reached the final target value, cor-
responding to a decrease of 1.55 relative to the initial 
condition. 

RESULTS 
This section presents the main results obtained in 

assessing the performance of the compartment models, 
comparing them against both the perfectly mixed models 
and the CFD simulations. The CFD results are taken as 
the most representative approximation of real process 
behavior, as no experimental data were available for di-
rect validation. 

For the compartment model, different numbers of 
compartments were investigated in order to evaluate 
how the degree of geometric discretization influences 
the model predictions. The number of compartments se-
lected along each coordinate is reported in Table 2. At 
the finest discretization level, the total number of com-
partments differs between the R&D scale and Clinical 
scale vessels due to the conical bottom of the R&D scale 
tank, which results in some compartments containing no 
CFD mesh cells and therefore being excluded from the 
model. 

Table 2: Different degrees of compartmentalization con-
sidered.  

Number of compartments Tot comp 
x/r y z/θ  
    
    
    

    (Clin) 
 (R&D) 

Two scenarios were considered in the performance 
assessment. In the first scenario, a slow titrant addition 
was modeled: the amount of titrant required to reach the 
target pH was fed over a 30 minutes interval. The simu-
lation was then run for a total of 35 minutes to allow both 
the addition to be completed and the pH to homogenize 
throughout the tank. In the second scenario, the titrant 
was added over a 0.5 seconds interval, representing an 
almost instantaneous addition. In this case, the simula-
tions were performed over a 35 seconds time window to 
ensure that mixing and pH homogenization could be ob-
served across the entire vessel. The second scenario, 
characterized by a fast titrant addition, was included be-
cause it is expected to generate stronger local inhomo-
geneities within the tank. This, in turn, is anticipated to 
amplify the differences in the predictions obtained from 
the different modeling approaches. 

Scenario 1: Slow titrant addition 
The time profiles of the total monomer mass inside 

the vessel, normalized with respect to the initial value, as 
predicted by the different models for the first scenario, 
are shown in Figure 6 for the R&D scale vessel and in Fig-
ure 7 for the Clinical scale one. 

 
Figure 6. Scenario 1: total monomer mass profiles for the 
R&D scale vessel. 
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Figure 7. Scenario 1: total monomer mass profiles for the 
Clinical scale vessel. 

The profiles obtained with the perfectly mixed 
model and the compartment models are nearly identical 
and closely match the CFD results, with discrepancies 
below 0.01%. This means that for scenario 1 both vessels 
behave as perfectly mixed systems. Consequently, in this 
scenario, both CFD and compartment models do not pro-
vide a strategic advantage with respect to the perfectly 
mixed model in predicting the unit behavior. 

Scenario 2: Fast titrant addition 
The time profiles of the total monomer mass inside 

the vessel, normalized with respect to the initial value, as 
predicted by the different models for the second sce-
nario, are shown in Figure 8 for the R&D scale vessel and 
in Figure 9 for the Clinical scale one. 

 
Figure 8. Scenario 2: total monomer mass profiles for the 
R&D scale vessel. 

 
Figure 9. Scenario 2: total monomer mass profiles for the 
Clinical scale vessel. 

As expected, this second scenario in which the ti-
trant is added almost instantaneously inside the tank 
leads to the formation of pronounced localized pH inho-
mogeneities within the tank. These local variations are in-
herently captured by the CFD simulations but are not rep-
resented by the perfectly mixed model, which assumes 
instantaneous homogenization throughout the vessel. As 
a consequence, in this second scenario the CFD simula-
tion predicts a pronounced initial aggregation that is not 
captured by the perfectly mixed approach. The compart-
ment models, on the other hand, are able to reproduce 
this early aggregation behavior with increasing accuracy, 
as their predictions progressively approach the CFD re-
sults when a finer level of compartment discretization is 
employed. 

Table 3 reports the computational times for both the 
R&D scale and the Clinical scale vessels. 

Table 3: Computational times for the model solution un-
der the fast titrant addition scenario. 

Model Computational time 
R&D scale Clinical scale 

CFD  [h]  [h] 
Perf Mixed  [s]  [s] 
CM   [s]  [s] 
CM   [s]  [s] 
CM   [s]  [s] 
CM  or   [s]  [s] 

A substantial reduction in computational cost can be 
observed: while the CFD simulations required days, the 
compartment models provided the predictions in less 
than a minute at the highest level of discretization, and in 
less than two seconds for the coarser discretizations. 
The reported computational times do not include the 
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duration of the preliminary steps required for model prep-
aration, as these must be performed only once before the 
model can be repeatedly solved. The preliminary steady-
state CFD simulations, required for both the CFD runs 
and the compartment models with kinetics included, took 
approximately 4 hours for the R&D-scale vessel and 8 
hours for the clinical-scale vessel. The compartmentali-
zation step took approximately 5 seconds, independent 
of the discretization level and the vessel scale. 

CONCLUSIONS 
This study explored the integration of fluid-flow in-

formation obtained from CFD simulations into modeling 
frameworks that require significantly lower computa-
tional effort. The proposed procedure was applied to a 
viral inactivation process within the context of down-
stream biopharmaceutical manufacturing. 

The results demonstrated that compartment models 
are able to provide predictions that are closer to the CFD 
results than those obtained with perfectly mixed models, 
while requiring substantially less computational time. 
This makes these models suitable for system-level opti-
mization studies and, more generally, for scenarios in 
which multiple simulations are needed. 

These models also offer the capability to rapidly 
evaluate different process operating conditions, pro-
vided that such variations do not affect the underlying 
fluid-flow behavior. 

Opportunities for further improvement lie primarily in 
the compartmentalization procedure, where more ad-
vanced techniques could enhance both model perfor-
mance and reliability. 
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