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ABSTRACT 
Design space identification (DSId) and flexibility analysis are critical in process systems engineer-
ing, enabling efficient design of operating conditions. For bioprocess, these tasks are often hin-
dered by the absence of reliable mechanistic models and limited experimental data. This paper 
presents an algorithm to address these challenges in bioprocesses. The methodology begins by 
constructing a Gaussian process (GP) model to predict key performance indicators (KPIs) from 
process inputs. Leveraging the probabilistic nature of GP predictions, we perform probabilistic 
design space identification (PDSId), characterizing each input point by its probability of feasibility 
which is the likelihood that constraints imposed on KPIs are satisfied. To visualize and analyse the 
feasibility space, contours at varying probability levels are identified using alpha shapes, which 
define deterministic boundaries corresponding to different confidence levels. This enables the 
quantification of volumetric process flexibility and operating ranges for each confidence level. The 
proposed methodology is applied to an antibody-producing Chinese hamster ovary (CHO) cell 
culture process, optimizing culture temperature and osmolality with respect to product yield and 
purity. Results are presented through probability heat maps and flexibility metrics, providing both 
qualitative and quantitative insights into feasibility and operational flexibility, thereby supporting 
informed decision-making in process design. 
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INTRODUCTION 
Achieving efficient and reliable operations in com-

plex large-scale systems, such as bioprocesses, requires 
carefully designed process conditions. In the biopharma-
ceutical industry, operational reliability is commonly as-
sessed through key performance indicators (KPIs) like 
yield and purity meeting the established standards con-
sistently. In this regard, design space identification (DSId) 
is a critical method for evaluating the feasibility of oper-
ating conditions. DSId involves isolating a subset of the 
broader knowledge space that encompasses all possible 
process inputs and satisfies the constraints imposed on 
the KPIs [1]. This subset, known as the design space, fa-
cilitates the evaluation of operating points and serves as 
a practical tool for process operators to assess the fea-
sibility of the operating conditions. 

Design space identification (DSId) methodologies 
are broadly classified into model-based and data-driven 
approaches. In the context of bioprocesses, model-
based methods are generally preferred due to the im-
practicality of extensive experimentation. For instance, 
Yang and Ierapetritou [2] developed a modeling frame-
work for DSId of a bioreactor producing monoclonal anti-
bodies (mAbs). Similarly, Sachio et al. [3] proposed a 
model-based methodology for design space identifica-
tion in chromatographic separation columns, encom-
passing the construction of geometric boundaries to en-
close the design space and the quantification of its size 
to evaluate operational flexibility. 

While mechanistic model-based approaches are ef-
fective in capturing the complexities of bioprocesses, 
they are often computationally demanding for DSId ap-
plications, primarily due to the need for extensive 
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sampling across the knowledge space to identify the de-
sign space accurately. To mitigate this computational 
burden, adaptive sampling techniques have been intro-
duced, aiming to reduce the number of model evaluations 
required [4, 5]. Additionally, surrogate models have 
emerged as an efficient alternative for feasibility assess-
ments, leveraging less computationally intensive tech-
niques. Surrogate models such as Kriging regression [6] 
and artificial neural networks [7] have demonstrated sig-
nificant potential in approximating complex process be-
haviors while minimizing computational overhead. 

Process models are often parameterized using ex-
perimental data, which introduces stochasticity and par-
ametric uncertainties, often related to measurement 
noise. As a result, the compliance of the KPI constraints 
cannot be determined definitively but only with a degree 
of confidence. Probabilistic design space identification 
(PDSId) addresses this by assigning each point in the 
knowledge space a probability of feasibility instead of a 
binary classification of feasible or infeasible. PDSId, how-
ever, increases computational complexity, requiring ad-
ditional simulations across the uncertain parameter 
space. To address this, Laky et al. [8] proposed an opti-
mization-based PDSId and flexibility analysis approach. 
Kusumo et al. [9] introduced a nested sampling strategy 
that prioritized maintaining high sample density in regions 
with a high probability of feasibility. Kucherenko et al. [10] 
developed an adaptive sampling method leveraging a 
metamodel that directly predicted the probability of fea-
sibility based on the parameter space. 

Research in DSId and PDSId typically assumes the 
availability of a mechanistic model. However, for complex 
systems like upstream biopharmaceutical processes, de-
veloping reliable mechanistic models is challenging due 
to a limited understanding of underlying mechanisms 
(e.g., host cell protein generation) or the need for simpli-
fying assumptions. Consequently, data-driven ap-
proaches may be preferred as alternatives due to their 
ease of modeling. However, they often require extensive 
experimentation, which can be expensive and impracti-
cal, leading to sparse datasets. Such sparsity also means 
that data uncertainty becomes a significant factor that 
needs to be addressed.  

We present a data-driven approach to address the 
challenges of modeling uncertainties in complex biopro-
cess systems. Specifically, we use Gaussian Process 
(GP) models to account for real-world data uncertainties 
stemming from measurement noise and inherent inter-
experimental variability, enabling a probabilistic charac-
terization of the design space. The framework consists of 
two main components. First, the GP model predicts key 
performance indicators (KPIs) based on input process 
variables, facilitating probabilistic modeling of these 
KPIs. The probability of feasibility is then calculated 
based on performance constraints, which indicates the 

likelihood of meeting the KPI constraints for a given input. 
The second step of the framework conducts a quantita-
tive analysis of operational flexibility for a given point. 
Following the method proposed by Sachio et al. [3], alpha 
shapes are used to define deterministic boundaries at 
varying levels of feasibility probabilities, allowing the 
quantification of process flexibility and operational 
ranges. This enables a detailed examination of trade-offs 
between process flexibility, performance, and confi-
dence levels. 

The framework is applied to experimental data from 
a fed-batch Chinese hamster ovary (CHO) cell culture 
producing a mAb to study the effects of osmolality and 
temperature on mAb yield and cell-derived impurity (host 
cell protein, HCP) generation. The results are visualized 
through probabilistic heat maps and flexibility metrics, 
offering valuable insights for process development.  

METHODOLOGY 

Experimental Setup 
This study aims to investigate the effects of two 

critical upstream process parameters, culture tempera-
ture and osmolality, on HCP generation in mAb-produc-
ing CHO cell culture and their subsequent clearance in 
affinity and cation exchange chromatographic purifica-
tion. Fed-batch culture was initiated at a seeding density 
of 2 × 10⁵ cells/ml in 30 ml shake flasks using CD CHO 
medium (ThermoFisher Scientific, U.K.). The culture was 
incubated at 36.5°C with 8% CO₂ humidified air, shaking 
at 140 rpm. Every two days, 10% v/v EfficientFeed™ C+ 
AGT™ Supplement was added to each culture (Ther-
moFisher Scientific, U.K.). On day 5, as the culture en-
tered the exponential phase, temperature and osmolality 
were manipulated while maintaining the desired viable 
cell count. 

The study employs a central composite face-cen-
tered (CCF) design with two replicates, resulting in a total 
of 18 experimental runs manipulating three levels of tem-
perature and osmolality. Specifically, temperature is var-
ied between 32°C and 36.5°C, with 34°C as the middle 
level, on day 5. Osmolality is set between 410 mOsm/kg 
and 500 mOsm/kg, with a midpoint of 455 mOsm/kg, 
again on day 5 of the culture, starting from a value of 410 
mOsm/kg. Osmolality was adjusted using 5M sterile NaCl, 
and OsmotechXT (Advanced Instruments Companies, 
U.K.) was used to measure the osmolality with a tolerance 
of 20 mOsm/kg. The culture was harvested when cell vi-
ability dropped below 80%. 

Cell density and viability were determined daily us-
ing the trypan blue dye exclusion method and inverse mi-
croscopy. The extracellular mAb concentration was 
quantified using the biolayer interferometry BLItz system 
(Sartorius Stedim, U.K.). Residual HCP concentration was 
measured using the CHO cell HCP ELISA kit from Cygnus 
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Probabilistic Design Space Identification 
         The proposed methodology performs PDSId based 
on a GP model identified using the data obtained from 
the experiments described earlier. 

GP model to predict KPIs 
 In this study, we assume that the uncertainties in the 
system model and measurement noise can be modeled 
using Gaussian distributions. Hence, we adopt the GP 
modeling framework to model the KPIs. GP regression is 
a nonparametric, nonlinear modeling technique that is 
particularly effective in scenarios with limited data and 
inherent model uncertainty. Its strong interpolation capa-
bilities make it well-suited for cases where data is ob-
tained through factorial designs that emphasize the ex-
treme ends of input variability.  

Let 𝑦𝑦 and 𝑢𝑢 represent the KPIs and input actions, re-
spectively. The Gaussian process model used to predict 
the KPIs is expressed as follows. 

 y = f(𝑢𝑢) + e (1) 

Here, f(⋅) represents the system model and 𝑒𝑒 repre-
sents the measurement noise which is Gaussian with a 
mean of zero and variance of σ2, represented as 𝒩𝒩(0,σ2). 
A GP model learns the function f(⋅) as a Gaussian proba-
bility distribution function rather than a deterministic en-
tity. Hence, the predictions of KPIs would also be gauss-
ian distributions. Let 𝒰𝒰𝒯𝒯 and 𝒴𝒴𝒯𝒯 represent training data 
used to train the GP model. For any new point 𝑢𝑢∗ in the 
knowledge space, the KPI prediction is a Gaussian distri-
bution with the mean 𝜇𝜇∗ and variance Σ∗ expressed as fol-
lows: 

 μ∗ = μ(𝑢𝑢∗) + Σ(𝑢𝑢∗,𝒰𝒰𝒯𝒯)(Σ(𝒰𝒰𝒯𝒯 ,𝒰𝒰𝒯𝒯) + σϵ2

⋅ 𝐼𝐼𝑁𝑁×𝑁𝑁)−1�𝒴𝒴𝒯𝒯 − μ(𝒰𝒰𝒯𝒯)� 
(2) 

 Σ∗ = Σ(u∗,  u∗) − Σ(u∗,𝒰𝒰𝒯𝒯)(Σ(𝒰𝒰𝒯𝒯 ,𝒰𝒰𝒯𝒯) + σ2
⋅ IN×N)−1Σ(𝒰𝒰𝒯𝒯 , u∗) 

(3) 

Here, μ(⋅) and Σ(⋅) represent the mean and covariance 
functions of the prior distribution of the function.  For the 
sake of brevity, the detailed explanation of GP modeling 
is omitted here, and readers are directed to Schulz et al. 
[11] for further information. 

Estimating the probability of feasibility 
Let us consider the DSId problem for the system 

with the following model and the constraints. 

 𝑦𝑦 = 𝑓𝑓(𝑢𝑢);     𝑢𝑢 ∈ [𝑢𝑢𝑙𝑙 ,𝑢𝑢𝑢𝑢] (4) 

 𝑔𝑔(𝑦𝑦) < 0 (5) 
In Eq. (4), 𝑢𝑢 ∈ [𝑢𝑢𝑙𝑙 ,𝑢𝑢𝑢𝑢] represents the knowledge space 
and Eq. (5) represents the constrains on the system. In 
this work we consider the case where the constraints are 

directly imposed on the KPIs 𝑦𝑦 which are represented as 
given below. 

 𝑦𝑦𝑙𝑙 ≤ 𝑦𝑦 ≤ 𝑦𝑦𝑢𝑢 (6) 

 
Figure 1. Depiction of the calculation of the probability of 
feasibility. 

Here, 𝑦𝑦𝑙𝑙 and 𝑦𝑦𝑢𝑢 represent the lower and upper limits 
on the KPIs. With every point in the knowledge space be-
ing associated with its corresponding predicted KPI dis-
tribution, as described in the previous section, we pro-
ceed to estimate the probability of feasibility for the cor-
responding input point. In PDSId, the probability of feasi-
bility for a given input 𝑢𝑢∗ is defined as the probability with 
which the constraints specified in Eq. (6) are satisfied. 
Mathematically, it can be expressed as: 

 p(𝑢𝑢∗) = � 𝑝𝑝(𝑦𝑦∗|𝑢𝑢∗) 𝑑𝑑𝑦𝑦∗
𝑦𝑦𝑢𝑢

𝑦𝑦𝑙𝑙
 (7) 

The above equation calculates the area under the distri-
bution of the KPI at the operating point of 𝑢𝑢∗ in the feasi-
bility region. The quantity 𝑝𝑝(𝑢𝑢∗) hence denotes the prob-
ability at which the given operating point 𝑢𝑢∗ is guaranteed 
to satisfy the constraints imposed on the KPIs. For the 
case of a Gaussian distribution and a single KPI, the prob-
ability of feasibility is represented as follows: 

 p(𝑢𝑢∗) = Φ�
𝑦𝑦𝑢𝑢 − μ∗
Σ∗0.5 � − Φ�

𝑦𝑦𝑙𝑙 − μ∗
Σ∗0.5 � (8) 

Here, Φ(⋅) represents the cumulative distribution function 
of a Gaussian distribution. The calculation of 𝑝𝑝(𝑢𝑢∗) is de-
picted in Fig. 1 where the shaded area between 𝑦𝑦𝑙𝑙 and 𝑦𝑦𝑢𝑢 
represents the probability of feasibility. To characterize 
whole knowledge space with a probability of feasibility, 
we sample uniformly from the knowledge space using 
Sobol sequence. For each sample of 𝑢𝑢∗ ∈ [𝑢𝑢𝑙𝑙 ,𝑢𝑢𝑢𝑢] gener-
ated, the predicted KPI distribution is obtained using Eq. 
(2) and (3), following which the probability of feasibility is 
evaluated as per Eq. (8). This results in every possible 
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point in the knowledge space being characterized by a 
probability of feasibility. The results are visualized 
through the usage of probability heat maps which are 
presented in the Results and Discussion section.  

While the probability of feasibility provides valuable 
information regarding feasibility, to facilitate further 
analysis, we draw contours at different probability levels 
and quantify the operational flexibility at each level, as 
described in the next section. 

Quantitative Flexibility Assessment 
To further enhance process understanding, we pro-

pose a deterministic quantitative flexibility assessment 
approach that builds upon the identified probabilistic de-
sign space. This method enables the quantification of 
process flexibility by defining deterministic boundaries at 
varying levels of probability of feasibility and computing 
a volumetric flexibility index for each level. By integrating 
both probabilistic information and geometric representa-
tions, this approach provides a structured way to assess 
the robustness and adaptability of the design space. 

To achieve this, we employ alpha shapes as a geo-
metric tool to delineate deterministic boundaries of the 
probabilistic design space. An alpha shape defines the 
spatial extent of a given set of points and can represent 
both convex and non-convex regions by adjusting a pa-
rameter known as the alpha radius. At large alpha radius 
values, the alpha shape becomes identical to a convex 
hull. As the alpha radius decreases, the alpha shape be-
comes increasingly non-convex. Alpha shapes can be ex-
ploited to identify design spaces as described in Sachio 
et al [3]. Briefly, the method has three major steps: 

 Step 1. Model sampling. The GP model is sampled 
via quasi-random Sobol sampling to obtain a dense da-
taset containing 16384 (214) input combinations and their 
corresponding probability of feasibility. In this work, we 
are working with 2D problems and hence 16384 samples 
is more than enough for an accurate analysis [3]. 

Step 2. Point cloud classification. A set of 𝑛𝑛𝑝𝑝 differ-
ent levels of feasibility probability is defined which is 
used as the constraints to characterize 𝑛𝑛𝑝𝑝 alpha design 
spaces [3]. For a single feasible probability level, for ex-
ample ≥ 95%, the dataset is screened by separating the 
points which satisfy ≥ 95% from those which violate it. 
The group of points which satisfy this constraint forms 
the satisfied point cloud. The rest of the points form the 
violated point cloud. 

Step 3. Alpha shape construction. An alpha shape 
is formed by solving for the alpha radius which defines 
the space occupied by the satisfied point cloud and does 
not capture any violated points. The resulting alpha 
shape is the alpha design space, with an explicit defini-
tion of the boundary and quantifiable size (volumetric 
flexibility metric). The schematic of the proposed meth-
odology is presented in Fig. 2.  

 

 

Figure 2. Schematic representation of the proposed 
methodology. 

RESULTS AND DISCUSSION 
The experimental data comprises 18 data points de-

rived from a 2-factor, 3-level factorial design with two 
replicates for each operating condition. The inputs are 
the Osmolality (𝑂𝑂) and Temperature (𝑇𝑇) while the outputs 
are the Yield and the ratio of HCP to mAb concentration. 
A general heuristic regarding GP regression is that it re-
quires 10 points per regressor, which would be 20 for two 
regressors. This is close to 18 points; however, 9 of these 
are at the same input conditions. 

Of the 18 points, 12 are used to train the GP model, 
and 6 are reserved for validation. Gaussian process re-
gression with a co-regionalized RBF kernel is trained in 
Python. The average values for mAb yield and HCP-to-
mAb concentration ratio (HCP/mAb) in the experiments 
are 1.25 and 0.25, respectively. Therefore, the KPI con-
straints are defined such that the minimum mAb yield is 
1.25, and the maximum HCP/mAb ratio is 0.25. Conse-
quently, the constraints for the KPIs are as follows: 

 1.25  ≤ 𝑌𝑌ield ;    HCP/mAb  ≤ 0.25 (9) 

KPI Predictions in the Knowledge Space 
First, the GP model is trained, and the Sobol samples 

generated from the knowledge space are used to predict 
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the distribution of the KPIs. Figure 3 illustrates the mean 
of the KPIs for each input in the knowledge space, 
providing a convenient way to visualize KPI variability 
within the knowledge space. It can be observed that 
higher temperatures and mid-level osmolality values 
generally favor higher yields, with mid-level osmolality 
also resulting in lower HCP concentrations.  

 

Figure 3. Heat map depicting the means of the predicted 
KPIs. 

However, there are operating points, such as [𝑇𝑇, 𝑂𝑂] 
≈ [32 – 33, 440-440] which can achieve high purity but 
low yield. Hence, one must combine all the KPI con-
straints to better assess these trade-offs, which is the DS 
representation of the feasibility analysis.  

Probabilistic Design Space Identification 
To visualize the design space with respect to both 

KPIs, the probability of feasibility is estimated for each 
point in the knowledge space, and the results are pre-
sented in Fig. 4. This heatmap, shows regions with higher 

probabilities of satisfying the constraints in warmer red 
tones, while lower probability regions are represented in 
yellow tones. 

 
Figure 4. Probability heat map with the contours at 
different levels of confidence. 

The results indicate that the constraints in Eq. (9) 
are likely to be satisfied in the regions where [𝑇𝑇, 𝑂𝑂] are 
[34.25, 455] and [36.5, 410-500]. Thus, higher tempera-
tures allow for more variability in osmolality while satisfy-
ing the KPI constraints. This is because higher tempera-
tures promote cell growth and productivity, while lower 
temperatures may prolong the culture duration but can 
also lead to increased host cell protein accumulation. To 
gain further insights, the alpha shapes-based boundary 
detection method is applied to obtain contours at differ-
ent probability levels. A contour at a confidence level 𝛼𝛼 
encloses all points with a probability of feasibility greater 
than or equal to α. In Fig. 4, contours are provided for 
probability values of [0.99, 0.95, 0.90, 0.85, 0.80, 0.77, 
0.70, 0.65, 0.60, 0.55, 0.5], with the lowest level set at 
0.5, as this is typically the threshold for accepting or re-
jecting an operating point. The heatmap representation 
provides a convenient way to visualize the design space 
and derive insights into how feasibility varies across the 
knowledge space. 

Flexibility Assessment 
To quantify the information depicted in the con-

tours, the volumes of the space enclosed by each con-
tour can be calculated. This provides a means of as-
sessing the flexibility of operation at different confidence 
levels. The volumes for the heatmap in Fig. 4 are pre-
sented in Fig. 5. These volumes are normalized to repre-
sent the fraction of the total knowledge space enclosed 
within the contour. For instance, operating at a probabil-
ity of feasibility of at least 90% probability of feasibility 
offers flexibility within up to 10% of the total knowledge 
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space. In addition to assessing flexibility, this approach 
allows for the evaluation of the trade-off between flexi-
bility and confidence level, where a higher confidence 
level reduces flexibility and vice versa. 

 
Figure 5. Design space size at various levels of 
confidence as a metric of flexibility in operation. 

Design space for different KPI constraints 
Finally, if the DS for a particular KPI constraint does 

not meet the desired criteria, alternative constraints can 
be explored to assess feasibility and flexibility for differ-
ent operating goals. Figure 6 illustrates this exploration 
across four scenarios. To maintain clarity, we plot the 
contours of 50% probability of feasibility, and the flexibil-
ity metrics for all the levels mentioned earlier are shown 
in Fig. 7. 

 
Figure 6. Probability heat map for different KPI 
constraints 

The first scenario represents a stringent case, re-
quiring a yield of at least 1.3 and an HCP/mAb ratio of at 
most 0.2. In the second scenario, the yield constraint is 

relaxed to 1.1, which increases the DS. In this case, mid-
level osmolality and lower temperatures are preferred. 
The third scenario sets the minimum yield to 1.3, while 
relaxing the HCP/mAb constraint to 0.3. Here, higher 
temperatures and lower osmolality are generally favored. 
Finally, both yield and purity constraints are relaxed to 1.1 
and 0.3, respectively, resulting in a significantly larger 
DS. These trends align with empirical expectations. This 
can also be observed in Fig. 7, which compares the size 
of the design space at different levels of probability of 
feasibility for various KPI constraints. The most ambitious 
constraints, such as high yield and low impurity, lead to a 
smaller design space at every probability level, while 
relaxed constraints result in a larger design space. This 
representation provides a bird's-eye view of the trade-
offs between the required probability of feasibility, 
operational flexibility, and the ambitiousness of the KPI 
constraints. Experimental validation of these 
computational findings is underway. 

 
Figure 7. Comparing the design space sizes for various 
KPI constraints 

CONCLUSION 
Assessment of the feasibility of operating points and 

the flexibility of those operations is vital for novel and 
complex processes such as bioprocesses. This paper 
presents a methodology to achieve these goals for sys-
tems with limited understanding. The methodology in-
cludes three key features: estimating the probability of 
feasibility of an operating point, identifying the design 
space for a given probability of feasibility or confidence 
level, and quantifying the flexibility of operations at a 
given confidence level. The obtained results are pre-
sented through probabilistic heat maps and flexibility 
metrics, providing actionable insights for process devel-
opment scientists. In the presented CHO cell study, initial 
experimental data was used to develop a GP model of 
how two process conditions, temperature, and osmolal-
ity, affect recombinant product yield and purity. 
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Subsequent system analysis using the proposed meth-
odology provided insights for balancing purity-yield 
trade-offs and guide further experimentation and pro-
cess design. The future research focus is on performing 
additional experiments to confirm the DS and improve the 
accuracy of the model.   
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