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 A B S T R A C T

Ensuring both high productivity and viable cell survival remains a major challenge in industrial-scale probiotic 
manufacturing due to the multistage and highly variable nature of fermentation and downstream processing. 
This study presents an exploratory, machine learning-based framework for analyzing batch-to-batch quality 
variability in the production of an L. rhamnosus-based probiotic, using data from 178 independent production 
batches together with process variables measured across the entire manufacturing pipeline, from seed culture 
through centrifugation, freeze-drying, and sieving. Three quality attributes — total production, viable cell 
count (VCC) reduction relative to theoretical values, and VCC change after one week of storage — were 
each dichotomized into below- and above-mean groups, framing batch-to-batch quality variation as a binary 
classification problem. XGBoost models were implemented to predict each quality attribute; the predictions 
of total production and VCC reduction achieved higher classification performance than the prediction of VCC 
change after one week. Feature importance analysis identified cryoprotectant volume, centrifugation-related 
variables (e.g., number of discharges), and pressure-related variables as prominent predictors, although their 
stability varied across quality attributes and sensitivity analyses. To verify the robustness of the results, a 
range of sensitivity analyses was additionally conducted, including comparisons across missing-data handling 
thresholds and classification cutoff definitions (mean vs. median). These analyses showed that the prediction 
of total production remained comparatively stable, whereas the predictions of VCC reduction and VCC change 
were somewhat sensitive to these methodological choices. These findings offer exploratory, process-level 
insights into predictive quality assessment based on routinely collected process data, while also indicating 
that their interpretation warrants considerable caution.
1. Introduction

Probiotics have attracted increasing scientific and commercial in-
terest due to their roles in modulating gut microbiota, enhancing 
immune function, and supporting metabolic health (Quigley, 2011; 
Abdul Manan, 2025; Reddyvari et al., 2025; Esposito et al., 2025). 
Among various probiotic strains, Lactobacillus rhamnosus is widely used 
owing to its tolerance to gastric acid and bile salts, as well as its ability 
to adhere to the intestinal mucosa, contributing to its well-documented 
health benefits (Reddyvari et al., 2025; Pagnini et al., 2018; Ghiasi 
et al., 2023; Yang et al., 2025). As a result, industrial demand for large-
scale and consistent production has increased significantly. However, 
maintaining consistent product quality remains challenging due to the 
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complex and multistage nature of probiotic manufacturing processes, 
which involve tightly coupled fermentation and downstream operations 
(Onel et al., 2018). Variability in process conditions across stages can 
lead to substantial differences in production yield and cell viability, 
highlighting the need for systematic approaches to analyze and predict 
quality variability in industrial production systems (Onel et al., 2018).

In probiotic manufacturing, product quality is primarily defined 
by the viable cell count (VCC), expressed in colony-forming units 
(CFU), which serves as a key indicator of functional efficacy (Pagnini 
et al., 2018; Ghiasi et al., 2023). Industrial quality assessment typically 
involves measuring VCC immediately after downstream processing, as 
well as after a defined storage period to evaluate survival stability 
(Carvalho et al., 2004; Morgan et al., 2006). Despite standardized 
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evaluation protocols, substantial batch-to-batch variability in VCC is 
frequently observed in practice (Doran, 2013; Rathore et al., 2021), 
arising from complex interactions among process conditions across 
multiple stages that are difficult to disentangle using conventional ap-
proaches. These challenges highlight the need for data-driven modeling 
approaches that can capture multivariate relationships and enable pre-
dictive analysis of quality variability in industrial production systems 
(Onel et al., 2018).

Probiotic manufacturing involves a sequence of unit operations, 
including fermentation, centrifugation, freeze-drying, sieving, and stor-
age, in which process conditions interact with the physiological state 
of cells to influence final product quality. During these stages, cells 
are exposed to various physical and chemical stresses that can induce 
cellular damage and reduce viability (Carvalho et al., 2004; Morgan 
et al., 2006; Papadimitriou et al., 2016), with variability in production 
yield and viable cell count arising from complex interactions among 
process parameters such as medium composition, temperature, pH, ag-
itation, and fermentation duration (Doran, 2013; Rathore et al., 2021). 
Because these effects accumulate and interact across stages, analyses 
based on individual parameters remain insufficient to capture the full 
complexity of industrial production systems (Doran, 2013; Rathore 
et al., 2021); conventional approaches often focus instead on specific 
stages or predefined variables (Miecznikowski et al., 2026; Breig and 
Luti, 2021), overlooking cross-stage dependencies and emergent effects 
arising from the coupling of upstream and downstream processes. 
A process-wide analytical framework integrating information across 
the entire manufacturing pipeline is therefore needed to effectively 
characterize and manage quality variation in probiotic production.

Data-driven modeling approaches offer a promising solution in this 
context, enabling the integration of multistage process data and cap-
turing complex, nonlinear interactions in industrial bioprocess systems. 
Machine learning (ML) approaches, in particular, have gained attention 
for analyzing patterns and predicting quality in biological manufac-
turing systems as large-scale process data have become increasingly 
available (Onel et al., 2018; Mondal et al., 2023; Pandey et al., 2026; 
Khanashyam et al., 2025; Adli et al., 2025), with tree-based ensemble 
models being well suited for bioprocess data due to their ability to 
capture nonlinear relationships and interactions among variables (Chen 
and Guestrin, 2016; Paul et al., 2025; Celades-Martínez et al., 2026; 
Ageh et al., 2024; Saha et al., 2025) and to identify key process 
variables beyond prediction (Lundberg and Lee, 2017; Kırbaş et al., 
2019). However, few ML studies have integrated data across multiple 
processing stages to assess final-product quality (Al Hagbani et al., 
2025; Tulsyan et al., 2018; Melcher et al., 2015).

A further limitation concerns the scale and origin of the data under-
lying most existing studies: much of the current evidence on process 
factors affecting probiotic viability during freeze-drying and storage 
is derived from laboratory- or pilot-scale experiments conducted un-
der controlled conditions, focusing on isolated factors (Miecznikowski 
et al., 2026; Al Hagbani et al., 2025; Ge et al., 2024; Buahom et al., 
2023), and whether such relationships extend to the scale and opera-
tional variability of industrial production — spanning upstream culture, 
downstream processing, and post-processing storage within a single 
manufacturing workflow — remains largely unexamined.

Here, we present an exploratory, data-driven analysis of industrial-
scale probiotic manufacturing to investigate how process conditions 
are associated with relative inter-batch quality variability across the 
production pipeline. The motivation for this study was the lack of 
process-wide evidence showing how routinely recorded variables across 
multiple manufacturing stages are associated with quality variability 
under industrial operating conditions. Using real-world process data 
from the manufacturing of an L. rhamnosus-based product, we exam-
ined three quality attributes: total production yield, reduction in VCC 
relative to theoretical values, and VCC change during one-week post-
processing storage. Accordingly, the major objectives were to evaluate 
2 
the predictability of these three quality attributes, identify the pro-
cess variables associated with their inter-batch variability, and assess 
the robustness of the identified patterns. XGBoost-based classification 
models were employed to capture nonlinear relationships among these 
variables, and the resulting feature importance was used to examine 
which process variables contributed most strongly to the predictions. 
To assess the robustness of these findings, we further conducted a series 
of sensitivity and comparative analyses. This study offers exploratory, 
process-level insights into quality variability in industrial probiotic 
manufacturing, illustrating how routinely collected process data may 
inform predictive quality assessment and process understanding in 
large-scale bioprocessing.

The principal novelties of this study are summarized as follows:

• Process-wide integration of routinely collected variables spanning 
seed culture, main culture, concentration, cryoprotectant addition, 
and freeze-drying using data from 178 industrial-scale production 
batches.

• Joint evaluation of three complementary quality attributes repre-
senting production yield, processing-related viability reduction, and 
short-term post-processing viability change, with input variables re-
stricted to those available at the intended prediction time for each 
task.

• Robustness assessment of predictive performance and feature-impor-
tance patterns using alternative classification cutoffs, preprocessing 
conditions, and baseline machine learning models.

2. Materials and methods

2.1. Data source and manufacturing process

Production data were obtained from an industrial probiotic man-
ufacturing process operated by ILDONG Bioscience Co., Ltd. (Pyeon-
gtaek-si, Gyeonggi-do, Republic of Korea), with each data sample 
recorded at the batch level.

L. rhamnosus IDCC 3201 was produced through a batch fermen-
tation process followed by harvesting, concentration, freeze-drying, 
sieving, and storage. The overall manufacturing workflow is shown 
in Fig.  1, which consisted of sequential stages, including pre-culture, 
first seed culture, second seed culture, and main culture, followed by 
downstream processing. The main fermentation was conducted in a 
50 m3 industrial-scale bioreactor with a working volume of 20 kL under 
controlled conditions (37 ◦C, pH 5.7). Process variables, including 
pH, temperature, and agitation speed, were continuously monitored 
using a PLC-based control system and recorded at 1–5 min intervals. 
After fermentation, cells were harvested using a continuous centrifuga-
tion system and subjected to concentration and freeze-drying with the 
addition of cryoprotective agents.

A total of 196 distinct production batches were collected, with 
each batch representing one independent batch-level observation. No 
production batch was repeated. Total cell count (TCC) and VCC were 
measured in technical triplicate within each batch, and the mean of 
the three measurements was used as a single batch-level value. These 
technical replicates were not treated as independent samples.

2.2. Process data and variable construction

To ensure consistency and comparability across heterogeneous pro-
cess measurements, raw manufacturing data were standardized prior to 
variable construction. Because the raw manufacturing records differed 
in sampling frequency, scale, and format across process steps, they were 
transformed into structured batch-level variables using predefined rules 
(Onel et al., 2018; Mählkvist et al., 2023).

Specifically, raw observations were summarized into representative 
variables such as end-point values for each stage (e.g., final pH) and 
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Fig. 1. Schematic overview of the industrial probiotic manufacturing process and the variables measured at each stage. (a) Plant-scale process flow, from 
pre-culture through the first and second seed cultures and the main culture, followed by concentration by centrifugation with removal of the supernatant, 
cryoprotectant addition, freeze-drying, milling/sieving, and packaging and storage. Pipes indicate the transfer of culture broth and cell concentrate between units, 
and arrows indicate the direction of material flow through the process. Equipment is shown schematically and is not drawn to scale. (b) Process stages and the 
corresponding measured variables included in this study. Variables highlighted with a background color were used as inputs to the classification models depending 
on the prediction target, whereas variables displayed in italics were either used to calculate the quality variables (post-processing VCC and VCC after 1 week) or 
served directly as a quality variable (total production). Total production was used as the target variable in the total production model and as an input variable 
only for VCC change prediction. Variables reported as [n/avg] or [min/max/avg] (e.g., discharge, pump outlet, flow rate, process pressure, and back pressure) 
represent distinct summary statistics derived from the same raw time-series measurements (see Section 2.2) and were counted as separate input variables.
count-based variables (e.g., discharge frequency). For the four mea-
surements — pump outlet pressure, flow rate, process pressure, and 
back pressure — which were recorded at multiple time points within 
each process run, variable construction was performed to transform 
temporally resolved measurements into a fixed-length representation: 
descriptive statistics, specifically the minimum (min), maximum (max), 
and arithmetic mean (avg), were computed for each measurement 
(Onel et al., 2018). Time-series models such as autoregressive moving 
average (ARMA) models are widely used to characterize and forecast 
temporal dynamics in agricultural and industrial processes when long, 
regularly sampled records are available (Box et al., 2015; Afsharnia 
et al., 2018); for example, Afsharnia et al. (2018) fitted ARMA mod-
els to hourly sugarcane transport records comprising approximately 
56,000 observations. In contrast, the four variables in this study were 
recorded at only one to four time points per batch (approximately 
2.2–2.4 on average; Table  1), which is insufficient to estimate autore-
gressive or moving-average terms within a batch. Moreover, because 
the analytical unit of this study was the batch rather than the indi-
vidual time point, each within-batch series had to be represented by 
3 
a fixed number of batch-level features regardless of its length. We 
therefore adopted a feature-based representation in which each series 
is summarized by descriptive statistics (Onel et al., 2018; Christ et al., 
2018). This transformation enabled heterogeneous time-series data to 
be integrated into a unified analytical dataset while preserving the 
operational relevance and interpretability of each variable. Fig.  1 shows 
the variables constructed from the measurements at each process stage.

2.3. Data preprocessing

2.3.1. Missing data filtering
Because the measured data contained missing values, data impu-

tation was performed. Before imputation, variable- and sample-level 
exclusion based on missing rate was conducted in multiple steps to 
refine the dataset while preserving informative variables and samples 
(Oexner et al., 2025): (i) exclusion of variables with >50% missing rate; 
(ii) recalculation of missing rate and exclusion of samples with >25%
missing rate; and (iii) recalculation of missing rate and exclusion of 
variables with >25% missing rate. The 50% threshold in step (i) was 
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Table 1
Summary of process variables and their use in predictive modeling.
 Feature variable Abbreviation Unit # recordingsa,

raw/included
# observationsb,
mean (SEM)

Description  

 1st seed culture inoculum Inoculum (1st seed) L 173/168 – Volume of inoculum used to initiate the first 
seed culture 

 

 2nd seed culture inoculum Inoculum (2nd seed) L 178/173 – Volume of inoculum used to initiate the second 
seed culture 

 

 Main culture inoculum Inoculum (main 
culture)

L 172/167 – Volume of inoculum used to initiate the main 
culture

 

 Pre-culture volume Volume 
(pre-culture)

mL 177/170 – Culture broth volume measured at the end of 
the pre-culture stage 

 

 1st seed culture volume Volume (1st seed) L 178/173 – Culture broth volume measured at the end of 
the first seed culture 

 

 2nd seed culture volume Volume (2nd seed) L 178/173 – Culture broth volume measured at the end of 
the second seed culture 

 

 Main culture volume Volume (main 
culture)

L 196/178 – Culture broth volume measured at the end of 
the main culture

 

 Cell concentrate volumee Volume (cell 
concentrate) 

kg 196/178 – Mass of the cell concentrate  

 Pre-inoculation main 
culture pH

Pre-inoculation pH pH 150/142 – pH of the main culture medium immediately 
before inoculation with the seed culture 

 

 Post-inoculation main 
culture pH

Post-inoculation pH pH 173/164 – pH of the main culture medium immediately 
after inoculation with the seed culture

 

 1st seed culture final pH Final pH (1st seed) pH 153/144 – Final pH of the culture medium measured at 
the end of the first seed culture 

 

 2nd seed final pH Final pH (2nd seed) pH 149/145 – Final pH of the culture medium measured at 
the end of the second seed culture

 

 Main culture final pH Final pH (main 
culture)

pH 145/138 – Final pH of the culture medium measured at 
the end of the main culture 

 

 1st seed culture total cell 
count

TCC (1st seed) 108 cells/mL 178/172 3 (0)c Total cell count per unit volume measured at 
the end of the first seed culture

 

 2nd seed culture total cell 
count

TCC (2nd seed) 108 cells/mL 176/169 3 (0)c Total cell count per unit volume measured at 
the end of the second seed culture 

 

 Main culture total cell 
count

TCC (main culture) 108 cells/mL 184/168 3 (0)c Total cell count per unit volume measured at 
the end of the main culture 

 

 Main culture viable cell 
countf

VCC (main culture) 108 CFU/mL 194/176 3 (0)c Viable cell count per unit volume at the end of 
the main culture 

 

 Cell concentrate viable cell 
countf

VCC (cell 
concentrate)

108 CFU/mL 196/178 3 (0)c Viable cell count per unit volume of the cell 
concentrate after cryoprotectant addition 

 

 Pump outlet pressure
[min/max/avg]

Pump outlet % 179/171 2.415 (0.066)d Pump operating output expressed as a 
percentage of the maximum pump capacity 
during the concentration process

 

 Flow rate [min/max/avg] – kL/h 193/178 2.438 (0.064)d Volumetric flow rate of the culture broth 
measured during the concentration process 

 

 Process pressure 
[min/max/avg]

– bar 193/178 2.444 (0.064)d Internal pressure of the culture vessel during 
the centrifugation process

 

 Back pressure 
[min/max/avg]

– kPa 180/171 2.205 (0.072)d Pressure generated by downstream flow 
resistance during the concentration process 

 

 Cryoprotectant volumee CP volume kg 196/178 – Amount of cryoprotectant added to the cell 
concentrate prior to freeze-drying 

 

 Number of discharges Discharge [n] – 190/178 – Total number of discharge events occurring 
during centrifugation 

 

 Average volume per 
discharge

Discharge [avg] kg 190/178 – Average mass of material discharged per 
centrifuge discharge event 

 

 Centrifugation time – h 190/178 – Total duration of the centrifugation process  
 Freeze-dried cakef – kg 196/178 – Mass of the freeze-dried product obtained after 

completion of freeze-drying 
 

 Total productionf – kg 184/168 – Total mass of the final product recovered after 
completion of all downstream processes

 

a Number of batches with a non-missing value among the raw production batches (n = 196) and the batches included after preprocessing (n = 178). One batch-level value was 
retained for each variable after within-batch measurements were summarized, where applicable.
b For variables measured repeatedly within a batch, the mean number of measurements and the standard error of the mean (SEM) are reported across the batches included after 
preprocessing (n = 178).
c TCC and VCC were measured in technical triplicate within each batch, and the mean of the three measurements was used as a single batch-level value.
d The four time-series process variables were recorded at one to four time points per batch.
e Excluded from the VCC reduction prediction.
f Excluded from both the total production and VCC reduction predictions. Variables without superscript e or f were used as inputs in all three prediction tasks.
4 
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informed by evidence that imputing variables with missing rates of 
50% or higher yields results deviating substantially from completely 
observed data (Junaid et al., 2025). Step (ii) was based on the rationale 
that samples with excessive missingness retain little reliable informa-
tion even after imputation (Oexner et al., 2025). Step (iii) applied a 
stricter threshold to exclude variables whose imputation quality could 
not be reliably ensured, given the relatively large number of variables 
compared to the number of samples (Abu-Mostafa et al., 2012).

After filtering, the final dataset comprised 178 batch samples with 
36 variables: 34 process variables derived from measurements available 
prior to freeze-drying, freeze-dried cake weight, and total production. 
Descriptions and abbreviations are provided in Table  1 for the 36 
variables, and in Supplementary Table S1 for the excluded variables. 
Two additional variables — VCC measured after post-processing and 
one week after sieving — were included to calculate quality attributes.

2.3.2. Missing value imputation
Remaining missing values were imputed using variable-specific 

strategies (Kraus and Bartsch, 2026): median values (Zhou et al., 2024; 
Little and Rubin, 2019) for volume- and inoculum-related variables; lin-
ear interpolation (Lepot et al., 2017) across batches ordered by the TCC 
at the corresponding or preceding stage, for pH-related variables and 
TCC in the culture broth; and mean values (Zhou et al., 2024; Little and 
Rubin, 2019) for all other variables. Samples lacking all centrifugation-
related variables (number of discharges, average volume per discharge, 
and centrifugation time) were excluded, as their simultaneous absence 
rendered the samples uninformative for characterizing centrifugation 
behavior.

2.4. Predictive modeling and evaluation

To enable an exploratory assessment of relative batch-to-batch qual-
ity variability, classification models were developed to predict quality 
variability associated with three batch-level attributes: (1) total produc-
tion, (2) VCC reduction relative to the theoretical cell count in the cell 
concentrate, and (3) change in VCC after one week relative to the post-
processing VCC. These attributes represent complementary aspects of 
process performance, including production yield, immediate viable-cell 
loss during downstream processing, and post-process stability.

2.4.1. Definition of quality variables
Total production was defined as the total mass of the final product 

after completion of all downstream processes. The theoretical post-
processing VCC was calculated using the operational equation provided 
by the manufacturer for the production dataset used in this study, 
which is based on a material balance of viable cells across downstream 
processing [Doran, 2013; Bérangère et al., 2012]: 

VCCtheoretical =
(volumecc + CP volume) × VCCcc

total production , (1)

where volumecc and VCCcc denote the recorded amount and VCC of 
the cell concentrate, respectively. The cell concentrate amount and 
CP volume were recorded in kg (Table  1). A density of 1 kg/L was 
assumed to convert these recorded masses to their corresponding vol-
umes (Doran, 2013). The theoretical VCC was expressed as CFU/g after 
converting L to mL and kg to g. Because both conversions involve 
a factor of 1000, these factors cancel in the numerical calculation 
shown in Eq. (1). This formulation provides a normalized reference for 
evaluating cell loss during downstream processing. VCC reduction was 
defined as the difference between the theoretical VCC and the measured 
post-processing VCC (Bérangère et al., 2012; van der Linden et al., 
2021): 
VCC reduction = VCCtheoretical − VCCpost-processing, (2)

VCC change after one week was defined as: 
VCC change = VCC − VCC , (3)
after 1w post-processing

5 
which represents the change in viable cell concentration during one 
week of post-processing storage (Berninger et al., 2018; Jannah et al., 
2022).

The distributional characteristics of these variables are summa-
rized in Table  2. Total production ranged from 116.60 to 350.00 kg, 
with a mean of 238.52 kg (±3.58 kg). VCC reduction (vs. theoret-
ical) ranged from 239.85 to 16,775 ×108 CFU∕g, with a mean of 
5713.22 ×108 CFU∕g (±205.06 ×108 CFU∕g), indicating substantial 
inter-batch variability in viable cell loss during downstream processing. 
VCC change after one week ranged from −7731 to 1342 ×108 CFU/g, 
with a mean of −877.34 ×108 CFU∕g (±79.60 ×108 CFU∕g). Most 
values were negative, reflecting an overall decline in VCCs during 
storage, although the magnitude varied across samples.

2.4.2. Input and target variables
Continuous quality variables were converted into binary classifica-

tion targets using the mean value of each variable as the cutoff (mean 
values are given in Table  2). The resulting below-mean and above-
mean groups comprised 83 and 95 batches for total production, 101 
and 77 batches for VCC reduction, and 84 and 94 batches for VCC 
change, respectively. These data-derived cutoffs were used solely to 
distinguish batches with relatively lower and higher values for each 
quality attribute and did not represent industrial pass/fail standards. 
Because dichotomizing a continuous variable discards information on 
within-group differences and makes the resulting classes dependent on 
the chosen cutoff (MacCallum et al., 2002), the robustness of this choice 
was examined using an alternative median cutoff (Section 2.5.2).

For each quality variable, we first defined the intended prediction 
time in an actual industrial setting. Only variables that would be 
available at that time and were not directly used to calculate the 
corresponding quality variable were included as input features. These 
criteria were applied to prevent potential data leakage (Kapoor and 
Narayanan, 2023). The prediction time for total production was defined 
as the point after CP addition but before freeze-drying began. The 
prediction time for VCC reduction was defined as an earlier point, 
after completion of the concentration process but before CP addition. 
The prediction time for VCC change was defined as the point after 
post-processing but before the one-week re-analysis results became 
available.

Variable availability at a given prediction time also depends on 
the analytical method used. Under ILDONG Bioscience’s current testing 
protocol, TCC is determined by direct hemocytometer counting and 
is generally available on the same day as sampling. In contrast, VCC 
requires MRS agar pour plating (Davis, 2014) followed by 48–72 h 
of anaerobic incubation at 37 ◦C, so results become available only 
2–3 days after sampling. Accordingly, VCC measured at the main 
culture and cell concentrate stages, despite being sampled earlier in 
the process, was treated as unavailable at the prediction times for total 
production and VCC reduction, given the required incubation period.

Applying these criteria, the input variables for predicting total 
production consisted of 32 of the 34 pre-freeze-drying variables, ex-
cluding VCC of the main culture and cell concentrate. Freeze-dried 
cake weight and total production were measured after the prediction 
time and were therefore not included among these 34 candidate vari-
ables. For VCC reduction, CP volume and cell concentrate volume 
were additionally excluded because both variables are directly used to 
calculate theoretical VCC (Eq. (1)). CP volume was also unavailable at 
the intended prediction time because cryoprotectant had not yet been 
added. Cell concentrate VCC and total production, the other variables 
used in Eq. (1), had already been excluded based on prediction timing. 
Therefore, none of the variables used to calculate theoretical VCC were 
included as inputs, resulting in 30 input variables for VCC reduction. 
For VCC change, all 36 variables listed in Table  1, including VCC of the 
main culture and cell concentrate, were available at the prediction time 
and were used as inputs. Table  1 summarizes the input composition for 
each prediction task.
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Table 2
Descriptive statistics of the quality variables used in this study.
 Statistic Quality variable
 Total production (kg) VCC reduction (vs. theoretical, ×108 CFU∕g) VCC change (after 1w, ×108 CFU∕g)

 [Min, Max] [116.60, 350.00] [239.85, 16,775.00] [−7731.00, 1342.00]  
 Mean (SEM) 238.52 (3.58) 5713.22 (205.06) −877.34 (79.60)  
 Median [Q1, Q3] 250.00 [200.00, 300.00] 5172.81 [3876.88, 7407.71] −823.50 [−1457.75, −142.50]  
SEM: standard error of the mean; Q1: 25th percentile; Q3: 75th percentile.
Table 3
Classification performance of the XGBoost models for each quality variable.
 Quality variable Metrics (%), mean (SEM)
 Accuracy F1 Precision Sensitivity

 Total production 75.29 (2.42) 75.29 (3.28) 78.17 (3.47) 74.41 (4.82) 
 VCC reduction 74.25 (3.17) 67.47 (5.86) 71.44 (7.32) 66.29 (6.47) 
 VCC change 59.48 (3.81) 59.79 (4.67) 62.87 (5.75) 60.27 (6.15) 
The mean scores and standard errors of the mean (SEM) across 10 folds were reported.

2.4.3. Classification scheme and modeling
XGBoost was employed due to its ability to capture nonlinear re-

lationships and handle the heterogeneous process variables commonly 
observed in industrial bioprocess data (Chen and Guestrin, 2016; Paul 
et al., 2025; Ageh et al., 2024; Saha et al., 2025). The model parameter 
settings are summarized in Supplementary Table S2. To address class 
imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) 
(Chawla et al., 2002; Lemaître et al., 2017) was applied exclusively 
to the training data within each cross-validation fold (Kapoor and 
Narayanan, 2023; Kuhn and Johnson, 2019; Vandewiele et al., 2021). 
Median and mean imputation of missing values (Section 2.3.2) was 
also performed within each cross-validation fold. Imputation values 
were computed using only the training-fold data and then applied to 
the corresponding held-out fold (Kapoor and Narayanan, 2023; Kuhn 
and Johnson, 2019). Given the limited number of available batches, no 
separate external test set was used. Model performance was evaluated 
using 10-fold cross-validation (Kohavi, 1995), in which the dataset was 
randomly partitioned into 10 approximately equal folds. In each of the 
10 iterations, nine folds were used for model training, while the remain-
ing fold was held out exclusively for performance evaluation (Nti et al., 
2021). Each batch was included in the held-out evaluation fold exactly 
once. Four performance metrics were utilized (Sokolova and Lapalme, 
2009): accuracy, F1-score, precision, and sensitivity (recall).

2.4.4. Feature importance analysis
To further interrogate the predictive contributions of individual 

feature variables, feature importance scores derived from the trained 
XGBoost models were systematically analyzed (Shi et al., 2019). In 
tree-based ensemble models such as XGBoost, feature importance re-
flects the contribution of each variable to the reduction of the loss 
function through recursive partitioning, thereby capturing nonlinear 
relationships and interactions among variables (Chen and Guestrin, 
2016; Ageh et al., 2024). To obtain a stable and representative estimate, 
the importance values were averaged across the ten models trained 
during cross-validation (Molnar et al., 2022). Relative importance was 
reported, which is defined as the proportion of each variable to the 
total importance across all features, in the following results section.

2.5. Sensitivity and comparative analyses

2.5.1. Missing-rate threshold sensitivity analysis
The main analysis applies a three-step missing-rate thresholding 

procedure for handling missing values (see Section 2.3.1). However, 
the sample-level threshold of 25.0% in step (ii) and the variable-level 
threshold of 25.0% in step (iii) were chosen empirically to ensure over-
all data completeness and are thus somewhat arbitrary. Because such 
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data-processing decisions can influence downstream results (Steegen 
et al., 2016), we conducted a sensitivity analysis (Thabane et al., 2013) 
using four alternative threshold combinations: fixing the variable-level 
threshold (25.0%) while setting the sample-level threshold to 12.5% 
(stricter) or 50.0% (relaxed), and conversely, fixing the sample-level 
threshold (25.0%) while setting the variable-level threshold to 12.5% or 
50.0%. For each resulting dataset, imputation was performed following 
the same procedure as the main analysis, and the same classification 
scheme and feature analysis protocol were applied for comparison.

2.5.2. Classification cutoff sensitivity analysis
To convert relative batch-to-batch quality variation into a binary 

classification problem, the main analysis used the mean of each quality 
variable as the cutoff to divide the 178 batches into below- and above-
mean groups (see Section 2.4.2). Because group membership near a 
data-derived cutoff can shift with the cutoff definition (MacCallum 
et al., 2002), the median was used as an alternative cutoff (median 
values are given in Table  2) to define below- and above-median groups 
for each quality variable: total production into above-median (𝑛 = 93) 
and below-median (𝑛 = 85), VCC reduction into above-median (𝑛 =
90) and below-median (𝑛 = 88), and VCC change into below-median 
(𝑛 = 92) and above-median (𝑛 = 86). The same predictive modeling 
and evaluation protocol as in the main analysis was then applied to 
the reclassified dataset for comparison.

2.5.3. Baseline model comparison
To evaluate the predictive performance of XGBoost relative to mod-

els based on different learning principles, we additionally trained sup-
port vector machine (SVM; margin-based) (Onel et al., 2018; Cortes and 
Vapnik, 1995) and random forest (bagging-based ensemble) (Melcher 
et al., 2015; Breiman, 2001) models. We compared their classifica-
tion performance to assess whether the observed predictive perfor-
mance depended substantially on the choice of learning algorithm. 
The models were implemented using the xgboost (v3.0.2) (Chen and 
Guestrin, 2016), scikit-learn (v1.7.0) (Pedregosa et al., 2011), and 
imbalanced-learn (v0.14.1) (Lemaître et al., 2017) Python packages, 
and the parameter settings are summarized in Supplementary Table S2.

3. Results

3.1. Dataset characteristics and quality attributes

Descriptive statistics of key process/quality variables stratified by 
classification group are presented in Supplementary Table S3. At the 
overall level, process-scale variables such as main culture volume 
(approximately 20,500 L) and cell concentrate mass (approximately 
617 kg) showed relatively limited variability. In contrast, differences 
between groups were observed in variables associated with downstream 
processing and cell viability. In particular, the above-mean total pro-
duction group exhibited higher values for both cell concentrate volume 
and CP volume compared to the below-mean, suggesting a potential 
association between biomass availability, formulation conditions, and 
final production yield.
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Table 4
Relative feature importance of top variables contributing to approximately 50% of the total importance for predicting each quality 
variable using the XGBoost model.
 Rank Total production VCC reduction (vs. theoretical) VCC change (after 1w)
 Variable Importance (%) Variable Importance (%) Variable Importance (%)
 1 CP volume 14.52 Back pressure [avg] 10.52 CP volume 10.60 
 2 Process pressure [min] 11.74 Discharge [n] 10.38 Total production 8.92 
 3 Pump outlet [avg] 7.47 Process pressure [min] 8.17 Discharge [n] 7.37 
 4 Discharge [n] 6.99 Pre-inoculation pH 7.05 Volume (cell concentrate) 5.08 
 5 Discharge [avg] 5.72 TCC (1st seed) 6.41 VCC (cell concentrate) 4.95 
 6 TCC (2nd seed) 5.61 Final pH (2nd seed) 5.66 Final pH (2nd seed) 4.95 
 7 Flow rate [avg] 5.01 Volume (pre-culture) 4.41 
 8 Freeze-dried cake 4.38 
 Total 52.06 53.20 50.67 
Table 5
Descriptive statistics for the top variables in the importance analysis of a stratified dataset by classification group.
 Total production VCC reduction (vs. theoretical) VCC change (after 1w)
 Below-mean Above-mean Below-mean Above-mean Below-mean Above-mean

 CP volume 207.00 (2.84) 248.74 (8.84) TCC (1st seed) 59.45 (1.32) 56.24 (1.11) Volume (pre-culture) 7256.41 (200.26) 7347.83 (190.83)  TCC (2nd seed) 53.98 (1.14) 51.93 (1.23) Final pH (2nd seed) 4.54 (0.02) 4.61 (0.02) Final pH (2nd seed) 4.53 (0.02) 4.60 (0.02)   Process pressure [min] 0.58 (0.04) 0.82 (0.03) Pre-inoculation pH 4.52 (0.02) 4.60 (0.03) Discharge [n] 44.64 (1.07) 46.07 (1.18)   Pump outlet [avg] 22.71 (1.23) 19.47 (0.97) Process pressure [min] 0.78 (0.03) 0.60 (0.04) Volume (cell concentrate) 616.04 (9.22) 618.31 (9.82)   Discharge [n] 41.27 (1.14) 49.00 (0.99) Flow rate [avg] 7.16 (0.15) 7.63 (0.09) VCC (cell concentrate) 3385.37 (71.69) 3189.72 (62.18)   Discharge [avg] 16.05 (0.65) 13.49 (0.36) Back pressure [avg] 220.79 (0.68) 221.13 (0.46) CP volume 222.68 (9.13) 235.17 (5.26)   Discharge [n] 48.25 (1.01) 41.64 (1.17) Freeze-dried cake 180.41 (2.65) 185.96 (3.19)   Total production 236.11 (5.02) 240.67 (5.09)  
For each prediction variable, the mean and standard error of the mean (SEM) calculated from the samples in each classification group were reported—total production: below-mean (𝑛 = 83), above-mean (𝑛 = 95); VCC 
reduction: below-mean (𝑛 = 101), above-mean (𝑛 = 77); VCC change: below-mean (𝑛 = 84), above-mean (𝑛 = 94).
3.2. Prediction performance for quality variability

The classification performance of the XGBoost models for the three 
quality variables is summarized in Table  3, and confusion matrices 
are presented in Supplementary Fig. S1, illustrating the classification 
tendencies underlying the performance metrics reported in Table  3.

The models achieved comparable performance for total production 
and VCC reduction, with mean accuracies of 75.29% (SEM: ±2.42%) 
and 74.25% (±3.17%), respectively. For total production, precision was 
78.17% (±3.47%) and sensitivity was 74.41% (±4.82%), indicating 
broadly comparable performance across the two metrics. For VCC re-
duction, precision (71.44%, ±7.32%) and sensitivity (66.29%, ±6.47%) 
were both moderately lower than the corresponding values for total 
production. In contrast, the prediction of VCC change during one-week 
post-processing storage showed the lowest performance among the 
three quality variables, with an accuracy of 59.48% (±3.81%), F1-score 
of 59.79% (±4.67%), precision of 62.87% (±5.75%), and sensitivity of 
60.27% (±6.15%).

3.3. Key process factors associated with quality variability

To facilitate interpretable analysis, variables accounting for approx-
imately 50% of the cumulative feature importance were selected (Table 
4). Descriptive statistics of the top variables, stratified by classification 
group (below- and above-mean), are presented in Table  5.

For total production, six variables accounted for 52.06% of the 
total importance, with CP volume as the highest-ranked predictor 
(14.52%), followed by minimum process pressure (11.74%) and mean 
pump outlet pressure (7.47%). Discharge-related variables, including 
the number of discharges (6.99%) and average volume per discharge 
(5.72%), and second seed culture TCC (5.61%) were also included. 
Batches with above-mean total production exhibited a higher mean CP 
volume (248.74 vs. 207.00; Table  5) and a higher mean number of 
discharges (49.00 vs. 41.27) relative to below-mean batches, whereas 
mean pump outlet pressure was lower in the above-mean group (19.47 
vs. 22.71).

For VCC reduction, seven variables explained 53.20% of the total 
importance, led by mean back pressure (10.52%) and the number of 
discharges (10.38%), followed by minimum process pressure (8.17%), 
pre-inoculation pH (7.05%), first seed culture TCC (6.41%), second 
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seed culture final pH (5.66%), and mean flow rate (5.01%). Meanwhile, 
the group-wise comparison of mean back pressure, which had the high-
est importance, showed nearly zero difference between below-mean 
and above-mean batches (Table  5).

For VCC change, eight variables were required to account for 
50.67% of the total importance, reflecting a more distributed con-
tribution across features. CP volume (10.60%) and total production 
(8.92%) were the two leading contributors, followed by the number of 
discharges (7.37%), cell concentrate volume (5.08%), cell concentrate 
VCC (4.95%), second seed culture final pH (4.95%), pre-culture volume 
(4.41%), and freeze-dried cake weight (4.38%).

3.4. Effects of missing-data thresholds

To examine the effect of the missing-rate-based preprocessing thres-
holds, four alternative threshold combinations were additionally exam-
ined. When the sample-level threshold in step (ii) was fixed at 25% and 
only the variable-level threshold in step (iii) was varied, the number of 
input samples remained unchanged at 178, and the number of input 
variables increased as the threshold was relaxed (total production: 28 
to 35, VCC reduction: 26 to 33, VCC change: 32 to 39 for 12.5% to 
50.0%), and no additional variables were excluded in step (iii) when 
applying the 50% threshold. When the variable-level threshold was 
fixed at 25%, and the sample-level threshold was varied, the number 
of samples decreased to 151 under the stricter threshold (12.5%) and 
increased to 190 under the more relaxed threshold (50%).

In terms of classification performance (Table  6), the prediction of 
total production remained relatively stable across variations in the 
variable-level threshold (mean accuracy: 74.74%–75.29%). However, 
it was considerably affected by changes in the sample-level threshold: 
mean accuracy varied from 69.54% (stricter threshold) to 77.37% 
(relaxed threshold). The prediction of VCC reduction was compara-
tively sensitive to changes in the variable-level threshold, with mean 
accuracy decreasing from 74.25% in the main analysis (25%) to 68.04% 
and 70.82% under the thresholds 12.5% and 50.0%, respectively. A 
similar pattern was observed for the sample-level threshold, with re-
duced performance under both variants: mean accuracy 65.50% and 
63.16% under the thresholds 12.5% and 50.0%, respectively, indicating 
a modest degree of sensitivity to threshold changes in either direction. 
The prediction of VCC change was the most sensitive to changes in 
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Table 6
Comparison of preprocessed dataset configurations and classification performance in the missing-rate threshold sensitivity analysis.
 Missing rate threshold Model input Metrics (%), mean (SEM) Missing rate threshold Model input Metrics (%), mean (SEM)
 sample/variablea # samples # variables Accuracy F1 sample/variable # samples # variables Accuracy F1

 25.0%/12.5% 12.5%/25.0%

 Total production 178 28 75.29 (2.20) 75.26 (2.80) Total production 151 33 69.54 (2.65) 69.69 (2.54)   VCC reduction (vs. theoretical) 178 26 68.04 (2.11) 62.05 (3.89) VCC reduction (vs. theoretical) 151 31 65.50 (2.83) 56.06 (5.24)   VCC change (after 1w) 178 32 50.03 (3.50) 51.88 (4.07) VCC change (after 1w) 151 37 43.08 (5.31) 46.17 (5.74)  
 25.0%/25.0% 25.0%/25.0%

 Total production 178 32 75.29 (2.42) 75.29 (3.28) Total production 178 32 75.29 (2.42) 75.29 (3.28)   VCC reduction (vs. theoretical) 178 30 74.25 (3.17) 67.47 (5.86) VCC reduction (vs. theoretical) 178 30 74.25 (3.17) 67.47 (5.86)  VCC change (after 1w) 178 36 59.48 (3.81) 59.79 (4.67) VCC change (after 1w) 178 36 59.48 (3.81) 59.79 (4.67) 
 25.0%/50.0%b 50.0%/25.0%

 Total production 178 35 74.74 (2.69) 75.03 (3.18) Total production 190 31 77.37 (2.49) 77.63 (3.12)  VCC reduction (vs. theoretical) 178 33 70.82 (2.42) 63.61 (5.45) VCC reduction (vs. theoretical) 190 29 63.16 (3.92) 58.28 (5.57)   VCC change (after 1w) 178 39 52.22 (3.53) 55.29 (4.10) VCC change (after 1w) 190 35 47.37 (3.68) 48.21 (4.55)  
a Sample-level threshold and variable-level threshold used at the second and third step of missing-rate-based exclusion, respectively.
b Applying a 50% variable-level threshold did not exclude any variables. The underlined threshold pairs represent the values used in the main analysis. This shows the classification performance of the XGBoost model 
along with the number of input samples and the number of input variables, and displays the mean score across 10 folds and the standard error of the mean (SEM). The left side of the table shows the comparison when 
the sample-level threshold is fixed, while the right side shows when the variable-level threshold is fixed. The bold indicates the best mean score for each comparison and each target quality variable.
Fig. 2. Feature importance of threshold sensitivity analysis. Each bar represents the importance (%) in the main analysis; each error bar shows the standard error 
of the mean (SEM) for the five missing-rate threshold pairs, and the mean scores are indicated by markers.
Table 7
Comparison of classification performance for cutoff sensitivity analysis.
 Metrics (%), mean (SEM)
 Accuracy F1 Precision Sensitivity

 Median cutoff
 Total production 70.82 (2.45) 70.57 (3.86) 72.29 (4.74) 70.59 (4.87)  
 VCC reduction 71.44 (2.73) 70.34 (3.75) 71.26 (4.79) 70.96 (4.17) 
 VCC change 53.30 (2.50) 51.36 (3.88) 53.49 (4.72) 51.21 (4.74)  
 Mean cutoff
 Total production 75.29 (2.42) 75.29 (3.28) 78.17 (3.47) 74.41 (4.82) 
 VCC reduction 74.25 (3.17) 67.47 (5.86) 71.44 (7.32) 66.29 (6.47)  
 VCC change 59.48 (3.81) 59.79 (4.67) 62.87 (5.75) 60.27 (6.15) 
The classification performance of the XGBoost model was reported as the mean score and standard error of the 
mean (SEM) across 10 folds. Underlining indicates the cutoff used in the main analysis. The bold indicates the 
highest mean scores for each performance metric and each target quality variable.
the preprocessing conditions. Mean accuracy ranged from 50.03% to 
59.48% across variations in the variable-level threshold, and the range 
was even wider for the sample-level threshold, varying from 43.08% 
(stricter threshold) to 59.48% (main analysis).

In the feature importance analysis (Fig.  2 and Supplementary Ta-
ble S4), for total production, the importance of top-ranked variables, 
including CP volume and minimum process pressure, remained stable 
across the five threshold combinations, exhibiting relatively narrow 
error ranges (SEM) and values comparable to or slightly higher than 
those of the main analysis. For VCC reduction, although the top-ranked 
variable, mean back pressure, showed a relatively wide error range, 
this range was shifted to higher values than in the main analysis, such 
that the ranking of variables was not affected. For VCC change, most 
top-ranked variables, including CP volume and number of discharges, 
exhibited error ranges that were considerably wide relative to the bar 
heights, while the relatively lower-ranked variables were distributed at 
lower values, indicating that the importance of lower-ranked variables 
could vary substantially depending on the threshold condition.

3.5. Effects of the classification cutoff

Quality classes were redefined using the median rather than the 
mean cutoff used in the main analysis. The XGBoost models were 
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then retrained using the redefined classes, and their performance was 
compared with that of the main analysis (Table  7). For total production 
and VCC change, all four performance metrics decreased under the 
median cutoff. Mean accuracy decreased from 75.29% to 70.82% for 
total production and from 59.48% to 53.30% for VCC change, with 
the larger decline observed for VCC change. For VCC reduction, mean 
accuracy decreased slightly from 74.25% to 71.44%, whereas F1-score 
and sensitivity increased under the median cutoff.

In the feature importance analysis (Fig.  3, Supplementary Table 
S5), the prediction of total production showed the most stable pattern, 
with the six variables accounting for the top 50% of importance (CP 
volume, minimum process pressure, and others) remaining completely 
unchanged from the main analysis. For VCC reduction, the number 
of top-ranked variables decreased from seven to four, but mean back 
pressure and number of discharges remained the top-ranked variables. 
For VCC change, five variables — number of discharges, CP volume, 
total production, second seed culture final pH, and cell concentrate 
VCC — were commonly retained from the main analysis, whereas the 
remaining variable composition differed to some extent.

3.6. Performance comparison with baseline models

Table  8 summarizes the predictive performance of baseline mod-
els (SVM and random forest) and XGBoost. For total production, 
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Fig. 3. Comparison of feature importance from classification cutoff sensitivity analysis. Each panel shows the relative feature importance (%) of top variables 
contributing to approximately 50% in each quality variable prediction; the bars represent the importance from the median cutoff, and the triangle markers indicate 
the importance from the mean cutoff (main analysis) if the variable is included within the top variables of the main analysis (Table  4).
Table 8
Comparison of classification performance with baseline models.
 Metrics (%), mean (SEM)
 Accuracy F1 Precision Sensitivity

 SVM
 Total production 74.31 (4.59) 76.97 (4.43) 74.02 (5.48) 81.43 (4.15) 
 VCC reduction 71.41 (3.11) 66.97 (4.56) 65.49 (4.64) 69.52 (5.28) 
 VCC change 58.43 (3.53) 59.33 (3.55) 63.69 (6.07) 58.95 (4.55)  
 Random forest
 Total production 72.55 (2.74) 73.31 (3.66) 74.33 (4.48) 74.60 (5.24)  
 VCC reduction 72.55 (3.63) 66.61 (6.00) 68.18 (6.47) 67.30 (7.02)  
 VCC change 56.21 (6.59) 59.71 (5.81) 63.34 (8.75) 60.99 (5.79) 
 XGBoost
 Total production 75.29 (2.42) 75.29 (3.28) 78.17 (3.47) 74.41 (4.82)  
 VCC reduction 74.25 (3.17) 67.47 (5.86) 71.44 (7.32) 66.29 (6.47)  
 VCC change 59.48 (3.81) 59.79 (4.67) 62.87 (5.75) 60.27 (6.15)  
The mean scores and standard errors of the mean (SEM) across 10 folds were reported. The underline indicates 
the model (XGBoost) used in the main method. The bold indicates the highest mean scores for each metric and 
each target quality variable across the models.
mean accuracy was similar across the three models (72.55%–75.29%), 
with XGBoost achieving the highest accuracy (75.29%) and preci-
sion (78.17%), while SVM showed the highest F1-score (76.97%) and 
sensitivity (81.43%). For VCC reduction, XGBoost achieved the best 
mean accuracy (74.25%) and F1-score (67.47%), though differences 
among models were modest (mean accuracy: 71.41%–74.25%; mean 
F1: 66.61%–67.47%). VCC change showed the lowest performance 
overall (mean accuracy: 56.21%–59.48%); XGBoost showed a slight 
edge in accuracy and F1-score, but SVM had higher precision (63.69%), 
indicating no clear superiority of any single model. The comparable 
performance across the three models indicates that the observed results 
were not unique to XGBoost. However, this within-dataset comparison 
does not replace validation using an independent external dataset.

4. Discussion

This study trained XGBoost models for three quality variables — 
total production, VCC reduction at post-processing relative to theoreti-
cal value, and VCC change after one week — to evaluate classification 
performance and analyze feature importance. Total production refers 
to the weight of the final product recovered after milling and sieving; 
VCC reduction refers to the extent to which the viable cell count per 
unit mass decreased relative to the theoretical value, i.e., immediate 
cell survival following processing; and VCC change refers to the change 
in viable cell count per unit mass after one week of storage, i.e., cell 
survival after storage for a defined period. Our results confirmed that 
the predictions of VCC reduction and VCC change should be interpreted 
cautiously, focusing on a subset of high-importance variables.

In terms of classification performance (Table  3), total production 
achieved the highest performance, VCC reduction showed relatively 
good performance, and VCC change showed comparatively lower per-
formance. In the feature importance analysis (Table  4), CP volume and 
minimum process pressure each accounted for more than 10% impor-
tance for total production, with mean pump outlet pressure and number 
of discharges at approximately 7%. For VCC reduction, mean back 
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pressure and number of discharges accounted for more than 10%, and 
minimum process pressure and pre-inoculation pH for more than 7%. 
For VCC change, CP volume accounted for more than 10% and number 
of discharges for more than 7%, with variables directly related to the 
theoretical cell count calculation (total production, cell concentrate 
volume/VCC) also showing high importance. Unlike the other targets, 
importance for VCC change was distributed relatively evenly across 
variables, suggesting that predicting cell survival following storage may 
require more complex, multivariate relationships or that the measured 
variables are insufficient to fully explain it—consistent with its lower 
classification performance. The results for VCC change should therefore 
be regarded as an exploratory and suggestive trend rather than a 
definitive conclusion.

A sensitivity analysis examining the effect of missing-rate thresholds 
showed that total production remained relatively stable, VCC reduction 
was particularly sensitive to the variable-level threshold, and VCC 
change was the most sensitive overall (Table  6). In the feature im-
portance analysis, top-ranked variables for total production remained 
comparable to or higher than in the main analysis (Fig.  2), whereas for 
VCC reduction and especially VCC change, interpretation should focus 
on the subset of top-ranked variables that maintained low sensitivity.

The median cutoff analysis, conducted to verify robustness, sup-
ported this trend: performance variation was largest for VCC change 
(Table  7), and while the top-50% variable composition for total pro-
duction remained identical to that of the mean cutoff, only a subset 
of the highest-ranked variables was retained for VCC reduction and 
VCC change (Supplementary Table S5). Accordingly, results were inter-
preted with a focus on variables showing stable top-ranked importance 
across these robustness analyses: for total production, CP volume, 
centrifugation-related variables (number of discharges, average vol-
ume per discharge), and pressure-related variables (minimum process 
pressure, mean pump outlet pressure); for VCC reduction, number of 
discharges and mean back pressure; and for VCC change, CP volume 
and number of discharges. Because the avg/min/max variables derived 
from each time-series process variable (pump outlet pressure, flow rate, 
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process pressure, back pressure) exhibit high mutual multicollinearity, 
the specific variable selected among collinear sets can vary with mi-
nor data changes or retraining (Kim, 2019). Interpretation therefore 
focused on the corresponding upstream process variable rather than the 
individual avg/min/max statistics.

Notably, variables related to the concentration and freeze-drying 
processes showed higher importance and greater stability than vari-
ables directly related to production quality. TCC-related variables were 
included as inputs for total production and VCC reduction, and VCC 
change additionally included total production- and VCC-related vari-
ables (Table  1). In the main analysis, seed culture TCC variables were 
among the top 50% importance variables for total production and VCC 
reduction but contributed less than 6% (Table  4); similarly, variables 
used to calculate the theoretical post-processing VCC (total production, 
cell concentrate volume/VCC; Eq. (1)) were among the top 50% for 
VCC change but showed lower importance than CP volume and number 
of discharges, or high variability in the additional analyses. Interpre-
tation therefore focused on the concentration process (pressure- and 
discharge-related variables) and the freeze-drying process (CP volume).

CP volume showed particularly prominent importance for total 
production and VCC change, with higher values observed in the above-
mean group for both (Supplementary Table S3). As this does not 
guarantee a linear relationship, several interpretations should be con-
sidered. First, an appropriate CP volume may have reduced losses 
during milling/sieving: freeze-dried cake inevitably loses material dur-
ing this process (Oyinloye and Yoon, 2020), and the strength and 
uniformity of its porous structure depend strongly on the solids con-
centration of the initial slurry, i.e., the dilution determined by CP 
volume (Kasper and Friess, 2011; Hedberg et al., 2019). An appropri-
ate CP volume may thus allow the cake to fracture consistently into 
powder matching the target particle size distribution, increasing sieve 
pass-through and production yield (Touzet et al., 2018).

Second, CP volume may have acted through its intrinsic cryopro-
tectant role, protecting cells from freezing and drying stress (Ge et al., 
2024). A higher CP volume, given similar total input cell counts, 
may indicate a sufficient final cryoprotectant concentration, reducing 
ice-crystal-induced membrane damage (Li et al., 2025), enhancing 
vitrification-based protection of protein/membrane structure during 
drying (Noufeu et al., 2025), and mitigating gradual storage deteriora-
tion from residual moisture and reactive oxygen species (Nag and Das, 
2013)—potentially explaining its importance for VCC change. Although 
CP volume was not included as an input for VCC reduction prediction, 
if this hypothesis holds, a higher CP volume could jointly improve 
survival immediately after freeze-drying and reduce further cell death 
during storage.

However, CP volume may also have been merely a secondary indi-
cator of underlying process status: batches with more favorable culture 
outcomes may simply have received more CP volume to reach the target 
VCC concentration, reflecting an inherently favorable batch rather than 
an effect of CP volume itself. As these results do not guarantee linearity 
or causality, this possibility should be considered.

The number of discharges showed high importance across all pre-
dictions, and average volume per discharge was also top-ranked for 
total production, indicating that discharge-related variables are rele-
vant to both recovery and short- and long-term survival. Group-wise 
comparisons (Table  5) showed more frequent discharge in batches 
with higher total production, lower VCC reduction, and larger VCC 
change. For total production, the lower average volume per discharge 
in the higher-recovery group suggests shortened discharge intervals 
rather than simply a larger culture yield. Prolonged discharge intervals 
may thicken the cake inside the centrifuge bowl, reducing separation 
efficiency and allowing cells to escape into the effluent (Baust et al., 
2025), while prolonged retention in the cake may expose cells to 
pressure, friction, and heat, increasing cell death or impairing long-
term stability (Zaman et al., 2009; Peterson et al., 2012; Katagiri et al., 
2022). As with CP volume, however, this pattern may instead reflect 
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an inherently favorable, high-solids-content batch in which solids ac-
cumulated more rapidly, naturally leading to more frequent, shorter 
discharges (Richardson and Walker, 2018), representing the same type 
of confounding possibility; these results likewise do not guarantee 
linearity or causality.

Specifically for total production, process pressure and pump outlet 
pressure showed high importance, with higher process pressure and 
lower pump outlet pressure in the higher-recovery group (Table  5). As 
both are measured upstream of centrifugation, a higher process pres-
sure may strengthen the transfer driving force, allowing lower pump 
load (Doran, 2013) and reflecting stable transfer flow—suggesting these 
variables indicate low overall process loss rather than directly affecting 
yield.

For VCC reduction, back pressure showed high importance despite 
a minimal mean difference between groups (Table  5). As XGBoost can 
capture complex nonlinear interactions (Chen and Guestrin, 2016), this 
may reflect interaction effects—for example, high back pressure with 
a short discharge interval (brief exposure) may have little effect on 
survival, whereas low back pressure with a long interval (prolonged 
exposure) may accumulate cellular stress. However, this remains an 
illustrative hypothesis. The high importance assigned to back pressure 
may also reflect model-dependent feature attribution or incidental pat-
terns in this limited dataset rather than a stable relationship (Lundberg 
and Lee, 2017; Strobl et al., 2007). The nonlinear explanation presented 
above should therefore be regarded as a hypothesis requiring further 
validation.

The VCC change model, constructed to examine post-processing 
storage survival, showed low predictive performance and stability, 
warranting particular caution. The high importance of CP volume 
may support a hypothesis that reduced cellular damage during freeze-
drying contributed to stable storage survival (Li et al., 2025; Noufeu 
et al., 2025), and the high importance of number of discharges may 
suggest that shorter exposure to discharge pressure was also relevant 
(Zaman et al., 2009); however, the model’s failure to identify pressure-
related variables as important suggests insufficient evidence for this 
hypothesis, possibly related to its low classification performance. Other 
unmeasured factors — such as storage temperature, packaging method, 
and oxygen exposure (Jannah et al., 2022) — may also influence long-
term survival, suggesting that the data coverage in this study may not 
have been sufficient.

This study has several limitations. The analysis was based on data 
collected from a single industrial process, and no independent external 
test set was available. Model performance was therefore evaluated 
using cross-validation within this dataset. These constraints may limit 
the generalizability of the reported performance and findings to other 
strains, production systems, or operating conditions. In the absence 
of an industrially agreed quality standard, a data-driven cutoff (the 
mean value) was used to define the quality classes, and sensitivity 
analyses of the cutoff definition (mean vs. median) and preprocessing 
conditions confirmed that VCC reduction and VCC change predictions 
were somewhat sensitive to these methodological choices. In addition, 
it cannot be ruled out that these variables function as indirect proxies 
for overall batch favorability rather than as genuine causal factors, 
and the observational nature of the data precludes a definitive causal 
interpretation. Given the limited sample size of 178 batches, the feature 
importance derived from machine learning models may also reflect 
incidental patterns rather than a genuine signal, warranting caution 
in interpreting individual variable importance. Moreover, long-term 
outcomes such as VCC change may be influenced by unmeasured 
factors, including storage temperature, packaging method, and oxygen 
exposure.

Future studies should incorporate such storage-related variables and 
real-time monitoring data, validate generalizability using larger-scale, 
multi-site datasets, and clarify process-quality relationships through 
controlled experimental validation. Such efforts could develop the 
present approach into a predictive monitoring framework applicable 
in industrial settings.
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5. Conclusion

The practical value of the present findings lies in narrowing the 
range of formulation and downstream processing conditions that war-
rant further investigation. Cryoprotectant volume, discharge character-
istics, and pressure-related variables were repeatedly associated with 
variability in production yield or viable cell concentration. These vari-
ables should be regarded as candidates for process evaluation rather 
than established causal control factors. Several limitations define the 
scope of these findings. The analysis was based on 178 batches from 
a single manufacturing site, which limits its generalizability to other 
strains, facilities, and operating conditions. The classification targets 
were defined using data-derived mean cutoffs rather than predefined 
industrial quality criteria. In addition, the observational design cannot 
distinguish direct process effects from indirect associations or unmea-
sured confounding. The findings for one-week VCC change require par-
ticular caution because of their lower predictive performance, sensitiv-
ity to the cutoff definition, and the absence of detailed storage-related 
variables. Future studies should evaluate the identified associations in 
larger, multi-site manufacturing datasets and incorporate predefined 
quality specifications where available. Additional storage conditions 
should be recorded to improve the analysis of post-processing viability. 
Controlled process experiments will ultimately be required to deter-
mine whether modifying the identified variables produces reproducible 
improvements in product quality.
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