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ARTICLE INFO ABSTRACT 

Keywords Biopharmaceutical fermentation processes require continuous monitoring of 
temperature, pH, dissolved oxygen, agitation speed, feed rate, biomass 
concentration, pressure, conductivity, and metabolite levels. These variables 
interact through complex biochemical and mechanical mechanisms, making it 
difficult to identify whether an abnormal signal is a true process fault or a 
downstream response to another variable. This study proposes a fine-grained 
causal anomaly localization method for biopharmaceutical fermentation time 
series. The method combines domain-constrained causal discovery, temporal 
attention, and intervention-based residual scoring. First, a causal structure is 
learned under process constraints such as feed-to-growth dependency, 
oxygen-transfer relationships, and temperature-control feedback. Second, 
intervention-based residuals are computed by replacing suspected abnormal 
variables with causally expected values. Finally, abnormal variables are 
ranked according to their causal contribution to batch-level process deviation. 
Experiments are conducted on a fermentation monitoring dataset containing 
1,120 production batches, 54 process variables, and one-minute observations 
collected from pilot-scale and production-scale bioreactors over 19 months. 
The dataset includes 72 million process records and 1,380 expert-labeled 
abnormal segments, including dissolved-oxygen control failure, feed-pump 
instability, pH drift, excessive foam formation, abnormal biomass growth, and 
temperature-control delay. The proposed method reduces median abnormal 
variable localization time from 16.9 minutes to 5.4 minutes compared with a 
reconstruction-only Transformer baseline. The false alert rate decreases to 1.8 
cases per batch. The top-ranked causal variable matches expert investigation 
notes in 1,026 abnormal segments, and average event-boundary deviation is 
reduced by 12.7 minutes. Full batch assessment requires 4.6 minutes on a 
single GPU. The results demonstrate that causal inference can strengthen fine-
grained anomaly localization in non-linear and highly coupled 
biopharmaceutical time series. 
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1. Introduction 
Biopharmaceutical fermentation is a complex dynamic process governed by closely coupled 

physical, chemical, and biological variables, including temperature, pH, dissolved oxygen, 
agitation speed, aeration rate, feed rate, biomass concentration, substrate consumption, and 
metabolite accumulation. These variables evolve continuously throughout the batch and influence 
one another through nonlinear feedback mechanisms. A small deviation in feed rate, for example, 
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may alter biomass growth and oxygen demand, subsequently causing changes in dissolved oxygen, 
agitation speed, pH regulation, and metabolite formation. Consequently, an abnormal signal 
observed in one variable may represent either the initiating process disturbance or a downstream 
response propagated from another variable. Distinguishing between these two conditions is 
essential because inaccurate localization may lead to unnecessary control adjustments, delayed 
corrective actions, or incorrect assessments of batch quality. Reliable identification of the variables 
responsible for process abnormalities therefore plays an important role in maintaining fermentation 
stability, ensuring product consistency, supporting deviation investigation, and improving batch-
release decisions [1,2]. 

Conventional fermentation monitoring methods primarily rely on statistical process control, 
soft sensors, multivariate regression, and data-driven predictive models. These approaches have 
been widely applied to estimate difficult-to-measure quality indicators, monitor critical process 
parameters, and detect departures from normal operating conditions [3,4]. However, most 
conventional models are designed to determine whether the overall process is abnormal rather than 
to identify which variable initiated the abnormal event. Recent research has introduced causal 
inference into fine-grained multivariate time-series anomaly detection, demonstrating that causal 
relationships among variables can be used to distinguish influential abnormal variables from 
correlated responses and thereby improve variable-level anomaly localization [5]. This finding is 
particularly relevant to fermentation systems, in which process variables are strongly 
interconnected and abnormal effects frequently propagate along physiological, material-transfer, 
and control-feedback pathways [6,7]. Nevertheless, existing causal anomaly detection methods are 
generally developed for generic multivariate systems and may not adequately account for the 
operational constraints, stage-dependent behavior, and biological mechanisms specific to 
biopharmaceutical fermentation. Recent advances in multivariate time-series analysis have further 
improved anomaly detection by modeling temporal patterns and inter-variable dependencies [8,9]. 
Graph neural networks represent process variables as nodes and their dependencies as edges, 
allowing abnormal information to be propagated across a learned process graph [10,11]. 
Transformer-based models use attention mechanisms to capture long-range temporal relationships 
and variable interactions, while reconstruction-based architectures identify anomalies according to 
prediction or reconstruction errors [12,13]. Other approaches compare ongoing batches with 
historical golden batches or calculate variable-level deviations from normal trajectories. These 
methods can detect subtle changes that may be missed by fixed-threshold monitoring and are well 
suited to high-dimensional industrial time-series data [14,15]. However, high reconstruction error, 
prediction deviation, or attention weight does not necessarily indicate that a variable is the causal 
origin of an anomaly. A downstream variable may exhibit a larger numerical deviation than the 
initiating variable because the disturbance has been amplified through process dynamics [16,17]. 
Attention scores may also reflect statistical relevance rather than causal responsibility. As a result, 
existing models may correctly detect an abnormal batch while producing an inaccurate or unstable 
ranking of the variables responsible for the event. The difficulty becomes more pronounced in 
fermentation processes because variable relationships change across growth stages and operating 
scales [18,19]. During rapid biomass growth, dissolved oxygen may decline because of increasing 
oxygen uptake, whereas a similar decline during another stage may result from insufficient agitation, 
inadequate aeration, sensor drift, or changes in broth viscosity [20,21]. Feed addition can 
simultaneously influence substrate concentration, biomass formation, oxygen consumption, heat 
generation, and metabolite production. Temperature and pH are regulated through feedback control 
loops, meaning that controller actions may mask the original disturbance or generate secondary 
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variations in related variables [22,23]. Moreover, relationships identified from pilot-scale 
bioreactors may not transfer directly to production-scale systems because of differences in mixing, 
oxygen-transfer capacity, heat transfer, and sampling frequency. Models that rely exclusively on 
statistical associations may therefore produce causal directions that conflict with known process 
mechanisms [24]. Incorporating process knowledge into causal structure learning is necessary to 
prevent implausible connections, reduce spurious dependencies, and improve the interpretability of 
anomaly-localization results. 

This study aims to develop a fine-grained causal anomaly-localization method for multivariate 
biopharmaceutical fermentation time series. The proposed method integrates process-constrained 
causal discovery, temporal attention modeling, and intervention-based residual scoring within a 
unified diagnostic framework. Process constraints are introduced to guide causal structure 
estimation according to known fermentation mechanisms, control relationships, and feasible 
directions of influence. Temporal attention is used to capture stage-dependent dependencies and 
delayed interactions among process variables, while intervention-based residual scoring evaluates 
how strongly each candidate variable contributes to the observed abnormal state. Instead of ranking 
variables solely according to reconstruction error or statistical deviation, the proposed method 
estimates their causal contribution and separates likely initiating variables from downstream 
responses. The method is evaluated using 1,120 production batches collected over 19 months, 
containing 54 process variables from both pilot-scale and production-scale bioreactors. The 
evaluation focuses on variable-localization accuracy, false-alert reduction, diagnostic consistency, 
and localization efficiency under different process stages and operating scales. By providing 
interpretable rankings of abnormal variables and revealing the pathways through which 
disturbances propagate, the study seeks to shorten root-cause investigation time, support more 
targeted corrective actions, reduce unnecessary interventions, and strengthen the reliability of 
fermentation monitoring. The proposed framework also provides a practical connection between 
causal time-series analysis and bioprocess knowledge, offering a more transparent and 
operationally useful approach to anomaly diagnosis, process control, product-quality assurance, 
and batch-release decision-making in complex biopharmaceutical manufacturing. 

2. Materials and Methods 

2.1 Samples and Study Area 
This study used a biopharmaceutical fermentation dataset collected from pilot-scale and 

production-scale bioreactors over 19 months. The dataset contained 1,120 production batches and 
54 process variables, including temperature, pH, dissolved oxygen, agitation speed, feed rate, 
biomass concentration, pressure, conductivity, and key metabolites. All variables were recorded at 
one-minute intervals, producing 72 million process records. A total of 1,380 abnormal segments 
were labeled by experienced process engineers. These segments covered dissolved-oxygen control 
failure, feed-pump instability, pH drift, excessive foam formation, abnormal biomass growth, and 
temperature-control delay. All batches followed standard operating procedures, and culture 
conditions were kept consistent to reduce process variation. 

2.2 Experimental Design and Control Setup 
Two groups were used to assess the proposed method. The experimental group used process-

constrained causal discovery and intervention-based residual scoring. The control group used a 
reconstruction-only Transformer model without causal information. Both groups were tested on the 
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same fermentation batches to ensure a fair comparison. The control model represented common 
deep learning monitoring methods that detect abnormal patterns from reconstruction errors. This 
setting allowed direct comparison of localization time, false alert rate, ranking accuracy, and 
interpretability. 

2.3 Measurement Methods and Quality Control 
Process variables were measured using online sensors connected to the bioreactors and 

supervisory control systems. Sensors were calibrated regularly according to manufacturer 
instructions and internal quality standards. Raw records were checked for drift, sudden spikes, and 
missing values before analysis. Short missing intervals were filled by linear interpolation, while 
clear sensor faults were removed from the dataset. Manual sampling records and production logs 
were used to verify online measurements. Redundant sensors were also compared to confirm 
measurement consistency. These procedures helped ensure reliable data for causal analysis and 
model validation. 

2.4 Data Processing and Model Formulation 
All time-series variables were normalized with z-scores to reduce scale differences. A causal 

graph G=(V,E) was built using conditional independence tests and process knowledge, including 
feed-growth dependence, oxygen-transfer links, and temperature-control feedback. For each 
suspected abnormal variable, the expected value under normal causal conditions was estimated as: 

X! i(t)=fi"Xpa(i)(t-τ)# 

where Xpa(i) denotes the parent variables of Xi, τ\tauτ is the time lag, and fi is a regression 

function trained on normal batches. The intervention residual was then calculated as: 

Ri(t)=$Xi(t)-X! i(t)$ 

where a larger Ri(t) indicates a stronger deviation from the expected causal state. Residuals 
were summarized along causal paths to rank abnormal variables by their contribution to batch-level 
deviation. 

2.5 Statistical Analysis and Validation 
Model performance was assessed using mean reciprocal rank, false alert rate per batch, median 

localization time, and event-boundary deviation. The proposed method and the control model were 
compared using paired t-tests and Wilcoxon signed-rank tests at a significance level of 0.05. 
Sensitivity tests were conducted by changing the time-lag value and anomaly threshold. All 
analyses were performed in Python 3.10 using NumPy, SciPy, and networkx. Expert-labeled 
abnormal segments were used as reference records to validate the ranking results and confirm the 
practical value of the proposed method. 

3. Results and Discussion 

3.1 Detection Performance across Fermentation Abnormalities 
The proposed causal anomaly localization method showed stable detection performance for 

several fermentation faults, including dissolved-oxygen control failure, feed-pump instability, pH 
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drift, foam formation, abnormal biomass growth, and temperature-control delay. Compared with 
the reconstruction-only Transformer baseline, the method reduced missed detections in weak and 
delayed abnormal segments [25,26]. As shown in Fig. 1, fermentation variables often change 
together over time, which makes reconstruction error less reliable when several signals deviate at 
the same time. Previous fermentation monitoring studies have shown that deep learning and 
synthetic time-series data can improve soft-sensor prediction. However, these methods mainly 
focus on signal prediction and provide limited support for causal localization. In contrast, the 
proposed method uses causal links and intervention residuals to identify the variable with the 
strongest contribution to batch-level deviation. 

 

Fig. 1. Time-series changes in fermentation process variables during abnormal events. 

3.2 Root-Cause Localization and Variable Ranking 
The proposed method improved abnormal variable localization by ranking variables according 

to causal contribution rather than reconstruction loss. The median localization time decreased from 
16.9 min to 5.4 min, and the top-ranked causal variable matched expert investigation notes in 1,026 
abnormal segments. This result indicates that process-constrained causal discovery can distinguish 
primary faults from secondary process responses [27,28]. As illustrated in Fig. 2, causal graph-
based anomaly detection models capture directed relations among variables, which is important in 
strongly coupled process systems. Existing graph-based and Transformer-based models can detect 
abnormal windows, but their variable rankings often depend on attention scores or prediction errors. 
These scores may highlight downstream variables when oxygen transfer, feeding, biomass growth, 
and temperature control interact. The intervention-based residual score used in this study provides 
a clearer basis for root-cause localization. 

 

Fig. 2. Causal graph framework for anomaly detection and root-cause localization in 
multivariate time series. 
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3.3 False Alert Reduction and Batch-Level Reliability 
The false alert rate decreased to 1.8 cases per batch, which was lower than the reconstruction-

only baseline. This result is important for biopharmaceutical fermentation because frequent false 
alerts increase operator workload and may delay corrective action [29,30]. The reduction mainly 
came from residual scoring along causal paths. A variable with a large deviation was not directly 
regarded as the root cause unless its change matched the learned causal structure and process 
constraints. This rule reduced the effect of random sensor noise, short-term control fluctuation, and 
harmless process variation. Compared with conventional multivariate monitoring methods, the 
proposed method showed better stability across pilot-scale and production-scale bioreactors. 

3.4 Practical Value and Remaining Limitations 
The method was validated on 1,120 production batches, 54 process variables, and 1,380 

expert-labeled abnormal segments collected over 19 months. Full batch assessment required 4.6 
min on a single GPU, suggesting potential for near real-time monitoring. The results show that 
causal inference can improve detection accuracy and diagnostic clarity in nonlinear fermentation 
systems. The method can help process engineers shorten investigation time, reduce false alerts, and 
obtain interpretable abnormal variable rankings. However, several limitations remain. Localization 
performance depends on the learned causal graph, time-lag settings, and completeness of monitored 
variables. Future studies should examine adaptive causal graph updating, faster inference, and 
validation across more cell lines, reactor types, and production scales. 

4. Conclusion 
This study introduced a causal anomaly localization method for detailed detection in 

biopharmaceutical fermentation time series. By combining process-based causal discovery, 
temporal attention, and intervention-based residual scoring, the method identified abnormal 
variables and separated primary causes from downstream effects. Experiments on 1,120 production 
batches with 54 variables showed that the method reduced median localization time from 16.9 to 
5.4 minutes, lowered the false alert rate to 1.8 cases per batch, and produced interpretable variable 
rankings that matched expert assessments in most abnormal segments. These results demonstrate 
that causal reasoning can improve both detection accuracy and diagnostic clarity in complex, 
nonlinear fermentation processes. The approach can support real-time process monitoring, process 
control, and batch quality management. Its performance depends on the quality of the causal graph, 
the choice of time-lag parameters, and the completeness of monitored variables. Future studies 
should explore adaptive causal graph updates, faster inference, and validation across different 
fermentation systems and reactor scales. 
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