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Abstract. Constant advancements in biomanufacturing require operational
frameworks that enable accurate comparisons between similar production
processes for performance and cost optimization purposes. However, the
extensive and heterogeneous nature of available data which is often presented in
different formats, characterized in different ways, and reported in disparate units
- poses a significant challenge to an efficient and effective comparative analysis.
In this paper, the potential benefits of applying the biomanufacturing production
process ontology to provide a common ground for addressing data heterogeneity
issues are investigated in the context of process design optimization with respect
to key performance indicators (KPIs). Using acetic acid fermentation as a case
study, three semi-continuous processes involving different bacterial species and
feedstock sources were analyzed. Existing industrial ontologies were utilized,
and additional ontologies were developed to facilitate the normalization of
notions and link data from multiple domains, including life cycle analysis,
process, production, and materials. Following ontology development best
practices, competency questions and respective queries were formulated to
validate the ontology, with the aim to evaluate KPlIs, including the material
intensity and the number of fermentation cycles each microorganism can sustain.
Results demonstrate that the ontology effectively resolved data inconsistencies,
enabling more accurate comparisons and providing deeper insights into the
differences in processes across various strains and conditions.
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1 Introduction

Biomanufacturing leverages the inherent metabolic capabilities of living cells,
organisms, and the chemistry of macromolecules to produce targeted biomolecules or
metabolic intermediates. Among the most pivotal biotechnological tools is the use of
microorganisms, owing to their ability to perform complex bioconversion processes.
Spanning a wide range of phyla, microorganisms exhibit extensive metabolic versatility
that makes them highly adaptable agents for producing a variety of valuable
biomolecules, including enzymes, pharmaceuticals, biofuels, and bioplastics [1].
Interestingly, the span of substrates expands to pollutants and waste streams used for



conversion into high-value products, which notably contributes to the economic growth
[2]. The advances in synthetic biology provide a foundation for the precise engineering
of microbial metabolic pathways, thereby improving specificity and efficiency in the
conversion of different feedstock to high-value biomolecules [3].

The rise of bio-based products and services is at the forefront of national economic
development strategies, driven by advancements in synthetic biology, information
technology, and industrial biotechnology. The significance of the biomanufacturing
industry, which generated $438.8 billion in 2019, is highlighted by regular innovations
made to existing processes to reduce costs, improve quality and performance, and
increase positive impacts [4]. Although biomanufacturing production methods show
favorable outcomes, the necessary changes in the industry to provide alternatives to
fossil-fuel-based chemical production and adopt the bio-route are progressing slowly.
To date, only bioproduction of ethanol has reached industrial scale, though the large-
scale productions of many essential molecules, such as xylitol [5], arabinose [6], and
acetic acid (AA) [7], are currently under extensive research.

One of the primary factors affecting the slow adoption of biomanufacturing
production processes is the inability to fully leverage the vast amounts of data
generated. Improved data integration, analysis, and utilization can enhance process
understanding, enable real-time decision-making, and accelerate the development and
optimization of manufacturing workflows by using advanced tools such as machine
learning (ML) and artificial intelligence (AI). Specifically, data generated in
biomanufacturing is characterized by heterogencous data formats, insufficient
metadata, and a lack of explicit data connectivity [8]. These challenges render data
integration and interpretation labor-intensive, ultimately impeding informed process
optimization and scalability. A critical area where biomanufacturing would particularly
benefit from improved, contextualized data access is in the transition from proof-of-
concept studies to full-scale manufacturing. This stage introduces substantial costs due
to the extensive testing and optimization required to identify the most economically
viable process configurations [9]. To address this challenge, having high-quality, well-
structured data is essential for developing data-driven systems that can reduce the
experimental burden, streamline cross-study comparisons, and support predictive
evaluation of process changes before implementation.

Central to these frameworks is the application of comparative analysis, which serves
as a foundational component in guiding strategic choices across bioprocess
development stages. Namely, when developing production processes, their
performance and effectiveness are evaluated and compared with existing processes
[10], as such comparisons help identify opportunities for improvement. Despite the
benefits of this methodology, the comparative analysis of production processes can be
challenging, owing to the difficulty of setting comparison boundaries, identifying
variables of interest, and ensuring processes and data are, in fact, comparable.

Ontologies offer a promising solution to these challenges by providing a structured,
formalized framework for representing and connecting diverse types of
biomanufacturing data in a consistent, machine-interpretable format [11]. Specifically,
ontologies rigorously define categories of entities such as biological processes,
chemicals, manufacturing equipment, and biological organisms, along with the



relationships and rules that govern their interactions [12]. These formal definitions
facilitate meaningful data integration, enabling the harmonization of heterogeneous
data sources and improving contextual understanding. In the context of comparative
analysis, ontologies support decision-making during process design by offering a
holistic view of processes, establishing clear comparison boundaries, and ensuring the
comparability of data. As a result, they enable more reliable, scalable, and automated
analyses, streamline systematic cross-study evaluations, and enhance the ability to
make data-driven decisions with greater confidence.

The adoption of ontologies in biomanufacturing remains in its early stages, with most
efforts to date focused on narrow, use-case-specific ontology development. Although
the literature on ontologies for bioindustrial manufacturing processes is still limited and
fragmented, there is growing recognition that a foundational biomanufacturing
ontology could play a crucial role in standardizing concepts, enriching metadata, and
improving data interoperability throughout the product lifecycle. Such an ontology
could leverage existing work from related fields, including chemical manufacturing and
biomedical research, to ensure alignment with broader ontology frameworks while
enabling the development of specialized extensions for specific biomanufacturing
applications. Notably, a comprehensive review of the biomanufacturing ontology
landscape is beyond the scope of this paper, readers interested in a detailed overview
are referred to [11].

Motivated by the potential value ontologies could offer biomanufacturing, our
previous work proposed aligning terms and definitions from the Industrial Ontologies
Foundry (IOF) Core [13] with life cycle assessment (LCA) terminology as defined in
the ISO 14040 guidelines [14]. In that study, we outlined a general framework for
extending the IOF Core to biomanufacturing and demonstrated how it could be
combined with an “ontologized LCA” approach to evaluate biomanufacturing
processes at a conceptual level [8]. The next step in this work, and the focus of the
present study, involves applying that methodology to a specific biomanufacturing
scenario to evaluate its practical utility.

Hence, this study focuses on a specific bioprocess, the fermentation-based production
of AA, as the representative use case. Fermentation process is one of the most widely
used processes in the bioindustry, making it an ideal candidate for extending the
generalized biomanufacturing framework. In particular, this paper focuses on the
ontology-driven comparative analyses of three distinct AA production (AAP)
processes. To assess key performance indicators (KPIs) for this biomanufacturing
process, we integrate insights from the LCA to evaluate raw material usage in these
AAPs and determine the potential for biomass reuse, based on the number of
fermentation cycles each microorganism can perform. Building on this foundation, we
plan to progressively expand the scope to include additional biomanufacturing process
steps and products. Our goal is to ultimately develop a comprehensive
biomanufacturing process ontology, following a path similar to that of the National
Institute for Innovation in Manufacturing Biopharmaceuticals (NIIMBL) ontology for
biopharmaceutical production processes [15].

The paper is organized as follows: In Section 2, we review the LCA practice and the
bio-route of the AAP process as our validation use case for the ontological application



in comparative analysis. Section 3 represents the methodology. The results are
presented in Section 4, followed by concluding remarks and future works in Section 5.

2 The LCA practices and Biomanufacturing use case

The LCA framework is commonly used in manufacturing to identify defects, determine
areas of improvement, and guide future research and industrialization efforts [16]. LCA
is a methodology used to set production system boundaries and identify all of the flow
inputs and outputs of that production process. Typically, LCA quantifies the mass and
energy flows between the processing system and the environment, applying “cradle-to-
grave” boundaries that encompass biomass pretreatment, the biosynthesis pathway,
production stages, and end-of-life management, such as waste treatment for biofuels
and chemicals [17]. By formalizing LCA concepts within an ontology and integrating
them with an ontological representation of biomanufacturing processes, it becomes
possible to explicitly define and connect entities such as raw materials, biomass,
fermentation cycles, by-products, and their relationships to specific process stages,
material exchanges, and the scope and objectives of a given comparison [8]. This
machine-interpretable, structured framework has the potential consistency in how
production systems are described and evaluated, facilitating the alignment of system
boundaries, standardization of input/output flows, and consistent tracking of KPIs
across diverse production scenarios.

To examine the efficacy of leveraging the biomanufacturing and LCA ontologies for
comparative analysis the following sections examine three bioproduction processes,
starting with an examination of biomass reuse in the acetic production process. AA is
one of the most important organic compounds in the chemical industry, serving as a
key raw material for products and as a solvent [18]. The growing demand for AA is
expected to reach 19.6 million tonnes by 2027 [19] underscores its significance. AA
can be produced through acetogenesis, in which acetogenic bacteria convert CO or CO-,
or via anaerobic fermentation carried out by fungi or acetic acid bacteria [7]. Currently,
the biomanufacturing process accounts for only about 10% of global AAP [20]. The
process design optimization potential for AA biomanufacturing can be evaluated across
two primary dimensions: 1) input (raw materials) and 2) process (semi-continuous (SC)
production). Regarding input, AA can be derived from residual sources, such as
industrial by-products and waste, including molasses, lignocelluloses, and food waste
[21] which influences the product price. Regarding process, a SC method is typically
adopted, in which the same biomass is reused multiple times. A key advantage is the
ability to determine the number of operational cycles achievable with or without the
input of new resources.

To minimize raw material consumption and waste, several strategies focus on
estimating and reducing material use through process design optimization and
responsible manufacturing practices [22]. Within the LCA framework, the evaluation
of material quantities occurs during the life cycle inventory (LCI) phase, where data
about all inputs/outputs into/from a production process throughout the lifecycle is
collected. This phase involves compiling comprehensive information about various
resource consumptions including materials and energy [23,24]. The LCA considers the



use of raw materials, and the associated problems related to resource depletion from an
economic perspective [25]. Typically, the metric of material input per service unit
(MIPS) is used to quantify the impact of raw materials over their lifecycle, offering
insights into resource efficiency [24, 26].

Comparative analysis of raw material consumption across different production
processes is thus essential for identifying opportunities to reduce resource use [25]. To
this end, Ritthoff et al. (2002) proposed calculating material input (kg) within cradle-
to-product system boundaries. Material intensity, defined as the material input relative
to output weight (kg/kg), can be calculated for raw materials, energy carriers, and
transport-related flows throughout the process [26]. For this study, we specifically
focus on feedstocks and their components, namely glucose and ethanol, along with their
respective material intensities.

With the above in mind, the following section details the specifics of the use case
selected for comparative analysis and outlines the methodology used to develop and
apply the biomanufacturing and LCA ontologies, establishing a structured framework
for representing process configurations, material flows, and performance metrics.

3 Methodology

Ontology development and validation has a best practice methodology, described by
Gruninger & Fox [27], that produces an ontology that can answer questions and be
expanded in the future. Generally, the methodology follows these central tenets: 1)
development of a use case and research into data to represent the use case; 2)
development of a taxonomy to represent the terminology of the use case; 3)
development of an ontology to represent relationships between taxonomic terms; 4)
development of competency questions for the use case and validation of the ontology
through tuning for/answering of the questions.The following subsections describe the
application of this methodology to our study, detailing the development of the use case,
the ontology construction, the formulation of competency questions, and the process of
data collection and knowledge graph generation.

3.1. Use Case Development

Raw materials in bacterial fermentation reveal their importance as media constituents
and as feedstock that provides substrates for biochemical reactions. The use of
chemically defined media highlights this importance, as it can reduce production costs
by up to 4.5-fold while enhancing AA yield [28]. The fermentation substrates of AA
bacteria are ethanol (directly involved in the reaction) and glucose (indirectly involved
in the reaction), which also represent two major energy sources. In the early stage of
AA fermentation, glucose is oxidized through the pentose phosphate pathway, followed
by the middle stage, where ethanol oxidation becomes the central pathway for energy
supply [29]. Ethanol is partially oxidized into AA by the actions of bacterial enzymes
[30] and its concentration determines the fermentation rate, and shapes the optimal
conditions for bacterial development [31]. However, excessive ethanol concentrations
have a negative impact on cell viability and compromise bacterial survival [32],
necessitating vigilant monitoring of its levels.



The AAP process by fermentation could be performed by several species of AA
bacteria in various conditions and variables (e.g., pH, oxygenation [33]). The most
commonly used production method is SC, as it enables a more nuanced assessment of
microbial process performance across multiple cycles of production. Unlike batch
methods, SC processes involve the repetition of fermentation cycles which allows for
the evaluation of KPIs such as cycle duration(s), number of cycles and cumulative
production time. These metrics allow for insights into microbial lifespan, the capacity
for reuse and the overall stability of the process [34]. However, the variables are
captured at multiple levels, from sub-operations within individual cycles to cumulative
metrics spanning entire production runs. Different studies and setups often record and
structure this information inconsistently, creating disconnects between detailed
subprocess data and higher-level process summaries. These inconsistencies complicate
efforts to navigate across nested process levels, limiting the ability to answer
operational and biological questions that depend on integrating information from
multiple layers of process detail [11].

Compounding this complexity is the diversity of feedstock compositions. Namely,
the content of the complex feedstocks is typically diverse, with the main substrates
(ethanol and glucose) originating from sources like wine and craft beer [34-36].
Namely, wine originating from Italy [34] differs in substrate content from wine from
Senegal [36], and both papers used the same terminology for the feedstock (wine)
without stating the precise feedstock contents. Hence, obtaining actual substrate content
in the feedstocks involves retrieving information about their respective quantities in
diverse source materials followed by data aggregation. Currently, this involves manual
work and assumption making; hence, the result is error prone.

This challenge represents the opportunity to demonstrate the use of ontologies in
comparative analysis. By enhancing the semantic clarity and granularity of feedstock
characteristics and aligning process variables across nested data structures, ontologies
have the potential to enable consistent, queryable, and directly comparable
quantification of substrates and process metrics. This, in turn, supports more reliable
interpretation of fermentation performance and feedstock influence across diverse
studies and conditions.

3.2. Ontology Development

To gain a deeper understanding of overall process performance, we expanded the
ontological framework proposed by Nikolov et al. [8]. The introduction of new
ontology terms followed a “hub-and-spoke” strategy, where new terms are constructed
as subclasses (extensions) of existing terms from higher-level ontologies [11]. For
example, the LCA System Boundary was introduced as an extension of
BFO:Spatiotemporal Region to formally delineate the scope of the study. While
informed by the boundary concepts outlined in the ISO 14040 guidelines [14], its
primary purpose in this use case was to support the structuring and scoping of the
comparative analysis. In addition, a Material Intensity term was incorporated to reflect
one of the KPIs identified in the use case.

Building on the aforementioned framework [8], the Semi-Continuous Fermentation
Process was developed as an extension of the /OF Core:Manufacturing Process. To
enable detailed representation of the associated process plans, the NIIMBL Recipe



module was incorporated. Although originally designed for biopharmaceutical
manufacturing, this module offers a comprehensive set of terms applicable across other
manufacturing domains, including biomanufacturing. It supports the hierarchical
composition of process plans, representing the ordered sequence of processing steps
while also enabling the association of process parameters (e.g., number of cycles) with
the appropriate steps within the hierarchy. Notably, all semantic relationships were
modeled using existing object properties from the IOF, BFO, and Recipe ontologies;
no new object properties were introduced. This structured and semantically consistent
approach provides a foundation for the comparison of the three fermentation processes
[34-36] evaluated in this study. Finally, for input material representation, Feedstock
was introduced as an extension of the /OF Core:Raw Material to enable clear
differentiation between feedstock and other raw materials such as media or
supplements. The resulting ontological hierarchy is provided in Figure 1.
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3.3. Competency Questions Development

To evaluate the ontology framework’s suitability for addressing the use case
requirements, we devised several competency questions (CQs; Table 1). CQs are used
in ontology development workflows to delimit scope and provide a litmus test for the
accuracy of representations [27]. For our purposes, CQs are used to evaluate how well
the ontology facilitates two key aspects of the comparative analysis: raw material
consumption and the effective lifespan of the microorganism. Raw material
consumption is important because higher efficiency leads to less waste and optimized
resource use. Effective microorganism lifespan, reflected in the number and duration
of production cycles, affects utilization rates, culture replacement frequency, and thus
overall process stability and productivity. The scope was limited to these two
comparative analysis areas to establish a clear, focused foundation for future
ontological refinement and extension, as discussed in Section 5.

Table 1. Competency Questions and corresponding Comparative Analysis Area.



Comparative Analysis Area | Competency Question

CQl1: What are the material intensities of the
Raw Material Consumption feedstocks and what is their substrate content?

CQ2: How much glucose and ethanol does each
species consume and how much AA is produced?

Effective Lifespan of the | CQ3: What are the number of cycles, longest and
Microorganism shortest cycle durations, and total production time
for each species?

3.4. Data Collection and Knowledge Graph Generation

To answer the CQs, information was extracted from three studies describing AAP
methods, each using a different bacterial strain: Acefobacter pasteurianus,
Komagataeibacter europaeus, and Acetobacter senegalensis [34-36]. A. pasteurianus
and K. europaeus are widely used in industry, while 4. senegalensis is a recently
identified high-yield strain. Process data, including operational parameters and
configurations, were obtained directly from the publications. Missing or implicit
details, such as substrate concentrations were identified through consultation with
subject matter experts. The extracted data and expert-validated information were
instantiated with the ontology described in Section 3.2, ensuring alignment with
formally defined classes and object properties. Reasoning was then applied over the
instantiated knowledge graph to infer implicit relationships and validate logical
consistency within the model. The resulting knowledge graph represents the identified
processing strategies as a structured sequence of materials, process parameters, and
associated properties. This knowledge graph was subsequently queried to address the
CQs, with relevant details of its structure and the corresponding query results presented
in the following section.

4 Results

The following section presents the results of the queries conducted on the knowledge
graph instantiated by applying the ontology structure to extracted and expert-validated
data. These queries validate the ontology’s ability to answer the predefined competency
questions (Table 1) and illustrate key ontological design choices that support effective
data structuring and reasoning. The results are organized into three subsections
corresponding to the individual CQs: feedstock composition and material intensity
(Section 4.1), glucose and ethanol consumption (Section 4.2), and cycle characteristics,
including number and duration (Section 4.3).
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Fig. 2. Illustration of the knowledge graph for the A. pasteurianus AA production process,
queried to answer CQ1 and CQ2.

4.1 Competency Question - Feedstock Composition and Material Intensity

Figure 2 displays a portion of the knowledge graph that is queried to answer CQI,
illustrating important relationships and roles involved in the A. pasteurianus AA
production process. The query was constructed to first identify all input materials that
include the substrates glucose or ethanol as their parts, and then retrieve the material
intensity associated with the inputs, and the corresponding microorganism involved in
the process. Within the knowledge graph, glucose and ethanol were assigned flow roles,
which allowed the query to trace their respective source materials indirectly, rather than
querying for these substrates by name. The use of the flow role offers two key
advantages: 1) it improves the generalizability of the query, ensuring any material
assigned this role is retrieved regardless of its name or position in the process, and 2) it
further clarifies the study scope, as the role assignments and their rationale are
embedded in the knowledge graph, making it easy to identify and track materials of
interest across different processes. In this case, glucose and ethanol were assigned flow
roles based on the reasoning described in the use case section.

The query results, presented in Table 2, show that feedstocks differed across the
three organisms. A. pasteurianus used distinct feedstocks for glucose and ethanol, while
no glucose feedstock was identified for A. senegalensis, reflecting the underlying data.
Table 2 also displays the material intensity for the total feedstocks used in the individual
processes. These results demonstrate that the ontology-based method reliably retrieved
relevant sources, correctly linked them to their flows, and consistently captured both
material relationships and intensities across multiple processes. However, to fully
interpret these findings and enable meaningful process comparisons, it is necessary to
decompose the total material intensity into the quantities of specific flows of interest
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and link them to the amount of AA produced. The next subsection presents the results
and implications of applying and querying the ontology to achieve this.

Table 2. Overview of the three semi-continuous AAP by microbial strains, the identified flows,
their corresponding feedstocks and respective material intensity (kg/kg).

Species A. pasteurianus A. senegalensis K. europaeus

Flow Glucose Ethanol Glucose Ethanol Glucose Ethanol
Feedstock grape must unsterile wine / wine craft beer craft beer
Material
Intensity 3.82 0.40 4.78

4.2 Competency Question - Substrate Utilization and Process Productivity

To answer CQ2, the query from the previous section was expanded to also retrieve the
amount of the specified process output, in this case AA, along with the amounts of
individual flows present in the source material (feedstock). By using the has specified
output relation, the query was able to target process outputs representing the actual
product, as opposed to other outputs such as waste. Combining the specified output
relation with flow role assignments enabled the creation of a generalizable and flexible
query pattern, easily adaptable to any combination of flows and process outputs across
different processes. The query results given in Table 3 shows that A. senegalensis used
the least substrate amount while producing the highest amount of AA. No value for
glucose usage was retrieved for 4. senegalensis, which is consistent with the absence
of a glucose source in Table 2.

Table 3. Comparison of total glucose and ethanol usage and the total AA amount produced
across the three bacterial species.

Species A. pasteurianus A. senegalensis K. europaeus
Glucose used (kg) 54.90 / 0.28
Ethanol used (kg) 4.50 14.22 5.50
AA produced (kg) 12.30 18.50 7.10

It is important to note that source materials mostly lacked explicit data on their glucose
and ethanol content, as such information is generally implicit domain knowledge. For
example, the ethanol amount in a particular craft beer or the sugar content in the
concentrated grape must was not explicitly defined. The ontology adds value by
formalizing and embedding these definitions and relationships directly within the
knowledge graph. This formalization enables consistent and transparent derivation of
substrate contents through logical reasoning and calculations. Since SC processes
consist of multiple cycles that can vary in length, the next subsection extends this
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analysis by examining production cycle durations and the number of cycles completed,
providing a more comprehensive comparison of overall process performance.

4.3 Competency Question - Number, Length, and Completed Cycles

To address CQ3, the query retrieved the number of production cycles, along with the
minimum and maximum cycle durations and cumulative production time for each
species. The structured process recipes and their ontological representation, which
captured the breakdown and ordering of activities, combined with the representation of
the manufacturing process containing the actual durations (Figure 3), enabled these
results. Table 4 presents the query findings, showing that A. pasteurianus completed
the fewest production cycles (3), while A. senegalensis had the longest total production
time (792 hours).
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Fig. 3. Illustration of the recipe breakdown alongside the corresponding manufacturing
processes for A. pasteurianus. The legend follows the same conventions as in Figure 2. 'PTP"
denotes the 'prescribes to precede' object property.

Table 4. Comparison of cycle count, minimum and maximum cycle durations, and total
production time across three bacterial species.

Species A. pasteurianus A. senegalensis K. europaeus
SC Cycles 3 12 15
Maximum Cycle Duration (h) 48 96 48
Minimum Cycle Duration (h) 24 24 24
Total Production Time (h) 108 792 540
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All species shared the same minimum cycle duration of 24 hours. K. europaeus
performed the highest number of cycles (15), with a total production time of 540 hours,
which is shorter than that of 4. senegalensis. These variations may reflect differences
in microorganism lifespan and their capacity for reuse across cycles, affecting overall
process stability and productivity.

This analysis highlights how the ontology enables clear and consistent breakdowns
of process performance across multiple dimensions. By semantically structuring cycle
counts, durations, material flows, and manufacturing outputs, it supports more
comprehensive and comparable evaluations across species and processing conditions.

5 Conclusion & Future Work

Advances in synthetic biology and industrial biotechnology drive biomanufacturing
practices in which the conversion of substrates by microorganisms yields bio-based
products used in industries and everyday life. However, the broader adoption of
bioprocesses remains limited, partly due to challenges in integrating heterogeneous
data. Effective comparative analysis of bioprocesses, which is critical for optimizing
raw material use, process efficiency, and product yields, is often hindered by
inconsistent data representation and integration difficulties. Ontologies offer a potential
solution by providing a structured, and formalized framework that standardizes
terminology and relationships, enabling clearer, more consistent and scalable analysis
across diverse processes.

This study applied an ontology-driven approach to fermentation-based, semi-
continuous acetic acid production, formalizing both the bioprocess and essential LCA
constructs, notably flow and boundary. The boundary defined the analysis scope, while
flow roles assigned to substrates of interest, Glucose and Ethanol, enabled indirect
tracing of these compounds within complex, variably defined feedstocks. This design
supported not only consistent material intensity calculations but also decomposition
into substrate-specific contributions, extending insight from overall material use to the
distribution and amount of key substrates within feedstock materials. Such a resolution
provides a foundation for integrating techno-economic factors such as substrate cost
and availability, which will be examined in a future study to evaluate feedstock
optimization strategies through targeted supplementation or compositional
adjustments. Additionally, incorporating production cycle data enabled a multi-
dimensional analysis of microbial performance by capturing the number of cycles,
individual cycle durations, and total cumulative runtimes. These metrics revealed
operational differences among the microbial species, reflecting potential variations in
lifespan, reuse capacity, and overall process stability.

The ontology’s semantic structure enabled rigorous evaluation of material flows,
process outputs, and detailed production cycle parameters such as cycle number,
individual cycle durations, and total cumulative runtime, facilitating clear and
comparable analysis of biomanufacturing performance across diverse microbial
processes. Additionally, the ontology supported the creation of flexible, generalizable
query patterns applicable to a variety of substrates, products, and process
configurations.
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This study prioritized material intensity and cycle related parameters as KPIs for
comparative analysis. Future work will focus on another critical KPI - energy intensity,
which represents the second major cost driver in biomanufacturing, as the equipment
used in these manufacturing processes is extremely energy-demanding. To further
demonstrate the ontology’s adaptability and generalizability, upcoming efforts will
expand the framework to include other processing methods (e.g., batch, continuous),
products (e.g., lactic acid), raw materials (e.g., media components), and unit operations
(e.g., chromatographic purification). This will enable a more comprehensive
characterization and optimization across the broader biomanufacturing landscape.

Still, one may wonder why we here pursue ontology development in the
biomanufacturing domain rather than relying solely on statistical Al strategies.
Statistical Al models generally exhibit less than 100% accuracy and often lack the clear
causality, which may suffice for some use cases, but are inadequate for others. Well-
designed ontologies can achieve 100% accuracy with clear causality given their focus
on making explicit logical and causal relationships among entities in a domain. Given
the level of precision and the process understanding needed in biomanufacturing
processes, as well as the potential economic impact, adequately addressing our
competency questions requires high explicitness and high accuracy. That said, we see
ontologies as supplementing statistical Al, since the latter often requires considerable
training data and lengthy training to achieve accurate domain models, owing to noise
in the data that must be weighted out. Ontologies can reduce the need for so much
training data, since some noise can be excluded upfront based on the ontology’s
“ground truth”. We plan to further investigate and quantify the synergistic integration
of ontologies with statistical Al methods in future studies to better leverage the
strengths of both approaches in bioprocess optimization.

Disclaimer

Certain commercial software products are identified in this paper. These products were used only
for demonstration purposes. Their use does not imply approval or endorsement by NIST, nor
does it imply these products are necessarily the best available for the purpose.
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