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Abstract

Microbial mixed cultures are gaining increasing attention as biotechnological production systems,
since they offer a large but untapped potential for future bioprocesses. Effects of secondary
metabolite induction and advantages of labor division for the degradation of complex substrates
offer new possibilities for process intensification. However, mixed cultures are highly complex,
and, consequently, many biotic and abiotic parameters are required to be identified, characterized,
and ideally controlled to establish a stable bioprocess. In this review, we discuss the advantages
and disadvantages of existing measurement techniques for identifying, characterizing, monitoring,
and controlling mixed cultures and highlight promising examples. Moreover, existing challenges
and emerging technologies are discussed, which lay the foundation for novel analytical workflows
to monitor mixed-culture bioprocesses.

Mixed Cultures: Opportunities and Challenges

An old tradition is revolutionizing modern biotechnology: microbial collaboration. Mixed-
culture applications, such as wastewater treatment, composting, and a broad spectrum of
fermentative food preparations, are the historical foundation of current biotechnology. Now,
a targeted assembly of microorganisms to perform concerted bioproductions is forming a
new cutting edge in biotechnology. Over the past decade, the research field of defined mixed
cultures has gained increased attention due to their potential for process intensification
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and the chance to produce unknown secondary metabolites [1]. In the old-school mixed-
culture approach, the driving force to develop mixed culture-specific (online) measurement
techniques was very limited. Reasons for this might be the rather low dynamic of these
processes and the strong closeness to natural processes and equilibria with no need for
control. In other words, there was simply no need for a deeper understanding of these robust
systems. However, this is now changing.

Since sustainability is currently the most important driving force in biotechnology, the
number of published studies on mixed-culture consolidated bioprocesses (see Glossary)
with plant biomass, waste streams, and gaseous waste substrates is increasing significantly
[2-9]. The products of these processes are, in many cases, acids, alcohols, or enzymes

for biomass pretreatment and hydrolysis [6,9]. Higher-value products of mixed cultures

are secondary metabolites induced by interspecies communication [1,10-14]. Among these,
antimicrobial substances, such as antibiotics, are of critical interest, especially in the context
of increasingly multiresistant pathogens [15]. However, in-depth studies in this field are
only possible with measurement tools for the identification and characterization of the
microbial composition. To avoid the complexity of unknown natural microbial communities,
synthetic co-culture systems allow defined combinations of microorganisms with beneficial
metabolic pathways. Yet, in contrast to natural communities, which are typically stabilized
by natural chemical, metabolic, and ecological equilibria, synthetic co-cultures have no
natural equilibrium, which can result in highly dynamic and instable processes and makes
monitoring and control especially necessary [16,17].

Compared with classic monoculture processes, the analysis of mixed and co-cultures can

be structured into four fields with different requirements for the applied measurement
technology (Figure 1, Key Figure): identification of species (mainly for mixed cultures);
characterization of interactions; characterization of a process; and the control of that process.
With respect to the necessary measurement technologies, there is a gradient in complexity
from identification with only offline methods to process control with the necessity for online
measured parameters (Box 1).

While all information about substrates, metabolic products, and cell morphologies is
accessible as a summary parameter of all microbial activities via established offline
methods, only a few techniques are available providing specific information about the
mixed-culture composition and the individual-specific performance. Consequently, the in-
depth characterization of an ongoing cultivation and directed optimization of process
parameters via available online analysis technology are currently difficult to realize. Even
more, with this lack of insight regarding the community and functional role, interactions,
and so on, of specific subpopulation members, control of a specific mixed-culture
composition is unachievable.

In our opinion, the lack of analytical tools to study processes, especially at larger scales, is
a major reason for the discrepancy between the high scientific interest in mixed cultures but
the limited number of successfully commercialized defined mixed and co-culture processes
in biotechnology [18]. Therefore, the focus of this review is the discussion of advantages
and disadvantages of existing measurement techniques to resolve and control population
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dynamics of mixed-culture processes. Researchers who are new in the field of mixed
cultures could be guided by this article to find a suitable measurement technique to analyze
their specific microbial community.

Mixed and Co-Culture Characterization

Natural and Synthetic Cellular Characteristics

There are subtle structural, biochemical, and genetic differences between different species
and strains of naturally occurring microorganisms (Figure 2). Whereas genetic differences
are used for offline strain identification, differences in cell morphology and structural
composition, such as compartments, can be used for online monitoring (Figure 2A).
Differences within the metabolism lead to different biochemical characteristics, such as
protein/metabolite composition and quantity. The infrared spectrum of these compounds
gives a unique ‘fingerprint’ for different cells. Differences within fatty acid-related
compounds, carbonyl residuals of proteins, the carboxylic groups of peptide, free amino
acids and polysaccharides, as well as phospholipids, can be measured by different

spectral regions [19,20]. Additionally, fluorescence properties of intracellular molecules and
structures can be used as readout, leading to different autofluorescence spectra in organisms
[21-24]. Furthermore, the difference within structural composition enables discrimination
of cell types and strains by staining technique with specific dyes to create contrast between
different species. Several staining protocols are currently in use and the reader is referred to
existing literature in the field [25].

Besides these natural differences, the rise of molecular biotechnology led to different
methods that enable the engineering of not only existing, but also novel cellular
characteristics. One example is the tagging of microorganisms or even metabolic pathways
by different fluorescent reporters (Figure 2). Here, fluorescence proteins can be expressed
to discriminate microorganisms [17,26,27]. The image in Figure 2B gives an example: it
shows a high-resolution optical insight into a co-culture comprising Aspergillus terreus
GFP1 (green) and Trichoderma reesei RFP1 (red) grown on cellulose (blue). Alternatively,
fluorescence proteins can be used as reporters that visualize distinct metabolic traits and,
thus, are only temporally expressed [28,29]. Compared with naturally occurring cellular
differences, synthetic engineering of features is restricted to microorganisms that are
genetically accessible [30].

Identification and Quantification of Culture Compositions

The identification of individual organisms in a microbial community is the fundamental
beginning for understanding and learning from natural microbiomes [31,32]. Classically,
the identification presupposes the isolation of the individual community members, which

is invasive, involves cultivation, and thereby leads to a first selection between easy and
difficult to cultivate microorganisms [33]. Currently, next-generation sequencing enables
the characterization of the whole native community in a sample, with little, if any,

selection of artifacts [34]. The entire genomic DNA of a community sample (i.e., the
metagenome) can be directly sequenced, yielding simultaneously high-resolution qualitative
as well as quantitative information on microbial composition and biosynthetic potential
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[35]. Even more, when including RNA-seq, the data can be used to discover metabolic
interactions [36]. In case of microfluidic systems, a native environmental sample can be
compartmentalized without the need for extended cultivation and enrichment into millions
of droplets, each containing single cells, which can then be identified together with their
metabolome by state-of-the-art technology, such as single cell DNA sequencing or mass
spectrometry [37,38]. Once the members of a microbial mixed culture are identified and
characterized in terms of their unique features, such as genetic, metabolic, morphological or
optical differences (Figure 2), the dynamic change in the mixed population compaosition can
be studied using a variety of methods.

Offline methods for mixed culture characterization are available with differing degrees of
technological costs and effort (Table 1). For highly complex cultures containing tens or
hundreds of different members, the single-species resolution can only be achieved using
expensive DNA-sequencing techniques. However, when, for example, only the dynamics
of certain subgenera or dominant species of a population are of interest, the population
dynamics can be also estimated in a semiquantitative way using population fingerprinting
methods, such as terminal restriction fragment length polymorphism (t-RFLP), lipid
profiling, and quinone profiling [39-42]. Also, quantitative (q)PCR from genomic DNA
extracts could be applied to enumerate the number of genomes of certain strains of interest
using strain-specific primers [43].

Furthermore, two still-dominant methods for the offline quantification of complex mixed-
culture systems are plate counting and 16S rDNA sequencing [44-48]. Classical plate
counting appears outdated due to a huge amount of manual work as well as an unintended
preselection of microorganisms growing on solid media. However, its combination with a
liquid handling system as well as digital image analysis overcomes this disadvantage and

it remains a robust and universal tool for most of the common microbial communities
[33,45,49,50]. For lower-complexity mixed cultures and especially for defined co-cultures,
various strain-specific features have been applied to resolve the population dynamics, which
are often case specific. For example, bacteria—yeast co-cultures can be easily resolved using
particle counting and size measurements [51,52]. When two co-culture members produce
different metabolites, these metabolites can be taken as an indication of population ratios
[53,54].

A powerful and more general method for population analysis is microscopic image
analysis. It can combine various modalities from other methods, such as fluorescence,
absorbance, morphology, and size, while spatially separating cells, allowing separate
unmixed signals to be assigned to each cell [27]. Besides microscopy, absorbance and
fluorescence measurement are in general suitable techniques for the quantitative offline
characterization of defined mixed-culture compositions [22,23,55-57]. Autofluorescence
and absorbance are non-invasive and scalable measurement principles with applications
from the pico-liter to cubic-meter level [21,33]. In combination with genetic modifications
of the desired microorganisms by tagging them with fluorescent proteins, the mixed culture
composition can be theoretically determined very precisely as long as the genetic tools are
available for the specific strains involved [58-60]. Furthermore, reporter strains are suitable
solutions to detect microbial activity. One example is the indirect analysis of unknown
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microbial communities for microorganisms that produce antimicrobial substances. These
communities can be subcultured as single cell-derived colonies using droplet microfluidics
and cultivated together with fluorescence-tagged reporter strains, which are killed if
antimicrobial substances are produced [33,61,62].

A simple but powerful method to analyse and compare mixed cultures is the measurement
of particle numbers and their size distributions. A first application of this technique was
published in 1973 with a defined mixed culture of Tetrahymena pyriformis-consuming
Escherichia coliand Azotobacter vinelandii [63]. There are two main limitations of this
technique are mentioned: (i) the overlap of distributions of the bacterial strains; and (ii)
changing cell volumes of A. vinelandii depending on culture conditions. The impact of both
these limitations on the mixed culture analysis was shown more in detail and confirmed by
Geinitz and colleagues, who investigated the mixed culture dynamics of Lactobacillus lactis
and Kluyveromyces marxianus [52].

A related (and more expensive) way to distinguish organisms based in morphology is flow
cytometry (FC), which additionally can be combined with fluorescence measurements. This
technique has a long history in the investigation of population dynamics in mixed cultures
and has become an essential tool for the quantitative study of microbial communities in
ecosystems, biotechnology, and health research [64-66]. Recently, FC was applied to assess
the viability of Staphylococcus aureusand Burkholderia cepacia in co-culture by membrane
integrity analysis using SYBR® Green | and propidium iodide staining [67]. It was also
used for the characterization of electrochemical performance and biofilm characteristics of
a co-culture of Geobacter sulfurreducens and Shewanella oneidensis [68]. Lambrecht and
colleagues used differences in autofluorescence to quantify and sort methanogenic Archaea
from complex microbial communities [69].

In general, FC has the ability to generate population statistics because it can measure the
relevant numbers and features of cells, identify subpopulations with similar properties, find
(rare) events, and separate organisms of interest when expanded with a cell-sorting unit
(fluorescence-activated cell sorting; FACS) [70].

Monitoring of Mixed and Co-Culture Processes

Since mixed cultures are significantly more complex than conventional pure culture systems,
they are also less predictable and more dynamic. For establishing processes beyond
fundamental research, it is necessary to react in time to these dynamics to control the
process [17]. Therefore, online measurement techniques are essential not only to resolve, but
also to steer microbial interaction patterns. However, despite their relevance, there is only

a limited number of potential online techniques published and available, in contrast to the
aforementioned offline techniques.

Table 2 illustrates the dominance of optical techniques along with the quantification of
volatile metabolites via headspace mass spectrometry [71,72]. For example, Sovova and
colleagues predicted population dynamics of different co-culture combinations of Serratia
rubidaea, Serratia marcescens, and E. coliby measuring acetaldehyde, propanol, acetoin,
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and ethanol. Although other publications are available that use mass spectrometry to
investigate mixed and co-cultures, most of them focus on the desired metabolic products,
neglecting the population dynamics question.

Optical measurement techniques are currently the most powerful tools that enable the
monitoring of mixed cultures and will also have an integral role for active control of

these systems (Table 2). Available technologies are based on fluorescence, absorbance, and
scattered light at a single wavelength or with the advanced ability to determine the spectra
(Box 2 and Figure 3) [33,52,55,73-75]. All technologies provide insight into the system
without any relevant delay [76-78].

Absorbance, Scattered Light, and Autofluorescence

The online measurements of absorbance, scattered light, and autofluorescence spectra
(Figure 3) appear to be the most promising available methods to elucidate the population
dynamics of single-species co-culture systems. An absorbance-based method was published
by Stone and colleagues (Figure 3A) [55]. The authors demonstrated that it is possible to
differentiate between Saccharomyces cerevisiae and E. coli cells. Although the method was
only applied to offline samples, it would be simple to realize an online measurement of

the absorbance spectra. Still, a general restriction of the absorbance signal is the limited
linear correlation with biomass formation. For this reason, nearly every sample needs to be
diluted before offline optical density determination. Therefore, absorbance measurements
could be applied to co-cultures with low biomass concentrations and microbial communities
containing pigments [79]. A beneficial property of pigments for online monitoring of mixed
cultures is their strong difference of the absorbance spectra, depending on their specific
physicochemical properties [80]. In addition to absorbance, pigments also have a clear
influence on the scattered light spectrum.

The applicability of scattered light spectra detection for co-culture performance screening
in microtiter plates was published by Geinitz and colleagues (Figure 3B), who measured
the online trends of cell dry weight for the bacterium L. /actis and the yeast K. marxianus
under different cultivation conditions [52]. Although both organisms differ in both size and
morphology, there are only minor differences in the scattered light spectra (overlay >95%).
Even with these subtle differences it is possible to distinguish both organisms. Interestingly,
cell size appears to have only a minor impact on the scattered light spectra compared

with differences in the structure of the cell wall between Gram-positive and Gram-negative
bacteria. Therefore, the full potential of this method needs to be evaluated in further studies.

The highest information content is provided by measuring the autofluorescence spectra
(Figure 3C). Since all microorganisms contain many different proteins, vitamins, and
cofactors, the autofluorescence properties of these molecules can be used to gain
information [21]. Moreover, it has become clear that the autofluorescence spectra of
different microorganisms show detailed variations and could be used for identification and
characterization of co-culture compositions [81]. A first application of this technique to
distinguish between bacteria and yeast as well as different yeast strains was published by
Bhatta and colleagues [57]. When analyzing the data, the authors focused on the relevant
regions for tryptophan fluorescence. It was shown that minor differences between yeast
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and bacteria were detectable using the tryptophan spectrum, but only by comparing the
results of monoseptic cultures and after washing the cells. This first example showed

that the overall spectrum should be analyzed to identify fluorescence regions with larger
differences between different microbial systems. The usage of complex media components,
such as yeast extract with many autofluorescing constituents could significantly lower the
precision of the measurement. To overcome this limitation and to maximize the output of
information from UV/VIS spectra, the step size of extinction and emission should be as
small as possible, which can be only realized by using stepless turning monochromators and,
if necessary, by eliminating the effect of complex media components [82,83]. To condense
and dissect the resulting large amount of data provided by full spectrum scans, mathematical
tools such as partial least square (PLS) regression and principal component analysis (PCA)
are essential to gain relevant information output [84,85].

An overview of advantages and disadvantages for the different optical measurement
principles based on species-independent parameters is given in Table 3, guiding the reader
to the most suitable method depending on strain-specific characteristics such as cell number,
different cell sizes, different cell walls, pigments, and fluorescent metabolites. Nevertheless,
all five parameters influence all three measurement parameters. Therefore, techniques
marked with a ‘+’ give more precise and/or specific information compared with the other
approaches and should be preferred (e.g., fluorescent metabolites can be also detected by
absorbance but less specifically so).

The aforementioned optical methods focus on classic UV/VIS spectroscopy, but there is
also a large potential for longer wavelength spectroscopy in the range of near-infrared
(NIR) to Raman (Box 2) [86,87]. Beside a large number of medical applications, NIR is an
established technique to monitor biomass, substrates, and metabolic products of well-known
monoculture processes [88,89]. The direct determination of different microbial species in

a mixed culture might be challenging by NIR, but indirect investigation of mixed culture
(compositions) was shown by Grassi and colleagues, who cultured Lactobacillus bulgaricus
and Streptococcus thermophilus for lactic acid formation [90]. A similar state-of-the-art
can be observed in the field of mid-infrared (MIR) applications. Various publications

are available for the online monitoring of monoculture processes [91-93], but only a

few with established mixed-culture applications. For example, Goodacre and colleagues
showed in 1996 that Fourier transform-infrared (FTIR) spectroscopy can be used to identify
hospital isolates [94]. It was shown that the FTIR spectrum of, for example, Streptococcus
pneumoniae differs from that of Streptococcus pyogenes, which should theoretically allow
an online signal for each species in combination with a suitable chemometric method,
comparable to the scattered light-based method published by Geinitz and colleagues [52].
A first step in this direction was published by Schawe and colleagues, who investigated

the culture dynamic of a Pseudomonas putida and Rhodococcus ruber co-culture [95].

With respect to Raman spectroscopy, no publications elucidating a mixed-culture dynamic
are currently available. Nevertheless, Raman measurement is a powerful and universal
technique and, for example, Garcia-Timermans and colleagues were able to identify
different phenotypes in a microbial community by using Raman spectroscopy [96].
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In any case, the robustness of the respective method has to be carefully evaluated in regard
to spectral variations during axenic cultivations of the single strains. It is known that the
spectral characteristics of a pure culture can change depending on age and the physiological
conditions [97]. The autofluorescence (e.g., NADH) is highly dependent on the redox

state and, therefore, can dynamically fluctuate without a change in cell number [98,99].
Moreover, cell size, cell wall composition, or pigmentation can also change depending on
the culture conditions, leading to differences in absorption or scattered light spectra [100].
Thus, for a robust method, it is essential to find spectral regions that are invariant to external
conditions. For yeast, for example, tryptophan fluorescence has been shown to be more
invariant compared with NADH fluorescence [99].

Challenges for Enabling Online Optical Monitoring by Fluorescence Tagging

To enhance the power and resolution of the aforementioned optical methods, different
fluorescent proteins can be expressed to artificially label the microorganisms and their
metabolic activities. Given that fluorescence proteins typically have broad excitation and
emission peaks, it is important to choose fluorescent proteins with minimal spectral overlap
to avoid any crosstalk. Hence, experiments are typically restricted to a maximum of

three fluorescent proteins to achieve acceptable spectral separation [101]. Nevertheless,
theoretically, more complex communities involving more than three members could also
be resolved using spectral unmixing algorithms [102]. Moreover, spectral unmixing is also
essential to prevent crosstalk caused by autofluorescence [103]. Apart from these general
spectroscopic challenges, the implementation of direct online monitoring of population
dynamics solely by fluorescence measurement is not trivial and only a few studies using
fluorescence tags have been published so far.

Main challenges arise from the fact that the relationship between fluorescence and biomass
concentration is not constant but varies depending on how the fluorescence tag is integrated
genetically (e.g., types of promotor, free or fused protein construct) and the growth phase
[104]. The latter can be explained by a mismatch between fluorescence protein production
rate and growth rate. At high growth rates, the fluorescent protein production rate cannot
compensate for the volume growth by cell division and the fluorescence is diluted, reducing
the fluorescence:biomass ratio [105]. Further problems may arise from pH fluctuations. The
intracellular pH can be affected by many factors, such as growth rate, metabolism, and
extracellular pH [106]. All fluorescent proteins have a certain pK, value for maximum
fluorescence and any pH deviation will directly affect the fluorescence:biomass ratio.
Therefore, the choice of a fluorescent protein with a suitable pKj value is vital.

To measure the population composition in real time, the maturation time of the fluorescent
protein is another critical factor. Delayed maturation will result in delayed delivery of

the information. Hence, the maturation time should be a magnitude smaller than the
doubling time of the tagged organism. An additional important factor in regard to most
standard fluorescent protein maturation is the availability of oxygen for chromophore
maturation. Maturation can be strongly delayed by oxygen-limited culture conditions.
Therefore, recently developed fluorescent proteins without oxygen requirement should be
used preferentially [107]. Otherwise, the application of oxygen-unlimited conditions is
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essential. Additionally, pigment formation can also interfere with fluorescent measurements
because light absorption by pigments will affect both fluorescence excitation and emission.

Flow Cytometry-Based Online Analysis

FC, especially in combination with fluorescence-based measurements, is a powerful tool
to follow population dynamics of complex cultures. Cells can be differentiated based on
cell size, morphology, and fluorescence properties. Bessmer and colleagues used fully
automated online FC to monitor microbial dynamics in groundwater. Besides the total cell
concentration, the percentage of low nucleic acid (LNA) content bacteria was monitored
over time through differences in the fluorescence fingerprints [108]. In a similar study,
Buysschaert and colleagues additionally monitored diversity described by Hill number
diversity indices [109]. The Hill number is an indicator of the richness and evenness of
species within a mixed-culture population [110]. Recently, Liu and colleagues [111], used
online FC in combination with sorting subpopulations for sequencing to follow the dynamics
of cell populations of dozens of subgroups within a naturally mixed culture.

In recent years, additionally to classical FC, microfluidic systems have been developed
and used in combination with automated microscopy for high-throughput image-based
FC [microfluidic imaging FC (IFC)]. Here, in microfluidic channels, often parallelized
individual cells can be monitored by imaging techniques. Combined with advanced image
analysis tools, IFC provides more detailed information of the cell shape and structure
compared with classical FC [112].

Standardization and Comparability

Spectroscopic data can be acquired at different scales with different instruments ranging
from single cell-resolved FC, to micratiter plate readers up to large-scale stirred tank
fermenters equipped with /n situ optical probes. However, these data cannot be directly
compared either between these scales or within one scale across labs, because the
measurements are in arbitrary units that depend on the manufacturer of the device and

the parameters adjusted by the user. For example, to make fluorescence measurements
comparable, it is essential to standardize data. Thereby, different layers of standardization
are necessary. First, the raw signals have to be converted into units, which can be universally
compared across any device. This can be done by referencing arbitrary unit measurements
from different instruments and scales to the signal intensity derived from defined standards,
such as fluorescein [113]. Finally, these defined units can be correlated to a mass, such as
the cell dry weight of biomass. A consequent calibration on cell dry weight would not only
increase the comparability between different studies, but, even more importantly, enable
mass and energy balances to validate the results on a fundamental level.

From Online Monitoring to Online Control

As illustrated in Figure 1, every control loop in a (bio)process comprises an input and an
output variable, as well as an actuator to influence the current status of the co-culture. The
input, in case of a co-culture, is its composition, which can be measured by any of the
techniques discussed earlier. The actuator, which has to influence the population dynamic
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in the desired way, can be biotic and/or abiotic. A biotic way for controlling co-cultures

is the establishment of a suitable self-regulating genetic interaction circuit. Such internal
population control strategies have been realized in fundamental research work through, for
example, obligatory cross-feeding interactions or tunable quorum-sensing circuits [114,115].
These strategies are not discussed further within this review and the reader is referred to
recent reviews of biotic control strategies for further insights [116-118]. Instead, here we
provide outlook on the possible implementation of external feedback control strategies,
which could be enabled by the availability of online monitoring methods to precisely sense
the population composition or differential performance parameters as control input. Up

to now, such external control has been rarely realized experimentally. However, with the
advance of online population measurement technologies, external control of co-cultures
processes may also become more relevant and common in the future. Different control loop
models and controllable actuators that could steer a co-culture are already available. In

this way, abiotic and, therefore, often classic process parameters can be used as controls,
which can be applied to many but not necessarily to every natural community or wild-type
co-culture without the need for genetic engineering.

Possible actuators include all variables that influence the relative fitness of the participating
organisms, such as pH, oxygen availability, or temperature. As an example, Krieger and
colleagues dynamically controlled the community composition of a £. coli and P, putida co-
culture by different temperatures [119]. Similarly, pH oscillations have been used to enable
stable coexistence in a co-culture comprising £. coliand S. cerevisiae [120]. In another
example, oxygen availability was found to influence population dynamics in a co-culture

of lactic acid bacteria and 7. reesei [4]. Besides these classical process parameters, the
population could also be controlled by the addition of inducer compounds that regulate the
expression of pathways for making obligate cross-feeding nutrients [121] or that induce cell
lysis [114]. Another strategy could be the direct control of the growth rate via inducible
expression of RNA polymerase [122].

With respect to the overall bioprocess control loop, there are also different options available.
Established control loop techniques, which rely on high-frequency online measurement

of input variables, could be applied in principle, such as proportional-integral-derivative
controllers, which are reviewed elsewhere [123]. These techniques are not targeted to the
specifics of mixed-culture processes. Interestingly, although not yet realized experimentally,
it has been shown by computer models that population control can also work using more
infrequent atline population measurements with the implementation of machine learning
[124]. A benefit of this method is that the system automatically learns to fulfil the target
objective, which could be either to establish a specified population ratio or to adapt the
population ratio for maximization of product output [124]. One of the rare published
examples of a full implementation of an external feedback control loop for population
control was implemented by Sassi and colleagues, proposing the so-called ‘Segregostat’
concept, which comprises a FC that is coupled to a bioreactor to perform online FC analysis
[73]. They used the setup for real-time monitoring and control of heterogeneity profiles

of a continuous bioreactor process. By using propidium iodide as an effective fluorescent
biomarker for cells adapting to nutrient limitation, the population of cells that switched
their metabolic performance was controlled by the addition of glucose. Although this study
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was applied to control the subpopulation ratio of monocultures of £. coliand P, putida,
the principle could be applied to co-culture processes. More progress in this field is clearly
required to develop targeted mixed-culture control strategies.

Concluding Remarks and Future Perspectives

Microbial mixed cultures will greatly expand the biotechnological portfolio by opening
novel strategies for the utilization of renewable biomass or waste materials and offering
novel synthesis routes for the production of pharmacologically relevant compounds and
high-value products. Currently, several high-performance analytical strategies have been
developed to follow these complex biological processes. In this review, we have summarized
and evaluated different offline, atline, and online methods, showing their advantages and
disadvantages as well as the progress and challenges in the field. These analytical strategies
lay the foundation and are prerequisites for the future development of operation control
strategies for mixed-culture processes.

The review has shown that the resolution and control of mixed-culture population dynamics
does not appear to be limited by the availability of suitable measurement principles

but by their routine application and utilization of data (see Outstanding Questions). To
overcome this limitation, data need to be standardized to generate ‘fingerprints’ for
microorganisms. This task is significantly more difficult to realize compared with pure
constituents, but should be possible by summarizing and mining all spectrometry data in

a data collection. Another issue is a lack of commercialized equipment tailored for this
specific application. Most of the studies discussed herein used special customized solutions,
which are not available to the broader scientific community. Increasing implementation of
optical monitoring and control technology for mixed cultures in basic research will reduce
the difficulties associated with their handling and eventually boost the transfer of microbial
mixed cultures from research to industrial biotechnology.
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Box 1
Classification of Monitoring Techniques

Monitoring techniques for bioprocess analysis and control can be classified in three
categories (Figure 1): offline, atline, and online. These categories are defined according
to the location of the analytical system in relation to the bioreactor. Offline measurement
systems (Figure 1A) comprise manual or automatic sampling. Samples are afterwards
analyzed in an external laboratory workflow and data are generally obtained with a
temporal delay. Therefore, the information is not available for any bioreactor control
strategies. In atline measurements (Figure IB), samples are analyzed by the side of

the bioreactor. Data are typically available with an analysis-specific delay but generally
more quickly compared with offline analyses. The third category is online analysis. For
online measurements, /n situand bypass configurations are possible (Figure IC). /n situ
measurements are the preferred technology, since a sensor is directly located inside the
bioreactor. All signals are directly available and, therefore, predestined for any kind of
control. Alternatively, a sensor can also be located in a bypass, which increases the
flexibility regarding size and geometry of the applied measurement technology. However,
transfer of biomass in a bypass may cause changes in the physicochemical conditions

of the sample, due to oxygen limitations and or heterogeneities caused by insufficient
mixing.

[ @ Offline @ @ Atline @ |

> 4
¢ DO
"t- '
d
IHIIIIIIIIIIIIIIII> Direct sample

transfer (e.g., pump)

5
\

Figurel. Schematic I llustration of Offline, Atline and Online M easurement Technologies for
Bioprocess Control.
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Box 2
Spectroscopic Techniques for Bioprocess Monitoring

Spectroscopy is defined as the study of the interaction between matter and
electromagnetic radiation [125]. The electromagnetic spectrum ranges from low-
frequency radio waves to high-frequency -y-rays. The applications of spectroscopic
methods for the analysis of processes in bioreactors are mainly the spectroscopic
measurement of absorption, scattering light, and fluorescence spectroscopy. The theory
behind each of these established methods is briefly illustrated and discussed herein.

For instrumentation that is used for bioprocess monitoring, the reader is referred to
Beutel and Henkel [126] and this is not discussed further here. Besides these established
methods, NIR, MIR and Raman spectroscopy are also beginning to be used in bioprocess
monitoring applications; however, because of their current under-representation in
available strategies, these principles are not explained in detail here.

Absor bance M easur ement/Spectr oscopy

Absorbance measures the attenuation of light intensity after passage through a medium
in relation to the wavelength of the light (see Figure 3A in the main text). In theory, an
absorbance spectrum is defined exclusively by the light attenuation caused by resonant
absorption (conversion of the light energy into heat).

In practice, however, conventional spectrophotometers measure the total light attenuation
and cannot distinguish between absorption and scattering. Therefore, absorbance light
spectra of cell suspensions are largely affected by scattered light in the UV/Vis part of
the spectrum and it is uncommon in the literature to characterize nonpigmented microbial
cells (see ‘Scattered Light Spectroscopy’ section). More common for cell suspensions is
the IR absorbance spectroscopy, since IR light shows less scattering.

In absorbance measurements, light disappears following an encounter with a particle.
Most prominent absorption measurements are UV/Vis measurements, which rely on the
well-known Beer’s Law, which relates the amount of light absorbed by a sample to the
amount of a chemical species present in that sample. The sample absorbs energy (i.e.,
photons) from the radiating field. The intensity of the absorption varies as a function of
frequency, and this variation is the absorbance spectrum. For different microbes, different
absorbance spectra can be found depending on the emission spectrum (see Figure 3A in
the main text). More details regarding the physical principle and its implementation can
be found elsewhere [127].

Scattered Light M easurement/Spectroscopy

Light scattering occurs when light interacts with small objects and thereby changes its
direction. Hence, when characterizing cell suspensions by scattered light spectroscopy,
the spectrum of the scattered light is not changed by the scattering event itself. It is rather
the interplay between scattering and absorption that determines the scattered light spectra
of cells. Thus, it can be seen as complementary to light absorbance. Different from the
process of absorption, which assesses the amount of light absorbed, the amount of light
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that is scattered can be quantified at different positions. Thereby, the scattered light signal
has a near- linear relationship with the cell concentration.

Scattered light spectra can be measured across different positions over a wide excitation
spectrum. For different microorganisms, different scattered light spectra can be found
depending on their pigmentation, cell wall characteristics, shape, and size. More details
regarding the physical principle and its implementation can be found elsewhere [128].
An important form is Raman scattering, which can be used to not only characterize
molecules, but also differentiate between microorganisms [129].

Fluorescence M easur ement/Spectr oscopy

When a fluorophore is excited by defined lights, it absorbs a photon and is lifted to a
higher energy state. As the energy of the molecule relaxes to a lower energy state, it emits
a photon at a different energy level and, thus, wavelength. This principle can be used to
measure not only autofluorescence of samples, but also fluorescence based on genetically
encoded biosensors or upon addition of fluorescent dyes. The range of frequencies

of emitted photons from a particular excitation frequency is known as the emission
spectrum. Typically, the wavelength varies between 180 and 800 nm, depending on the
analyte of interest. Fluorescence profiles of co-cultures can be obtained by systematically
testing the emission spectrum for a range of excitation frequencies.
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Highlights
Next-generation sequencing and microfluidic analysis can identify and characterize the

complex native microbial community in a sample, with little, if any, selection of artifacts.

Optical measurement methods are currently the most promising fully scalable techniques
for online monitoring and control of mixed-culture processes.

The potential of infrared techniques, Raman spectroscopy, and mass spectrometry
currently appear to be underestimated and underused for all aspects of the identification,
characterization, monitoring, and control of mixed and co-culture processes.

Trends Biotechnol. Author manuscript; available in PMC 2022 June 18.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Schlembach et al.

Page 22

Glossary

Co-culture
defined mixture comprising a limited number of participants. Co-cultures are in general
synthetic microbial systems.

Consolidated bioprocess (CBP)

possible way for process intensification by a mixed or co-culture. Several normally
individual process steps are combined in one reactor system. The term is often used in
the context of conversion of complex substrates (e.g., lignocellulose) into higher valued
products.

Flow cytometry (FC)
technique used to detect and measure physical and chemical characteristics of single cells
in a high-throughput flow channel.

I nvasive/non-invasive techniques
describes the degree of contact and possible influence of a measurement method on a
sample.

Microbial communities
groups of microorganisms that share a common living space. The number of participants
as well as the composition is often unknown.

Microfluidic systems
in the context of biotechnology, cultivation or cell-handling systems on a pico- or
nanoliter scale.

Mixed culture

culture that includes multiple species. The composition is known but the ratio between
single microorganisms is undefined. The term is often used to describe natural microbial
systems.

rDNA sequencing

sequencing of ribosomal RNA genes and the internal transcribed spacers between them is
used as a genetic barcode that allows the phylogenetic classification and identification of
organisms.
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Outstanding Questions

Are upcoming measurement technologies and control strategies for mixed cultures a
game-changer for current single-species bioprocesses?

Will monoculture bioprocesses benefit from measurement strategies that are developed
for co-culture analysis and control?

Avre there suitable measurement techniques (utilizing novel physical principles) that could
be adapted for mixed-culture monitoring in biotechnology?

Can the combination of absorbance, scattered light, and fluorescence result in a universal
tool to resolve mixed and co-culture dynamics?

Can a bioinformatics combination of new spectroscopic information on mixed and
co-culture composition with process performance/metabolomics data (e.g., from online
sensors, online gas chromatography, or gas chromatography-mass spectrometry) be used
to develop novel control strategies?

How will the application of deep learning and artificial intelligence approaches to
complex bioprocess data analysis affect process control strategies?
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Identification
of mixed cultures

Characterization
of mixed and co-cultures

Characterization
of mixed and co-cultures

Processes

Control
of mixed and co-cultures

Processes

Figure 1. Thefour levelsareidentification, characterization, process development, and process
control.

Key Figure Four Main Levels of Information to Investigate a Mixed or Co-Culture of
Microorganisms
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Figure 2. Differentiating between Co-Culture Members.
(A) Natural and synthetic cellular characteristics, which can be analyzed; (B) fluorescence

image of a co-culture of Aspergillus terreus GFP1 (green) and Trichoderma reesei RFP1
(red) grown on cellulose (blue autofluorescence). Scale bar = 50 um. Reproduced, with
permission, from lvan Schlembach.
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Figure 3.

Optical Measurement Principles and Output of (A) Absorbance, (B) Scattered Light, and
(C) (Auto)Fluorescence to Resolve Co-Culture Compositions and Dynamics. Abbreviation:
PLS, partial least square.
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Method Mixed-culture Species Refs
specification
Plate counting
Plate counting Bacterium and yeast Lactobacillus lactis and Kluyveromyces marxianus [44]
Yeast and yeast Torulaspora delbrueckii and Saccharomyces cerevisiae [45]
Genetic techniques
t-RFLP Three bacteria Burkholderia cepacia, Staphylococcus aureus, and [41,42]
Pseudomonas aeruginosa
Pigment-DNA method Fungus and fungus Trichoderma reesei and Aspergillus wentii [130]
16S rDNA sequencing, RAPD analysis Bacteria Staphylococcus, Lactobacillus, Methanosarcinales, [46,47]
Methanomicrobiales, and Methanobacteriales
Quantitative real-time PCR and specific | Bacteria Clostridium straminisolvens CSK1, Clostridium sp. strain [43]
PCR analyses FG4, Pseudoxanthomonas sp. strain M1-3, Brevibacillus sp.
strain M1-5, and Bordetella sp. strain M1-6
Full-length 16S rDNA sequencing Microbiome Undefined [48]
Optical techniques
Reporter strains Microbiome Undefined [61,62]
Flow cytometry and t-RFLP Bacteria B. cepacia, S. aureus, and P. aeruginosa [51]
Flow cytometry with fluorescence- Yeast Pichia pastoris (different strains expressing different [58]
tagged strains pathways)
Bacteria Different Escherichia coli strains [59]
Fluorescence /n situ hybridization Bacteria Alphaproteobacteria, Betaproteobacteria, [60]
(FISH), oligonucleotide probes Gammaproteobacteria, Rhodobacter, Roseobacter,
Rhodospirillum, and Rhodopseudomonas
Fluorescence proteins Bacteria (biofilms) Lactobacillus rhamnosus [56]
Absorbance Bacteria and yeasts E. coli KO11, and S. cerevisiae D5A; Methylomicrobium [55]
buryatense 5GB1 and Scheffersomyces stipitis CBS 5773
Autofluorescence Fungi Aspergillus flavus, Micosporum gypseum, Micosoprum [23]
canis, Trichophyton rubrum, and Trichophyton tonsurans
Microscopic image analysis with Bacterium and bacterium | Different £. coli strains [27]
fluorescence-tagged strains
Particle size distribution Eukaryote and bacteria Tetrahymena pyriformis, E. coli, and Azotobacter vinelandii | [63]
Bacterium and yeast L. lactisand K. marxianus [52]
Others
Cellulose consumption Fungus and yeast Trichoderma reesei and Ustilago maydis [9]
Metabolic products (nisin and lactic Bacterium and yeast L. lactisand S. cerevisiae [53]
acid)
Measuring NHI and NO7 -dependent Bacteria Nitrosomonas europaea and Nitrobacter winogradskyi [54]
O, uptake
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Table 2
Online M easurement Techniquesfor Mixed and Co-Culture Compositions for Different
Microbial Systems
Method Mixed-culture Species Refs
specification
M ass spectrometry
Mass spectrometry Bacteria Serratia rubidaea, Serratia marcescens, and Escherichia coli [71]
Fungi Eutypa lata and Botryosphaeria obtusa [72]
Scattered light and absor bance spectrum
Scattered light spectrum Bacterium and yeast Lactobacillus lactis and Kluyveromyces marxianus [52]
Absorbance Bacteria and yeasts E. coli KO11and Saccharomyces cerevisiae D5A, [55]
Methylomicrobium buryatense 5GBI and Scheffersomyces
stipitis CBS 5773
Autofluorescence
Autofluorescence Bacterium and yeast Lactobacillus casei, Saccharomyces pastorianus YZ275i, and [57]
Saccharomyces cerevisiae
Green algae and Chlorella vulgaris and Spirulina [24]
Cyanobacteria
Fluorescence-tagged strains
Flow cytometry with fluorescence- Yeasts S. cerevisiae, Lachancea thermotolerans, Torulaspora [26]
tagged strains delbrueckii, Wickerhamomyces anomalus, K. marxianus,
and Hanseniaspora opuntiae
Fluorescent tagged strains + optical Bacteria Different £. coli strains [104]
density measurements
Microscopy with fluorescence- Bacteria Corynebacterium glutamicum, E. coli, and Pseudomonas [74]
tagged strains putida
E. coli and Salmonella typhimurium [75]
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Overview of Advantages and Disadvantages for Optical M easurement Principles Based on

Species-Independent Parametersto | dentify a Suitable Techniqueal

Absorbance

Scattered light

Autofluorescence

High cell numbers

+

e

Different cell size

+

Different cell walls

+

Pigments

Fluorescent metabolites

a . . -
+ indicates a preferred principle.
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