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Fate of influent microbial populations during
medium chain carboxylic acid recovery from
brewery and pre-fermented food waste streams†
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Chain elongation is an emerging biotechnology for medium chain carboxylic acid (MCCA) production from

diverse waste streams. Food and brewery waste were upgraded to MCCAs using mixed-culture microbial

communities in an anaerobic sequencing batch reactor. A maximum MCCA volumetric production rate of

9.1 mmole L−1 d−1 (1.1 g L−1 d−1) was achieved with caproate as the major MCCA. MCCA toxicity induced at

acidic pH limited greater MCCA production. Microbial community dynamics were investigated using time-

series 16S rRNA gene (referred to as rDNA) and 16S rRNA sequencing data. The relative activities (as

determined by 16S rRNA sequencing) of microbial populations belonging to the Clostridiales order and

Pseudoramibacter genus positively correlated to MCCA production. The ratio of relative activity and relative

abundance (rRNA/rDNA) and a mass balance-based approach to calculate specific growth rates were used

to identify influent populations that were active in the bioreactor. Some of the most abundant and active

microbial populations in the influent (e.g., Prevotella) were less active in the bioreactor. On the other hand,

chain elongating microbial groups (Clostridiales and Pseudoramibacter) were enriched in the bioreactor

even though they were present at low relative abundances and activities in the influent, suggesting that

selection dominated bioreactor community assembly. The approaches developed in this study allow

identification of active and inactive microbial populations, which will improve the linkage of process

performance with microbial community structure during process modeling.

1. Introduction

Global municipal solid waste generation is expected to
increase from 2.01 to 2.59 billion tons per year from 2016 to
2050, with a concurrent increase in waste management costs
and human and environmental health impacts.1 To address
this concern, efforts to divert waste from landfills and reduce
anthropogenic methane emissions have been implemented
in different parts of the world,2,3 but low-cost technologies

that can convert organic waste streams into high-value
products remain elusive. Chain elongation of short chain
carboxylic acids (SCCAs) using mixed microbial communities
for production of medium chain carboxylic acids (MCCAs)
from waste streams may provide such an opportunity. MCCAs
are saturated fatty acids with chain lengths from six to twelve
carbons including one carboxyl group and MCCAs with up to
eight carbons have been produced by microbially mediated
chain elongation processes. They are used as platform
chemicals for the manufacturing of pharmaceuticals,
fragrances, lubricants, rubbers, dyes, and liquid biofuels or
can be used directly as livestock feed additives and
antimicrobials.4,5 They are currently produced from plant
based oils with considerable environmental impacts.6–8

Chain elongation involves the oxidation of an electron
donor, such as ethanol, which also serves as a source of
carbon, reducing equivalents (NADH), and energy (ATP).
Ethanol chain elongation includes ethanol oxidation to
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Water impact

Food and brewery waste were fed to an anaerobic bioreactor to produce high value platform chemicals. These waste streams contain microbial populations
that are introduced to the bioreactor, but their contribution to bioreactor process performance has so far been overlooked. Distinguishing active and
inactive influent microbial populations in the bioreactor will contribute to the management of microbial communities for desired outputs.
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acetyl-CoA and chain elongation of SCCAs via reverse β

oxidation.5 SCCAs and electron donors required for MCCA
production can be added from an exogenous source, may be
present in the substrate, or can be produced in situ as an
intermediate during fermentation. Several chain elongation
studies have used crude ethanol to mediate chain
elongation,9–15 while others have utilized waste ethanol such
as yeast fermentation beer,4,16–18 wine lees,19 and syngas
effluent.20 Some of these previous studies used pre-
fermented food waste as a source of SCCAs and crude
ethanol as the electron donor, but the use of pre-fermented
food waste combined with waste ethanol has not been
studied yet. Upgrading ethanol-containing brewery waste into
MCCAs may be a promising option, given that the rise in
breweries21,22 has brought new challenges related to
infrastructure and waste management.23,24 Considerable
opportunities exist to diversify brewery waste treatment
practices and recover resources from the various organic-rich
waste streams generated in breweries. Deriving ethanol from
brewery waste would not only eliminate the cost and
environmental impact of using crude ethanol in chain
elongation,25 but would also be beneficial for brewery waste
treatment. A potentially under-appreciated brewery waste
stream is waste beer, which is produced at a rate of 2 to 19%
of the brewery volumetric beer production (Doug Knox,
Sustainability Manager, Jolly Pumpkin Brewery, MI, personal
communication). Waste beer is a waste stream produced as a
result of faulty bottling, development of off-flavors, improper
fermentation, incorrect storage, or beer returned from the
market because it is close to or beyond its expiration date.26

To develop microbial-based management of bioengineered
systems, such as chain elongation bioreactors, we need to
understand how microbial communities respond to different
operational and environmental conditions. Previous chain
elongation studies that have used heterogeneous waste
streams have focused on studying the bioreactor microbial
community only.19,27,28 However, when waste streams are
used as the influent substrate, microorganisms continuously
enter the chain elongation bioreactor as waste streams
contain their own microbial communities. Influent microbial
communities and their roles have been studied for anaerobic
digesters and activated sludge systems.29–33 Mei et al.30

reported that a large fraction of the microbial populations
originating from the influent were inactive in the
downstream system and removing the inactive immigrant
populations from their data analysis improved predictions of
operating parameters that influenced process performance.
Thus, to accurately link microbial community data with
bioreactor conditions and performance data, it is important
to identify the microbial immigrants that remain active and
affect process performance and stability. While some chain
elongation studies have analyzed the microbial community in
one or more influent sample,34–36 a detailed characterization
of influent microbial community dynamics and how such
dynamics impact the chain elongation bioreactor have not
yet been explored.

Most chain elongation microbiome studies have used 16S
ribosomal (rRNA) gene sequencing to gain insights into the
microbial community governing chain elongation
systems.13,16,19,20,27,28 However, this DNA-based approach also
targets 16S rRNA genes associated with inactive cells as well
as extracellular DNA37 resulting in a biased understanding of
which populations are active. The half-life of RNA is much
shorter than that of DNA and monitoring the 16S rRNA
abundance of specific microbial populations can be used to
infer their overall activity,38 as long as the well-described
limitations of this approach are addressed.39–41

The objective of this study was to evaluate the fate of
influent microbial populations in a chain elongation
bioreactor fed with ethanol-rich waste beer and pre-
fermented food waste for MCCA production without
exogenous ethanol addition. The chain elongating microbial
community dynamics in the influent and the bioreactor were
investigated using a combination of 16S rRNA and 16S rRNA
gene sequencing data. We calculated the ratio of relative
activity and relative abundance (rRNA/rDNA) and specific
growth rate of individual influent populations to distinguish
the inactive influent populations from the active ones in the
chain elongating bioreactor.

2. Materials and methods
2.1. Experimental setup

A 7 L semi-continuous anaerobic sequencing batch reactor
(ASBR) with a working volume of 5 L was operated for 229 days
on a 24 h cycle consisting of four steps: i) feeding (8–10 min), ii)
continuous mixing and pH adjustment (22 h 40 min), iii)
settling (1 h), and iv) decanting for withdrawal of effluent equal
to the volume of the influent (8–10 min) (Fig. S1†). The ASBR
was controlled remotely by LabVIEW (National Instruments,
Austin, TX, USA) data acquisition software. The bioreactor
headspace was connected to a 5 L Tedlar gas bag. The
bioreactor was equipped with a water jacket connected to a
recirculating bath (Polyscience, Niles, IL, USA) for temperature
control and was operated at 40 °C until day 73 and at 37 °C for
the remainder of the time. The temperature was decreased to
37 °C to be closer to the optimal growth temperature of several
chain elongating species, such as Clostridium kluyveri,
Clostridium sp. BS-1, Eubacterium pyruvativorans, Eubacterium
limosum, and Megasphaera elsdenii.5,42,43 The bioreactor pH was
maintained at slightly acidic conditions (pH 5.5 ± 0.1) to
minimize methanogenesis through automatic addition of 3 M
NaOH using LabVIEW during the well-mixed react phase. The
bioreactor was operated at a hydraulic retention time (HRT) of
2–4 days (Fig. S2†) and an organic loading rate (OLR) of 10.5 ±
7.0 g soluble chemical oxygen demand (sCOD) L−1 d−1 (Fig. S2†).

2.2. Inoculum and influent substrate

5 L of rumen content (17.1 ± 1.0 g volatile solids (VS) L−1)
collected from the rumen of a fistulated cow from a dairy farm
at Michigan State University (East Lansing, MI, USA) was added
to the ASBR and allowed to degasify for 48 h before starting to
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feed the bioreactor. 2.5 L of fresh rumen content was again
added to the bioreactor on day 178 after an accidental loss of
biomass. The bioreactor was fed once a day with a mixture of
waste beer collected from Jolly Pumpkin Brewery (Dexter, MI,
USA) and permeate produced by an acidogenic dynamic
membrane bioreactor treating food waste44 containing high
levels (62.1 ± 11.0 mM) of SCCAs. The chemical characteristics
of the inoculum, waste beer, and permeate are summarized in
Table S1.† The acidogenic food waste bioreactor was inoculated
with rumen content, which had been degasified for 24 h before
startup, and operated at a pH of 6.3 ± 0.1, a temperature of 39
°C, an HRT of 5–20 h, a solids retention time (SRT) of 40–90 h,
and an OLR of 18 g VS L−1 d−1. Permeate was collected once per
week from the acidogenic bioreactor, stored at 4 °C in a tightly
closed container until use, and mixed with waste beer for
influent substrate preparation. The SCCAs and ethanol present
in permeate and waste beer were considered to determine the
ratio of both substrates. The amount of ethanol required for
chain elongation of SCCAs was calculated according to the
chain elongation stoichiometric equations5 (4 : 1 for ethanol :
acetate, 2.4 : 1 for ethanol : propionate, 1.2 : 1 ethanol : butyrate,
and 1.2 : 1 ethanol : valerate) given in Table S2† except during
the first three weeks when the ethanol : acetate ratio in the
influent was 9 : 1.

2.3. Chemical analyses

We collected samples for various chemical analyses to assess
the ASBR performance. Inoculum samples were collected at
the time of inoculation (day 0 and day 178) and influent
samples were collected once a week. Bioreactor content
samples were collected once a week during the ASBR mixing
phase while effluent samples were collected two to three times
a week during the ASBR settling phase. Total solids (TS) and
VS, total suspended solids (TSS), and volatile suspended
solids (VSS) analyses were determined according to standard
methods.45 The sCOD analysis was performed using
Lovibond™ medium-range (0–1500 mg L−1) COD digestion
vials (Tintometer, Germany). Gas volume was measured every
day with a 100 mL gas-tight glass syringe, while gas
composition (H2, CO2, and CH4) was determined two to three
times a week using a Gow-Mac Series gas chromatograph
(Bethlehem, PA, USA) equipped with a thermal conductivity
detector (TCD). The temperature of the column, injector, and
detector were set to 104 °C, 80 °C, and 115 °C, respectively,
and the current was set at 120 mA. Hydrogen was used as the
carrier gas for carbon dioxide and methane measurements,
while nitrogen was used as the carrier gas to measure
hydrogen. Standard gas samples (ShopCross, Greensboro NC,
USA) with varying mixtures of methane, carbon dioxide, and
hydrogen were used for GC-TCD calibration.

Concentrations of carboxylates from C2 to C8, including
iso-forms of C4 and C5, and ethanol were determined using
an Agilent Technologies 7890B gas chromatograph (Santa
Clara, CA) equipped with a Stabilwax-DA column (Restex) and
a flame ionization detector. The oven temperature was held

at 55 °C for 1 min, then increased to 205 °C at 10 °C min−1,
and held at 205 °C for 8 min. Injector and detector
temperatures were set to 250 °C and 300 °C, respectively, and
nitrogen was used as the carrier gas. The liquid samples were
acidified with phosphoric acid for GC-FID analysis and with
sulfuric acid for sCOD analysis, centrifuged, and filtered
through 0.45 μm nylon membrane filters (TISCH Scientific,
North Bend, OH, USA) before analyses.

2.4. Calculations

In this study, the undissociated carboxylic acid and the
corresponding dissociated carboxylate are together referred
to as carboxylate. Furthermore, the terms MCCAs and SCCAs,
respectively, refer to the sum of caproate (C6), enanthate
(C7), and caprylate (C8) and the sum of acetate (C2),
propionate (C3), n-butyrate (C4), and n-valerate (C5); the
concentrations of iso-butyrate and iso-valerate values were
negligible and hence excluded from the results unless stated
explicitly. The SCCA and MCCA results are expressed on a
molar basis and are net values calculated after subtracting
the concentration in the influent from the corresponding
concentration measured in the effluent. The volumetric
production rate (mmole L−1 d−1) was determined by dividing
the bioreactor effluent concentrations (mmole L−1) by the
corresponding HRT (d; working volume (L) divided by
effluent flow rate (L d−1)). The product yield was calculated
by dividing soluble oxygen demand (sCOD) of MCCAs
produced in the bioreactor by fermentable influent sCOD.
The fraction of sCOD contributed by MCCAs already present
in the influent was subtracted from the fermentable influent
sCOD used for the MCCA yield calculation.

2.5. Microbial analyses

Biomass samples were collected from the inoculum and waste
beer upon starting the bioreactor and from the influent
substrate mixture and bioreactor content periodically (see
Table S3† for specific days of biomass sampling). The samples
were immediately pelletized by centrifuging at 10000 × g for 10
min, flash-frozen on dry ice, and stored at −80 °C until DNA
and RNA extractions were performed. DNA was extracted using
a cetyl trimethylammonium bromide (CTAB) method described
by Porebski et al.46 with an additional bead-beating step (Mini-
Beadbeater-96, BioSpec Products, Bartlesville, OK, USA) for 1.5
min using 0.1 mm diameter zirconium beads. Total RNA was
extracted using TRIzol (Invitrogen, CA, USA) following the
manufacturer's instructions with some modifications. In the
lysis step, 1.5 min bead-beating with 0.1 mm diameter
zirconium beads was included for mechanical cell lysis after
adding TRIzol reagent to the samples. The RNA precipitation
step was slightly modified to include 2.6 M sodium acetate in
addition to ice-cold absolute ethanol. Glycoblue was added to
visualize the RNA pellets and the RNA samples were stored at
−20 °C for 24–48 h followed by ethanol washing and
resuspension in water. ezDNase (Thermo Scientific, MA, USA)
was used to remove residual DNA from RNA extracts following

Environmental Science: Water Research & Technology Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

4 
 2

02
1.

 D
ow

nl
oa

de
d 

on
 0

5/
11

/2
5 

22
:1

3:
21

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d1ew00656h


260 | Environ. Sci.: Water Res. Technol., 2022, 8, 257–269 This journal is © The Royal Society of Chemistry 2022

the manufacturer's guidelines. The effectiveness of DNA
removal was evaluated by quantifying the abundance of
bacterial 16S rRNA genes using bacterial primers47 by qPCR. A
SuperScript® IV VILO cDNA synthesis kit (Invitrogen, Carlsbad,
CA) was used to convert RNA into single-stranded
complementary DNA (cDNA) according to the manufacturer's
instructions. DNA and RNA quantities were determined using a
Qubit 2.0 Fluorometer (Invitrogen, Life Technologies, CA, USA).

cDNA and DNA samples were submitted to the Microbial
Systems Molecular Biology Laboratory (University of
Michigan, Ann Arbor, MI, USA) for 16S rRNA and 16S rRNA
gene sequencing, respectively, on the Illumina MiSeq
platform (San Diego, CA, USA). Primers F515 and R80648

targeting the V4 region of the 16S rRNA gene were modified
for dual-index sequencing as described by Kozich et al.49 A
total of 1 636 675 high-quality reads were generated.

2.6. Sequencing data analysis

The sequences were processed using the mothur platform
(version 1.42.0) following the MiSeq SOP.50 The reference
SILVA database (version 132) implemented in mothur was
customized to align with the filtered sequences. The UCHIME
algorithm was used for chimera removal. The Ribosomal
Database Project (version 16) was used for taxonomic
classification of sequences to the genus level and sequences
were grouped into operational taxonomic units (OTUs) based
on the average neighbor algorithm at 3% sequence
divergence cutoff. The raw sequences are available under
NCBI BioProject ID PRJNA738485. Good's coverage was
estimated in mothur for each sample as a measure of
sampling coverage of OTUs represented by more than one
read (Table S4†). OTUs that could not be classified at the
genus level were denoted as “unclassified” followed by the
name of the lowest taxonomic group in which the OTU could
be classified.

16S rRNA gene and 16S rRNA sequencing data were used
to study the total and active microbial community,
respectively. Singletons were removed for relative abundance
and relative activity calculations. The dominant OTUs or
genera were defined as OTUs or genera present at a relative
abundance or relative activity ≥1% in at least 50% of the
samples. For simplicity, 16S rRNA gene and 16S rRNA are
referred to as rDNA and rRNA, respectively, in the following
ratio calculations. As an indirect measure of activity, the
ratios of relative activity (rRNA) and relative abundance
(rDNA) for each genus observed in the bioreactor (rRNA/
rDNAreactor) and the influent samples (rRNA/rDNAinfluent) were
calculated. Genera with increasing rRNA/rDNA ratios were
assumed to be active as their ribosome abundance increases
more than their genome copy number.51 The ratios of [rRNA/
rDNA]reactor : [rRNA/rDNA]influent were used to compare the
activities of the different genera in the bioreactor with those
in the influent. Lastly, a mass balance approach similar to
the one used by Mei et al.31 with some modifications was
used to calculate the specific growth rate (μ) for populations

observed in both influent and bioreactor samples (a detailed
presentation of the calculation is given in the ESI†). The
specific growth rates were calculated two different ways: one
method used the amount of DNA/RNA recovered from the
cell (method I) and the other method used VSS as an indirect
measure of cell concentration (method II).31 Representative
sequences obtained from mothur for dominant bacterial
OTUs observed in the bioreactor were used for phylogenetic
analysis. The closest relatives of the dominant OTUs were
determined using a BLAST analysis and chosen as reference
sequences. The 16S rRNA gene sequences of the reference
sequences were downloaded from NCBI GenBank Database.
MEGA752 was used to align and trim the sequences and
compute the evolutionary distances using maximum
likelihood analysis.

2.7. Statistical analyses

All statistical analyses of microbial community data were
performed using R (version 3.6.1) with packages vegan
(version 2.5–6),53 phyloseq (version 1.30.0),54 dplyr (version
0.8.5),55 and ggplot2 (version 3.3.0).56 Statistical significance
was set at α ≤ 0.05. Kruskal–Wallis rank sum test with
Benjamini–Hochberg correction for multiple testing (non-
parametric one-way ANOVA) was used to test the statistical
significance of the difference between groups and conditions
for bioreactor performance data. The Pearson correlation
coefficient was calculated using the cor.test function in R.
Alpha-diversity indices such as observed OTUs for richness,
Shannon index, and Pielou's evenness were calculated using
the vegan package to compare DNA and RNA community
profiles. Beta-diversity analyses included nonmetric
multidimensional scaling (NMDS) using the Jaccard (using
the binary = TRUE option, community membership-based)
and Bray–Curtis (community structure-based) dissimilarity
matrices. The statistical difference in microbial community
structure and membership among and between the influent
and bioreactor samples were tested with analysis of
similarities (ANOSIM). The higher the ANOSIM R value, the
more dissimilar the groups are. A linear regression model
was fitted with MCCA volumetric production rate (log
transformed) as the response variable and HRT, SRT,
temperature, and operational days as the explanatory
variables. A sinusoidal term was fitted to the “operational
days” term in the model to investigate whether the MCCAs
production followed a cyclical behavior.

3. Results and discussion
3.1. MCCA recovery from brewery and pre-fermented food
waste streams

SCCA-rich permeate derived from a food waste fermentation
process and ethanol containing waste beer were used to
produce MCCAs in a chain-elongation ASBR system.
Production of MCCAs, including caproate, enanthate, and
octanoate, began within a few days of bioreactor startup as
shown in Fig. 1.
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The MCCA volumetric production rate was high in the
first four weeks of operation with caprylate reaching a
maximum rate of 1.05 mmole L−1 d−1 (0.3 g L−1 d−1) on day
27 (Fig. 1). The corresponding caprylate to caproate product
ratio was 0.4 (on a carbon basis). The MCCA volumetric
production rate then decreased likely due to inhibition by
undissociated MCCAs and high ethanol concentration. The
ethanol concentration in the influent was kept high initially
to promote MCCA production.5,13 While ethanol has been
shown to be toxic to C. kluyveri when in excess of 200–400
mM,5 the ethanol toxicity threshold for an adapted chain
elongating microbial community has not been determined.
The ethanol concentration in the bioreactor was maintained
in the range of 194.4–602.2 mM until day 27. Since 30.5 ±
7.2% of the ethanol fed was not consumed, the ethanol
concentration in the influent was decreased (Fig. S2†).

The average MCCA volumetric production rate was 4.1 ±
1.6 mmole L−1 d−1 (0.5 ± 0.2 g L−1 d−1) with a maximum of 9.1
mmole L−1 d−1 (1.1 g L−1 d−1) on day 212 (Fig. 1) when 27% of
sCOD in the influent was converted to MCCAs. Caproate was
the major MCCA produced comprising on average 62.3 ±
9.8% of the total MCCAs, while enanthate and caprylate
constituted, respectively, 31.2 ± 9.4% and 6.5 ± 4.1% of the
total MCCAs produced on a carbon basis. The maximum
MCCA yield and volumetric production rate achieved were
lower than in other chain elongation studies that used
complex organic waste streams containing ethanol (14.5–29.2
mmole L−1 d−1), but those studies used in-line extraction
systems to continuously remove produced MCCAs.4,17,19

Roghair et al.14 achieved a maximum caproate volumetric
production rate of 47.3 mmole L−1 d−1 in a two-stage system
treating food waste and crude ethanol and avoided MCCA
toxicity without an in-line extraction process by maintaining

a neutral pH. Furthermore, in our study, most of the sCOD
in the influent, including ethanol, was converted into SCCAs,
particularly acetate, which was not further elongated into
MCCAs despite the availability of sufficient ethanol. Excessive
ethanol oxidation to acetate, a competing reaction that took
place in our system, is discussed in more detail by
Shrestha.57

As indicated above, chain elongation can be a self-limiting
process due to the inhibitory effect of MCCAs.5,17 A pH of 5.5
was maintained in the bioreactor to minimize
methanogenesis, but since this pH value was only slightly
above the pKa values of MCCAs (4.8–4.9), a considerable
fraction of the MCCAs were present in their undissociated
forms. The undissociated forms are more hydrophobic than
their corresponding conjugate bases and diffuse through the
membranes of microbial cells decreasing the intracellular
pH. Consistent with this, we observed that the MCCA
volumetric production rate varied cyclically in the bioreactor
(Fig. 1), which was supported by a linear regression model
(R2 = 0.6 with significant sine term, p = 8.9 × 10−5). This
observation suggests that MCCAs accumulated to an
inhibitory level, after which their production decreased,
allowing the microbial community to recover. We calculated
that a maximum concentration of undissociated caprylic acid
of 0.4 mM (0.06 g L−1) occurred on day 27 after which the
MCCA production decreased drastically suggesting
inhibition. Furthermore, the maximum undissociated caproic
acid concentration was observed on day 212 when its
concentration reached 3.2 mM (0.4 g L−1). Past work has
shown undissociated caprylic acid to be inhibitory above 0.6
mM at pH 5.2,13 whereas undissociated caproic acid has been
reported to be inhibitory above 7.5 mM at pH 5.5.17 The
undissociated MCCA concentrations in these studies were

Fig. 1 Volumetric production rate of total medium chain carboxylic acids (MCCAs), caproate, enanthate, and caprylate (secondary y-axis) in the
bioreactor over time.
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kept below their inhibitory levels by continuous removal of
MCCAs using an in-line extraction unit. The inhibitory MCCA
concentrations observed in our study are lower than those
reported by other studies, but concentrations at which
product toxicity occurs depend on the type of bioreactor
system (i.e., with or without in-line extraction unit), the
undissociated concentration of other carboxylic acids, and
the microbial community.

3.2. Microbial populations involved in MCCA production

Based on the 16S rRNA gene sequencing data, the dominant
OTUs in the bioreactor belonged to Acidaminococcus,
unclassified bacteria, Bifidobacterium, unclassified
Clostridiales, unclassified Erysipelotrichaceae, unclassified
Lachnospiraceae, Megasphaera, Methanobrevibacter, Olsenella,
Prevotella, and Succiniclasticum (Fig. 2 and S3†). The
dominant active OTUs, determined by 16S rRNA sequencing,
belonged to Acidaminococcus, Bifidobacterium, unclassified
Clostridiales, unclassified Lachnospiraceae, Megasphaera,
Methanobrevibacter, Olsenella, Prevotella, and
Pseudoramibacter (Fig. 2 and S3†).

The order Clostridiales averaged 24.3 ± 8.2% and 26.8 ±
11.9% of the total and active microbial community,
respectively, and was comprised of 31 genera, among which
Pseudoramibacter, unclassified Lachnospiraceae, and some
unclassified Clostridiales were enriched in the bioreactor.
Populations within the order Clostridiales, especially C.
kluyveri, have frequently been identified in ethanol chain
elongation studies.16,19,36,58 Unclassified Clostridiales
exhibited high relative abundance and relative activity of 8.3 ±
5.1% and 8.0 ± 6.1%, respectively. The dominant Clostridiales
OTU, i.e. OTU 3, clustered with different Eubacterium species,
including Eubacterium pyruvativorans (Fig. S4†), which has
been shown previously to produce valerate and caproate.59

The relative abundance (correlation coefficient = 0.54, p =
0.05) and activity (correlation coefficient = 0.71, p = 0.01) of
Clostridiales OTU 3 significantly correlated with the MCCA

volumetric production rate. Similarly, the volumetric
production rate of even chained MCCAs (caproate and
caprylate) was positively correlated with the relative activity
(correlation coefficient = 0.55, p = 0.05) of Pseudoramibacter
OTU 16 but it did not correlate significantly with its relative
abundance (correlation coefficient = 0.35, p = 0.22). OTU 16,
the most abundant Pseudoramibacter OTU (Fig. 2) among the
four Pseudoramibacter OTUs observed in the bioreactor, was
phylogenetically closest to Pseudoramibacter alactolyticus (Fig.
S4†), which has been shown to produce both SCCAs and
MCCAs as end products of glucose and sucrose
fermentations.60 It has been associated with MCCA
production from lactate in other mixed-culture studies,27,61

but its ability to use ethanol for MCCA production has not
been described previously. Pseudoramibacter OTU 16 was most
active in the first month of operation after which its relative
activity decreased from 5.9% on day 31 to 0.22% on day 66
before increasing again starting from day 206 (Fig. 2). This
decrease in relative activity aligns with the highest caprylate
production on day 27 (Fig. 1). The high caprylate
concentration was likely inhibitory and the later increase in
relative activity suggests slow adaptation and reduced product
toxicity. Furthermore, the increase in relative abundance and
activity of unclassified Clostridiales aligns with the maximum
volumetric production rate of 9.1 mmole L−1 d−1 observed on
day 212. Specifically, the relative activity of unclassified
Clostridiales increased from 5.5% to 24.1% from day 206 to
213. Besides MCCA producers, OTUs belonging to
Acidaminococcus,62 Lachnospiraceae,63 Megasphaera,64

Succiniclasticum,65 and Prevotella,66 which are generally
functionally associated with acidogenesis, were also enriched
in the bioreactor (Fig. 2 and S3†).

3.3. Microbial community in the inoculum, influent, and
bioreactor

In addition to investigating the influent and bioreactor
microbial communities, we also studied the influence of

Fig. 2 Relative abundance and relative activity of dominant microbial populations at OTU level in bioreactor samples over time. The dominant
OTUs present at relative abundance and relative activity greater than 1% in at least 50% of the samples (n = 14 in DNA and n = 13 in RNA group)
are shown here.
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the inoculum microbial community. We inoculated our
bioreactor with rumen content because rumen bacteria
(e.g., E. limosum,67 E. pyruvativorans,59 and M. elsdenii64)
can produce MCCAs via chain elongation and are well
adapted to high concentrations of SCCAs given typical
rumen conditions.68 By day 7 (first biomass sample
point after startup), the bioreactor microbial community

composition had diverged from that of the inoculum
(Fig. 3 and S5 and S6†). The rumen inoculum was more
diverse than the bioreactor biomass (Fig. S3 and S7†).
The dominant bacterial populations in the rumen
inoculum were Fibrobacter, Prevotella, Ruminobacter,
unclassified Bacteroidetes, unclassified
Gammaproteobacteria, unclassified Lachnospiraceae, and

Fig. 3 Non-metric multidimensional scaling (NMDS) ordination plot of the microbial community based on the Bray–Curtis dissimilarity index using
16S rRNA gene sequencing (a) and 16S rRNA sequencing data (b) and Jaccard index using 16S rRNA gene sequencing (c) and 16S rRNA sequencing
data (d) at OTU level in the rumen inocula, bioreactor, and influent samples. The numbers correspond to sampling days.
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Treponema. Except for Lachnospiraceae and Prevotella,
these populations were present at a low relative
abundance and activity or were undetected in the
bioreactor. Some inoculum microbial populations might
not have been maintained in the bioreactor due to the
relatively short SRT of 9.7 ± 5.8 days from days 20–81.
The effect of SRT on the microbial community,
particularly the methanogens, is discussed in detail in
the ESI.† The microbial community structure changed
gradually during early bioreactor operation (day 7 to day
73), but had changed substantially by day 81 (Fig. 3a).
After day 81, the microbial community formed a
separate cluster (Fig. 3a), while the active fraction of the
microbial community did not show this change except
on day 129 (possibly due to an accidental pH increase
in the food waste bioreactor, the permeate of which was
used to prepare the influent) (Fig. 3b). The day 81
influent sample clustered with the rumen inocula
samples likely because the food waste bioreactor had
been re-inoculated with rumen content a few days before
the day 81 influent was collected. The chain elongation
bioreactor was re-inoculated with rumen content on day
178, but the bioreactor microbial community had already
diverged from the rumen inoculum on day 193, the first
sampling date after re-inoculation (Fig. 3 and S5 and
S6†). The relative importance of the inoculum microbial
community on the bioreactor microbial community
depends on the source of the inoculum, the bioreactor
operating conditions, and the bioreactor configuration
(for example, a membrane bioreactor with a long SRT
better retains inoculum populations).

Alpha and beta diversity indices were determined to
compare the bacterial and archaeal community structure in
the inoculum, influent, and bioreactor samples (Fig. S7†).
The alpha diversity indices were statistically similar between
the bioreactor and influent samples. NMDS ordination
analysis based on Bray–Curtis dissimilarity (Fig. 3a, S5, and
S6†) showed that the microbial community structures (OTU
memberships and abundance) in the influent samples
collected at different time points were similar to each other.
Similarly, the bioreactor samples obtained at various time
points were more similar to each other than the community
structures in the corresponding influent and bioreactor
samples collected at the same time points (ANOSIM R value =
0.55, p = 0.001, Table S5†). A similar observation was made
when the 16S rRNA sequencing data were used for the Bray–
Curtis dissimilarity analysis (Fig. 3b, Table S5,† ANOSIM R
value = 0.67, p = 0.001). However, the NMDS analyses based
on the Jaccard index indicated that the influent and
bioreactor microbial community compositions (OTU
memberships) were similar (Fig. 3c and d). This was
supported by the ANOSIM analysis based on the Jaccard
index, which showed that the R values obtained by
comparing influent and bioreactor samples were small (Table
S5†). These observations suggest that the influent and
bioreactor samples collected at the same time were similar

based on shared OTUs (Jaccard index), but that they differed
when considering OTU abundance in addition to
membership (Bray–Curtis index). Similar observations were
made when bacterial and archaeal communities were
compared separately using Bray–Curtis and Jaccard indices
(Fig. S5 and S6, Table S5†).

3.4. Influent microbial populations in the chain elongation
bioreactor

The microbial community composition and structure in
influent and bioreactor samples were compared to study the
fate of influent populations during chain elongation. The
most abundant and active bacterial phyla in the influent were
Bacteroidetes, Firmicutes, and Proteobacteria (Fig. S8†). On the
other hand, the bioreactor samples were dominated by
Firmicutes, Bacteroidetes, Euryarchaeota, and Actinobacteria
(Fig. S8a†); the relative activity data were similar, except for
Bacteroidetes (Fig. S8b†). A substantial fraction of the OTUs
observed in the bioreactor originated from the influent.
Specifically, 44 ± 6% and 33 ± 6% of total and active influent
OTUs were present in the bioreactor and these shared OTUs
accounted for 39 ± 9% and 41 ± 8% of the total and active
OTUs in the bioreactor (Table S6†). We note that the
detection of OTUs does not necessarily indicate they are
metabolically active as some of these immigrant OTUs might
represent dead or inactive cells.

Two approaches were used to distinguish active and
inactive immigrant populations. The first approach used
rRNA/rDNA ratios in the bioreactor and influent (Fig. 4); the
second approach calculated the specific growth rate of
immigrant populations (Table S7†). It should be noted that
both approaches suffer from the well-described biases
associated with using relative abundance/activity data
because changes in the absolute abundance of a single taxon
affect the relative abundance/activity of all other taxa. Most
bacterial OTUs with a high relative abundance and activity in
the influent (depicted by large values on the Y axes in
Fig. 4a and b) were found to be less active in the bioreactor
than in the influent, i.e., the [rRNA/rDNA]reactor : [rRNA/
rDNA]influent < 1. This included OTUs belonging to the genus
Prevotella, Succiniclasticum, unclassified Bacteroidales, and
Megasphaera. Prevotella, the most dominant genus in the
influent (Fig. S9†), was still abundant in the bioreactor
(Fig. 2). However, Prevotella was less active in the bioreactor
than in the influent (Fig. 2 and 4). The genus Prevotella has
been mostly associated with fermentation and is commonly
found in the rumen.69 Megasphaera OTU 2 present in the
bioreactor (Fig. 2), was also found in the influent suggesting
that it originated from the influent, but it was less active in
the bioreactor than in the influent (Fig. 4). As Megasphaera
can produce both SCCAs and MCCAs,27,64 its broad
fermentative capacity might have supported its growth in
both the acidogenic food waste bioreactor and the chain
elongation bioreactor. On the other hand, some populations,
such as Olsenella, unclassified Clostridiales, and unclassified
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Lachnospiraceae, which exhibited comparatively low relative
abundance and activity levels in the influent, became
dominant in the bioreactor (shown by larger Y-axis values in
Fig. 4c and d) with [rRNA/rDNA]reactor : [rRNA/rDNA]influent >
1. For example, Clostridiales OTU 3 and Pseudoramibacter
OTU 16 levels correlated with MCCA production (as discussed
above), but Clostridiales OTU 3 was present at low relative
abundance (0.2 ± 0.3%) and relative activity (0.2 ± 0.2%) in
the influent and Pseudoramibacter OTU 16 was only detected
in some influent samples. Feeding ethanol-rich substrate and
controlling bioreactor conditions selected for OTUs such as
Clostridiales OTU 3 and Pseudoramibacter OTU 16 capable of
MCCA production, even though they were present at low
relative abundance and activity in the influent.

The relative abundance and activity data were highly
correlated to each other in the influent samples (correlation
coefficient = 0.94), but less so in the bioreactor samples
(correlation coefficient = 0.78) (Fig. S10†). Such differential
correlations introduce bias when calculating the [rRNA/
rDNA]reactor : [rRNA/rDNA]influent ratio. Some studies have
pointed out that sequencing depth and the presence of
populations with different physiologies and growth strategies
can distort the interpretation of the rRNA/rDNA ratio.31,70

Both variable ribosomal RNA (rrn) gene copy number and
sequence variability introduce biases in the relative
abundance and relative activity calculations and diversity
estimates. The rrn gene copy number varies considerably

among different microorganisms and methanogens generally
have a much lower rrn gene copy number (1–4) compared to
bacteria (1–15).71,72 Furthermore, the variation in rrn
sequences within the same genome tends to be greater for
microorganisms with more rrn gene copy numbers.39 These
observations suggest that comparing rRNA/rDNA ratios in the
bioreactor and influent is not adequate to identify all the
active immigrant populations.

A mass balance approach was used as an additional tool
to identify active influent populations with a positive specific
growth rate that contributed to the bioreactor microbial
community. MCCA producers such as Pseudoramibacter and
unclassified Clostridiales had positive specific growth rates
(Table S7†) suggesting that these populations were active in
the bioreactor. We also note that the specific growth rate
values calculated using method I were lower than those
estimated by method II (Table S7†). As VSS measures all
suspended organic matter in the bioreactor including live
and dead microbial cells and other microbial components
such as extracellular polymeric substances, method II might
have overestimated cell concentration and skewed the
specific growth rate calculation.

In bioengineered systems, microbial communities can be
shaped by both deterministic factors (operational and
environmental conditions) as well as stochastic processes
(microbial immigration in an open mixed-culture bioreactor
system). The influence of the influent microbial community on

Fig. 4 Comparison of rRNA/rDNA ratios of microbial populations in the bioreactor and influent versus relative abundance (a) and relative activity
(b) in the influent and relative abundance (c) and relative activity (d) in the bioreactor. The vertical line is drawn at [rRNA/rDNA]reactor : [rRNA/
rDNA]influent = 1. The microbial populations on the left of the vertical line are more active in the influent, whereas those on the right are more
active in the bioreactor. Populations with a high relative abundance and activity (large Y-axis values) are labeled. A few populations with [rRNA/
rDNA]reactor : [rRNA/rDNA]influent > 4 were excluded from the figure to improve clarity.
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shaping the bioreactor community varies depending on how
different the upstream and downstream systems are. In the
current study, some of the dominant influent OTUs were
washed out and some were inactive or decreased in relative
abundance and activity in the bioreactor, whereas some low-
abundant/low-activity influent OTUs (Clostridiales and
Pseudoramibacter) were found to be involved in MCCA
production. Our study shows that despite continuous influx of
immigrant populations from the influent, there was a selection
of microbial populations to achieve optimal function (i.e.,
MCCA production) and the microbial community tolerated a
high level of stochasticity (immigration). Therefore, we can infer
that selection dominated bioreactor community assembly.
Community assembly theory predicts that immigration is
important in shaping bioreactor communities when competitive
selection is weak, and when population sizes are small, alpha
diversity is low, and environmental conditions are dynamic.73

Overall, our quantitative approaches to differentiate active and
inactive microbial populations provided insights into the fate of
influent microbial populations in the chain elongation
bioreactor fed with complex waste streams, but also highlighted
the importance of identifying environmental conditions that
allow desirable selection of the bioreactor community.

Conclusions and future directions

In this study, MCCAs were produced using waste ethanol and
pre-fermented food waste using mixed-culture microbial
communities. Additionally, we studied both the influent and
bioreactor microbial communities and specifically assessed
the presence and activity of influent populations in the chain
elongation bioreactor. The following conclusions can be
drawn from this study:

• A cyclic trend in MCCA production was observed
indicating that MCCA accumulated to a level inhibitory to the
microbial community, after which their production decreased
allowing the microbial community to recover, resulting in
increased production once again. This observation
corroborated previous findings about MCCA toxicity.

• Even though influent microbial populations were
introduced to the bioreactor on a daily basis, the microbial
community structure in the bioreactor differed from that in
the influent.

• A significant fraction of the bioreactor chain elongation
microbial community originated from the influent, but not
all influent microbial populations remained active.

• The bioreactor conditions selected for influent microbial
populations capable of chain elongation, including
populations that were not abundant in the influent such as
Clostridiales and Pseudoramibacter.

Coupling specific growth rate estimates of individual
microbial populations with an rRNA/rDNA approach enabled
us to differentiate potentially active and inactive immigrant
populations. Such approaches, when included into future
studies, will avoid potential bias introduced by including
inactive yet dominant populations in process modeling, thus

improving our ability to identify engineering conditions that
affect the active fraction of the microbial community and
thus process performance. However, the varying rrn gene
copy number in different populations can introduce bias.
The mass balance model relied on relative activity and
relative abundance data calculated from 16S rRNA and 16S
rRNA gene sequencing, respectively, to estimate the total
number of cells entering and exiting the system.
Furthermore, future studies should look into using absolute
abundance by quantifying cell count using flow cytometry or
quantitative PCR methods. Lastly, besides beneficial
microbial populations, the influent can provide non-
desirable microbial populations which may invade the
bioreactor microbial community depending on its resilience.
Therefore, studying microbial immigration can help us to
identify if the microbial immigrants are beneficial (active),
neutral, inactive, or invasive. This aspect of microbial
immigration can be particularly useful in chain elongation
studies that use more than one substrate (i.e., co-digestion)
to determine the contribution of each co-substrate in shaping
the downstream microbial community. As this characteristic
of co-digestion is still unexplored, the methods presented
here to study influent microbial populations can be applied
to select suitable co-substrates that can contribute microbial
populations important to the downstream process.
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