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ABSTRACT: As a proof of concept, a rapid assay consisting of a cell-based biosensor (CBB) panel of pure bacterial strains, a
fluorescent dye, and partial least squares (PLS) modeling was developed to assess the nitrification inhibition potential of
industrial wastewater (WW) samples. The current standard method used to assess the nitrification inhibition potential is the
specific nitrification rate (SNR) batch test, which requires approximately 4 h to complete under the watch of an experienced
operator. In this study, we exposed the CBB panel of seven bacterial strains (nitrifying and non-nitrifying) to 28 different
industrial WW samples and then probed both the membrane integrity and cellular activity using a commercially available “live/
dead” fluorescent dye. The CBB panel response acts as a surrogate measurement for the performance of nitrification. Of the
seven strains, four (Nitrospira, Escherichia coli, Bacillus subtilis, Bacillus cereus) were identified via the modeling technique to be
the most significant contributors for predicting the nitrification inhibition potential. The key outcome from this work is that the
CBB panel fluorescence data (collected in approximately 10 min) can accurately predict the outcome of an SNR batch test (that
takes 4 h) when performed with the same WW samples and has a strong potential to approximate the chemical composition of
these WW samples using PLS modeling. Overall, this is a powerful technique that can be used for point-of-use detection of

nitrification inhibition.

1. INTRODUCTION

Nitrification, the biologically mediated process of converting
ammonia to nitrate, is widely used in municipal wastewater
treatment plants (WWTPs) to meet strict ammonia effluent
limits. Nitrifying microorganisms (i.e., nitrifiers), including
Nitrosomonas europaea and Nitrospira, have been found in the
activated sludge of WWTPs.' ™ The rate of nitrification can be
negatively affected by the presence of various chemical
compounds in the influent to the municipal WWTP." A variety
of manufacturing plants from the food, automotive, pharma-
ceutical, metal working, and other industries use biocides (which
include insecticides, fungicides, herbicides, acaricides) to
enhance process performance by inhibiting microbial growth,
inhibiting equipment corrosion, and other associated effects.”™®
The wastewaters (WWs) generated by these industries are
usually pretreated in industrial WWTPs prior to being directed
to municipal WWTPs.” It is critical that an assessment of the
potential effect of those incoming sources on the performance of
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the municipal WWTP is made; ideally, this assessment should be
(1) fairly simple to conduct, (2) fairly rapid in response, and (3)
able to identify the source of the inhibitory chemical
compounds. The current “gold-standard” method to assess
nitrification inhibition is the specific nitrification rate (SNR)
batch test.'” This is a laborious method requiring frequent
measurements of nitrate and nitrite concentrations, with and
without the presence of potential nitrification inhibitors, over a
few hours of operation. A rapid test to assess the toxicity of such
WW sources would be beneficial to the operation of municipal
WWTPs and could also be used for monitoring “point-of-use” of
biocides at industrial/commercial facilities. Also, the SNR batch
test gives no information about the source of the nitrification

Received: July 24, 2019
Revised:  November 11, 2019
Accepted: December 2, 2019
Published: December 2, 2019

DOI: 10.1021/acs.est.9b04453
Environ. Sci. Technol. 2020, 54, 184—194


pubs.acs.org/est
http://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.est.9b04453
http://dx.doi.org/10.1021/acs.est.9b04453

Environmental Science & Technology

inhibition. Thus, additional testing using sophisticated equip-
ment, such as liquid chromatography—mass spectrometry (LC-
MS) and/or gas chromatography—mass spectrometry (GC-
MS), is used."" The complexity, time requirement, and large cost
associated with this additional testing have created a space for
innovating simpler methods/assays capable of assessing toxicity
specifically with respect to nitrification inhibition.

Due to their relatively low-cost and rapid response kinetics,
cell-based biosensors (CBBs) have gained significant attention
for various applications in food, medical, environmental, and
other industries.'>"” In the environmental field specifically, the
potential toxicity of various chemical compounds in water and
soil samples has been determined using CBBs based on different
microorganisms. For example, multi-bacterial toxicity assays
such as MARA'* and LumiMARA,"® which use absorbance and
bioluminescence respectively, have been used to assess the
toxicity of environmental samples. However, these assays have
not been used to assess nitrification. As another example,
commercially available tests using bioluminescent Vibrio fischeri
have been used to measure the toxicity of metals in
environmental samples'® and the concentration of biocides in
paper mill process waters.'” Vibrio fischeri has also been tested
for its ability to predict the kinetics of nitrification with some
success; * however, the long test time (approximately 1.5 h) and
the inability to assess the source of inhibition are the major
limitations of this technique. This technique also does not
consider the response of the nitrifying organisms which are
responsible for nitrification. Nitrification inhibition assays based
on pure cultures of Nitrosomonas and Nitrobacter were
developed and tested on influent samples to municipal
WWTPs'” and industriall WW samples.””>' However, these
pure culture assays still required the same amount of time (4 h)
as a conventional activated sludge assay.

In order to solve the problem of developing a rapid assay to
assess nitrification inhibition, we were inspired by the develop-
ment of “soft sensor” technologies that have been used in various
manufacturing industries to predict difficult-to-measure re-
sponse variables using easy-to-measure process parameters.” >
For example, in the biotechnology industry, multiwavelength
fluorescence spectra trajectories have been used to monitor cell
densities, recombinant protein concentrations, and other time-
consuming and/or difficult-to-measure components in mamma-
lian cell cultures.”* In another case, oxidation reduction
potential and pH measurements were used to monitor for
nitrogen and phosphorus removal in the biological treatment of
municipal WW.>>

In this study, we selected a diverse panel of seven bacterial
strains (e.g., Gram-negative/Gram-positive, oval-shaped/rod-
shaped, nitrifying): Nitrospira, Nitrosomonas europaea, Escher-
ichia coli, Bacillus subtilis, Bacillus cereus, Staphylococcus
saprophyticus, and Streptomyces laurentii. We used a fluorescent
cell dye (SYTO 9, propidium iodide) to monitor for changes in
membrane integrity and cellular activity after exposure to a
“library” of industrial WW samples. This fluorescence cell dye is
known for its ability to 2probe for intact and disrupted
cytoplasmic membranes.”*™** Also, because the dye binds to
DNA and RNA,” it is hypothesized that this method would also
probe for cellular activity (e.g., expression of genes upon the
cell’s exposure to stress).””*" Therefore, the combination of
these two effects is anticipated to provide information about the
interaction between each strain and the chemical compounds
present in a WW sample. Furthermore, because each strain
(both nitrifying and non-nitrifying) behaves differently,
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combining the information from each strain allows for a greater
understanding of the repercussions of the WW sample on
bacteria that can be used as a surrogate measurement—in
combination with a model—for the performance of various
cellular functions (e.g,, nitrification). The key advantage to this
approach is that the CBB panel fluorescence data for all of the
strains can be collected in approximately 10 min. In parallel to
this work, we obtained SNR batch test and GC-MS data for the
same “library” of WW samples. By combining all of these data/
results (CBB panel fluorescence, SNR batch test, GC-MS) and
partial least squares (PLS) modeling, we are able to predict the
SNR outcomes with a strong potential to approximate the
chemical composition of the WW samples.

2. MATERIALS AND METHODS

2.1. Preparation of Bacterial Strains. Seven bacterial
strains were used in this study:

o Nitrospira, a Gram-negative and common aerobic chemo-
lithoautotroph bacterium, was purchased from DSMZ
(Braunschweig, Germany). Nitrospira has been com-
monly found in activated sludge (approximately 9% of
total bacterial count) of WWTPs and is responsible for
oxidizing nitrite to nitrate.*” Nitrospira were grown at 28
°C over 4 weeks; it should be noted that the culturing
conditions could be optimized to reduce the amount of
time needed.”” For the first 2 days, a Thermo MaxQ 8000
shaker incubator was used to shake the bacteria-media
solution (see below) in a 100 mL Erlenmeyer flask set at
225 rpm to improve oxygen uptake; no shaking was done
for the remainder of the 4 weeks. The media solution was
made (as per DSMZ recommendations) by dissolving
EDTA (1.4 mg/L), KH,PO, (1.4 mg/L), MgSO,7H,0
(100 mg/L), CaCl,-2H,0 (10 mg/L), FeSO, (S mg/L),
NaNO, (212 mg/L), K,CO, (258 mg/L), CuSO,-SH,0
(0.1 mg/L), MnCl, (1 mg/L), ZnSO,-7H,0 (0.5 mg/L),
and Na,MoO,-H,0 (0.5 mg/L) in Milli-Q water. All the
chemicals used were of analytical grade.

e Nitrosomonas europaea, a Gram-negative obligate chemo-
lithoautotroph bacterium, was also purchased from
DSMZ. It has been found in activated sludge of
WWTPs and operates under aerobic conditions oxidizing
ammonia to nitrite.” N. europaea uses only ammonia as
energy and only carbon dioxide as cellular carbon to
function.” N. europaea were grown at 28 °C over 4 weeks
(no shaking) in a 100 mL Erlenmeyer flask containing a
media solution that was made (as per DSMZ recom-
mendations) by dissolving Cresol red (1000 mg/L),
KH,PO, (54 mg/L), MgSO,-7H,0 (49 mg/L), CaCl,-
2H,0 (147 mg/L), FeSO, (1 mg/L), NH,Cl (535 mg/
L), NaHCO; (1306.9 mg/L), NaCl (584 mg/L), and KCl
(74 mg/L) in Milli-Q water. This solution was
replenished once per week. All the chemicals used were
of analytical grade.

o Escherichia coli DHSa, an abundant Gram-negative
facultative aerobic bacterium, was provided by the
Biointerfaces Institute at McMaster University. It has
been shown that the amount of E. coli can reach levels of
approximately 10° to 10° cells per gram of activated
sludge.” E. coli were grown for 20 h in Lysogeny broth
(LB) media (Sigma-Aldrich) in 14 mL polystyrene round-
bottom Falcon tubes at 37 °C in a Thermo MaxQ 8000
shaker incubator set at 225 rpm.
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o Bacillus subtilis, a Gram-positive aerobic bacterium that
can grow in diverse environments, was provided by the
Biointerfaces Institute at McMaster University. B. subtilis
was included due to its role in bioflocculant production
which is known to occur in activated sludge during the
aeration process.”® B. subtilis were grown for 20 h in LB
media in 14 mL polystyrene round-bottom Falcon tubes
at 26 °C in a Thermo MaxQ 8000 shaker incubator set at
225 rpm.

o Bacillus cereus, a Gram-positive aerobic and facultative
anaerobic bacterium, was provided by the Agricultural
Research Service Culture Collection (Peoria, IL). B. cereus
is commonly found in a variety of environments and has
been confirmed to exist in soils, water, food and activated
sludge of WWTPs.”” B. cereus were grown under the exact
same conditions as given above for B. subtilis.

o Staphylococcus saprophyticus, a Gram-positive bacterium,
was provided by the Biointerfaces Institute at McMaster
University. S. saprophyticus belongs to the class Staph-
ylococci which are commonly found in activated sludge of
WWTPs.>®* In cases where biological aerobic treatment
of saline WW is required, Staphylococci can act as a
supplement in activated sludge to improve chemical
oxygen demand (COD) removal rates.”’ S. saprophyticus
were grown for 20 h in Tryptic Soy Broth media (Sigma-
Aldrich) in 14 mL polystyrene round-bottom Falcon
tubes at 37 °C in a Thermo MaxQ 8000 shaker incubator
set at 225 rpm.

o Streptomyces laurentii, a Gram-positive bacterium, was
provided by the NRRL. S. laurentii can be typically found
in soil and belongs to the class Streptomyces which are
Gram-positive aerobic mycelial bacteria.”" Streptomyces
are also known to contribute to the removal of heavy
metals, biological oxygen demand (BOD), and total
suspended solids (TSS) from WW.** 8. saprophyticus were
grown for 20 h in Tryptic Soy Broth media (Sigma-
Aldrich) in 14 mL polystyrene round-bottom Falcon
tubes at 26 °C in a Thermo MaxQ 8000 shaker incubator
set at 225 rpm.

The resulting bacteria-media solutions were transferred into
50 mL polystyrene Falcon tubes and then centrifuged at 8 °C
and 4000 rpm for 16 min. The supernatant was replaced with an
equal volume of phosphate buffered saline (PBS) solution
(BioShop) to make bacterial cell stocks. In order to confirm that
the correct bacteria were received and successfully grown at the
reported conditions, 10 L aliquots of each cell stock were sent
to the Mobix Lab at McMaster University for Sanger sequencing
of the 16S rRNA gene. Each aliquot was prepared for sequencing
according to the following three-step sequence: boiling at 95 °C
for 15 min; PCR amplification using 8f (5-AGAGTTT-
GATCCTGGCTCAG-3’) and 926r (5'-
CCGTCAATTCCTTTRAGTTT-3’) primers; column purifi-
cation using the PureLink PCR Purification kit (Invitrogen).
The strains were identified using BLAST search software, and all
achieved a 99% identity to that which was expected.

2.2. Fluorescence Assay: CBB Panel Exposure to
Wastewater. Twenty-eight WW samples were obtained from
an industrial WWTP that receives WW derived from over 100
different clients from a variety of chemical, food, automotive,
and other industries and discharges the treated WW at varying
volumes (approximately 200000—500000 L per day) to a local
municipal WWTP. The samples used in this study were treated
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physicochemically (e.g., flocculation-coagulation, hydrogen
peroxide with aeration, sand filtration, adsorption via clay or
activated carbon) at the industrial WWTP. The samples were
collected over a period of approximately two months to help
ensure diversity in the samples. Before testing, each WW sample
was first centrifuged at 4000 rpm for 16 min to remove any
suspended solid material.

Duplicate 50 uL aliquots of the supernatant from each WW
sample were transferred into individual wells of a 96-well flat
bottom black microplate (Eppendorf); duplicate S0 uL aliquots
of Milli-Q water were also added to separate wells of the
microplate as negative controls. An 8-channel pipet was used to
add 50 uL of each bacterial cell stock into each well being tested.
After S min, 100 uL of the LIVE/DEAD BacLight dye solution
(prepared according to the manufacturer’s instructions for the
L7007 Bacterial Viability Kit) was added to each well using an 8-
channel pipet; this step was completed in less than 1 min. The
fluorescence signals of the contents within the 96-well
microplate were determined using an Infinite M200 Pro
multimode microplate reader (Tecan) at the following settings:
shaking frequency of 2 min, shaking time of 30 s, default gain of
60, excitation wavelength of 485 nm, emission wavelength of
530 nm. The reported fluorescence signals for a given
combination of bacteria and WW were obtained by subtracting
the “background” corresponding to the fluorescence signal from
those wells containing only the WW and dye solution (i.e., no
bacteria).

The fluorescence signals for each bacterial strain exposed to
Milli-Q water (control) were 2900 + 50, 2300 + 25, 6100 + S0,
19000 + 500, 8800 =+ 400, 4700 + S0, and 24000 =+ 100 relative
fluorescence units (RFU) for Nitrospira, Nitrosomonas europaea,
Escherichia coli, Bacillus subtilis, Bacillus cereus, Staphylococcus
saprophyticus, and Streptomyces laurentii, respectively (Figure
S1). The differences in fluorescence readings were due to the
differences in bacterial concentrations from strain to strain
which was a result of implementing a convenient 20-h growth
period for all strains (except for Nitrospira and N. europaea
which was 4 weeks) regardless of their varying growth mediums
and growth temperatures.*”’ In our preliminary testing (results
not shown), we found that it was difficult to differentiate
fluorescence signals of the same bacterial strain when exposed to
different WW samples if a low control fluorescence signal
(<1000) was used.

2.3. SNR Batch Test Assay. The SNR batch test assay used
in this study was adapted from Bye et al.'"’ As shown in Figure
S2, eight 100 mL Erlenmeyer flasks were used to simultaneously
test eight samples (typically seven WW samples and one Milli-Q
water control). The following components were added to each

flask:

e An 85 mL aliquot of return activated sludge (RAS) from
the Dundas Valley WWTP in Dundas, Ontario. The as-
received RAS was concentrated via a simple batch
centrifugation process to achieve a volatile suspended
solids (VSS) value, as per Method 1684,*" in the range of
4400—5400 mg/L, which is typical in WWTPs.*>*

e A 10 mL aliquot of a synthetic mineral medium solution
made in Milli-Q water (as per Seyhi et al.*’) with the
following chemicals (all of analytical grade) at the given
concentrations: KH,PO, (355 mg/L), MgSO,7H,0
(203 mg/L), CaCl,-2H,0 (366 mg/L), FeCl; (15 mg/
L), NH,CI (1920 mg/L), NaHCO; (421 mg/L), CuSO,-
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SH,0 (0.4 mg/L), MnSO,-4H,0 (0.4 mg/L), ZnSO,
7H,0 (0.4 mg/L), and Na,MoO,-H,0 (0.25 mg/L).

e A5 mlL aliquot of CH;COONa solution (2970 mg/L in
Milli-Q water) was used as a source of COD.

To start the SNR batch test, a 0.6 mL aliquot of the WW
sample (or Milli-Q water for the control) was added to the
mixture of components in each flask and then the air supply was
immediately turned on; as shown in Figure S2, a custom-made
manifold was used to deliver the air from a single supply to all
eight flasks. The amount of dissolved oxygen within each flask
was continuously monitored using a YSI 5000 dissolved oxygen
meter to be in the range of 8 to 9 mg/L. The solution pH was
continuously monitored via a VWR Benchtop pH meter and
adjusted via the addition of 0.1 N H,SO, solution (Sigma-
Aldrich) to be in the pH range of 7 to 8; the maximum amount of
acid added to any flask was 4 mL. A 1 mL sample was taken from
each flask at three different time points (20, 45, and 75 min) after
the air supply was turned on. Each sample was first centrifuged at
2000 rpm for 5 min, and then the nitrite-N and nitrate-N
concentrations of the resulting supernatant were determined
using a Nitrite TNTplus Vial Test HR kit (HACH), a NitraVer
X Nitrogen-Nitrate Reagent Set HR kit (HACH), and a DR-
2800 spectrophotometer (HACH).

The SNR for each sample was determined from the slope of
NO,-N (total concentration (in mg/L) of nitrite-N and nitrate-
N) versus time divided by the initial concentration (g/L) of VSS.
According to Raboni et al,*® the measured SNR values were
normalized to 20 °C via the following:

SNR,

SNRare = om0

(1)

where T is the average temperature (in °C) that was measured
using a standard glass thermometer throughout the 75 min test.
The % SNR difference was then calculated using

% SNR difference
_ SNR,p.c(sample) — SNR . (control)
B Average(SNR,qo(sample), SNR,.(control))

)

From this, a % SNR difference of less than zero implies
nitrification was not inhibited while a % SNR difference of
greater than zero implies nitrification was inhibited. The
acceptable level of nitrification inhibition will vary depending
on the discharge limits of different jurisdictions."”

2.4. Gas Chromatography Mass Spectrometry (GC-
MS) Analysis. A 100 mL aliquot of each industrial WW sample
was pH-adjusted to 2.0 + 0.2 via the addition of 1 N HCl
solution (LabChem); this mixture was then combined with 100
mL of dichloromethane (DCM) (Caledon) in a separatory
funnel, manually shaken for 1 min, then allowed to rest for 5 min
in order to partition into two separate phases. Approximately
100 mL of the bottom DCM rich phase was extracted from the
separatory funnel and then dehydrated by pouring it through
approximately S g of anhydrous sodium sulfate (Anachemia) on
top of a 30 yum Whatman filter paper in a glass funnel. The
dehydrated and filtered sample was then concentrated to 2 mL
using a rotary vacuum evaporator operated at 37 °C. A 25 uL
aliquot from the concentrated 2 mL sample was combined with
25 pL of N-methyl-N-trimethylsilyl-trifluoroacetamide
(MSTFA) (Sigma-Aldrich) containing 1% trimethylchlorosi-
lane (Fluka) and S uL of 9-anthracenemethanol (Sigma-
Aldrich) in a 2 mL Clear Robo vial; 9-anthracenemethanol
was included as an “internal standard” for the GC-MS analysis.
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This mixture was then placed in a 60 °C oven for 1 h. The GC-
MS analysis was performed using a 6890N gas chromatograph
(Agilent) equipped with a DB-17ht column (30 m X 0.25 mm
ID X 0.15 pm film, ] & W Scientific) with a retention gap
(deactivated fused silica, 5 m X 0.53 mm ID) and a 5973 MSD
single quadruple mass spectrometer (Agilent). A 1 L aliquot of
the sample was injected into the chromatograph using a 7683
autosampler (Agilent) in splitless mode. The injector temper-
ature was 250 °C, and the carrier gas (helium) flow rate was 1.1
mL/min. The transfer line temperature was 280 °C, and the MS
source temperature was 230 °C. The column temperature was
initially set at 50 °C which was then increased to 300 °C via an 8
°C/min ramp and held at 300 °C for 15 min for a total run time
0f 46.25 min. A full scan mass spectra between a mass-to-charge
ratio of 50 and 800 was acquired; the multichannel ion detector
was turned off during the 0—2.5 and 2.8—3.9 min marks for
toluene (solvent used as the stationary phase when the injection
mode is splitless) and MSTFA, respectively.

2.5. Partial Least Squares (PLS) Modeling. The PLS
modeling was conducted using Aspen ProMV software
(AspenTech) which uses the nonlinear iterative partial least-
squares (NIPALS) algorithm.so For a detailed review of the
mathematics and standard notation of PLS modeling, the reader
is referred to the earlier work by Hoskuldsson.’" Three separate
PLS models were developed in this study:

1 CBB to SNR: this is the main model (i.e., “soft sensor”)
that was used to predict the % SNR difference based on
the fluorescence signal of the CBB panel. The model input
(X-space) contains the bacterial strains as variables
(columns) and WW samples as observations (rows).
The fluorescence signal for each bacterial strain and for
each WW sample fills the X-space. The model output (Y-
space) contains the % SNR difference as the only variable
(column) and the same WW samples as observations
(rows). Weight matrices, which define the orientation of
the principal components, were labeled as ‘W’ for the CBB
X-space and ‘C’ for the SNR Y-space; see Figure S3 for a
schematic representation.

2 GC-MS to SNR: this model was used to determine which
of the chemical compounds in the WW samples (Table
S2) contributed to nitrification inhibition. The model
input (X-space) contains the chemical compounds as
variables (columns) and WW samples as observations
(rows). Standardized GC-MS peak area values fill the X-
space; the integral area for each peak (i.e., chemical
compound) was divided by the integral area of the
internal standard (see Table S2). The model output (Y-
space) contains the % SNR difference as the only variable
(column) and the same WW samples as observations
(rows). Weight matrices which define the orientation of
the principal components were labeled as ‘W’ for the GC-
MS X-space and ‘¢’ for the SNR Y-space; see Figure S4 for
a schematic representation.

3 GC-MS to CBB: this model was used to determine which
of the chemical compounds in the WW samples (Table
S2) contributed to a change in the fluorescence signals for
two (Nitrospira, Escherichia coli) of the seven bacterial
strains. The model input (X-space) contains the chemical
compounds as variables (columns) and WW samples as
observations (rows). Standardized GC-MS peak area
values fill the X-space; the integral area for each peak (i.e.,
chemical compound) was divided by the integral area of
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the internal standard. The model output (Y-space)
contains the two bacterial strains mentioned above as
the variables (columns) and the same WW samples as
observations (rows). Weight matrices which define the
orientation of the principal components were labeled as
‘W’ for the GC-MS X-space and ‘c’ for the CBB subset Y-
space; see Figure SS for a schematic representation.

3. RESULTS AND DISCUSSION

3.1. CBB Panel Fluorescence and SNR Batch Tests. The
results collected from the CBB panel and SNR batch test for one
of the industrial WW samples (WW #4) are shown in Figure 1.
The fluorescence signals from the CBB panel are shown in the
panel on the left. A microplate reader was used to record the
fluorescence signals over a 15 min reading period (as per the
instructions provided by the manufacturer of the dye); however,
it was found that only the initial fluorescence signal, which was
retrieved 1 min after the addition of dye, was necessary to
achieve a strong correlation to the SNR batch test (see section
Prediction of the SNR outcome using the CBB Panel
Fluorescence Data and PLS modeling for modeling result).
Only the initial fluorescence signal was needed since the
fluorescence signal was stable over the 15 min reading period
(Figure S6); bacteria can adapt to stressful environment within
minutes.”” On the basis of modeling performance, it was found
that there was no advantage to using the fluorescence signals
over a 15 min period (results not shown). This outcome was
convenient, as it reduced the complexity and the amount of time
needed to test a WW sample. The results in the panel on the left
in Figure 1 show that after only 5 min of exposure to the WW
sample and 1 min after the addition of the fluorescent dye, the
change in fluorescence signal for the bacterial strains are
remarkably different after exposure to the same WW sample. For
example, the fluorescence signal of Nitrosomonas europaea and
Escherichia coli increased by 86% and 27%, respectively, while
the fluoresence signal of Bacillus subtilis and Streptomyces
laurentii decreased by 14% and 19%, respectively, relative to
the control sample. It is assumed that the observed differences in

DWW #4 mWW Control OWW #4 BWW Control
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Figure 1. Left panel: Fluorescence data from the CBB panel for
industrial WW sample #4 (gray bars) and Milli-Q water control (black
bars). The fluorescence signals show the initial fluorescence (1 min
after dye addition) for each of the seven bacterial strains: Nitrospira
(N), Nitrosomonas europaea (N.e), Escherichia coli (E.c), Bacillus subtilis
(B.s), Bacillus cereus (B.c), Staphylococcus saprophyticus (S.s), and
Streptomyces laurentii (S.I). Right panel: SNR batch test results for
industrial WW sample #4 (gray square symbols) and Milli-Q water
control (black square symbols). The best-fit value of the slope
corresponding to the NO,-N (nitrate-N and nitrite-N) production rate
was 0.1379 for WW sample #4 and 0.1638 for the control. The % SNR
difference calculated for WW #4 was +6.35 and thus for this study is
considered a “fail” sample.
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Table 1. R? and Q? Values for Different Numbers of Principal
Components (1 to 5) in the CBB to SNR PLS Model for 26
Industrial WW Samples”

Number of principal components used R? Q’
1 0.69 0.12
2 0.80 0.65
3 0.84 0.75
4 0.86 0.78
N 0.86 0.79

“WW samples #3 and #17 were excluded from the model due to the
large squared residuals (outliers).

the fluorescence signals are due to many factors including the
bacterial strain type, structure (Gram-negative vs Gram-
positive), and the chemical composition of the WW sample
(see section Prediction of the SNR outcome using the CBB
Panel Fluorescence Data and PLS modeling for a more detailed
discussion).

The change in concentration of NO,-N (nitrate-N and nitrite-
N) during the SNR batch test is shown in the panel on the right.
The % SNR difference was calculated from the NO,-N
production rate (slope), VSS measurement (4370 mg/L), and
average temperature via Equations 1 and 2. A linear regression
analysis was used to capture the NO,-N production rate since
the expected change in the autotrophic bacterial population is
negli%ible over the amount of time (75 min) required to run the
test.'” The % SNR difference for this WW sample was calculated
to be +6.35, relative to the control, and thus is designated as a
“fail” sample. Exactly the same sequence of testing was done for
all of the other 27 industrial WW samples; those results are
shown in Table S1. Of the 28 WW samples collected, 11 were
designated as “pass” samples and 17 were designated as “fail”
samples. Note that due to the high cost of reagents, only one
SNR batch test was made for the majority of the WW samples.
We are quite confident in the test reliability as a duplicate
analysis of WW sample #2 gave values of +2.66 and +5.20 and a
duplicate analysis of WW sample #18 gave values of +22.30 and
+29.71.

3.2. Prediction of the SNR Outcome Using the CBB
Panel Fluorescence Data and PLS Modeling. In order to
develop an appropriate model that can use the CBB panel
fluorescence data to predict the % SNR difference of an
industrial WW sample, all of the results shown in Table S1 were
modeled using PLS. After modeling (setup shown in Figure S3),
it was determined that WW samples #3 and #17 had relatively
large squared residuals (165 and 554, respectively) compared to
the average (21 & 26) and therefore were excluded. The effect of
using between one and five principal components in the PLS
model is shown in Table 1. When three principal components
were used, which means the first three principal components (1,
2,and 3) are used in the model, the R? value was 0.84. According
to Chin,>® an R? value of 0.67 or greater substantially explains
model variance. In order to capture the predictive ability of the
model, the Q> value is reported.”* When three principal
components were used, the Q* value was 0.75. The Q> value
is different than the R* value because the model uses a subset of
the data (6/7%%) as the training set to predict the remaining
subset (1/7th) of the data; Q is calculated the same way as R*
but with both subsets combined.>” In this way, Q*is an indicator
of how well the model can predict the % SNR difference of new
WW samples from just the CBB panel fluorescence data. In
order to prevent overfitting, three principal components were
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Figure 2. Comparison of the predicted % SNR difference values (from
CBB panel fluorescence data) and the measured % SNR difference
values (from SNR batch test) using PLS modeling and three principal
components for 26 industrial WW samples. The solid diagonal line is
included to indicate the perfect agreement between the two values. The
Q?value (0.75) is close to the R? value (0.84) and therefore a testing set
is not depicted (i.e., the testing data would look similar to the training

data).

used in this model as there was only a small increase in both the
R?* value (+0.02) and the Q? value (+0.03) when the fourth
principal component was used. In the context of our application,
achieving a Q* value of 0.75 is acceptable as there is significant
value in determining whether or not nitrification inhibition is
occurring; simply, a “pass” or “fail” determination is the most
important. According to the literature, a Q value greater than
zero indicates that a model has “predictive relevance”.”
However, the degree of predictive relevance seems to be
subjective and application d_eépendent. For example, according to
the User Guide to SIMCA®® and Heneseler et al.,*” a “large”
degree of predictive relevance is characterized by a Q* value of
greater than 0.5 and 0.3, respectively. In biological applications
of PLS modeling involving metabolite analyses for diagnostic
applications, Q2 values of 0.48 and 0.22 are deemed accept-
able.”®>” Those studies are relevant to this work since we are also
investigating the impacts of metabolites/analytes (chemical
compounds in WW samples) on bacteria that can be measured
using fluorescence.

The effectiveness of using the CBB panel fluorescence data
and PLS modeling to predict the % SNR difference is shown in
Figure 2. The WW samples are closely aligned to the solid
diagonal line (i.e., perfect agreement between the measured and
predicted values). This means that the fluorescence signals from
the CBB panel that were obtained in approximately 10 min can
be used to predict the outcome of the SNR batch test, which
takes approximately 4 h to complete. So as to pragmatically and
easily allow for a 10 min test time of the CBB panel without the
need for constantly culturing the strains, it is anticipated that
future developments of this technology will involve preservation
(e.g, using sugar films) of the strains which has been well
documented in the literature.®”°" As previously mentioned, it is
of utmost importance to determine whether a sample is a “pass”
or “fail”, and therefore, the precise prediction of the % SNR
difference may not be necessary. However, as the measured %
SNR difference approaches the “pass-fail” criteria (which for this
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Figure 3. First and second principal component T-score plot for the X
space of the CBB to SNR PLS model for 26 industrial WW samples.
The greyed circle symbols represent the 11 WW samples with a “pass”
rating (#6, #8, #10, #11, #12, #14, #15, #16, #23, #26, #27). The filled
triangle symbols represent the 15 WW samples with a “fail” rating (#1,
#2, #4, #5, #7, #9, #13, #18, #19, #20, #21, #22, #24, #25, #28).

study was chosen to be zero), it becomes increasingly more
difficult to predict. For example, WW samples #7, #20, #24, #25
are the only WW samples (of 26 samples) that were incorrectly
predicted as “pass” samples; the measured % SNR difference
values for these samples are +1.51, + 1.24, + 0.90, and +3.38,
respectively, and the predicted % SNR difference values for these
samples are —0.28, —0.51, —1.18, and —3.02, respectively. To
better predict the values, specifically those that are close to the
“pass-fail” criteria, more WW samples (preferably of varying
compositions) should be collected and the results added to the
model to further improve its predictive ability.

In order to gain insight into how the CBB panel fluorescence
data predicts the % SNR difference, a T-score plot was generated
and analyzed. The scores of the first and second principal
component, the principal components which best explain
variance in the training data, for each WW sample are displayed
in Figure 3. By reducing the dimensionality to two (first and
second score) using PLS modeling, the differences between
“pass” and “fail” WW samples is evident. Figure 3 shows that the
“pass” WW samples tend to cluster together on the left side of
the plot, while the “fail” WW samples tend to be distributed in
various mid-to-right and lower-right regions of plot. This
distribution can be attributed to the broad differences in effects
of varying chemical compounds on each bacterial strain. By
analyzing each cluster (“pass”, “fail”) with a contribution plot,
we can understand the behavior based on the fluorescence signal
of each bacterial strain when exposed to a “pass” or “fail” WW
sample.

The contribution plot for the PLS model is shown in Figure 4.
The reader is referred to the User Guide to SIMCA*® to
understand how the contributions values are calculated.
Generally, for WW samples with a “fail” rating, Nitrospira,
Escherichia coli, and Bacillus cereus have fluorescence signals
higher than the average (for each strain), while Bacillus subtilis
has fluorescence signals lower than the average. Interestingly,
there was no significant effect found for Nitrosomonas europaea,
Staphylococcus saprophyticus and  Streptomyces laurentii; the
contribution values for these three strains were —3.58 X 1073,
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Figure 4. Contribution plot for the CBB to SNR PLS model. Average
“fail” result (left) and “pass” result (right) of the seven bacterial strains
(Nitrospira (N), Nitrosomonas europaea (N.e), Escherichia coli (E.c),
Bacillus subtilis (B.s), Bacillus cereus (B.c), Staphylococcus saprophyticus
(S.s), and Streptomyces laurentii (S.I)) measured as contributions for the
first and second component. The weights without residuals (W*) are
used. Contribution values greater than zero indicate a fluorescence
signal that is greater than the average fluorescence signal for all WW
samples, for that particular bacterial strain. Contribution values less
than zero indicate the opposite (less than the average).

—1.77 X 1073, and +0.12 X 107 for “pass” and +1.92 X 1073, +
0.95 X 1073, and —0.06 X 107> for “fail” samples, respectively.

This is a surpising result, particularly for Nitrosomonas europaea,
since it is a prominent nitrifying bacterium; we hypothesize that
due to its high settleability rate (these bacteria form strong
bacterial clumps or large flocs), the fluorescence signals are not
as reliable as the other strains. The results in Figure S1 confirm
this hypothesis since the fluorescence signals for Nitrosomonas
europaea display a downward trend as the WW sample number
increases from left to right. We believe that this trend represents
the settling of the bacteria as the microplate was analyzed (from
WW sample #1 to #28). For WW samples with a “pass” rating,
Nitrospira, Escherichia coli, and Bacillus cereus have fluorescence
signals lower than the average (for each strain), while Bacillus
subtilis has fluorescence signals higher than the average (the
opposite of the “fail” rating). Again, no effect is seen with
Nitrosomonas europaea, Staphylococcus saprophyticus and Strep-
tomyces laurentii. Although we do not fully understand the reason
as to why certain strains behave the way they do, previous
research indicates that an increase in the fluorescence signal for
E. coliis correlated with an increase in the amount of intracellular
RNA.®* It is our hypothesis that an increase in the intracellular
RNA and hence an increase in the fluorescence signal is due to
an increase in cellular activity which is triggered by specific
chemical compounds in the WW samples. A decrease in the
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are more strongly correlated. Similar to Figure 4 and Figure S, the weights without residuals (W*) are used.

fluorescence signal is likely due to an increase in cellular
membrane porosity.””*’ Since the “live” fluorescent dye (SYTO
9) used in this commerically provided kit works by primarily
binding to nucleic acids such as DNA and RNA (as previously
mentioned),”” when the cellular membrane porosity increases,
the SYTO 9 dye is replaced with propidium iodide (present in
the dye), effectively decreasing the fluorescence signal.
However, we believe that these outcomes (increase in
intracellular RNA, increase in membrane porosity) are not
mutually exclusive and can occur simultaneously due to the
many differences in the bacteria strains and their complex
interactions with the wide range of chemical compounds present
in each WW sample (see section 3.3 and 3.4 for details).

On the basis of the contribution results in Figure 4, it is
interesting to note that of the four bacterial strains that
contribute heavily to predicting the nitrification inhibition
potential, two are Gram-negative (Nitrospira, E. coli) and two are
Gram-positive (Bacillus subtilis, Bacillus cereus). Since both
Gram-negative strains respond similarly with respect to each
other when exposed to “pass” and “fail” samples, this may be one
of many factors that can explain the differences in the
fluorescence signals between strains. Bacillus cereus does not
display the same effect as its Gram-positive counterpart, Bacillus
subtilis, and therefore, the fluorescence signals are likely
influenced by other factors (e.g., metabolism of specific chemical
compounds) that may be bacterial strain specific. For example, it
has been shown that approximately 30 genes for Bacillus cereus
and 100 genes for Bacillus subtilis are transcribed upon exposure
to environmental stress (e.g, acid stress) and therefore would
react differently.”’ Gram-negative bacteria have a cell wall made
of a thin peptidoglycan layer in comparison to Gram-positive
bacteria,” and it has been reported that peptidoglycan may play
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a role in the permeability of the cell wall in bacteria that would
affect which chemical compounds could enter the cell.”* In some
cases, certain chemical compounds such as surfactants (e.g.,
cetyltrimethylammonium bromide) have been shown to
increase the permeability of bacterial cells."”” Once permeabi-
lized, intracellular enzymes can perform their functions more
quickly by allowing free diffusion of small molecules through the
membrane.'” Another reason for the differences in the
fluorescence signals between the strains could be due to the
selective passage of chemical compounds through the hydro-
philic Porins (channels) on the outer envelope of Gram-negative
bacteria.”® Gram-negative and Gram-positive bacteria are also
known for their differences in regulating transcription and
translation in response to the binding of riboswitches, which are
stimulated in response to the binding of specific molecules.®®
Riboswitches generally attenuate transcription in Gram-positive
bacteria and attenutate translation in Gram-negative bacteria.’®
Finally, researchers have shown that when bacterial cells are
exposed to stressful environments that contain various
metabolic toxins, the genes of the stress proteins are generally
mutated which affects DNA and RNA synthesis.’’ Due to the
many possible explanations for the differences in the
fluorescence signals from strain to strain, future work will be
done to better help understand the observed outcomes in this
part of our study.

3.3. The Effect of Chemical Compounds on Nitrifica-
tion Inhibition. The GC-MS to SNR PLS model was used to
predict which chemical compounds are positively and negatively
correlated with nitrification inhibition. This was made possible
by using the setup shown in Figure S4 and analyzing the
contribution plot. Nineteen WW samples were used in the
model. Five of the WW samples (#17, #18, #21, #25, and #26)
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were not used because they had GC-MS peak areas that were
approximately 3 orders of magnitude lower than the average
peak areas of all of the other WW samples (results not shown)
and thus we were concerned that the results were unreliable. An
additional four WW samples (#S, #15, #19, and #23) were not
included (see Table S2) in the model as they fell outside of the
95% confidence interval for the squared prediction error and
Hotelling’s T? values. Two principal components were used in
this PLS model with large cumulative R” and Q values (0.83 and
0.41, respectively) indicating the possibility of using GC-MS to
predict the nitrification inhibition potential of a WW sample.

The impact of each chemical compound on the nitrification
inhibition potential is shown as a contribution plot in Figure S.
The chemical compounds with positive x-axis values (e.g.,
benzyl alcohol, benzoic acid) are positively correlated with
nitrification inhibition, and the chemical compounds with
negative x-axis values (e.g., 2,3-butanediol, linalool) are
negatively correlated with nitrification inhibition. The numerical
value beside each bar is the number of times that particular
compound was detected by GC-MS. It is interesting to note that
diethylene glycol butyl ether appears in every one of the 19 WW
samples and benzyl alcohol and 2-butoxyethanol each appear in
15 of the samples. Also, of the 51 chemical compounds present
in these 19 WW samples, eight chemical compounds appear in at
least half (i.e., 10 out of 19) of the samples. Seventeen of the 33
chemical compounds that are positively correlated with
nitrification inhibition are carboxylic acids (black filled bars).
We hypothesize that this result is likely due to the high
electronegativity and therefore polarity of carboxylic acids®” and
since. WW bacteria tend to be more hydrophilic than
hydrophobic.’® For example, it is shown that octanoic acid
and l-octanol are positively and negatively correlated with
nitrification inhibiton, respectively. Also, the observed effects of
aromatic chemical compounds (benzoic acid, phenol, and p-
chlorocresol) on nitrification inhibition are consistent with
previous studies.””™”" However, it is also shown that some
aromatic chemical compounds such as cyclohexanol and cresol
are negatively correlated with nitrification inhibition; we suspect
that the competition between the chemical compounds plays a
large role in the selective uptake in bacterial cells.

3.4. The Effect of Chemical Compounds on Bacteria
Fluorescence Signal. The same 19 WW samples were used in
a GC-MS to CBB PLS model (setup shown in Figure SS). In this
model, we found that E. coli and Nitrospira were the only strains
to have predictive relevance (Q* > 0) for all of the principal
components analyzed (Table S3) and therefore, only the
fluorescence signals from Nitrospira and E. coli were included.
This result may be due to their Gram-negative membrane
structure; it is hypothesized that these strains can better
discriminate between the compounds present in a WW sample
due to the selective passage of hydrophilic compounds through
Porins into the cell.”> Two principal components were used in
this PLS model; the cumulative R* and Q? values were 0.73 and
0.14, respectively (see Table S4 for details on the other principal
components). The large R* value with only two principal
components indicates that this model can potentially be used to
predict which chemical compounds are present in a WW sample
based on the fluorescence signal of the two strains using a weight
biplot (Figure 6). The low Q” value indicates that more WW
samples need to be tested due to the large number of chemical
compounds.

By analyzing the locations of the weights (left or right, top or
bottom, diagonal) shown as empty circles for the chemical
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compounds and black squares for the strains, predictions can be
made. For example, benzyl alcohol and pentanoic acid are
present on the same side (right) of the weight biplot as
Nitrospira and thus are positively correlated in the first principal
component. However, benzyl alcohol is also present on the
opposite side (bottom) of Nitrospira in the second principal
component. This means that the presence of pentanoic acid is
more likely to have a larger effect than benzyl alcohol on
increasing the fluorescence signal of Nitrospira. In another
example, p-anisic acid and 2-ethylhexanol are present on the
opposite side (left) of the weight biplot as E. coli and thus are
negatively correlated in the first principal component. In
addition, 2-ethylhexanol is also present diagonally of E. coli
indicating they are also negatively correlated in the second
principal component. This means that 2-ethylhexanol is more
likely to have a larger effect than p-anisic acid on decreasing the
fluorescence signal of E. coli. Therefore, by measuring the
fluorescence signals of Nitrospira and E. coli and after consulting
the weight biplot, there is a strong potential to estimate which
chemical compounds are present in a WW sample.
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