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T

he quest for biofuels through fermentation is well established,
and numerous studies have focused on the role of product
toxicity to the host culture (1–5). In the United States, production
of 36 billion gallons of renewable fuel will be required by 2022,
with about 44% to be obtained from cellulosic ethanol (6). Currently, approximately 90% of the renewable liquid biofuels market
is represented by biodiesel and ethanol (5). However, 1-butanol
has long been an alternative biofuel of interest. Unlike ethanol,
1-butanol has a similar energy density as gasoline (27 versus 32
MJ/liter), and its hygroscopicity allows for storage and transport
with existing infrastructures (7, 8). In addition, advances in synthetic biology and de novo metabolic pathway engineering are enabling new routes to 1-butanol and other potential liquid biofuels,
such as isobutanol, 2-methyl-1-butanol, alkanes, and fatty alcohols (2, 4, 5, 9–11). The broader approach involves the creation of
microbial cell factories that are used as biorefineries to produce
advanced biofuels and value-added chemicals from renewable
substrates (2, 12–14). Major obstacles to this approach, however,
include product toxicity to the host microbe, ultimately resulting
in low yields (3, 13, 15). For example, growth of Escherichia coli is
arrested at concentrations as low as 1% (vol/vol) isobutanol (16).
In order to become a viable source for biofuels and chemicals, the
host toxicity mechanisms of microbial products must be understood so that rational metabolic engineering strategies can be derived to confer adequate product tolerance and ultimately improve yield.
Microbial toxicity mechanisms of alcohols. Microbes turn on
several genetic programs in response to changing environmental
conditions (e.g., alcohol stress) in order to maintain homeostasis
and optimize the use of resources (17–20). The cell membrane
plays a significant role in the ability of the cell to sense these
changes as well as in the adaptation to stress by counteracting
alcohol toxicity (15, 21). Both short-chain (⬍C4) and long-chain
(⬎C4) alcohols are known to cause membrane disruption by
mechanisms of desiccation (short-chain alcohols) or intercalation
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(long-chain alcohols) of lipophilic side chains into the membrane
lipid bilayer (15, 16, 22). In general, increased membrane fluidity
has been observed as a result of 1-butanol exposure for both E. coli
and a natural 1-butanol producer, Clostridium acetobutylicum
(23–26). This fluidizing effect has been proposed to result from
several host response mechanisms, including the following: (i) an
altered ratio of saturated versus unsaturated fatty acids in the cell
membrane (27), (ii) denatured protein structure and changed cell
surface protein composition (26, 28), (iii) increased use of efflux
pumps in several Gram-negative bacteria (17), (iv) disrupted protein-lipid interactions (25), (v) upregulated synthesis of other
protective metabolites and macromolecules (26, 28), and (vi) decreased central carbon metabolic activity by inhibition of glucose
and nutrient transport (16, 21, 26, 28, 29). The general consensus
is that long-chain alcohols have the ability to intercalate further
into the membrane lipid bilayer and disrupt hydrogen bonding
between hydrophobic tails, causing relatively more toxicity than
short-chain alcohols (15, 23, 27, 30). However, this proposed
mechanism does not always hold true for 1-butanol, for which
toxicity appears to be strain dependent (31).
Major factors found to influence alcohol toxicity include (i)
solvent hydrophobicity, (ii) the octanol-water partition coefficient (Kow), (iii) length of alkyl chain, and (iv) degree of saturation
(15). Organic solvents with log Kow values between 1.5 and 5.0
have been found to be extremely toxic to microbes, as they pref-
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Raman spectroscopy was used to study the time course of phenotypic responses of Escherichia coli (DH5␣) to 1-butanol exposure (1.2% [vol/vol]). Raman spectroscopy is of interest for bacterial phenotyping because it can be performed (i) in near real
time, (ii) with minimal sample preparation (label-free), and (iii) with minimal spectral interference from water. Traditional offline analytical methodologies were applied to both 1-butanol-treated and control cells to draw correlations with Raman data.
Here, distinct sets of Raman bands are presented that characterize phenotypic traits of E. coli with maximized correlation to offline measurements. In addition, the observed time course phenotypic responses of E. coli to 1.2% (vol/vol) 1-butanol exposure
included the following: (i) decreased saturated fatty acids levels, (ii) retention of unsaturated fatty acids and low levels of cyclopropane fatty acids, (iii) increased membrane fluidity following the initial response of increased rigidity, and (iv) no changes in
total protein content or protein-derived amino acid composition. For most phenotypic traits, correlation coefficients between
Raman spectroscopy and traditional off-line analytical approaches exceeded 0.75, and major trends were captured. The results
suggest that near-real-time Raman spectroscopy is suitable for approximating metabolic and physiological phenotyping of bacterial cells subjected to toxic environmental conditions.

Zu et al.

3984

jb.asm.org

band assignments (980, 1,443, 1,447, 1,449, 1,655 to 1,680, 1,656,
2,883, 2,900, 2,915, and 2,940 cm⫺1) have been reported for both
proteins and lipids. Deconvolution of a set of Raman spectra to
obtain chemical composition information is not trivial and represents a unique challenge. With advancement in this area, Raman
spectroscopy will ultimately be useful as a means of obtaining
chemical composition data for biological samples in near-real
time without disrupting the system.
Studying the response of E. coli to 1-butanol exposure via
Raman spectroscopy. The practical use of Raman spectroscopy is
demonstrated in this research as an analytical method for studying
the phenotypic responses of E. coli cells to growth-inhibitory
1-butanol exposure. Traditional methods of analysis, including (i)
GC coupled with flame ionization detection (FID) and MS, (ii)
ultraperformance liquid chromatography (UPLC), and (iii) fluorescence anisotropy were used to elucidate the 1-butanol toxicity
responses of E. coli. By correlating these measurements with specific Raman bands, a methodology was developed that monitored
changing phenotypes and cell chemical compositions in near-real
time. Also, Raman bands were identified that characterized the
fluidizing effect of 1-butanol on the E. coli cell membrane, thus
connecting molecular changes to measurable physiological phenotypes. The use of Raman spectroscopy to monitor culture phenotypes is advantageous as it is relatively fast and noninvasive,
unlike traditional analysis methods, which are both resource- and
time-intensive. The methods described in this research have potentially wide-reaching applications for industrial and clinical microbiology; however, the Raman band assignments reported in
this research should be considered valid for E. coli only until
larger-scale studies have been completed.
MATERIALS AND METHODS
Bacteria strain. E. coli DH5␣ cells were obtained from Invitrogen Life
Technologies (Grand Island, NY) and used in all experiments. Frozen cells
were stored as glycerol stocks at ⫺80°C and were thawed and plated onto
solid agar plates to select a single colony for experiments in liquid culture
medium.
Chemicals and reagents. All chemicals and reagents (1-butanol,
methanol, chloroform, ethanol, 1 N methanolic-HCl, borate buffer, yeast
extract, tryptone, sodium chloride, and cis-9,cis-12-octadecadienoic acid
[C18:2]) were purchased from Sigma-Aldrich (St. Louis, MO) or included
as part of a kit. cis-9,cis-12-octadecadienoic acid (C18:2) was used as an
internal standard to account for losses during GC analysis of fatty acids as
fatty acid methyl esters (FAMEs). It was chosen because E. coli does not
produce it natively. All solvents used for extractions were LC or GC grade.
Culture media, growth conditions, and harvesting. Overnight cultures were prepared by inoculating 15 ml liquid Luria-Bertani (LB)
growth medium with E. coli cells from a solid agar plate. Cultures were
placed in an incubator with a rotary shaker set to 210 rpm and 37°C. For
solid LB medium, agar was used at 15 g/liter. Cell growth in liquid medium was monitored based on the optical density measured at 600 nm
(OD600). An aliquot sample was then used to prepare a subculture by
diluting 10 ml of cell culture with 1 liter of fresh LB medium in a sterilized
culture flask. The culture was then grown to the start of the exponential
growth phase (OD600 of 0.4 to 0.5). At this point, the culture was split into
two equal portions (⬃500 ml each), with one serving as the negative
control. 1-Butanol was added to the experimental culture to a concentration of 1.2% (vol/vol), and both cultures were incubated at 210 rpm and
37°C for 1 h prior to sampling. Sample volumes of 50 ml (for FAME
analysis), 5 ml (for membrane leakage analysis), 1 ml (for cell viability
analysis), and 1 ml (for analysis by Raman spectroscopy) were taken every
half hour from both cultures until a constant OD600 reading was observed.
Cells were harvested following centrifugation at 10,000 rpm at 4°C for 5
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erentially partition the cytoplasmic membrane by disorganizing
structure and function (e.g., loss of ions, metabolites, lipids, proteins, etc.), which leads invariably to cell lysis and death (27). The
effect of alcohol on microbial cell membrane fluidity has also been
studied widely (23, 30, 32, 33). It has been observed that E. coli
responds to ethanol exposure with an initial alteration of fatty acid
composition as a short-term response, allowing for de novo biosynthesis of membrane components as a permanent and longterm response (23, 27, 34, 35). A net increase in total protein from
cells exposed to growth-inhibitory levels of ethanol has also been
observed (34). Commonly, biological studies of the phenotypic
response to alcohol toxicity have been carried out using genetic
and biochemical approaches that utilize standardized procedures,
such as thin-layer chromatography (TLC) (36) and gas chromatography-mass spectrometry (GC-MS) (36, 37). By nature, these
methods require lipid extraction (cell destruction) and extensive
sample preparation. While these methods have proven reliable,
the time required for analysis is on the order of hours to days.
Real-time methods of analysis are needed to further understand
the dynamics of the microbial phenotypic responses to alcohol
toxicity. With this information, it is likely that metabolic engineering and process control strategies can be developed to confer
product tolerance and optimize cell productivity.
Monitoring dynamic phenotypes with Raman spectroscopy.
Raman spectroscopy is a powerful analytical technique that can be
applied to a wide variety of solid, liquid, and gas samples, including biological tissues (38–41). The sample is excited by a monochromatic laser, and the resulting spectrum shows the intensity of
Raman scattered radiation (arising from chemical bond rotations,
stretching, and bending) as a function of wave number (42). The
Raman spectrum of a biological sample is usually complex and
contains bands (i.e., peaks) that result from the thousands (or
more) of molecules comprising the sample, each having its own
specific Raman signature. Biological sample analysis by Raman
spectroscopy can be performed on dried or liquid samples. Raman
scanning of dried samples currently returns more reliable data
than scanning of liquid samples and has the significant advantages
of (i) sample preparation that is minimal (involves drying microliters of sample on a metal surface) and label-free, (ii) Raman data
are returned in near-real time, and (iii) there is minimal spectral
interference from water. Liquid-phase scanning of bacterial cultures remains a topic of research and offers the additional advantages of (iv) scanning directly through glass containers (enabling
near-real-time in situ analysis of living cultures) and (v) being
nondestructive in nature, it enables continued single-cell monitoring. By virtue of their unique Raman signals, biological molecules, such as nucleic acids, proteins, lipids, and carbohydrates,
can also be used to generate fingerprints of whole cells (43, 44).
One of the challenges of working with Raman data is the assignment of chemical species to spectral bands. Due to the complex nature of biological samples, most Raman bands result from
the overlapping bands of several individual molecules. Researchers have often relied on literature sources for Raman band identification; however, (i) the interpretation of spectral data differs
significantly among the various sources, and (ii) band assignment
remains ambiguous, as a single Raman band can have several assignments (42, 45, 46). Recently, a Raman database was published
that provides the band assignments for several individual biological molecules (42). Though useful, expert user input is still required for accurate band assignments. For example, different
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total volume by using the AccQ●Tag Ultra amino acid kit according to the
manufacturer’s recommendations (Waters Corporation, Milford, MA).
The derivatized amino acid samples (0.5 l) were injected on an H-class
Acquity UPLC and detected by fluorescence as described for analysis of
protein hydrolysates (Waters Corporation, Milford, MA).
Membrane fluidity. Changes in membrane fluidity induced by 1-butanol were monitored by analyzing fluorescence anisotropy from E. coli
cells labeled with the membrane probe 1,3-diphenyl-1,3,5-hexatriene
(DPH), as described previously (49, 50). Stock 8 mM DPH solution in
tetrahydrofuran was diluted 1,000-fold in vigorously stirred 50 mM NaCl
(50). The dispersion was mixed 1:1 with E. coli cells, washed three times
with chilled phosphate-buffered saline (pH 7.4), and resuspended to an
OD600 of 4.0. Fluorescence anisotropy was measured at room temperature
by using a SpectraMax M5 plate reader (Molecular Devices, Sunnyvale,
CA) with excitation and emission wavelengths of 360 and 428 nm, respectively. Background fluorescence from DPH-free E. coli cells was measured
and subtracted from the DPH-labeled samples. The fluorescence anisotropy (r) of a fluorescent probe is inversely proportional to cell membrane
fluidity, as defined in the following equation: r ⫽ (Ivv ⫺ Ivh)/(Ivv ⫹ 2Ivh).
Here, Ivv and Ivh represent fluorescence intensities measured through a
polarizer oriented parallel and perpendicular, respectively, to the plane of
polarization of the excitation beam (50). Fluorescence anisotropy results
for 1-butanol-treated cultures are presented as the percent change from
control (i.e., untreated) cultures (49).

RESULTS

Raman spectroscopy of growing and growth-inhibited cells.
The baseline-corrected and vector-normalized Raman spectra for
E. coli cells at the start of 1.2% (vol/vol) 1-butanol treatment (time
zero) and at the end of the experiment (time ⫽ 180 min) for both
the 1-butanol-treated and control (untreated) cells are shown in
Fig. 1. The three spectra were superimposed to show potential
differences in the biologically relevant spectral region (600 to
1,800 cm⫺1) (Fig. 1a) and the CH region (2,800 to 3,100 cm⫺1)
(Fig. 1b) (40). No significant changes were noted in the CH region
(Fig. 1b). However, noticeable signal intensities were observed
(without the use of statistical analyses) in Fig. 1a for bands assigned to (i) phosphodiester bonds in DNA (⬃788 cm⫺1) and in
RNA (⬃813 cm⫺1) (indicative of nucleic acids) (42, 46); (ii) symmetric PO2⫺ stretching of DNA (⬃1,070 to 1,090 cm⫺1) (indicative of nucleic acids); (iii) COC chain stretch (⬃1,060 to 1,075
cm⫺1) (indicative of fatty acids) (45, 46); (iv) amide III bands, ACH
bend, and nucleic acid bases (1,220 to 1,284 cm⫺1) (indicative of
proteins, lipids, and nucleic acids) (42, 51); (v) COH deformation
and guanine (⬃1,320 cm⫺1) (indicative of lipids and nucleic acids)
(42, 45, 46); (vi) COH vibrations (⬃1,449 cm⫺1) (indicative of proteins, lipids, and nucleic acids) (42, 46); and (vii) CAC bands
(⬃1,607 cm⫺1) (indicative of aromatics and unsaturated lipids) (42,
46). Significant changes in Raman spectra were observed between the
1-butanol-treated and control cells with both time and treatment.
Thus, the Raman spectroscopy results suggested that cellular chemical composition and physiology changed significantly in response to
both factors. The standard deviation of the averaged spectra (not
shown in Fig. 1) was found to be very close to zero, confirming high
reproducibility of scans.
The time course OD600 measurements for both 1-butanoltreated and control cultures are shown in Fig. 2a. Upon exposure
to 1.2% (vol/vol) 1-butanol, E. coli cells showed arrested cell
growth over time, consistent with expected toxicity responses. The
Raman signal intensity at 1,449 cm⫺1 (I1449) over the time course
is shown in Fig. 2b. The Raman band at 1,449 cm⫺1 corresponds to
COH vibrations (42), which are abundant in all biomass compo-

jb.asm.org 3985

Downloaded from http://jb.asm.org/ on October 2, 2015 by University Libraries, Virginia Tech

min. Cells were washed with ice-cold purified water (except cells to be
used for membrane leakage analysis), and this procedure was repeated.
Cells for Raman analysis were resuspended in 1 ml of type I purified water
for analysis. Cells for FAME and metabolite analyses were frozen in liquid
nitrogen and lyophilized.
Raman spectroscopy. To prepare samples for Raman analysis, 2-l
aliquots of washed cells were dried on an aluminum surface at room
temperature. Dried cells were analyzed using a Bruker Senterra dispersive
Raman spectrometer equipped with a confocal microscope and objective
lens with ⫻100 magnification (Bruker Optics, Billerica, MA). Measurements were carried out using laser excitation of 532 nm (20 mW) for 25 s
with spectral resolution of 9 to 15 cm⫺1. A similar method has been
described elsewhere (47). A minimum of 50 individual spectra was acquired per sample prior to data analysis. Software programs enabling data
collection as well as data normalization and processing are discussed in
the next section.
Raman data processing. Raman data were processed and analyzed
using two different software platforms: (i) OPUS (Bruker Optics, Billerica, MA) and (ii) MATLAB (R2012A; MathWorks, Natick, MA) with a
custom Raman data analysis (RDA) toolbox (A. I. M. Athamneh and R. S.
Senger, submitted for publication) containing functions for comparative
peak analysis and multivariate statistics. The OPUS platform allowed for
interaction with the Raman instrument and provided initial baseline correction of spectra. Raman spectra of biological samples are commonly
corrupted by the influence of (i) background fluorescence, (ii) chargecoupled-device background noise, (iii) Gaussian noise, and (iv) cosmic
spikes (40). During acquisition, spectra with cosmic spikes were identified
through manual inspection and discarded. The following spectra analysis
was performed in MATLAB. The RDA toolbox provided a more convenient graphical user interface, but it was not essential for this analysis. For
consistency, data from all spectra (i.e., intensities at all wave numbers)
were normalized by using vector normalization over the entire spectral
range (300 cm⫺1 to 3,600 cm⫺1). In vector normalization, the signal intensity at each wave number (i.e., band) was divided by the norm of the
spectrum intensities. This allowed intensities from several spectra to be
compared directly. Thus, only the vector-normalized intensities of specified bands were used for comparisons throughout.
Fatty acid analysis by GC-MS/FID. Lipid extractions were performed
on 1 mg of lyophilized cells by using biphasic chloroform-methanol-water
extractions and 10 g of C18:2 as an internal standard, according to a
standard protocol (48). Fatty acid methyl esters were prepared by transesterification in the presence of methanolic HCl and analyzed on an Agilent 7890A series GC equipped with an FID (Agilent Technologies, Santa
Clara, CA). The FAME separation was achieved on an Agilent 30-m
DB-23 column (0.25 mm by 0.25 m), and the identities of the individual
fatty acids were confirmed by analyzing spectral information of FAME in
selected samples on the same GC instrument coupled to an Agilent 5975C
series MS apparatus (Agilent Technologies) (48).
Total protein content, protein hydrolysis, and amino acid analysis
by UPLC. The total protein contents of 1-butanol-exposed and control
cultures were determined by the Coomassie Plus (Bradford) assay
(Thermo Fisher Scientific, Rockford, IL) according to the manufacturer’s
protocol. Proteins and free metabolites are contained in the aqueous
phase and the insoluble pellet remaining after the removal and reextraction of lipids used in FAME analysis. It was found that free amino acids are
present at very low levels in E. coli cells and do not interfere with the
analysis of protein-derived amino acids, so there was no need to separate
proteins by acidic precipitation from the rest of the polar metabolites
present in the aqueous phase. Because some proteins are not soluble in
water and are present in the insoluble pellet, total protein hydrolysis was
performed in the same tube as the extraction. The solvents (water and
methanol) were dried, and proteins were hydrolyzed under vacuum at
110°C for at least 16 h in a custom-made Teflon hydrolysis chamber containing 4 ml of 6 N HCl. The resulting protein-derived amino acids were
dissolved in 1 ml of water, and 1 l of sample was derivatized in a 50-l
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black line), time equal to 180 min for the control cells (gray line), and time equal to 180 min after treatment for the 1-butanol-treated cells (dashed black line).

nents (e.g., lipids, proteins, nucleic acids, carbohydrates, etc.) of
bacterial cells. The Raman signal intensity at 1,449 cm⫺1 can provide insight into the overall metabolic activity of the cells. As seen
in Fig. 2b, the Raman signal intensity at 1,449 cm⫺1 increased with

1-butanol exposure. This suggests the cells may have upregulated
several metabolic programs (i.e., a toxicity response) with 1-butanol treatment. Because Raman spectra were normalized, an increase in the I1449 suggests that the number of molecules exhibit-

FIG 2 Culture growth (OD600) (a) and Raman (I1449) measure of broader metabolic activity (b) as functions of time for 1-butanol-treated cells (black circles) and
control cells (open circles). 1-Butanol (1.2% [vol/vol]) was added to the treated cells at 0 min. Error bars represent 1 standard deviation for data from at least 3 biological
replicates.
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FIG 1 Raman spectra of the biological region (600 to 1,800 cm⫺1) (a) and the CH region (2,800 to 3,100 cm⫺1) (b) at time zero (before the application of 1-butanol; solid
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ing COH vibration signals (e.g., lipids, proteins, etc.) was
increased per cell. This is also consistent with the increased nucleotide abundances (per cell) noted at 788 cm⫺1 and 813 cm⫺1.
Thus, with 1-butanol exposure, it is likely that metabolic activity
shifts from growth-related functions to toxicity response programs for survival. The following analyses are aimed at identifying
the changes in cell composition and phenotype brought on by
these metabolic programs.
The Raman signal intensities for both 1-butanol-treated and
control cells were investigated for potential candidate bands that
could explain the observed physiological changes. The current
methodology for determining chemical composition of cells includes several off-line analytical measurements. These often involve long sample preparation times, and analyses cannot be performed in real time. In order to establish a new near-real-time
analysis protocol using Raman spectroscopy, it was necessary to
correlate Raman results with the existing well-established methodologies. In this approach, correlations were determined by calculating the correlation coefficient (R) between time course Raman signal intensities and off-line experimental measurements.
Often, multiple Raman band assignments exist in the literature for
a single phenotypic trait (e.g., unsaturated fatty acid content). The
goal of this research was to determine the Raman band assignment(s) that best correlates with experimental measurements.
Correlation of Raman spectroscopy and GC-FID results for
fatty acids analysis. Time course Raman signal intensities (at assigned bands taken from the literature [42, 45, 46, 52–54]) were
correlated with the corresponding changes in membrane-derived
fatty acid levels and composition, as determined by GC-FID. Correlation coefficients (R values) between these two methods are
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presented in Table S1 in the supplemental material. Several, but
not all, of the previously assigned Raman bands from the literature
showed correlation with the actual changes in the composition of
different fatty acid types. While GC-FID provides quantification
of absolute levels of the individual fatty acids, Raman enabled the
identification of three different classes of fatty acids that have great
relevance to changes in membrane physical properties: (i) saturated, (ii) unsaturated, and (iii) cyclopropane fatty acids. From
the results (see Table S1), Raman bands for saturated fatty acids
(I2870; i.e., the Raman signal intensity at 2,870 cm⫺1), unsaturated
fatty acids (I1263), and cyclopropane fatty acids (I1554) showed high
correlations with results obtained by GC-FID. The correlation
coefficients between Raman spectroscopy and GC-FID data were
0.78, 0.76, and 0.79, respectively. The time course (over 180 min)
Raman and FAME analyses data were plotted for both 1-butanoltreated and control cells, and results are shown in Fig. 3. In general, the trends were conserved in all three cases; however, it was
obvious that GC-FID analyses produced data with less experimental error and better-defined trends over the time course. Relative
to the control, the 1-butanol-treated cells (i) produced fewer saturated fatty acids (Fig. 3a), (ii) conserved the presence of unsaturated fatty acids (Fig. 3b), and (iii) largely resisted the formation of
cyclopropane fatty acids over the time course (Fig. 3c). On the
other hand, the untreated control cells reduced the amount of
unsaturated fatty acids by about 75% over the time course, in
favor of saturated fatty acids (⬃20% increase) and cyclopropane
fatty acids (⬃250% increase). In summary, the dynamics of fatty
acid composition were resolved well by GC-FID and were approximated with correlation coefficient levels greater than 0.75 by
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FIG 3 (a) Saturated fatty acids measured by GC-FID; (b) unsaturated fatty acids measured by GC-FID, (c) cyclopropane fatty acids measured by GC-FID, (d)
saturated fatty acids measured by Raman spectroscopy (I2870), (e) unsaturated fatty acids measured by Raman spectroscopy (I1263), and (f) cyclopropane fatty
acids measured by Raman spectroscopy (I1554) as functions of time for 1-butanol-treated cells (black circles) and control cells (open circles). 1-Butanol (1.2%
[vol/vol]) was added to the treated cells at 0 min. Error bars represent 1 standard deviation for data from at least 3 biological replicates.
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TABLE 1 Amino acid compositions determined by Raman spectroscopy
and UPLC and as reported in the literature
Amino acid composition (%)
based on:
Optimum Raman
band (cm⫺1)

Raman
spectroscopy

UPLC

Published
valueb

Ala
Arg
Asp/Asn
Cys
Glu/Gln
Gly
His
Ile
Leu
Lys
Met
Phe
Pro
Ser
Thr
Trp
Tyr
Val

1,308
1,199
1,695
678
1,319
1,332
731
1,309
1,243
1,072
765
1,214
843
1,010
1,116
759
798
1,454

11.1
2.46
6.41
1.24
10.8
11.3
2.16
11.1
9.67
3.44
1.14
5.78
0.727
4.37
3.38
1.41
1.70
11.7

11.1
3.39
8.98
1.64a
9.16
12.0
0.890
8.76
11.4
5.24
0.467
4.59
1.02
4.42
6.26
1.06a
0.390
9.22

9.60
5.53
9.01
1.64
9.84
11.5
1.77
5.43
8.42
6.41
2.87
3.46
4.13
4.03
4.74
1.06
2.58
7.91

100

100

100

Sum
a

Values for Cys and Trp could not be resolved by the UPLC method. Cys is converted
to several oxidation products, while Trp is destroyed during the acidic protein
hydrolysis method used in this research. The published literature values were used for
Cys and Trp.
b
Amino acid composition is defined as the fraction of each amino acid among E. coli
total protein. The published values were obtained from reference 55.

FIG 4 (a) Change in fluorescence anisotropy (as a percentage) for 1-butanol-treated cells relative to the control cells, (b) experimentally measured total protein
content, (c) membrane fluidity (I2852/I2924) measured by Raman spectroscopy, and (d) total protein content measured by Raman spectroscopy (I2954) as
functions of time for 1-butanol-treated cells (black circles) and control cells (open circles) (b and d); diamonds indicate the percent changes between 1-butanoltreated and control cells (a and c). 1-Butanol (1.2% [vol/vol]) was added to the treated cells at 0 min. Error bars represent 1 standard deviation for data from at
least 3 biological replicates.
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Amino acid

using Raman spectroscopy. While some accuracy is sacrificed with
Raman measurements, results can be obtained in near-real time in
a nondisruptive manner.
Correlation of Raman spectroscopy and UPLC results for
amino acid analysis. Total amino acid content and composition
did not change in the control and 1-butanol-treated cultures over
the time course when measured by UPLC. The steady-state levels
of total amino acids are shown in Table 1. However, different
amounts of each amino acid were observed, and these relative
abundances remained constant in all samples. The same was observed when total protein was measured (Fig. 4). Raman band
intensities (using previously published bands for individual
amino acids) were correlated with experimental UPLC measurements. In the literature (55, 56), between 9 and 29 distinct Raman
bands (with medium to strong intensities) were cited for each
amino acid (given in Table S2 in the supplemental material). A
unique set of Raman bands (one band for each amino acid) was
identified computationally to fully characterize the amino acid
composition of E. coli to be consistent with UPLC experimental
results and published literature values (Table 1). Given the large
number of possible Raman bands per amino acid, 1.4 ⫻ 1021 possible band combinations exist. A set leading to good correlation
with UPLC-derived data (R ⫽ 0.93) was identified after examining 5 ⫻ 109 possibilities in a stochastic simulation. Table 1 presents (i) the optimum set of Raman bands, (ii) the amino acid
composition determined by Raman, (iii) the amino acid composition determined by UPLC, and (iv) published amino acid compositions (55). Good correlation was observed between Raman
spectroscopy, UPLC, and values in the published data, suggesting
that Raman spectroscopy may be used as a near-real-time analyt-
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DISCUSSION

Use of Raman spectroscopy to study cell physiology in near real
time. In this research, the applicability of Raman spectroscopy for
studying E. coli cell physiology and chemical composition in near
real time was demonstrated. It has been documented previously
that upon exposure to solvents, bacteria initiate response mechanisms to revert induced physiological changes (17, 26). In bacteria, the physiological responses upon alcohol exposure are often
measured by (i) quantifying the fluidizing effects on the cell membrane and (ii) measuring the degree of saturation of membrane
lipids. 1-Butanol exposure has been found to result in increased
membrane fluidity of E. coli (23, 26). This observed increase has
been shown to be a result of disruptions in fatty acid and protein
structure of the cell membrane, which also affects protein-lipid
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interactions (26, 59). In the analysis presented here, exposure of E.
coli cells to 1-butanol resulted in an increased level of saturated
fatty acids, while maintaining a relatively constant level of unsaturated fatty acids. Low levels of cyclopropane fatty acids were also
observed with 1-butanol exposure. These trends were first measured by an established GC-FID methodology, and Raman bands
were identified that showed good correlation with these results. In
addition to fatty acid content, Raman bands were justified that
showed good correlation with (i) cellular amino acid composition, (ii) fluorescence anisotropy (a measure of membrane fluidity), and (iii) total protein content of the cell. While “perfect”
correlations were not identified in this research, several strong
correlations were found, indicating that Raman spectroscopy can
be successfully and reliably used as a diagnostic tool that has the
distinct advantage of offering near-real-time analyses. However,
superior accuracies were obtained from elaborate standard methods of analysis.
Peak assignment observations and discrepancies. The main
objective of this research was to further develop Raman spectroscopy as a near-real-time measurement tool for a quick, reliable
diagnosis of changes in metabolic and physiological phenotypes.
Currently, researchers commonly rely on published Raman band
assignments. However, band selection can be a daunting task, as
assignments are not always consistent within the published literature. Several published studies have compiled useful databases of
band assignments for biological samples; however, questions regarding band selection remain, since assignments of the same
molecule/group are often made to several Raman bands. In addition, current reported assignments do not differentiate between
cyclopropane fatty acids and saturated fatty acids. To provide additional experimental evidence to select among the several Raman
band assignments related to fatty acids, correlations were found
among saturated, unsaturated, and cyclopropane fatty acids. Raman spectroscopy was found to be able to capture the induced
variances due to 1-butanol treatment and bacterial cell development over time. Currently, the Raman band assignments identified in this research are limited to E. coli, and similar studies can be
performed to establish useful sets of bands for other organisms.
Ultimately, the goal of establishing a set of universally applied
Raman bands will require a large-scale study involving several
different organisms and treatments.
Potential applications. The applications of real-time analysis
of biological samples with Raman spectroscopy are numerous,
and the method is capable of delivering near-real-time phenotyping. The results of this research demonstrate the power of Raman
for phenotypic profiling of E. coli cells. As with the application of
1-butanol exposure in this research, Raman spectroscopy can be
used to monitor cell culture responses to metabolically engineered
products and be used to signal culture toxicity or even identify
optimally productive cell states. In addition, real-time phenotypic
monitoring has tremendous application to the field of biosensing,
as cell composition changes may be observed in response to
small quantities of environmental toxins as well as chemical
or biological warfare agents. Future research will determine
whether phenotypic profiling can rival the sensitivity of other
analytical methods.
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ical method for determining total amino acid compositions of E.
coli cells. Among the Raman band assignments listed in Table 1,
the assignments for Ala (1,308 cm⫺1) and Ile (1,309 cm⫺1) overlap
and result in the same amino acid composition values when determined by Raman spectroscopy. In addition, Trp (759 cm⫺1)
and Met (765 cm⫺1) are also close to having overlapping bands.
Thus, additional sets of amino acid band assignment solutions
have been included in Tables S3 to S5 in the supplemental material. Each of these band assignment solutions represents a different
alternative that can be employed if specific amino acids are of
critical interest. However, the band assignment set in Table 1 returned the overall optimum solution.
Correlation of Raman spectroscopy and fluorescence anisotropy results for cell membrane fluidity analysis. Membrane fluidity has long been used to assess the effects of solvents on microbial cell membranes (15, 21, 23, 27), and membrane fluidity has
been observed to increase in E. coli cells upon 1-butanol exposure
(23). Previous research has also closely tied cell membrane fluidity
with changes in fluorescence anisotropy (21, 23, 54). Experimental fluorescence anisotropy results obtained in this research are in
agreement with this observation. However, an initial decrease in
fluorescence anisotropy was observed before a short “lag” phase
followed by an increased long-term response. These results are
shown in Fig. 4a. The molecular mechanisms behind this initial
decrease and lag are unknown and remain a topic for further investigation. To assess membrane fluidity using Raman spectroscopy, three signal intensity ratios (I2870/I2954, I2850/I2880, and I2852/
I2924) were analyzed based on previously published results (53, 54,
57, 58). The identification of Raman peaks corresponding to symmetric and asymmetric stretching of cell membranes was used to
derive these ratios. In all three cases examined, the signature decrease, lag, and the eventual increase in signal were observed. In
addition, the I2852/I2924 Raman signal intensity ratio was found to
best correlate with fluorescence anisotropy results. The percent
changes in fluorescence anisotropy between 1-butanol-treated
and control cells over the time course are shown in Fig. 4a, and the
percent change for the I2852/I2924 ratio between 1-butanol-treated
and control cells is shown in Fig. 4c. While a perfect correlation
was not observed, a strong resemblance in general trend was observed between changes in Raman peak intensities obtained in
near-real-time and off-line fluorescence anisotropy measurements. To determine if total cell protein was involved in the observed changes in membrane fluidity, the total cell protein content
measured; no change was detected (Fig. 4b). These results corresponded with the Raman I2954 value cited in the literature (54).
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