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ABSTRACT
Rapid and sensitive detection of pathogens is an essential strategy for intervention of a
possible disease outbreak. The unique ability of SERS to provide analyte specific
response has allowed for the development of this method for rapid biomedical diagnosis
needed for routine analyses of different species and strains of pathogens.
The specific agents we examined in the first part of this project are lipophilic extracts
containing mycolic acids isolated from Tuberculosis (MTB) and non-tuberculosis (NTM)
strains using chromatography, mass spectrometry (MS), nuclear magnetic resonance
(NMR), and Raman spectroscopy. Surface-enhanced Raman (SERS) spectra were
obtained from the mycolic acids extracted from the bacterial cell envelopes of the MTB
or NTM mycobacterial species.

The Raman spectral profiles were used to develop a classification method based on
chemometrics for identification of the mycobacterial species. Multivariate statistical
analysis methods, including principal component analysis (PCA), hierarchical cluster
analysis (HCA),and partial least squares discriminant analysis (PLS-DA) of the SERS
spectra enabled differentiation of NTM mycobacteria from one another with 100%
accuracy. These methods are also sensitive enough to differentiate clinically-isolated
MTB strains that differed only by the presence or absence of a single extracytoplasmic
sigma factor.
We examined as well Mycoplasma pneumoniae which is a major cause of respiratory
disease in humans and accounts for as much as 20% of all community-acquired
pneumonia. There is a critical need to develop a new platform for mycoplasma detection
that has high sensitivity, specificity, and expediency. Here we report three different layerby-layer (LBL) encapsulation procedures of M. pneumoniae and mycoplasma
commensals cells with Ag nanoparticles in polyelectrolyte matrixes. We evaluated
nanoparticle encapsulated mycoplasma cells as a platform for the differentiation of M.
pneumoniae mycoplasma commensal strains using surface enhanced Raman scattering
(SERS) combined with multivariate statistical analysis. Since the LBL-SERS has inherent
biochemical specificity, we analyzed a panel of 11 human commensal from a pathogen
strain of mycoplasma to demonstrate that this platform could distinguish M129 from its
clinically relevant phylogenetic relatives.. The feature selection information was used to
perform PLS-DA and SVM-DA models. These results suggest that SERS along with
multivariate statistics can be used as an accurate and sensitive method for species and
strain discrimination in mycobacteria and mycoplasma.
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CHAPTER 1
Literature Review
The purpose of this chapter is to introduce the reader in retrospect of the history and
background of the main families of bacteria that we worked on.
1.1 Mycobacterium Tuberculosis: Fatty acid cell components, clinical syndrome and
current treatment diagnostics
The bacterium Mycobacterium tuberculosis(TB), the primary causative agent of
tuberculosis, infects one-third of the world’s population.1 A challenge in treating M.
Tuberculosis infection is the evolution of strains that are resistant to first and second line
drugs that are key components of TB treatment.2 Infection with TB often involves decades
of persistence in the host, during which time the organism sets up supply lines for importing
host nutrients. Robert Koch identified Mycobacterium tuberculosis sometimes called the
tubercle bacillus, as the cause of tuberculosis. This rod shaped obligate aerobe has an
unusual waxy cell wall which affects many of its properties, including its slow growth and
unusual staining properties. Special staining techniques, called acid fast stains are used to
detect its cells in clinical specimens. Its waxy wall also allows it to survive prolonged
drying: M. tuberculosis cells that enter the air when a tuberculosis patient coughs can
remain infectious for up to eight months. The mycolic acid components of the waxy wall
also add to the microorganism’s disease causing potential-they protect M. tuberculosis
against the potentially lytic enzymes and oxidants within the phagocytes that engulf them.
Iron is an essential micronutrient for pathogenic bacteria. Chelation therapy is used to treat
conditions that arise due to undesirable or excess quantities within the body. Treatment for
the removal of excess iron is the most common type of chelation therapy and is routinely
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carried out for the treatment of acute iron poisoning and chronic iron overload such as
hemochromatosis.3
To acquire iron from their environment, mycobacteria develop high affinity iron
scavenging molecules via the synthesis of two types of siderophores: mycobactins, which
as lipophilic ligands that remain cell wall-associated, and carboximycobactins that are
hydrophilic which are released to the extracellular medium.4 5 Both siderophore types are
hexadentate chelators that include identical hydroxamate binding sites and differ only in
lateral chain characteristics, such that a lipophilic character is conferred on mycobactins
and a hydrophilic character on carboxymycobactins.4 6 In some mycobacteria, mycobactins
and carboxymycobactins possess identical iron (III) binding sites. The lipophilic character
of mycobactins make them good candidates to enter cells and deplete intracellular iron
pools of infected host cells.7
Restricting the availability of iron is an important strategy for defense against bacterial
infection.8 9 Mycobacterium tuberculosis survives within the phagosomes of macrophages;
consequently, iron acquisition is particularly difficult due to the phagosomal membrane
acting as an additional barrier for iron access.10 The purpose of this project is not to
describe the mechanism in which lipophilic mycobactins transport iron through the
membrane barrier in which M. tuberculosis is harbored in the phagosome inside of a host
cell macrophage.11 The way in which mycobacteria acquire endogenous iron is through
the accumulation on mycobactin-metal complexes with selectivity in macrophage lipid
droplets that come in contact with the phagosome12 as shown in Figure 1.1.13,14 Many
groups, view the process of iron acquisition as one of the representative possible pathways
that can be successfully targeted by novel therapeutic tools.15 16
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Immunological mechanisms against M. tuberculosis have been mainly investigated in
murine models. Often a low dose of bacilli are introduced through an aerosol, to resemble
human infection. The immune resistance to M. tuberculosis relies mainly on cellular
immunity, which is stimulated by proteins secreted by the bacilli. Mycobacteria produce a
wide variety of glycolipids that are located in the outermost layers of the cell as shown in
Figure 1.2. The unique cell wall of M. tuberculosis contributes to the success of this
pathogen. The cell wall contains three covalently-linked layers outside the cytoplasmic
membrane: a peptidoglycan matrix, an arabinogalactan matrix, and an outer membrane
consisting of long lipids, such as the mycolic acids. Their structures are based on very
characteristic methyl-branched long chains and alcohols as shown in Figure 1.3.
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Figure 1.1 Mycobactin iron acquisition pathway for macrophage-niched mycobacteria .
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Figure 1.2 Illustration of the cell wall of Mycobacteria tuberculosis.
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Figure 1.3 Mycolic acid sub-structures commonly found in mycobacteria.
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Mycolic acids are long-chain -alkyl-branched, -hydroxylated fatty acids present in
mycobacteria and related micro-organisms.17 The extremely-low fluidity of the inner
leaflet of the outer membrane contributes to the exceptionally-low permeability of the
mycobacterial cell wall to polar agents and natural resistance of mycobacteria to antibiotics
effective against other bacteria.18

19

Mycobacterial lipids are known to facilitate

persistence during infection. The biosynthesis of mycolic acids has been investigated for a
number of reasons, but primarily because of the presumption that enzymes involved in the
synthesis of these lipids are attractive targets for the development of novel therapeutic
agents. Two of the frontline M. tuberculosis drugs (e.g Ethambutol and Isoniazid) target
the mycobacterial cell wall. Isoniazid directly impacts expression of mycolic acids.
Ethambutol targets arabinosyl transferases required for the arabinogalactan synthesis.20
The first MA was isolated from the tubercle bacilli in 1929 by Anderson. The name mycolic
acid was proposed in 1935 for a portion of the lipid fraction from M. tuberculosis by
Stodola. Structural characterization followed in 1950 by Asselineau.
Mycolic acids are described as a group of long chain α-alkyl, β-hydroxy fatty acids. MA
has a largely asymmetric structure around the hydrophilic headgroup. They have a general
structure of R1-CH(OH)-CH(R2)-COOH. R1 is a meromycolate chain (50-60 carbons) and
R2 is a shorter α-branch (22-26 carbons). They are the major constituents of the inner
leaflet of the lipid bilayer of the mycobacterial cell wall, where they form an effective
impermeable barrier to protect the mycobacteria from antimicrobial agents.21

In

mycobacterial cells, MA are predominantly covalently bound to the arabinogalactan
polysaccharide. Some are found as trehalose monomycolates (TMM) and dimycolates
(TDM).22 23 TMM is involved in the transfer of MA into the cell wall.
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α-Branched MA as used in adjuvant emulsions may expose extensive hydrophobic
domains onto which proteins might adsorb. Wedge shaped hydrophobic domains are
formed because of the large ratio of the areas between the hydrophobic chains (folded up)
and the hydrophilic head group. This folding up of the MA prevents formation of
cylindrical micelles, which are unable to absorb proteins. Some have suggested through
the measurement of limiting molecular areas, MA can be presented as double or triple chain
molecules.24 The folding of the mycolic acids might be important for recognition by CD1
molecules. The hydrophilic headgroup is then presented to T cells to result in various
immune functions including antibody formation to MA.
We are discussing tuberculosis because it is usually transmitted by respiratory droplets and
the lungs are most often affected. Primary infection usually begins from an infected
person’s respiratory secretions. Primary infections produces tubercles or granulomas that
become calcified (Ghon complexes) in patients who overcome infection. Bacili in old
tubercles may escape to cause a secondary, or reactivation, infection. The clinical
syndrome includes fever, fatigue, weight loss, and a chronic cough. There is a vaccine
(BCG), but it’s not reliable. The United States relies on a tuberculin skin testing program.
Although usually treatable with current antibiotic therapies, inadequate means of M.
tuberculosis diagnosis remains one of the major obstacles to the global control of this
disease, especially in resource limited areas, and is on the increase even in countries where
the disease had previously been controlled.25 The estimated number of new TB cases
worldwide was 9.4 million in 2009, the highest number ever recorded.26
Unfortunately, the diagnosis of MTB still relies on sub-optimal methods that-in some areas
of the world-are not far removed from the methods Robert Koch used to discover M.
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tuberculosis in 1882. For example sputum smear microscopy remains the primary means
of M. tuberculosis diagnosis in developing countries, yet smear microscopy is insensitive
as it only detects ~ 50% of all active cases of TB.27 Culturing of M. tuberculosis bacilli is
considered the gold standard in TB diagnostics, and is more sensitive than smear
microscopy; however M. tuberculosis is an extremely slow growing bacterium and test
results may not be available for weeks, if not months, placing a heavy burden on the patient
and potentially providing a continuing source of infection in the community.
Molecular-based methods of TB diagnosis have been developed, but each method suffers
from one or more drawbacks that limit its applicability and usefulness.28 Because M.
tuberculosis infections produce a primarily cellular immune response, serological tests are
considered to be of minimal diagnostic value.29 Assays based on phage amplification or
detection of interferon γ have been developed, but these methods suffer from i) a lack of
sensitivity/specificity, ii) a significant delay in obtaining results due to sometimes long
supply chains , iii) a need for significant personnel training and first world equipment, iv)
the use of needles or other invasive collection tools , or v) the need for high BSL-2+ or
BSL-3 laboratory facilities.30 Test based on amplification of MTB DNA have been
reported, and the most promising PCR-based commercial test (GeneXpert),31,32 received
CE certification in 2009. However this test has been criticized, and faces obstacles of
logistics, sensitivity, and cost.33 Notwithstanding the progress made to date, a simple, noninvasive, reliable, rapid, inexpensive, point-of-care test for active tuberculosis that can
compete with conventional smear microscopy is not available.
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1.2 Historic Overview of Mycoplasmas: current treatments and clinical applications
Artificial classification schemes for prokaryotes are still being use. The most popular of
these is the one published in Bergey’s Manual under auspices of the American Society for
Microbiology which takes a highly practical approach to classifying bacteria. According
to the manual bacteria are separated into four different divisions, the mycoplasma are
separated into their division due to their lack of a rigid cell wall.
Mycoplasmas share a number of properties: all are parasites of humans, animals, or plants;
almost all obligate fermenters (they ferment in the presence of oxygen). Mycoplasmas, the
smallest self-replicating organisms, are parasitic species that lack a cell wall and
periplasmic space, have reduced genomes, and limited metabolic activity.34-36
Mycoplasma pneumoniae cells have an elongated shape that is approximately 1-2 µm in
length and 0.1–0.2 µm in width as seen on Figure 1.4.37 The layer of carbohydrate located
outside of the cytoplasmic membrane is probably responsible for maintaining such shapes.
The extremely small cell size means they are incapable of being examined by light
microscopy; a stereomicroscope is required for viewing the morphology of M. pneumoniae
colonies, which are usually less than 100 µm in length.34 Unlike other prokaryotes
mycoplasmas have sterols in their cytoplasmic membrane, and these lipids strengthen the
membrane slightly, and possess more genes that encode for membrane lipoprotein
variations than other mycoplasmas.35 The inability to synthesize a peptidoglycan cell wall
is due to the absence of genes encoding its formation and results in an increased importance
in maintenance of osmotic stability to avoid desiccation. The lack of a cell wall also calls
for increased support of the cell membrane, which includes a rigid cytoskeleton composed
of an intricate protein network and, potentially, an extracellular capsule to facilitate
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adherence to the host cell. When growth conditions are suboptimal, mycoplasma cells
become distorted forming long strands that resemble fungi (thus accounting for their name:
myco means “fungus”). Being wall-less, mycoplasmas can squeeze through small holes,
even through the pores in membrane filters used to sterilize liquids. . As a result, tissue
cultures of animal cells cannot be reliably sterilized by filtration; antibiotics, usually
penicillin and streptomycin are added to the media to suppress growth of contaminating
mycoplasmas.
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Figure 1.4 SEM images showing the typical morphology of M. pneumoniae.
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Mycoplasmas were mistakenly described as viruses for nearly twenty years due to their
ability to pass through a filter that excluded frequently encountered bacteria. In the process
of elucidation, mycoplasmas were described as pleuropneumonia-like organisms (PPLO)
and then as L-forms of bacteria, that is, bacteria that had lost their cell walls. Finally in the
1960’s, DNA homology techniques allowed the designation of M. pneumoniae as Eaton’s
agent and subsequent taxonomic descriptor M. pneumoniae was assigned in 1963,38
settling the debate over its status and identifying it as a new species of bacterium and not a
cell-wall-less variant of bacteria that normally possess cell walls. Its characteristic lack of
a cell wall and small size lend understanding to the initial confusion regarding the nature
of Eaton’s agent. Additionally, reductive evolution resulted in its biosynthetic limitations
and necessitated a parasitic lifestyle, while confounding efforts to reliably culture the
organism in clinical settings.
The main cytotoxic effect of M. pneumoniae is local disruption of tissue and cell structure
along the respiratory tract epithelium due to its close proximity to host cells.34 Attachment
of the bacteria to host cells can result in loss of cilia, a reduction in metabolism,
biosynthesis, and import of macromolecules, and, eventually, infected cells may be shed
from the epithelial lining. The organism is not known to produce any exotoxins, but
formation of hydrogen peroxide is a key virulence factor in M. pneumoniae infections.
Attachment of M. pneumoniae to erythrocytes permits diffusion of hydrogen peroxide from
the bacteria to the host cell without detoxification by catalase or peroxidase, which can
injure the host cell by reducing glutathione, damaging lipid membranes and causing protein
denaturation.39 Local damage may also be a result of lactoferrin acquisition and subsequent
hydroxyl radical, superoxide anion and peroxide formation. Local inflammation and
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hyperresponsiveness by infection induced cytokine production has been associated with
chronic conditions such as bronchial asthma and has also been linked to progression of
symptoms in individuals with cystic fibrosis and COPD.10 Accounting for approximately
20% to 40% of all community-acquired pneumonia (CAP) cases, and the leading cause of
CAP infection in older children and young adults.39-42 In adults alone the annual economic
burden of CAP exceeds $17 billion, and the incidence of infection in the very young and
elderly is on the rise.42 Furthermore, extra-pulmonary sequelae occur in up to 25% of cases,
and chronic M. pneumoniae infection may play a contributing role in the onset,
exacerbation, and recurrence of asthma.
M. pneumoniae infection is acquired through respiratory secretions and spreads
efficiently within close living quarters, with incubation periods as long as three weeks.43
Symptoms tend to be nondescript and the disease often has complex and variable
presentations, making definitive diagnosis challenging.39,42,44 As a result, diagnosis of M.
pneumoniae is often presumptive and relies heavily on the combination of physical
findings and elimination of other possible causes.41,43 Historically, serologic testing has
long been considered the foundation for the diagnosis of M. pneumoniae infection but has
severe limitations in sensitivity and specificity, a high tendency for false negatives, and
often must be paired with another diagnostic method. At present, the gold standard for
detection is qPCR. This method can exhibit high sensitivity and allow for detection in the
early stages of infection, but the cost, complexity, and expertise it requires limit the
practicality of widespread use in hospitals and reference laboratories. These limitations
create a critical barrier to the accurate and timely diagnosis of M. pneumoniae infection,
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and a rapid, simple, reliable diagnostic platform would greatly improve the control of M.
pneumoniae disease.
One notable aspect of M. pneumoniae infection is the periodicity of outbreak epidemics
shown to occur in regular patterns every 4 years.45,46 Little is known regarding the
significance of or factors involved with driving these epidemic cycles, as difficulties in the
diagnosis of M. pneumoniae have impeded the ability to obtain consistent or
comprehensive epidemiological data.41,45

The incidence of disease does not appear be

related to season or geography, however infection tends to occur more frequently during
the summer and fall months when other respiratory pathogens are less prevalent. Also of
interest in M. pneumoniae infection is the role of strain genotype in pathogenesis and
disease epidemiology. Reinfection and epidemic cycling is thought to be a result of P1
adhesin subtype variation and is also an important virulence factor for M. pneumoniae
infection.47-49 Genetic diversity among M. pneumoniae is limited, and as such is generally
categorized into one of two groups, type I (strain M 129) or type II (strain FH) based on
variations within the sequence of the P1 gene.46 Type-switching between the two variants
seems to regularly occur in 4-7 year cycles, though it is unknown whether there is a link
between the observed trends in type-switching and outbreak periodicity.48 M. pneumoniae
genotyping is currently done by restriction length fragment polymorphism or by qPCR in
combination with high resolution melt analysis.41,44,46,50,51 While the application of these
PCR-based typing assays has greatly facilitated the study of M. pneumoniae epidemiology,
both require a great deal of cost, technical expertise, and additional testing beyond clinical
detection that limit their practicality for widespread, point-of-care use.52 Therefore, a
biosensing platform with the ability to simultaneously detect and type clinical specimens

15

in a single assay would be of great value from both diagnostic and epidemiological
standpoints.
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CHAPTER 2
General Experimental Concepts
The number of methods for the preparation of nanostructures with SERS activity is
numerous and synthesis continues to be a very active field of research in the development
of nano-based sensors. SERS can be used to try to solve a vast range of chemical and
biophysical related problems. Consequently, it has been accepted as mayor analytical tool
in many research areas. For quantitative analysis there has been an urgency to develop
homogenous, stable and reproducible SERS substrates fit for various needs. The purpose
of this chapter is to introduce the reader to the theory and basic principles of Raman
spectroscopy, the vibrational spectroscopic technique employed in this work. Also
included within this chapter are the experimental techniques used, and an overview of the
theoretical concepts will be shown.
2.1 Optical properties of metallic nanostructures
The optical properties of metallic nanoparticles depend on the shape and size and also of
the dielectric constant and that of the surrounding medium. Spherical metallic
nanoparticles exhibit a single surface plasmon (SP) band attributed to the coherent
oscillation of the conduction electrons caused by oscillating electric field when they are
irradiated by light.53 Under the irradiation of light, the conduction electrons in a metallic
nanostructure are driven by an electric field as shown in Figure 2.1, to collectively oscillate
at resonance frequency relative to the lattice of positive ions. Depending on the metallic
nanostructure, they will possess different surface plasmons resonances, that are dependent
on size, shape and dielectric constant of the metal analyzed.
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Figure 2.1 Schematic representation of a surface plasmon.
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2.2 Surface Enhanced Raman Spectroscopy
In 1928, Sir C.V. Raman described the first evidence that light is inelastically scattered.54
The Raman scattering cross-section is typically 10-29 cm2 per molecule, a much smaller
component than UV and IR cross-sections, which are 10-18 cm2 and 10-21 cm2 per molecule
respectively;55,56 this small cross-section has limited its application to analytical problems
and favored the use of UV and IR for analysis of chemical samples in the past. It has been
shown that the intensity of Raman scattering is inversely proportional to the fourth power
of the incident light’s wavelength, according to the Tyndall effect.57
Raman spectroscopy is a popular nondestructive, ambient probing tool used to characterize
molecular structures and usually imposes very little constraint on the substrate size. Figure
2.2 illustrates the main events that occur when a light quantum hν0 impinges on a surface.
The elastic scattering process (Rayleigh scattering) of quanta with energy hνo occurs
without energy loss.58 This process has the highest probability among other competing
scattering phenomena.
However, there are inelastic processes in which the vibrational energy is altered by hνs also
prevail with much lower probability of occurrence. These inelastic processes are called
Raman Scattering and quanta of energy hνo ± hνs are emitted. According to Boltzmann’s
law, at ambient temperature vibration of molecules in the excited state is much less
probable than that of the ground state molecules. Thus, it is more efficient to excite groundstate molecules to a vibrationally excited state than to receive the radiative decay energy
from the vibrating molecules.
Hence, the emitted quanta having energy of hνo − hνs are more prevalent than the emitted
quanta with energy of hνo + hνs. The Raman lines corresponding to the quanta with energy
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of (hνo − hνs) are referred to as the Stokes lines whereas the higher energy lines (hν0 + hνs)
are called the anti-Stokes lines. As the intensities of the anti-Stokes lines are lower, only
the Stokes lines are usually recorded in a typical Raman spectrum. The light scattering
processes are illustrated in Figure 2.2. Raman spectra are described by the observed
wavenumber shift in (cm-1) as a result of excitation by an external source. Raman spectra
collected at low excitation energies, such as a 785nm laser, are usually not complicated by
fluorescence contamination due to the lower state of excitation energy used.
Two other forms of vibrational spectroscopy, normal Raman and IR, have been explored
for use in bacterial detection. IR was initially favored for its usefulness in describing the
chemical natures of samples. However, IR suffers from a large water and CO2 effect, which
tends to be present in every biological sample. Furthermore, a larger sample size is required
as sensitivity is limited with IR detection, so identification of small concentrations of a
compound or small numbers of biological agents in a complex matrix is not consistently
possible. Normal non-SERS Raman scattering signals of biological samples, considered a
bulk sampling technique, have been used for bacterial detection in the past 59

60

but are

typically limited due to the smallness of the cross section. Furthermore, protocols must be
standardized and stringent to render the Raman data useful and reliable for classification.
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Figure 2.2 Schematic diagram illustrating the principle of Raman scattering : (a) term
diagram; (b) Raman spectra. Because vibration of atoms in the excited state is
much less than that of the ground state atoms, the Stokes line is stronger than
anti-Stokes line.
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2.3. SERS Mechanism on Coinage and Transition Metals
Elucidation of the mechanisms that enable the SERS phenomena is always an important
area of research in SERS. This active area of research has attracted much interest from the
communities of surface science, spectroscopy, condensed phase physics and nanoscience.
Two well established factors that contribute to the SERS mechanisms include the
Electromagnetic Enhancement and the Chemical Enhancement.
In order to understand the Electromagnetic (EM) enhancement,61,62 one must consider the
size, shape and material of the nanosurface. Nanoscale roughness features affect the
electromagnetic field enhancement of Ag, Au, and Cu and is considered to mainly come
from geometrically defined local surface plasmon resonances (LSPRs) at metal
nanostructures. If the correct wavelength of light strikes a metallic roughness feature, the
plasma of conduction electrons will oscillate collectively. The surface Raman enhancement
arising from the LSPR of a spherical nanoparticle can be estimated using the following
equation:
2
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where ε0 is the dielectric constant of the medium, εi is the wavelength-dependent complex
dielectric constant of the metal nanoparticles, r is the radius of the nanoparticles, and d is
the distance of the point to be measured to the center of the nanoparticle.63-65 The EM
4

enhancement mechanism contributes more than 10 times enhancement over normal
Raman scattering. The LSPR allows the resonant wavelength to be absorbed and scattered,
creating large electromagnetic fields around the roughness features. When the incident
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light is resonant with the collective modes of oscillation of the metal conduction band
electrons, there is an enhancement of the electromagnetic field at the surface at both the
incident and Raman scattered wavelengths. This enhancement in turn induces a change in
polarizability of the molecule leading to intense Raman signals. For the electromagnetic
enhancement effect to be operative, it is not necessary to be in contact with a metal surface.
66

Considering that in most of SERS studies the medium is water and ε0 = 1.77, when the

real part of εi approaches −3.54 and the imaginary part approaches 0, the enhancement
reaches the maximum. Some free electron metals, such as Ag, Au, and Cu, can meet this
condition and therefore produce very high enhancement. When the shape of the
nanoparticles deviates from the spherical nanoparticles, such as ellipsoids or rods, the
lightning-rod effect should be considered due to the existence of the high curvature points.
Furthermore, more and more experimental and theoretical studies demonstrate that the
coupling between nanoparticles can effectively increase the enhancement effect. These
general conclusions can also be borrowed to analyze the case of transition metal systems.
Most transition metals show a large imaginary part of the dielectric constants and therefore
are not effective in generating high SERS activity over the visible light region.63
Chemical enhancement, according to its definition, includes any enhancement of the
Raman intensity of surface species resulting from its chemical interaction with the surface
or other surface species and is clearly correlated to the charge transfer between the probed
molecule and surface or other surface species.63 One should note the following three types
of charge-transfer process that contribute to the chemical enhancement: (1) when a
molecule interacts with the surface or other surface species, the electron distribution and
therefore the polarizability of molecule will change. Such a change may cause different
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enhancements for different vibrational modes; (2) metal ion, probed molecule, and
electrolyte ion may form a surface complex, leading to the change of the polarizability of
the molecule. Some surface complexes may even create a new electronic level in resonance
with the incident laser energy, similar to the resonance Raman Effect of a complex; (3) the
third type is the most complicated one and called photon-driven charge transfer process or
often simplified as charge transfer. This process occurs when the incident laser energy
matches the energy difference between the surface molecules’ HOMO or LUMO and
Fermi level or surface state of the metal substrate. This process could also be associated
with the excited state of the whole molecule/metal system and with the charge transfer
between the molecule and the metal surface (or surface ad-clusters). This could result in a
considerable increase in the Raman intensity of probe molecules. The photon-driven
charge-transfer mechanism has been used to explain the change of intensity–potential
profile with the changing excitation line and is the most important type of chemical
enhancement mechanism. The chemical enhancement mechanism, now thought to
contribute an enhancement factor of 102, states that a charge-transfer state is created
between the metal and adsorbate molecules.63
In systems where both the chemical and electromagnetic enhancements come into action,
the mechanisms are multiplicative.67 Estimations regarding the overall enhancement per
molecule for the contribution of both chemical and electromagnetic enhancement
mechanisms, scales on the order of 105 – 106.68,69 It is commonly thought that the EM
enhancement contributes the greater extent (~104-106) to the signal enhancement observed
in SERS while the CE enhancement is thought to contribute to a smaller extent (~10-102)
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to the overall enhancement.70,71 Taking these parameters into consideration, the SERS
surface enhancement factor (SEF) may be determined using the following expression:
𝐼𝑆𝐸𝑅𝑆
𝜇𝑀 𝜇𝑆 𝐴𝑀
𝑆𝐸𝐹 =
𝐼𝑅𝑆
𝐶𝑅𝑆 𝐻𝑒𝑓𝑓
In the above expression, ISERS and IRS are the SERS and standard Raman intensities,
respectively. μM is the surface density of the individual nanostructures, μs is the surface
density of molecules on the substrate surface, AM is the surface area of the metallic surface,
CRS is the concentration of the solution used, and Heff is the effective height of the scattering
volume. Using the above expression, enhancement factors of up to 1014 have been reported
for single molecule detection.72,73 This interaction between analyte and metal spurred
activity to produce this electromagnetic effect in stable colloids of silver or gold particles
and thus serve as sensors for amplifying the signal from the analyte of interest.74 Problems
arose as these colloidal solutions, while easy to make, were variable and unstable in their
production of the SERS effect. The search for “hot spots” became the prevailing drive in
research for a time. Around the same time, the development of nano-structured surfaces,
on a scale of 10-9 meter, was emerging.
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2.4 Silver Nanorod Arrays- Fabrication through the OAD method and functionality
as a SERS substrate
As previously discussed, for thin noble metallic films, when electromagnetic (EM) waves
interacts with the metallic surface, it will generate charge density wave, and at certain
wavelength or incident geometry, geometry, when the horizontal component of the incident
wavevector matches with the intrinsic wavevector of the charge density wave, a resonance
absorbance will occur, which is referred to as SPR. For individual metallic nanostructures,
similar resonance absorbance due to confined collective oscillation of electrons in the
nanostructure can be observed, and is referred to as LSPR. The LSPR depends on the
material, size, shape, and also the surrounding dielectric environment,75-77 and has been
widely applied for chemical and biological sensing.78,79
A great deal of efforts have been devoted to the fabrication of various metallic
nanostructures for plasmonic applications. Many of them require nanostructures supported
on substrates. This imposes a great challenge to the fabrication techniques. Methods that
can directly fabricate nanostructures on substrates are usually used, such as lithography
methods,80,81 self-assembly methods,82 and physical vapor deposition (PVD) methods.83,84
Self-assembled metallic colloid is another popular way to produce ordered
nanostructures.82 Physical vapor deposition methods, such as electron-beam deposition,
sputtering growth, and thermal evaporation, are commonly used to fabricate large-scale
thin films. With a normal vapor incidence with respect to the substrates, nanoparticles or
thin films are generally formed on the substrates. When the vapor is incident with a large
angle (θ>70˚) with respect to the surface normal of substrates, nanocolumns are usually
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formed. This kind of physical vapor deposition with large incident angles is referred to as
oblique angle deposition (OAD).85
The principle of OAD is shown in Figure 2.3a. The incident vapor flux is arriving at the
substrate at an angle θ, which can be tuned by changing the orientation of substrates
through a stepper motor. A quartz crystal microbalance (QCM) is usually used to monitor
the deposition thickness, which is referred to as QCM thickness tQCM. In OAD, the
geometric shadowing effect and surface diffusion of the adatoms account for the formation
of the nanostructures.85,86 These conditions result in preferential growth of cylindrical,
irregularly shaped rods that are randomly, yet uniformly, distributed on the surface. The
growth of the nanorods arises from initial metal nucleation sites in the direction of vapor
depositon. The nanorods produced by OAD are cylindrical in shape but encompass a
variety of random protrusions and irregularities.SERS has become a powerful technique
for chemical and biological sensing applications due to its great sensitivity. The application
of SERS usually requires the substrates with good sensitivity and reproducibility.
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Figure 2.3 The schematics of the development of the silver nanorods substrate through
OAD
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A variety of Ag nanostructures fabricated by OAD and GLAD techniques have been
explored83,87-90 and some of them have demonstrated as excellent SERS substrates. Among
these Ag nanostructures, tilted Ag nanorod(Ag NR arrays are simple to prepare by OAD,
and have exhibited very good sensitivity and reproducibility.83,91-94 This high SERS signal
enhancement observed with silver nanorod arrays results from the chemical and/or
chemical electromagnetic enhancement mechanisms previously discussed within this
chapter. The SERS response of these AgNR substrates is characterized by measuring the
Raman spectrum of trans-1,2-bis(4-pyridyl) ethylene (BPE) molecules adsorbed on
AgNRs. The enhancement factor (EF), defined as the enhancement in SERS signal per
molecule relative to the bulk Raman signal, is evaluated to be as high as 5×108. The
uniformity and reproducibility of the AgNR substrates are also estimated by static
measurement:95 the point-to-point uniformity (relative standard deviation) in BPE SERS
intensity obtained on a single substrate is about 10%; the substrate-to-substrate
reproducibility within one batch ranges from 6% to 13%; and the batch-to-batch
reproducibility is less than 15%.96 Enhancements associated with high curvature regions
have been deemed the “lightning rod effect” and contribute to the high enhancement factor
observed for molecules at the tips of the nanorods or in pores. The overlap of both the
longitudinal and lateral plasmon bands is primarily responsible for the strong
electromagnetic (EM) enhancement at the tips of the nanorods. As a result, the maximum
SERS intensity observed for these Ag nanorod arrays is in the polarization direction
perpendicular to the long axis of the nanorods.96,97 These nanostructures have been
extensively used for a variety of sensing applications. Specifically, silver nanorod arrays
fabricated by OAD have been used as SERS-active substrates for detection of a variety of
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analytes. In part of this work we have employed silver nanorod (AgNR)-based SERS to
detect the chemical signatures found in lipids extracted from the cell envelopes of
tuberculous (MTB) and non-tuberculosis (NTB) mycobacterial species.
2.5 Historical perspective on layer-by-layer self-assembly
Novel materials have always been sought and the employment of surface modification at
the molecular level realized this goal. Surface modification resulted in a multitude of new
properties that were previously not associated with the native material. These changes
include modifications of the electrical, optical, magnetic, physicochemical and biological
properties of the material in question. As a consequence, several disciplines of natural
science have experienced the impact of surface modifications, changing the fundamental
properties of materials at the building-block-level. Blodgett expanded the Langmuir film
technique to produce multilayer coatings known as the Langmuir–Blodgett (LB)
technique.98
The group of Kuhn then explored the possibility to adsorb different oppositely charged
dyes with the LB technique, discovering the potential of layer thickness and energy
transfer. Iler99 however observed that oppositely charged colloids could be alternately
assembled onto glass substrates and work by Nicolau and colleagues illustrated successive
layering of substrates with oppositely charged metal ions to produce polycrystalline
coatings100 and successive polymerizations steps in situ to produce alternating polymer
coats onto a substrate and successive polymerizations steps in situ to produce alternating
polymer coats onto a substrate.101
The work of Iler and Nicolau probably inspired the seminal breakthrough made by the
group of Decher, who used synthetic polyelectrolytes i.e. polymers with ionizable surface
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groups to form polyions that were successively layered onto a substrate by electrostatic
interaction. This method is robust, simple, does not require sophisticated equipment and
precise stoichiometry, nor does it rely on complicated chemical reactions to deposit
successive layers. Layer-by-layer self-assembly (LBL) is still seen as the true alternative
to the LB technique.
Since the late 1990s, work has focused on development of multilayer composites based on
interactions other than electrostatic interactions such as hydrogen bonding.102-104
Controllable polymerization reactions also resulted in novel approaches to assemble layerby- layer constructs through successive polymerization.105 Polyelectrolyte multilayers
(PEMs) are furthermore of fundamental physical interest, since they form twodimensionally stratified layers, which are growing step-by-step into the third dimension.
This leads to a behaviour being dominated by internal interfaces, and differing largely from
the corresponding volume material properties.
The layer-by-layer (LBL) self-assembly of multiple polyelectrolytes and other particles
resulted in the production of multifunctional hybrid carrier systems106,107 for dyes,108
sensors,109 enzymes,110 drugs,111 multiple components,111 and cells.112 Additionally,
nanocoated substrates provide a surface platform for the attachment of targeting molecules,
i.e. folic acid,113 antibodies,114 or a variety of surface functional groups such as hydroxyl,
carboxyl and thiol groups.115
2.5.1 Principles of the layer-by-layer technique
The buildup of LBL mutlilayers is driven by the electrostatic attraction between the
oppositely charged constituents.99 However, hydrogen bonding,116,117 hydrophobic
interactions,118 and van der Waals forces119 may be exploited to assemble LBL systems or
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influence the stability, morphology and thickness of the films, particle/molecule
depositions and permeation properties of the film.
Generally, LBL self-assembly proceeds as follows: (1) a charged substrate is immersed in
a solution of an oppositely-charged colloid to adsorb the first monolayer, (2) a washing
cycle follows to remove unbound material and preclude contamination of the subsequent
oppositely-charged colloid, (3) in which the coated substrate is submerged to deposit a
second layer and the multilayered structure is formed. 105 Some LBL processes require no
washing cycles thus shortens the duration of the assembly process.120 A generalized scheme
of the LBL process is show in Figure 2.4.
The polyelectrolytes or colloids, which exhibit a high linear surface charge density, are
utilized in excess to prime the substrate. Therefore, a non-stoichiometric excess of charge
is absorbed after each step relative to the preceding layer.121,122 This surplus of charge
provides the step-wise mechanism for the reversal of the surface charge polarity,
facilitating a favorable surface for the adsorption of the subsequent layer. The LBL selfassembly methods have advantages compared to the more conventional coating methods,
including (1) the simplicity of the LBL process and equipment, (2) its suitability to coating
most surfaces, (3) the availability of an abundance of natural and synthetic colloids, (4) the
flexible application to objects with irregular shapes and sizes, (5) the formation of
stabilizing coats and (6) control over the required multilayer thickness.123-125
Polyelectrolytes and nanoparticles can be utilized to form the ultrathin multilayer structures
using the LBL self –assembly technique. Polyelectrolytes are classified according to their
origin. Standard synthetic polyelectrolytes include poly(styrene sulfonate) (PSS), poly
(dimethyldiallylammonium chloride) (PDDA), poly(ethylenimine) (PEI), poly(N-
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isopropyl acrylamide (PNIPAM), poly(acrylic acid) (PAA), poly(methacrylic acid)
(PMA), poly(vinyl sulfate) (PVS) and poly(allylamine)(PAH).123 Natural polyelectrolytes
include nucleic acids, proteins and polysaccharides of which alginic acid, chondroitin
sulfate,

DNA

heparin,

chitosan,

cellulose

sulfate,

dextran

sulfate

and

carboxymethylcellulose are most common.126,127 The prerequisite for successful LBL
coating is the presence of a minimal surface charge, which is one of the few disadvantages
of the technique. However, charge can be induced to still facilitate LBL.128 Most commonly
glass, quartz, silicon wafers, mica, gold-coated substrates are coated. The type of substrate
that is encapsulated depends primarily on the colloids assembled into PEMs and analytical
monitoring techniques for the coating steps.123
Surface charge is not the only factor that may affect the multilayer adhesion. The surface
texture could also affect the adhesion properties. Pretreatment of a substrate by annealing
with sodium chloride smoothened the surface of the substrate, resulting in more intimate
contact between the substrate and colloid to produce higher quality coats
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Figure 2.4 Schematic illustration showing how LBL assembly is achieved by observing
the absorption of oppositely charged polyelectrolytes, from reference 105.
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2.5.2 Fundamental Experimental parameters of LBL adsorption
From a practical point of view, LBL assembly only requires the exposure of a charged
substrate in a solution of a polyelectrolyte with a charge opposite to that of the substrate.
The procedure is repeated a number of times alternating between polycations and
polyanions, including water or salt washings in between layers, until a film of the desired
thickness is obtained.121,129
The formation of polyelectrolyte multilayer self-assembly is usually reliant on the
electrostatic adsorption between the substrate and subsequent layers.99,121 A two-stage
process is envisioned by which (1) an initial anchoring of the coating material to the surface
is followed by (2) a slow relaxation to form a densely-packed structure on the surface.
Though the time scales vary largely, a common the two-step process, suggests that a fast
first order adsorption process is followed by slow rearrangements at the surface: the first
kinetic step involves the transport of chains to the surface by diffusion, so that adsorption
due to electrostatic forces can take place. The second growth step is diffusion-controlled
since the level of coverage in the coated domain is saturated with time.130 Subsequent slow
chain rearrangements enable the diffusion of segments into the inner regions of the
previously deposited layer. By mixing of positive and negative segments, finally the
irreversible complexation of charges occurs.131
The adsorption of PEMs from salt solutions of varying electrolyte concentration was the
first approach to control layer thickness over a wide range.129 Rather different power laws
of the adsorbed amount or layer thickness in dependence of the salt concentration were
found: while some authors reported a linear dependence on csalt, others found the thickness
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to scale with cα salt with α=0.5, or the adsorbed amount scaling with an exponent of 0.05–
0.15.105
The practical procedure applied by the different groups working in LBL assembly varies,
regarding the number of washings between the deposition of layers, the use of NaCl or
water for the washings, assembly time, pH, and the ionic strength of the polyelectrolyte
solution. This parameters can have a strong impact on the quality of the assembled PEMs.
For instance, although polyelectrolyte conformation is determined by the ionic strength in
bulk solution, the thickness of an LBL film will be notably influenced by the ionic strength
at which the assembly has been performed. If polyelectrolyte assembly takes place at low
ionic strength, the polymer chains are normally extended, resulting in a thin film.
Increasing the ionic strength results in the coiling of the chains, which become less
extended but increase in volume.132 This, in turn, results in an increase in layer thickness.
Standard values of ionic strength for PEM fabrication range between 0.1 and 1 M NaCl
due to considerations of layer thickness and packing of polyelectrolyte chains.133
Polyelectrolyte assembly can, nevertheless, be performed at higher ionic strengths even
though the electrostatic interaction between subsequent layers is reduced because of charge
screening. Although electrostatic interactions become weaker, the assembly at high ionic
strengths is still favored by the release of counterions during layer assembly. In general,
PEMs do not show significant changes in thickness with the ionic strength. It has been
reported that an increase in the ionic strength makes PEM swell since the interaction
between oppositely charged polyelectrolytes is weakened and the fi lm has the possibility
to swell.134

36

2.6. Bioanalytical Sensing and Pathogen Detection by SERS
The ability to rapidly detect and identify bacterial cells in human body fluids at relatively
low cost and in point-of-care settings is a continuing need for health care providers
worldwide. Traditional methods of bacterial identification are phenotypic based
approaches that require a cell growth period and are consequentially slow (24 – 48 hours
or longer). Furthermore, distinguishing closely related strains may be difficult via
traditional methods and it is not a point of care technique. The best current methods are
molecular diagnostic approaches that utilize specific primers or probes for particular gene
targets, such as “real time” polymerase chain reaction methods (PCR)135 which are
increasingly finding use in clinical settings. If no culturing is required PCR time frames
are typically in the 2 – 6 hour framework. However, PCR is not without some limitations
or liabilities such as sample contamination, infectious mixture resolution, need for required
primer sets, speed, cost and point-of-care capabilities.136 In general these methods are
generally very sensitive and selective, but exceedingly time consuming due to the fact that
they rely on several enrichment steps.89,137 Other current diagnostic methods available for
the detection of pathogens rely on

immunofluorescence tests and antigen-capture

immunoassays such as enzyme-linked immunosorbent assay (ELISA),138hemi-nested
multiplex RT-PCR,139,140 or hemadsorption.141 Many of these assay techniques suffer from
lack of sensitivity and reproducibility or require the use of synthetic labels, species-specific
reagents (genotyping primers). Consequently, new diagnostic approaches for rapid and
sensitive means of detecting pathogens both in the laboratory and in the field are urgently
needed to successfully curb potential disease outbreaks.
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For the past few years there have been developing techniques for optical approach for rapid,
sensitive and specific bacterial and biomedical diagnostics of infectious diseases based on
surface enhanced Raman spectroscopy (SERS).60,142,143

SERS is a well-known

spontaneous light scattering technique, discovered ~35 years ago which results in the 105
– 108

effective enhancement of the Raman scattering intensity of some molecular

vibrational modes of molecules that are close (≤ ~5 nm) to nanostructured metal
surfaces.69,144 This effect is predominantly attributed to the plasmonically enhanced local
electric fields that become concentrated near nanosized structures that are coincident with
the surface plasmon resonances of these nanomaterials. These plasmon resonances are
usually in the NIR to visible for the most commonly employed metals, Ag or Au. However,
until the development of stable, reproducible nanomaterials which could enhance the
Raman signal reproducibly (SERS), this approach was not practical. The ultrasensitive,
rapid, and label-free attributes of SERS seem to satisfy all criteria needed for routine
analysis of different species and strains of pathogens. As a label-free, molecularly specific
detection method, SERS allows detection of pathogens with a high degree of sensitivity
and specificity. In contrast with the other diagnostic methods previously noted, SERS
offers several advantages, including the ability to provide molecular vibrational
information for both in-vivo and in-vitro applications, hence allowing discrimination of
subtle structural differences and classification of pathogen types and species.145,146 The
main reasons for the interests in SERS are its high sensitivity, intrinsic selectivity due to
the spectroscopic finger-print, simple and fast preparation and nondestructive data
acquisition in aqueous environment.
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The assignment of individual peaks in spectral data to specific biological input has also
been prevalent in the literature. Vast spectral libraries have been compiled from classic
analytical chemistry studies i.e. spectral analysis of a purified single component.
Comparison of bacterial fingerprints to these pure components reveals small fluctuations
in wavenumber due to the matrix effect, but none-the-less can be helpful in elucidating the
contents of the sample. For example, proteins,147 nucleic acids,148 carbohydrates,149 and
lipids59 have been extensively studied and have representative spectra in bacterial samples.
Over the last several years, Ag nanorod arrays fabricated by OAD have been evaluated as
SERS-active substrates for a variety of biosensing applications. The unique signal
enhancement offered by Ag nanorod substrates allows nondestructive detection and
discrimination of pathogens at the strain level with minimal sample or culture preparation.
Ag nanorod arrays have been employed for the SERS-based detection of a variety of
bacterial83,90,92,150,151 and viral41,94,152 species to allow classification of bacterial and viral
types as well as discrimination between pathogen strains and pathogens having single gene
mutations. In addition, oligonucleotide-modified Ag nanorod arrays have been used to
directly probe sequence information and detect binding of complementary targets. The
following sections summarize recent applications of the use of these SERS substrates for
pathogen detection and provide an outlook on the future of Ag nanorod arrays for
bioanalytical and diagnostic applications.
A number of studies have been performed using SERS with a variety of substrates: in situ
silver153,154 or gold colloids,142 silver or gold colloids155 added post cell growth, silver
coatings,153 silver nanoparticles with antibodies,156 and biofilms. Culha and co-workers
used a gold SERS-active substrate with 785 nm excitation to investigate the individual
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components of bacteria and concentrated their analysis on the study of the spectral features
of nucleic acids, amino acids, and peptides. However, they stated that SERS spectra
obtained from bacteria under these conditions will take their major contribution from cell
surface biochemistry but omitted to analyze the carbohydrate components associated with
the outer cell membrane present in the SERS spectra.
As mentioned previously, simple mixing e.g. metal nanoparticles with bacteria is a
common approach for SERS detection of biological samples. However, the generated
mixture is not always homogeneous.145,157 There are no specific interactions between the
bacteria and NPs. Additionally, the capping reagent employed for stabilizing the NPs
prohibits intimate contact with bacteria. The inefficient interaction of NPs with the
bacterial cell wall resulted in a very limited reproducibility of bacterial SERS spectra. The
inefficient interaction of NPs with the bacterial cell wall resulted in a very limited
reproducibility of bacterial SERS spectra. This limitation can be overcome either by
increasing the NP concentration158,159 or by the “convective assembly” method,160 but these
methods often have poor reproducibility due to the difficulty posed by efficient, precise
control of the NP aggregation process on the bacteria. Thus, the main goal is that the NPs
could come into contact with the bacteria surface at as many points and close as possible.158
Recently, an electrostatic attraction force strategy for efficient, precise self-assembly NPs
on bacteria has been developed.161-163 The fact is based on that the bacteria wall is
negatively charged for the presence of either teichoic acid in Gram-positive bacteria,162 or
the outer membrane lipopolysaccharides in Gram-negative bacteria. The positive charged
poly (L-lysine) coated AuNPs,164 cetyltrimethylammonium bromide (CTAB)- terminated
nanorods and poly(allylamine hydrochloride) (PAH)/AuNPs/PAH layer by layer (LbL)
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structures161 can allow the highly efficient and precise deposit onto the bacterial cell wall
through electrostatic interaction.
Recent research has suggested a faster approach for developing LBL structures for SERS
analysis. Zhou’s group165 recently assumed that traditional LBL structures are difficult to
prepare and that SERS spectra of the bacteria analyzed are prone to interfering signals of
the capping agents. The later group stated that Efrima’s group were the first to develop a
method to directly produce NPs in the presence of the bacteria.153,154,166,167 They directed
the production of the NPs to either intimate contact at external (cell wall) or interior
components of the bacteria. Although the procedure ensures an intimate contact of the
colloids with the cell, the authors obtained very similar spectra for different species of
silver-coated bacteria, they claim that this makes the method unsuitable for bacteria
discrimination. So they developed an in situ synthesis of AgNP coating on the cell wall of
bacteria for SERS-based label free detection of bacteria in drinking water, which is a more
efficient way to achieve intimate contact between NPs and the bacteria cell in comparison
to previous methods. They first soaked bacteria in a silver nitrate solution and then used
hydroxylamine hydrochloride as a reducing agent. Finally, a “colloid deposit” was formed
on the cell wall of the bacteria, in which they addressed in following as “Bacteria@AgNP”.
SERS substrates fabricated by OAD and the LBL structures that will be presented within
this project have been assessed as a potential analytical sensor for rapid pathogenic bacteria
detection. The main challenge associated with the detection and identification of bacteria
lies in distinguishing the protein and carbohydrate components present along the outside
of the bacterial cell, which is characteristic to a specific cell line and different between
bacterial strains. This change in composition has been investigated by SERS in various
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reports. Different studies demonstrate that the spectral patterns can be altered by a variety
of experimental conditions such as matrix effect, the background contents, as well as
sample handling. This variation has not confounded attempts to use spectral data for
species and strain level differentiation.60,168 In spectral data, a large number of
wavenumbers are collected for each sample, and many of these display collinearity with
one another, that is, one or more wavenumbers are linearly dependent in their response to
the incident energy, a condition which could cause problems in statistical analysis.
Chemometric software programs, by optimizing the similarity of the data structure, can
extract a large amount of information out of the spectra. A brief description of principal
component analysis (PCA) as well as other multivariate statistical techniques are provided
in Chapter 3. These multivariate statistical methods demonstrate the ability to distinguish
different bacterial species.
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CHAPTER 3
Multivariate Statistical Analysis in Chemistry
The purpose of this chapter is to introduce to the reader to commonly used multivariate
statistical methods employed for spectral data analysis in vibrational spectroscopy.
3.1 Pre-processing in vibrational spectroscopy
Many users of chemometric software simply accept without much insight the results of
PCA: yet interpretation depends critically on how the original data have been handled. Data
preprocessing or scaling can have a significant influence on the outcome. For the
application of multivariate data analysis to work optimally, it is vital to pre-process the
data in a correct manner. If this is not done, there will be a mix-up between the information
which is sought and the noise which one is not interested in. Noise does not only consist
of random deviations in the measurements themselves. It can also contain systematic
variations in the samples which are not of interest to the analyst.169,170 One such variation
is the light scattering; created by particles which are illuminated. This effect is nearly nonexistent for liquid samples (although suspensions will show scattering), while solid
samples are prone to show scattering.
A natural pre-processing technique to apply to raw spectral data would be the application
of a derivative. Most often a first or a second order derivative is used. The first derivative
will remove any offset difference between the data and the second derivative will
furthermore remove any slope effect on the data. There are two typical ways of estimating
the derivative: Norris–Williams derivation (NW)171 and Savitzky–Golay derivation
(SG).172 The former is in many ways a simplification of the latter. In NW the smoothing
performed to the data is according to a 0th order polynomial (the average only), while for
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SG this smoothing function can be set to any polynomial order (two is though the most
common). The second parameter which should be set for NW is the gap size. This truly
involves is a bit of a curiosity specially when there is nothing clear in the spectra which
should indicate that you need a gap size for anything. The larger the gap-size, the more
numbers are used in the estimation of the derivative, and thus a greater smoothing effect is
achieved. The total smoothing effect is thus a combination of the window size and the gap
size used. The smoothing effect can, though, never be higher than the window size. SG on
the other hand estimates a polynomial on the window size which is used for the smoothing
of the data. The derivative is subsequently estimated from this fitted polynomial. The
window size thus has a direct and straight forward effect on the estimated derivative.
The SG derivatization in general is a common spectral processing method which alleviates
issues from spectra-to-spectra baseline variations. The SG method as well improves the
S/N ratio, reduces noise, sharpens peaks and eliminates the need for manual baseline
correction of the spectra. Each derivative spectrum is then normalized with respect to its
maximum value such that the values in the vertical axis are ranged from 0 to +1.
Normalization also accounts for slight differences in the enhancement factors provided by
each substrate. Mean centering is used so that unsupervised chemometric analyses such as
principal components can be informative.
Principal component analysis (PCA) has been performed directly on the raw spectral data,
something statisticians in other disciplines very rarely do. It is important to be very careful
when using packages that have been designed primarily by statisticians, on chemical data.
Traditionally, what is mainly interesting to statisticians is deviation around a mean, for
example, how do the mean characteristics of a forged banknote vary? What is an ‘average’
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banknote? In chemistry we are often (but by no means exclusively) interested in deviation
above a baseline, such as in spectroscopy. It is, though, possible to mean center the columns
in a data matrix, it will be noticeable that the sum of each column will be 0. Almost all
traditional statistical packages perform this operation prior to PCA whether desired or not.
Note that it is also possible to mean center the rows, and also double mean center data both
simultaneously down the columns and along the row however, this is rarely done in
chemometrics.
Standardization is another common method for data scaling and first requires mean
centering: in addition, each variable is also divided by its standard deviation. In other
literature this is also referred to autoscaling. Prior to performing PCA autoscaling which
will make each column have the same ‘size’ so that all variables have an equal opportunity
of being modelled. Autoscaling means that from each variable, the mean value is subtracted
and then the variable is divided by its standard deviation.
3.2 Unsupervised and Supervised Pattern Recognition
A more formal method of treating samples is unsupervised pattern recognition, often called
cluster analysis. Many methods have their origins in numerical taxonomy. Biologists
measure features in different organisms, for example various body length parameters.
Using a couple of dozen features, it is possible to see which species are most similar and
draw a picture of these similarities, such as a dendrogram, phylogram or cladogram, in
which more closely related species are closer to each other. The main branches can
represent bigger divisions, such as subspecies, species, genera and families.
These principles can be directly applied to chemistry. Unsupervised pattern recognition
differs from exploratory data analysis in that the aim of the methods are to detect
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similarities, whereas using exploratory data analysis EDA there is no particular prejudice
as to whether or how many groups will be found.
There are many reasons for supervised pattern recognition, mostly aimed at classification.
Multivariate statisticians have developed a large number of discriminant functions, many
of direct interest to chemists. Supervised techniques require a training set of known
groupings to be available in advance, and try to answer a precise question as to the class of
an unknown sample. It is, of course, always first necessary to establish whether chemical
measurements are actually good enough to fit into the predetermined groups. However,
spectroscopic or chromatographic methods for diagnosis are often much cheaper than
expensive medical tests, and provide a valuable first diagnosis. In many cases chemical
pattern recognition can be performed as a form of screening, with doubtful samples being
subjected to more sophisticated tests.
3.3 Principal Component Analysis (PCA)
PCA is probably the most widespread multivariate statistical technique used in
chemometrics, and because of the importance of multivariate measurements in chemistry,
it is regarded by many as the technique that most significantly changed the chemist’s view
of data analysis. Natural scientists of all disciplines, from biologists, geologists and
chemists have caught on to these approaches over the past few decades. Within the
chemical community the first major applications of PCA were reported in the 1970s, and
form the foundation of many modern chemometric methods.173
The aims of PCA are to determine underlying information from multivariate raw data.
There are two principal needs in chemistry.174 The first is to interpret the principal
components (PCs) often in a quantitative manner. The number of significant PCs. The
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second are the characteristics of each PC, usually the scores relating to the objects or
samples and the loadings relating to the variables or measurements.
Principal component analysis (PCA) is a method for the visualization of complex data by
dimension reduction. The high number of variables in multivariate data leads to three main
problems: (1) graphical representation of the data is not possible for more than three
variables; (2) high correlation between the variables makes it impossible to apply many
statistical methods; and (3) many variables contain only very few information. PCA is able
to avoid all of these problems by transforming the original variables into a smaller set of
latent variables which are uncorrelated. Data transformed in such a way can then be used
by other methods. The latent variables with the highest concentration of information form
lower dimensional data which can be visualized graphically as seen in Figure 3.1.174 Noise
is separated from important information. PCA deconstructs the data and reduces the
dimensionality by finding the vector in multivariate space which captures the maximum
variance and redrawing the space with that component as the new x-axis. Then, the next
dimension is found with the second highest variance captured, this vector being orthogonal,
at 90° to, and independent from the first vector. Principal components are ordered by
decreasing eigenvalues, which reflect this reduction in captured variance.175 PCA has been
applied to the bacterial classification problem in the past by many investigators.60,89,145
Since PCA is described in lower dimensions and visualized in 2 dimensions (usually by
the first 2 eigenvalues), hierarchical cluster analysis (HCA) can be more robust in
classification than PCA by including more dimensions in the multivariate space.176 A
distance tree can be constructed in Euclidean space or with Mahalanobis distance. In this
manner, more of the variance can be used to describe the classes.
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3.4 Partial Least Squares Discriminant Analysis (PLSDA)
Multivariate classification methods are chemometric techniques aimed at finding
mathematical models able to recognize the membership of each sample to its appropriate
class, on the basis of a set of measurements. Once a classification model has been
calibrated, the membership of unknown samples to one of the defined classes can be
predicted. Therefore, classification techniques (also known as supervised pattern
recognition) handle qualitative responses, that is, they define mathematical relationships
between a set of descriptive variables (e.g. chemical measurements) and a qualitative
variable, i.e. the membership to a defined category.
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Figure 3.1 Example of a scores plot of components 2 vs 1 of a series of bacterial strains.
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However, when a priori knowledge is available for the dataset, such as known classes, then
a more robust approach is to use partial least squares for discriminatory analysis (PLSDA).177 An often used data analysis tool for classification in the metabolomics area,178,179
chemical analytical technology as LCMS, GCMS and NMR.180,181 PLSDA is a linear
classification method that combines the properties of partial least squares regression with
the discrimination power of a classification technique. PLS-DA is based on the PLS
regression algorithm(PLS1 when dealing with one dependent Y variable and PLS2 in the
presence of several dependent Y variables), which searches for latent variables with a
maximum covariance with the Y-variables.175,182 The main advantage of PLS-DA is that
the relevant sources of data variability are modelled by the so-called Latent Variables
(LVs), which are linear combinations of the original variables, and, consequently, it allows
graphical visualization and understanding of the different data patterns and relations by LV
scores and loadings. Loadings are the coefficients of variables in the linear combinations
which determine the LVs and therefore they can be interpreted as the influence of each
variable on each LV, while scores represent the coordinates of samples in the LV projection
hyperspace.
Cross validation is often used for validation of a classification model due to the low number
of samples available as separation into training, validation and test set is often not possible,
cross validation makes better use of the data. However, cross validation only gives a
reliable error rate when the complete modelling procedure is cross validated. The object
that is predicted should in no way be used in the development of the model.183-185 For a
proper cross validation, the total data should be divided into a training set, a validation
(sometimes called optimization) set and a test set. Using the validation and training set a
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model is developed and optimized. The test set is only used to test the models performance.
By repeating the procedure in a way that each sample appears once and only once in the
test set, the prediction error is representative for new samples. For a complete independent
test set, it should also not be used in data pre-treatment and pre-processing, scaling etc.182
Each time, the model is calibrated on the remaining training samples and then used to
predict samples of the cross validation group. Samples are usually divided in cross
validation groups on the basis of two procedures: venetian blinds or contiguous blocks.
When dealing with classification, the choice of the suitable type of cross validation groups
basically depends on how classes are distributed among samples. In this manner, a model’s
usefulness can be assessed by comparing root mean squared cross validated errors
(RMSECV) to other models.186
When cross validating models, another relevant issue is the choice of a reasonable number
of cross validation groups. Another one of the common practices is to perform the leaveone-out (LOO) validation, which corresponds to the selection of a number of cross
validation groups equal to the number of samples, that is, just one sample at a time is
included in the validation set.187 However, LOO usually overestimates the predictive
power of a model and thus cannot return a reliable number of latent variables.
Consequently, good estimates provided by LOO appear to be necessary but not a sufficient
condition to have a high predictive power. When the dataset comprises a few samples, a
higher number of groups could be preferred in order to get most of the samples in the
training set and a few samples selected in each validation group; thus, a small perturbation
is produced on the model.
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3.5 Support Vector Machines (SVM)
An alternative chemometric approach is the use of support vector machine algorithms.
These are supervised learning models with associated learning algorithms that analyze data
and recognize patterns, used for classification and regression analysis.188,189 Given a set of
training examples, each marked as belonging to one of two categories, an SVM training
algorithm builds a model that assigns new examples into one category or the other, making
it a non-probabilistic binary linear classifier. An SVM model is a representation of the
examples as points in space, mapped so that the examples of the separate categories are
divided by a clear gap that is as wide as possible. New examples are then mapped into that
same space and predicted to belong to a category based on which side of the gap they fall
on. In addition to performing linear classification, SVMs can efficiently perform a nonlinear classification using what is called the kernel trick,190 implicitly mapping their inputs
into high-dimensional feature spaces. As compared to other machine learning approaches,
SVM has several advantages. Firstly, for data classification it obtains unique global
solution rather than local. Secondly, it maximizes the generalization capability by
minimizing the training error of data samples.191
A support vector machine constructs a hyperplane or set of hyperplanes in a high- or
infinite-dimensional space, which can be used for classification, regression, or other
tasks.192 Intuitively, a good separation is achieved by the hyperplane that has the largest
distance to the nearest training data point of any class (so-called functional margin), since
in general the larger the margin the lower the generalization error of the classifier as shown
in Figure 3.2.

52

Whereas the original problem may be stated in a finite dimensional space, it often happens
that the sets to discriminate are not linearly separable in that space. For this reason, it was
proposed that the original finite-dimensional space be mapped into a much higherdimensional space, presumably making the separation easier in that space. To keep the
computational load reasonable, the mappings used by SVM schemes are designed to ensure
that dot products may be computed easily in terms of the variables in the original space, by
defining them in terms of a kernel function k(x,y) selected to suit the problem.191 The
hyperplanes in the higher-dimensional space are defined as the set of points whose dot
product with a vector in that space is constant. The vectors defining the hyperplanes can
be chosen to be linear combinations with parameters αi of images of feature vectors that
occur in the data base. With this choice of a hyperplane, the points x in the feature space
that are mapped into the hyperplane are defined by the relation:
∑ 𝛼𝑖 𝑘(𝑥𝑖 𝑥) = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡
𝑖

Note that if k(x,y) becomes small as y grows further away from x, each term in the sum
measures the degree of closeness of the test point x to the corresponding data base point xi.
In this way, the sum of kernels above can be used to measure the relative nearness of each
test point to the data points originating in one or the other of the sets to be discriminated.
Note the fact that the set of points x mapped into any hyperplane can be quite convoluted
as a result, allowing much more complex discrimination between sets which are not convex
at all in the original space.
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Figure 3.2 Maximum-margin hyperplane and margins for an SVM trained with samples
from two classes. Samples on the margin are called the support vectors.
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Similar to the PLSDA models, training sets are used to calibrate the SVM-DA
classification models. Validation sets are usually used in the final steps to evaluate the true
predictive ability of the calibrated model. A requisite of the validation set is that it should
sufficiently represent the entire dataset in order to provide reliable estimates of the true
model predictive ability. In most cases, this is accomplished by rationally-guided
algorithms able to select those samples that are most representative of all the regions of the
dataspace.

3.6 Calibration and Validation
For any spectroscopy technique, such as Raman, SERS and NIR spectroscopy, multivariate
calibration (MVC) is defined as “A process for creating a model ‘f’ that relates sample
properties ‘y’ to the intensities or absorbance ‘X’ at more than one wavelength or frequency
of a set of known reference samples”.

193

The development of the regression models

comprises of the following three stages: (i) the calibration model is built and validated
using a training set (X0, y0) and a validation set (X1, y1); the result is an error of validation
having an associated standard error of validation (SEV), that is used to configure the model,
(ii) both (X0, y0) and (X1, y1) are used to compute the standard error of calibration (SEC)
of the model, and (iii) an independent test set (Xp, yp) is used to evaluate the model’s
performance with an indicator criterion, namely the error of prediction, where the standard
error of prediction (SEP) is utilized.
Generally, the first and second steps are merged together using the cross-validation
technique (e.g., leave-one-out (LOO) method, contiguous blocks, randomization, venetian
blinds or the bootstrap), so the standard error of calibration (SEC) and the standard error
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of validation (SEV) are computed simultaneously. In this case, Spectra X and the related
sample properties “y” are split into calibration and prediction subsets separately. The
calibration data usually comprised of between 50 and 75% of the total data set and include
the smallest and largest “y”, with the remaining data partitioned randomly into the
calibration and prediction sets. The efficiency of a model approximation for a set of
calibration and prediction samples can be reported as standard error of calibration (SEC),
the root mean square error of cross-validation (RMSECV), the correlation coefficient (r)
and standard error of prediction (SEP). These coefficients
are computed as follows:

To evaluate the error of each calibration model, root mean square error of cross-validation
(RMSECV) method is used.
3.7 Statistical procedures to measure spectral variability
3.7.1 Spectral Variability
Aiming to assess within- and among-species spectral variability, the metric D,194 should be
calculated as follows:
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𝟏/𝟐

𝝀𝒃
𝟏
𝑫=[
∫ [𝑺 (𝝀) − 𝑺𝟐 (𝝀)]𝟐 𝒅𝝀]
𝝀𝒃 − 𝝀𝒂 𝝀𝒂 𝟏

where D corresponds to the root mean square difference between a pair of spectra (S1 and
S2), averaged over the spectral interval (λa to λb). The Raman wavenumber interval used to
calculate this metric for our experiments was 1800 to 400cm-1 as will be showed in a later
chapter.
3.7.2 Tukey’s Range Test
Tukey’s range test is a single-step multiple comparison procedure and statistical test. It is
used in conjunction with an ANOVA to find means that are significantly different from
each other. For spectroscopy purposes, One-way ANOVA is used to verify the statistical
difference between species means in each waveband. The ANOVA tested the following
hypothesis:
𝐻0 = 𝜇1 = 𝜇2 = ⋯ = 𝜇𝑛
𝐻1 = 𝑁𝑜𝑡 𝑎𝑙𝑙 𝜇𝑛 𝑎𝑟𝑒 𝑒𝑞𝑢𝑎𝑙
where μn represents the mean reflectance of the n’th species (n = 1, 2,…, 7) and i denotes
the waveband. Rejection of the null hypothesis (H0) indicated the wavebands, at a 99% (pvalue <0.01) confidence level, in which the species differ statistically. H0 rejection was
followed by pairwise multiple comparisons with the post-hoc Tukey HSD test. The total
number of pair combinations is calculated as n(n – 1)∕ 2, where n is the number of species.
By counting the number of pairs that is statistically significantly different on each
waveband, it is possible to identify the spectral regions where the species most differ.194
Applying Tukey’s test compares all possible pairs of means, and is based on a studentized
range distribution (q) (this distribution is similar to the distribution of t from the t-test). The
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Tukey HSD tests should not be confused with the Tukey Mean Difference tests (also
known as the Bland-Altman Test).
Tukey's test compares the means of every treatment to the means of every other treatment;
that is, it applies simultaneously to the set of all pairwise comparisons
𝜇𝑖 − 𝜇𝑗
and identifies any difference between two means that is greater than the expected standard
error. The confidence coefficient for the set, when all sample sizes are equal, is exactly 1
− α. For unequal sample sizes, the confidence coefficient is greater than 1 − α. In other
words, the Tukey method is conservative when there are unequal sample sizes. This method
assumes; (1) the observations being tested are independent; and (2) there is equal withingroup variance across the groups associated with each mean in the test (homogeneity of
variance).
3.7.3. Feature Selection
Variable and feature selection have become the focus of much research in areas of
application for which datasets with tens or hundreds of thousands of variables are available.
These areas include text processing of internet documents, gene expression array analysis,
and combinatorial chemistry. The complexity of the spectra obtained from a biological
sample makes extracting relevant information and interpreting the data challenging. The
most primitive data analysis procedures used for Raman studies such as peak-by-peak
analysis and peak deconvolution do not allow for extensive data extraction and are a major
limitation, often involving tedious, error-prone manual analysis procedures. Such methods
do not allow for complete data extraction, often only using a very limited subset of data.195
Data mining and machine learning techniques are able to circumvent these pitfalls by
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optimizing data extraction, exposing obscured correlations and reducing classification
error. Computational experiments indicate that supervised classification algorithms such
as Support Vector Machines (SVM) and Linear Discriminant Analysis (LDA) are able to
separate the high dimensional spectral data with high accuracy.196 197,198 These algorithms
can be used in combination with dimensionality reduction or feature selection techniques
in order to identify the critical regions and bands of the spectrum that allow for
discrimination and classification of cell types, cellular processes and cell response to
various stimuli based variations in biochemical composition.
In machine learning and statistics, feature selection, is the process of selecting a subset of
relevant features for use in model construction. The central assumption when using a
feature selection technique is that the data contains many redundant or irrelevant features.
Redundant features are those which provide no more information than the currently
selected features, and irrelevant features provide no useful information in any context.
Feature selection techniques are a subset of the more general field of feature extraction.
Feature extraction creates new features from functions of the original features, whereas
feature selection returns a subset of the features. Viewed from a multivariate calibration
perspective, feature or variable selection attempts to identify and remove the variables that
penalize the performance of a model, since they are useless, noisy and redundant or
correlated by chance.
A fundamental problem of machine learning is to approximate the functional relationship
f( ) between an input X= {x1, x2, …,xm} and an output Y, based on a memory of data points,
{Xi,Yi}, i = 1, ..., N, usually the Xi’s are vectors of reals and the Yi’s are real numbers.
Sometimes the output Y is not determined by the complete set of the input features
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{x1,x2,…,xM}, instead, it is decided only by a subset of them {x(1),x(2),…,x(m)} , where m<M
. With sufficient data and time, it is fine to use all the input features, including those
irrelevant features, to approximate the underlying function between the input and the
output. But in practice, there are two problems which may be evoked by the irrelevant
features involved in the learning process.199 The irrelevant input features will induce
greater computational cost. Apparently, with more features, the computational cost for
predictions will increase polynomially; especially when there are a large number of such
predictions, the computational cost will increase immensely. The irrelevant input features
may lead to overfitting.
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CHAPTER 4
Goals of this dissertation
4.1 Spectroscopic Analyses of Lipid Profiles of Mycobacteria
The bacterium Mycobacterium tuberculosis(TB), the primary causative agent of
tuberculosis, infects one-third of the world’s population1. Mycobacterial lipids are known
to facilitate persistence during infection within the host. The biosynthesis of mycolic acids
has been investigated for a number of reasons, but primarily because of the presumption
that enzymes involved in the synthesis of these lipids are attractive targets for the
development of novel therapeutic agents.17-19 This work will examine lipophilic extract
containing mycolic acids isolated from tuberculosis (MTB) and non-Tuberculosis (NTM)
mycobacterial strains using chromatography, Mass spectrometry (MS), nuclear magnetic
resonance(NMR), and Raman spectroscopy.92 1H-NMR shows the presence of cis and trans
cyclopropane rings within the different mycolic acid types. SERS studies with our OAD
fabricated Ag nanorods arrays are going to be used to differentiate the saponified mycolic
acid profiles in the bacterial envelope of tuberculous and non-tuberculous species.
Multivariate statistical methods such HCA, PCA and PLS-DA analyses of the SERS
spectra of the mycolic acid profiles should enable rapid differentiation from each species
with high accuracy. These methods could be used as a safe, rapid and accurate method for
mycobacterial species and strain discrimination, these results will be shown in chapter 5.
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4.2 Layer-by-Layer Encapsulation of Mycoplasma pneumoniae for Enhanced Raman
Detection
M. pneumoniae is the leading cause of pneumonia in older children and adults. The main
cytotoxic effect of M. pneumoniae is local disruption of tissue and cell structure along the
respiratory tract epithelium due to its close proximity to host cells. The organism is not
known to produce any exotoxins, but formation of hydrogen peroxide is a key virulence
factor in M. pneumoniae infections. Diagnosis of acute infections remains difficult;
therefore, early recognition of outbreaks has been problematic. Basic diagnostic strategy
in clinical practice includes serology and standard polymerase chain reaction (PCR). New
diagnostic techniques (PCR-related methods) may enable more rapid diagnosis. PCR can
exhibit high sensitivity and positive detection, but is prone to false negatives from reaction
inhibitors. Here we will develop a new detection platform with high sensitivity, specificity
and expediency to detect mycoplasma. As proof method studies we report the layer-bylayer (LBL) coating of M. pneumoniae cells with polyelectrolytes poly(allylamine
hydrochloride) (PAH) and poly(styrene sulfonate)(PSS) as our first study37 discussed in
chapter 6. Followed by a separate study where we coated mycoplasma cells with
poly(diallyldimethylammonium chloride)(PDADMAC) and PSS shown in chapter 7. In
both studies silver nanoparticles were deposited after the consecutive placement of the
polyelectrolytes on the surface of the mycoplasma cells. The SERS spectra paired with
chemometric methods with the platform described should be able to detect and differentiate
M. pneumoniae strains. The technique shows great promise in its potential to improve
diagnosis of M. pneumoniae infections, through the detection of real clinical specimens at
high sensitivity.
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Based on the last remark this led us to the last project, in which we employed both LBL
techniques shown in chapter 6 and chapter 7 on human commensal clinical strains. Our
LBL SERS analyses of our first studies with mycoplasma cells yielded around 85-100%
specificity and sensitivity due to when we tried PLSDA on limited sample size(e.g. 4
mycoplasma strains and a control) . We anticipated the same results when a series of 13
human commensal strains and type I M129 strain SERS spectra were analyzed for
sensitivity using our chemometric techniques that have been employed in analyzes for
years. For this project we dug a bit further with our chemometric analyzes. We employed
such statistical techniques aiming to assess the spectral variability of the different
mycoplasma species. We were interested in identifying regions of the Raman spectrum in
which the species most differ from each other. For this purpose, we first conducted a oneway analysis of variance (ANOVA) followed by the post-hoc Tukey Honestly Significance
Difference (HSD) test across each wavenumber of the SERS spectra of each species, in
order to verify differences among species means. We extract the information obtained from
these methods and compare the PLSDA results obtained with those of obtained using the
wavenumbers of the whole SERS spectrums of the commensals strains so we finally
compare which technique gave us the optimal results.
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CHAPTER 5
Identification of Mycobacteria Based on Spectroscopic Analyses of Mycolic Acid
Profiles

Rivera-Betancourt, O.E., Karls, R., Grosse-Siestrup,B., Helms,S., Quinn,F.,Dluhy,R.A.,
2013, Analyst, 138, 6774-6785
Reprinted here with permission of The Royal Society of Chemistry
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5.1 Abstract
This report examines lipophilic extracts containing mycolic acids isolated from
tuberculosis (MTB) and non-tuberculosis (NTM) mycobacterial strains using
chromatography, mass spectrometry (MS), nuclear magnetic resonance (NMR), and
Raman spectroscopy. Gas chromatography-MS was used to identify major fatty acid
mycolate components, while proton NMR confirmed the presence of characteristic cis- and
trans-cyclopropane rings within different mycolic acid sub-types. Surface-enhanced
Raman (SERS) spectra were obtained from the mycolic acids extracted from the bacterial
cell envelopes of the MTB or NTM mycobacterial species. The Raman spectral profiles
were used to develop a classification method based on chemometrics for identification of
the mycobacterial species. Multivariate statistical analysis methods, including principal
component analysis (PCA), hierarchical cluster analysis (HCA), and partial least squares
discriminant analysis (PLS-DA) of the SERS spectra enabled differentiation of NTM
mycobacteria from one another with 100% accuracy. These methods are also sensitive
enough to differentiate clinically-isolated MTB strains that differed only by the presence
or absence of a single extracytoplasmic sigma factor with 83 – 100% sensitivity and 80 –
100% specificity. The current work is the first report on discrimination of mycobacteria
strains based on the SERS spectra of the constituent mycolic acids in lipophilic extracts.
These results suggest that SERS can be used as an accurate and sensitive method for species
and strain discrimination in mycobacteria.
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5.2 Introduction
Mycobacterium tuberculosis (MTB), the bacterial agent responsible for tuberculosis (TB),
claimed approximately 1.4 million lives in 2012.25 The problem is exacerbated by the
development of multiple-drug resistant strains of M. tuberculosis. The unique cell wall of
M. tuberculosis contributes to the malignancy of this pathogen. The mycobacterial cell wall
contains three covalently-linked layers outside the cytoplasmic membrane: a:
peptidoglycan matrix, an arabinogalactan matrix, and an outer membrane consisting of
long lipids, such as mycolic acids.200
Routine identification and diagnosis of MTB relies on a combination of methods, including
such insensitive methods as sputum smear microscopy and time-consuming culturing of
the MTB bacilli.201 Molecular-based methods of TB diagnosis, including tests based on
amplification of MTB DNA, have been reported.202 However, these tests have been
criticized, and face obstacles of logistics, sensitivity, and cost.203

To date, high

performance liquid chromatography (HPLC) of extracted mycolic acids remains a standard
method for identification of MTB species.204
Mycolic acids are long-chain -alkyl-branched, -hydroxylated fatty acids present in
mycobacteria and related micro-organisms. While components of the inner leaflet of the
outer membrane are covalently-bonded to the arabinogalactan polymer, outer leaflet
components such as mycolates are extractable with organic solvents.205
Chemical side groups on the main meromycolic chains on the mycolic acids differentiate
the mycolate subclasses. The R-mycolic acid type, which is present in all mycobacteria, is
composed of C70-C76 fatty acids and contains two sites of saturation (either cis
cyclopropane rings or one or both of cis and trans double bonds), and no additional
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oxygenated groups.206 Subtle variations in the mycolic acid structure have profound effects
on the physiology and virulence of the different mycobacterial species.
While HPLC has proven to be a valuable method of NTM and MTB identification, it suffers
from the need for fluorescent labeling of the extracted mycolic acids for UV detection and
lengthy chromatographic run times. Raman spectroscopy is a potentially fast and sensitive
test for the detection of lipids unique to M. tuberculosis. The high molecular specificity
provided by the Raman spectrum provides a means to identify molecular fingerprints
unique to the pathogen.

We have previously shown that surface enhanced Raman

spectroscopy (SERS) enables rapid differentiation and classification of both viral and
bacterial pathogenic species and strains.207
In this work we employed silver nanorod (AgNR)-based SERS208 to detect the chemical
signatures found in the mycolic acids extracted from the cell envelopes of tuberculous
(MTB) and non-tuberculosis (NTB) mycobacterial species. GC-MS and NMR confirmed
the identity of the mycolic acid species isolated from the different mycobacterial species.
Multivariate statistical analysis methods, including principal component analysis (PCA),
hierarchical cluster analysis (HCA), and partial least squares discriminant analysis (PLSDA) were employed to identify and classify the MTB and NTB profiles based on the SERS
spectra of their lipophilic extracts. In addition, we showed the SERS/PLS-DA methods
are sensitive enough to differentiate MTB strains based on the presence or absence of a
single gene encoding the extracytoplasmic function sigma factor (sigC).
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5.3 Materials and Methods
Bacterial strains and growth conditions
The cultures examined in this study included the following non-tuberculosis mycobacteria:
1) Mycobacterium smegmatis strain mc2155, 2) Mycobacterium bovis BCG, and 3)
Mycobacterium avium subspecies avium serovar #8. The tuberculous strains used here
included two separate types of M. tuberculosis strains. The first three MTB strains were
derived from a lab-passaged clinical strain and include: 1) H37Rv, 2) RvΔsigC, H37Rv
with an internal in-frame EcoNI-XhoI deletion within sigC(17), and 3) RvΔCcomp,
RvΔsigC complemented with sigC encoded on chromosome-integrating plasmid pMV306.
An additional three MTB strains were derived from a clinical isolate, and include 1)
Erdman, 2) EΔsigC, Erdman with an internal in-frame EcoNI-XhoI deletion within sigC
(Grosse-Siestrup, unpublished), and 3) EΔCcomp, Erdman complemented with sigC
encoded on plasmid pMV306.
Each Mycobacterium species was cultured on Lowenstein-Jensen medium at 37C and 5%
CO2 to obtain equivalent-sized biomass colonies. For fast-growing species, M. avium was
cultured for 1 day, and M. smegmatis cultures were incubated for 3-4 days. For slowgrowing species M. bovis BCG was incubated for 14 days, while the M. tuberculosis
H37Rv and Erdman strains both were incubated for 28-30 days. In each case, a loopful of
cells (approximately 0.1 g) was scraped from the culture plate for lipid analysis.
Isolation of the lipophilic extracts from mycobacteria
Lipids were extracted using established procedures.209 Briefly, 2.0 ml of a 20% methanolic
KOH solution was added to a new test tube. The bacteria were added to the tube and mixed
vigorously for at least 20 sec. The tubes were placed in a water bath at 80°C for 30 minutes.
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Afterwards the tubes were autoclaved for 30 minutes at 121°C and then cooled to room
temperature. Next, 2.0 ml of chloroform was added to the tubes followed by the addition
of a solution of 50% HCl. The tubes were centrifuged for 5 minutes at 320g for proper
phase separation. The organic phase containing the mycolic acids was transferred to a new
test tube.
Preparation of the mycolic acids methyl esters (MAME) for GC-MS analysis
The chloroform phase from the lipid extracts was removed by evaporation with the aid of
a heating block at 80°C. After cooling to room temperature, mild methanolysis was
performed as previously described.210 Briefly, the sample in a screw-capped glass test tube
was dissolved in 0.2 ml of toluene. To the solution, 1.5 ml of methanol and 0.3 ml of an
8.0% HCl solution were added. The sample was mixed by vortexing and incubated at 45°C
overnight (14 h or longer) for mild methanolysis/methylation. After cooling to room
temperature, 1.0 ml of hexane and 1.0 ml of water were added for extraction of the MAME.
After mixing by vortexing, the hexane layer was recovered and analyzed by GC-MS.
No commercial synthetic standards are available for mycolic acids. However, a
heterogeneous preparation of mycolic acid methyl esters were obtained from BEI
Resources, NIAID, NIH (Manassas, VA). These MAME’s were purified from the mycolylarabinogalactan peptidoglycan (mAGP) complex of M. tuberculosis and consist of three
fractions representing the -, methoxy-, and keto-mycolic acid methyl esters. This sample
was used in the GC-MS experiments to verify retention times and m/z peak values for the
mycolic acids contained in the lipophilic extracts isolated from the MTB and NTM
samples.
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GC-MS parameters
Analyses were performed in the splitless mode by injecting 1 µL of the hexane extract into
a Hewlett-Packard (Agilent Technologies, Santa Clara, CA) 5890 gas chromatograph
equipped with an EZ5 Econocap capillary column (30 m  0.25 mm id, 0.25 µm film
thickness, Altech, Deerfield, IL).

The conditions were similar to those previously

described,211 with a slight modification. The injector temperature was held constant at
250°C for the entire run time. The initial GC oven temperature was held at 50°C for 1 min
after injection, followed by an increase of 10°C min-1 to 240°C. The oven temperature was
then increased at a rate of 20°C min-1 to a final temperature of 290°C and maintained for 7
min. Helium was used as carrier gas and the pressure programmed such that the helium
flow was kept constant at 1.2 ml min-1. Detection was via an HP 5971A mass spectrometer
equipped with an electron ionization source and a quadrupole mass selector. Detection was
achieved by using MS detection in full scan mode (m/z 50-500). For library matching, the
acquired GC-MS spectra were searched against the 2008 Wiley/NIST EI GC-MS database.
Structural analysis using 1H-NMR spectroscopy
1

H-NMR spectra of the underivatized mycolic acids were acquired on a Varian (Agilent

Technologies, Santa Clara, CA) Unity Inova 500 MHz NMR spectrometer in CDCl 3.
Chemical shifts were referenced to the chloroform peak.
Fabrication of SERS-active substrates
Aligned Ag nanorods used as SERS-active substrates were prepared by an oblique-angle
vapor deposition (OAD) technique. Ag nanorod substrates were fabricated using a customdesigned electron-beam/sputtering evaporation system; Ag deposition and substrate
preparation steps were identical to those used in previously published procedures.208,212,213
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SERS measurements of mycobacterial lipids
SERS spectra were acquired using a Renishaw (Hoffman Estates, IL) inVia confocal
Raman microscope system using a 785 nm near-IR diode laser as the excitation source.
Radiation from the diode laser was attenuated to ~15 mW using a series of neutral density
filters and focused onto the sample using a 20 microscope objective. Spectra were
collected between 3200 – 500 cm-1 and integrated for 10 s per scan with 3 scans per
spectrum. The SERS spectrum of each mycolic acid were collected applying a 1 µl sample
droplet to an OAD fabricated substrate and allowed to dry prior to the acquisition of the
spectra. A minimum of twelve spectra was collected for each bacterial strain from different
locations on each individual substrate as well as on different substrates.
Classification using chemometric analysis
Raman spectra were imported into GRAMS AI (Version 8.0 Thermo Electron Corp,
Waltham, MA) for spectral averaging and baseline correction. Chemometric analysis was
carried out with MATLAB version 7.2 (The Mathworks, Inc., Natick, MA), using the PLS
Toolbox version 4.1 (Eigenvector Research Inc., Wenatchee, WA). SERS spectra in the
range 1700 – 600 cm-1 were used for classification. Prior to analysis, first derivatives of
the SERS spectra were calculated using the Savitzky-Golay method with a 2nd order
polynomial and a fifteen-point window. Each data set was then vector normalized and
mean centered. Multivariate statistical analysis of the extracted mycobacterial lipids was
performed using principal components analysis (PCA), hierarchical cluster analysis
(HCA), and partial least squares discriminant analysis (PLS-DA) using the PLS Toolbox
software. The calculated principal components were used as inputs to the HCA algorithm,
which used the k-nearest neighbor (KNN) algorithm to evaluate inter-cluster distances.
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5.4 Results and Discussion
GC-MS Analysis of the mycolic acid methyl esters
A total of nine Mycobacterium strains belonging to four species were analyzed. Three of
the Mycobacterium strains were non-tuberculous mycobacteria species, i.e. M. smegmatis,
M. bovis BCG, and M. avium subspecies avium. Three of the M. tuberculosis strains were
related to the lab-passaged clinical strain H37Rv, and included i) the H37Rv strain, ii)
RvΔsigC – the H37Rv strain with an in-frame deletion within the sigC transcription factor,
and iii) RvΔCcomp – the H37Rv deletion mutant strain complemented with sigC. The final
three M. tuberculosis strains were related to the clinical Erdman strain, and included i) the
Erdman strain, ii) EΔsigC – the Erdman strain with an in-frame deletion within the sigC
transcription factor, and iii) EΔCcomp – the Erdman deletion mutant strain complemented
with sigC. Lipids were extracted from each culture and mycolic acid methyl esters
(MAME) prepared as described in the Methods section.
Each sample was subjected to GC-MS analysis. Fatty acid cleavage products from the
mycolic acids are formed in the injection port of the gas chromatograph at temperatures
higher than 235°C,210,214resulting in clear differences in the chromatograms. The mass
spectra generated were identified using spectral library matching based on GC retention
times, MS m/z values, and area percentage. If the overall match quality was above 90%,
the mass spectra were identified as a fatty acid methyl ester. Representative GC-MS total
ion chromatograms of the mycolic acids extracted from the four mycobacteria under study
here are presented in figure A1.1 on Appendix 1.
Table 5.1 presents a list of the retention times of the most abundant compounds detected
in the GC-MS total ion chromatograms of the lipids extracted from the mycobacterial
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species. Similar to previous reports,208,210,214,215 we observed that the most abundant fatty
acids detected in the mycolic acids methyl esters of all mycobacterial species were
hexadecanoic acid (C16:0) and oleic acid (C18:1). Another fatty acid that was also detected
in all species was octadecanoic acid (C18:0), although this was lower in abundance than
hexadecanoic or oleic acid. Other short chain fatty acids, such as tetradecanoic acid
(C14:0), pentadecanoic acid (C15:0), heptadecanoic acid (C17:0) and nonadecanoic acid,
were detected, although these were not present in every species. Long-chain fatty acid such
as eicosanoic acid (C20:0), eicosatetranoic acid (C20:4), tetracosanoic acid (C24:0) and
hexacosanoic acid (C26:0). Like the shorter chain fatty acids, the long chain fatty acids
were detected in some but not all of the species.
1

H-NMR analysis

Mycolic acids derived from mycobacteria are characterized by high molecular mass 2-alkyl
branched, 3-hydroxy fatty acids. A figure containing the common mycolic acid structures
found in mycobacteria is included in Appendix 1 (figure A1.2). In the genus
Mycobacterium, mycolic acids can be separated into two classes: 1) those containing
oxygenated functional groups in the so called ‘mero’ chain, i.e. methoxy-, keto-, epoxy-,
or carboxy-mycolates, and 2) those that do not, the - and ’-mycolates.216 Mycobacteria
generally contain complex mixtures of -mycolates, with two cis di-substituted
cyclopropane rings, and oxygenated mycolic acids, with one di-substituted cyclopropane
ring. Evidence suggests that both cis di-substituted cyclopropane -mycolates and trans
di-substituted oxygenated mycolic acids are implicated in some aspects of the tuberculosis
pathogenesis.217
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Table 5.1.

Retention times of various lipid components found in the GC-MS
chromatograms of the nine mycobacterial species/strains used in these
studies.

M. smeg BCG M.
Species

M. tuberculosis H37Rv

M. tuberculosis Erdman

avium
Wild
type

Strains

RvΔsigC

RvΔCcomp

Wild
type

EΔsigC

EΔCcomp

Compound

m/z

Retention Times (min)

C14:0

220

C15:0

232

C16:0

270

C16:1

237

C17:0

284

23.66

C18:0

298

24.62

24.62

24.63

24.75

24.77

24.77

24.67

24.70

24.75

C18:1

296

24.46

24.50

24.45

24.54

24.55

24.55

24.47

24.50

24.55

C18:2

298

C19:0

312

25.00

25.03

C20:0

326

C20:4

318

C24:0

382

C26:0

410

20.44
20.53
22.65

22.64

22.67

22.45

22.44

22.8

22.82

22.82

22.70

22.75

22.49

23.11

23.75

24.38
25.04

22.80

25.09

26.20
25.74
28.79

28.88
30.70
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Figure 5.1

1

H-NMR spectra of the NTM species. (a) M. avium ; (b) M. smegmatis ; (c)

M. bovis BCG. Symbols indicate various resonances as follows: * = trans
double bond; § = cis double bond; ¶ = cis cyclopropane ring.
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Figure 5.1 shows the 1H-NMR spectra of the NTM species, containing specific signals
indicative of mycolic acid functional groups. All three species showed characteristic
signals for either - or keto-mycolates. All spectra show signals at 3.7 and 2.45 ppm,
which correspond to a methoxyl from the carboxyl methyl ester and a methine,
respectively. Chemical shifts arising from trans double bonds located at 5.39 and 5.35 ppm
were found in the M. avium (figure. 5.1a) and M. bovis BCG (figure. 5.1c) spectra but not
in the M. smegmatis spectra. In the M. smegmatis spectrum (figure 5.1b), a single peak at
5.3 ppm suggests the presence of a cis-double bond.
Figures 5.1a and 5.1b reflect only trace resonances of cis- and trans-cyclopropyl protons
at 0.6 – 0.7 ppm from the M. avium and M. smegmatis spectra, indicating a predominance
of keto-mycolate type 3 and 4 (k3, k4) subclasses with little -mycolate structure. Figure
1c, the spectrum of BCG, shows increased signals at 0.66 ppm and -0.31 ppm, indicating
the presence of cis-cyclopropane rings, and an -mycolate type 1 (1) subclass. These
peaks, as well as the other cis-, trans-double bond peaks described above, also shows that
BCG contains a keto-mycolate type 3 (k3) structure.218
A previous study used M. tuberculosis strains to identify an extra-cytoplasmic secondary
sigma (sigC) transcription factor that coordinates expression of genes encoding functions
that facilitate bacterial adaptation to stresses encountered inside a host.215 Studies of
knockout mutations of sigC in M. tuberculosis strains suggested that some sigma factors
play significant roles in virulence, and that sigC mutants were less adept at survival inside
guinea pig hosts.
We studied the NMR spectra of mycolic acids isolated from two separate MTB wild type
strains, i.e. Erdman and H37Rv, as well as sigC knockout mutants and sigC complements
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for both. Figure 5.2 presents 1H-NMR spectra from the M. tuberculosis Erdman strain.
Similar to the spectra of the NTB strains seen in figure.5.1, these spectra possess chemical
shifts at 3.7 and 2.45 ppm, corresponding to a methoxyl and a methine. Chemical shifts of
a trans-double bond located at 5.39 and 5.35 ppm were found in the EsigC sigC deletion
mutant in figure.5.2c. The Erdman wild-type and ECcomp sigC complement spectra
(figures. 5.2a and 5.2b) show a signal at 5.3 ppm suggesting the presence of a cis-double
bond. The presence of cis-cyclopropyl (0.70 ppm and -0.31 ppm) and trans-cyclopropyl
(0.65 and 0.10 ppm) resonances in figures. 5.2a–5.2c indicate that the MTB Erdman strains
contain no -mycolate structures.219,220 The trans-cyclopropyl resonance at 0.10 ppm
appears more intense in the wild-type Erdman (figure.5.2a) and EsigC sigC (figure.5.2b)
mutant strains, while this resonance is much smaller in the ECcomp sigC complement
(figures.5.2c).
We also obtained the 1H-NMR spectra of M. tuberculosis H37Rv strains (figure.5.3). The
spectra of the H37Rv wild-type and RvCcomp sigC complement in figuress. 5.3a and
5.3b show a cis-double bond signal at 5.3 ppm, while the double resonances at 5.39 and
5.35 ppm in the spectrum of the RvsigC sigC mutant (figure. 5.3c) indicate a trans double
bond. All three spectra show peaks at 0.70 and -0.31 ppm indicative of cis-cyclopropyl
protons, while only a weak resonance at 0.6 ppm indicates only small amounts of transcyclopropyl protons (figures. 5.3a – 5.3c). The cis- and trans-cyclopropyl protons
resonances below 0.8 ppm indicate that these strains have no -mycolate structures present.
In summary, the NMR data confirmed the structure of mycolic acids extracted from NTM
and MTB strains in these sample preparations. Only trace amounts of cyclopropane groups
were found in the NTM species. The predominant mycolate classes found in both the NTM
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and MTB strains were the keto-mycolates.218 No proton resonances belonging to transepoxy or cis-epoxy mycolates were seen in either the Erdman or H37Rv strains.220 The
NMR spectra of both MTB mutant samples indicate that cis-cyclopropyl rings
predominate; peaks attributable to trans-cycloproprane protons appear only in trace
amounts.
Detailed assignments of the observed 1H-NMR chemical shifts to specific mycolate
structures are provided in Tables A.1, A.2, and A.3 in Appendix 1.
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Figure 5.2

1

H-NMR spectra of the M. tuberculosis Erdman strains. (a) Wild type; (b)

ECcomp, sigC complement; (c) EsigC, sigC mutant. Top NMR spectra
show the chemical shift region between -1 and 6 ppm; bottom NMR spectra
show the details of the region between -0.4 and 0.8 ppm. Symbols indicate
various resonances as follows: * = trans double bond; § = cis double bond;
¶ = cis cyclopropane ring; + = trans cyclopropane ring.
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Figure 5.3

1

H-NMR spectra of the M. tuberculosis H37Rv strains. (a) Wild type; (b)

RvCcomp, sigC complement; (c) RvsigC sigC mutant.

Top NMR

spectra show the chemical shift region between -1 and 6 ppm; bottom NMR
spectra show the details of the region between -0.4 and 0.8 ppm. Symbols
indicate various resonances as follows: * = trans double bond; § = cis
double bond; ¶ = cis cyclopropane ring; + = trans cyclopropane ring. Figure
3.

1

H-NMR spectra of the M. tuberculosis H37Rv strains. (a) Wild

type; (b) RvCcomp, sigC complement; (c) RvsigC sigC mutant. Top
NMR spectra show the chemical shift region between -1 and 6 ppm; bottom
NMR spectra show the details of the region between -0.4 and 0.8 ppm.
Symbols indicate various resonances as follows: * = trans double bond; §
= cis double bond; ¶ = cis cyclopropane ring; + = trans cyclopropane ring.
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SERS spectra of NTM and MTB species
We employed Ag nanorod-based surface-enhanced Raman scattering (SERS)221 to detect
the spectral differences in the profiles of mycolic acids extracted from the bacterial cell
envelopes of NTM and MTB mycobacterial strains. Figure 5.4 illustrates the SERS spectra
of the NTM species M. avium (figure. 5.4a), M. bovis BCG (figure. 5.4b), and M.
smegmatis (figure. 5.4c). Spectra were acquired after 1.0 μl aliquot of each sample was
applied to the SERS substrate, allowed to dry, and the signal integrated for 10 s with 3 coadded scans.
The spectra for these NTM species shown in figure.5.4 present common peaks at 1654,
1598, 1442, 1299, 1164, 1135 and 1001 cm-1. In all three spectra the most intense bands
were centered at 1442 and 1001 cm-1, corresponding to CH2 asymmetric bend and C-C-O
out of phase stretching vibrations of a primary alcohol.222-224 These are common functional
groups found in the meromycolate chain.205,218,225 The spectra of each individual NTM
species shows characteristic signature bands below 1000 cm-1, reflecting the different
mycolate classes in each species.
The M. tuberculosis strains used in this study were the same as those used in the NMR
studies described above, i.e., clinical isolates Erdman and H37Rv, the derivatives of each
strain defective in production of sigma factor C, and the sigC mutants complemented with
a wild-type copy of sigC to restore sigC production. The SERS spectra for the Erdman and
H37Rv family of strains are shown in figures. 5.5 and 5.6, respectively. SERS spectra of
the Erdman and H37Rv derivatives exhibited very similar features, such as the strong bands
at ~1650, 1589, 1564, 1392, 1240, 1135, 1005 and 850 cm-1. The pattern of these
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vibrational bands is similar in all SERS spectra of the wild-type and sigC complemented
derivatives of both Erdman and H37Rv strains.
Detailed assignments of the observed SERS bands to specific molecular vibrations are
provided in Tables A.4, A.5 and A.6 in the ESI. In addition, a figure has been included in
Appendix 1 of ten unprocessed SERS spectra of the MTB Erdman strain, illustrating the
reproducibility of the raw data used in this analysis (Figure A1.3).

82

Figure 5.4

SERS spectra for the non-tuberculous mycobacteria samples. (a) M. avium
; (b) M. bovis BCG ; (c) M. smegmatis. Each spectrum is an average of 10
spectra obtained for the individual NTM species. The spectra have been
baseline corrected and normalized for visualization.
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Figure 5.5

SERS spectra for the M. tuberculosis Erdman strain samples. (a) Wild
type;(b) ECcomp, sigC complement; (c) EsigC, sigC mutant. Each
spectrum is an average of 10 spectra obtained for the individual MTB
Erdman strains. The spectra have been baseline corrected and normalized
for visualization.
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Figure 5.6

SERS spectra for the M. tuberculosis H37Rv strain samples. (a) Wild type;
(b) RvCcomp, sigC complement ; (c) RvsigC, sigC mutant. Each
spectrum is an average of 10 spectra obtained for the individual H37Rv
strains. The spectra have been baseline corrected and normalized for
visualization.
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Classification of the Bacterial Species
The excellent spot-to-spot and substrate-to-substrate reproducibility of the SERS Raman
spectra offered by Ag nanorod substrates allow for multivariate analysis as a method for
classification and identification.226 The statistical basis for the application of chemometric
techniques to vibrational spectroscopy is well established.227 Spectral interpretation was
accompanied by unsupervised pattern recognition methods such as principal components
analysis (PCA) and hierarchical component analysis (HCA), as well as the supervised
method partial least squares discrimination analysis (PLS-DA), as previously
described.226,228-230
There have been previous reports in which chemometric analysis has been applied to the
normal Raman spectra of intact mycobacteria.231 However, the current work is the first
report on classification based on the SERS spectra of mycolic acid components contained
in lipophilic extracts from mycobacteria. Figures 5.4 –5.6 demonstrate that the quality and
reproducibility of the SERS spectra of mycolic acids make these suitable for subsequent
chemometric analysis.
Classification of the Non-Tuberculous Mycobacterial Species
We used PCA, HCA, and PLS-DA methods to analyze these spectra. Principal components
were calculated from the SERS spectra of the three NTM species M. smegmatis, M. avium,
and M. bovis BCG. The PC model consisted of 36 raw spectra, 12 for each NTM species,
and was calculated using the SERS spectra in the 1700 - 700 cm-1 range. PC scores for the
NTM species were also used to compute a hierarchical cluster analysis. Both the PCA and
HCA plots show distinct clusters, and that SERS is able to differentiate NTM species at
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the species level for each of the samples analyzed. The PCA and HCA plots are presented
in the ESI (figures A1.4 and A1.5).
We also used PLS-DA as an alternative chemometric method to determine statistically
significant spectral differences among the SERS spectra in a supervised fashion. Unlike
PCA and HCA, PLS-DA is a supervised method in which a reduced set of latent variables
(LVs), in combination with an a priori knowledge of class membership, determines the
best-fit mathematical relationship between a descriptor matrix, i.e., the individual sample
SERS spectra, and a class matrix of sample identities.232,233 We previously used PLS-DA
to analyze SERS spectra and showed that it is a robust statistical technique for
identification, discrimination, and classification of pathogens and biomolecules.234,235
When initial PLS-DA calibration is performed on a calibration data matrix, a threshold
value between 0 – 1, calculated using Bayes’ Theorem to minimize total error, is calculated
for each class.236 A threshold value of 0 indicates 0% possibility of finding a spectrum in a
particular class, while a value of 1 means there is 100% of finding the spectrum in that
assigned class; the optimum predictive threshold value for most classes lies between these
limiting values. The model then tests each individual spectrum to predict whether they
belonged to a specific class. Spectra that have a predicted value greater than the Bayesian
threshold are classified as belonging to a specific sample class, while those with predicted
values below the threshold are excluded from that class.237
Figure 5.7 presents the results of a PLS-DA analysis of the NTM SERS spectra. The
horizontal red line in figure.5.7 and subsequent figures represents the PLS-DA calculated
threshold value of prediction. Figure 5.7 indicates that the PLS-DA model was able to
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correctly classify each NTM spectrum in its class with 100% accuracy. A table of the
quantitative statistics calculated from the PLS-DA model of the NTM species is presented
in Appendix 1 (Table A1.7).
Classification of the Tuberculous Mycobacteria
SERS spectra of two clinical strains of M. tuberculosis (i.e. Erdman and H37Rv) were
analyzed. The six strains included the wild type, the sigC knockout mutant, and the sigC
complement for both the Erdman and H37Rv strains.
A series of PCA plots, HCA dendrograms, and PLS-DA models were calculated to
determine if SERS combined with chemometrics could be used to presumptively identify
the mycobacteria present in six strains of M. tuberculosis.
Principal components and cluster analysis were calculated for the SERS spectra of the
MTB Erdman wild type, EsigC knockout, and ECcomp complement strains. PCA scores
plots and HCA dendrograms derived from PC scores were able to classify the three M.
tuberculosis Erdman strains. These plots resulted in three clusters, albeit with two of the
clusters having significant overlap. The Erdman EsigC knockout mutant cluster was
distinct from that of the wild type and the ECcomp complement. However, the wild type
and ECcomp strains had significant overlap in both PCA and HCA. The PCA scores plots
and HCA dendrograms for the MTB Erdman strains are provided in Appendix 1 (Figures
A1.6 and A1.7).
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Figure 5.7

PLS-DA cross-validated prediction plot based on the SERS spectra of
mycolic acids extracted from the non-tuberculosis species. Horizontal red
line denotes calculated class prediction threshold level. (a) Predictions for
M. avium.

() (b) Predictions for M. bovis BCG. () (c) Predictions

for M. smegmatis. ()

Thirty six spectra, corresponding to 12 spectra in

each sample category, are represented in this plot.
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Figure 5.8 presents the results of a PLS-DA analysis of the M. tuberculosis Erdman strain
SERS spectra. Unlike the PCA and HCA methods, the PLS-DA model was able to
correctly classify not only the MTB Erdman knockout mutant from the wild-type strain,
but also the knockout from the complement with 100% accuracy. This is remarkable
classification sensitivity, as ECcomp consists of EsigC complemented with a wild-type
copy of sigC to restore sigC production. Therefore, the distinction between the wild type
and ECcomp strains likely come from other genetic information encoded on the
complementing vector such as the kanamycin resistance or the integrase gene that are not
known to impact mycolic acids. Yet a PLS-DA model based on the SERS spectra of the
mycolic acids from these strains is able to distinguish them with 100% sensitivity and
specificity. The quantitative statistics calculated from the PLS-DA model of the M.
tuberculosis Erdman strains are presented in Appendix 1 (Table A1.8).
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Figure 5.8

PLS-DA cross-validated prediction plot based on the SERS spectra of
mycolic acids extracted from the M. tuberculosis Erdman strains.
Horizontal red line denotes calculated class prediction threshold level. (a)
Predictions for the wild type strain. () (b) Predictions for the ECsigC
deletion mutant strain. () (c) Predictions for the ECcomp complement
strain. () Thirty six spectra, corresponding to 12 spectra in each sample
category, are represented in this plot.
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We further analyzed three additional M. tuberculosis strains related to the lab-passaged
clinical strain H37Rv, which included i) the H37Rv wild type strain, ii) RvΔsigC – the
H37Rv strain with an in-frame deletion within the sigC transcription factor, and iii)
RvΔCcomp – the H37Rv deletion mutant strain complemented with sigC. Principal
components and cluster analysis were calculated for the SERS spectra of the H37Rv wildtype, RvsigC knockout, and RvCcomp complement strains. Similar results were
obtained to those of the MTB Erdman strain described above, i.e., in the PCA scores plots
and HCA dendrograms the RvsigC knockout mutant cluster was distinct from the clusters
of the H37Rv wild type and the RvCcomp complement. However, the wild type and
RvCcomp clusters had significant overlap. The PCA scores plots and HCA dendrograms
for the MTB H37Rv strains are provided in Appendix 1 (figures A1.8 and A1.9).
Figure 5.9 presents the results of a PLS-DA analysis of the M. tuberculosis H37Rv strain
SERS spectra. Similar to the MTB Erdman results, the PLS-DA model was able to
quantitatively classify the wild type, knockout mutant, and the complement strains.
However, in contrast with the MTB Erdman strain (figure. 5.8), figure.5.9 shows that
there is not 100% accuracy in this classification model. This analysis model, which used
3 latent variables and a Venetian blinds cross-validation with 6 splits, resulted in the
following classification statistics: i) 100%

92

Figure 5.9

PLS-DA cross-validated prediction plot based on the SERS spectra of
mycolic acids extracted from the M. tuberculosis H37Rv strains. Horizontal
red line denotes calculated class prediction threshold level. (a) Predictions
for the wild type strain. () (b) Predictions for the RvCsigC deletion
mutant strain. () (c) Predictions for the RvCcomp complement strain.
()

Thirty six spectra, corresponding to 12 spectra in each sample

category, are represented in this plot.
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sensitivity and specificity for the H37Rv strain, ii) 100% sensitivity and 91.7% specificity
for the RvComp strain, and iii) 83.3% sensitivity and 79.2% specificity for the RvsigC
mutant strain. The quantitative statistics calculated from the PLS-DA model of the M.
tuberculosis H37Rv strains are presented in Appendix (Table A1.9).
Finally, we simultaneously analyzed all six M. tuberculosis strains (3 H37Rv and 3
Erdman) using a single PLS-DA model. These calculations used seventy-two spectra and
demonstrated the ability of a single chemometric model to discriminate among all the
closely related MTB strains used in this study. As shown in figure. 5.10, the classification
results from all six MTB strains calculated simultaneously are remarkably similar to those
calculated from the H37Rv and Erdman strains individually. In figure.5.10, each panel on
the left side corresponds to the PLS-DA predictions made for one of the H37Rv strains, i.e.
the RvsigC mutant (figure.5.10a), the RvCcomp complement (figure.5.10b), or the wild
type (figure.5.10c). It is clear from these panels that the RvsigC mutant and wild type
strains are easily distinguished.

However, discrimination of the RvCcomp is not

complete; the classification results of these spectra overlap with those of the wild type
strain. This result is interesting, since the H37Rv complement should be biochemically
identical to the wild type. These results are also consistent with the data obtained for the
three H37Rv strains alone, shown in figure.5.9.
Each panel on the right side of figure.5.10 corresponds to the PLS-DA predictions made
for one of the MTB Erdman strains, i.e. the EsigC mutant (figure.5.10d), the ECcomp
complement (figure. 5.10e), or the wild type (figure. 5.10f).

The level of class

discrimination for each Erdman strain is quite high, and while it is not 100%, it is
comparable to the results obtained for the three Erdman strains alone (figure.5.8).
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Figure 5.10

PLS-DA cross-validated prediction plots based on the SERS spectra of
mycolic acids extracted from both M. tuberculosis H37Rv and Erdman
strains. All spectra were analyzed simultaneously using the same PLS
model. Horizontal red lines in the individual graphs denote calculated
prediction threshold level for each individual class.
Left side of the plot, panels (a), (b) and (c), are predictions for the H37Rv
strains: (a) the RvΔsigC mutant () (b) the RvΔCcomp complement (),
(c) Wild Type (). Right side of the plot, panels (d), (e) and (f) are
predictions for the Erdman strains: (d) EΔsigC mutant (), (e) EΔCcomp
complement (), (f) Wild type (). Seventy-two spectra, corresponding
to 12 spectra in each sample category, are represented in this plot.
The quantitative statistics calculated from the single PLS-DA model of the
six MTB strains are presented in Table5.2. For the six-class classification
model, sensitivities are between 83 – 100% for all classes, while
specificities are between 90 – 98%. The only class with a lower calculated
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specificity is that of the H37Rv complement (58%). This lower value is
actually due to the biochemical similarity of the RvCcomp strain with
the wild type strain, such that the statistical regression algorithm had
difficulty in separating the classes.
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Table5.2

Quantitative statistics calculated from the joint PLS-DA model developed
from the SERS spectraa of the three M. tuberculosis H37Rv and three
Erdman strains

Modeled classb

a

Sensitivityc

Specificity

Class Errord

RMSECe

H37Rv Rv∆sigC

1.000

0.983

0.008

0.147

H37Rv Rv∆Ccomp

1.000

0.583

0.258

0.288

H37Rv wild type

0.917

0.950

0.067

0.203

Erdman E∆sigC

1.000

0.950

0.025

0.245

Erdman E∆Ccomp

1.000

0.900

0.050

0.241

Erdman wild type

0.833

0.967

0.100

0.241

Seventy-two total spectra used, 12 for each MTB strain. Before calculation, spectra

were pre-processed using Savitzky-Golay 1st derivatives, vector normalization, and
mean-centering.
b

Six latent variables, accounting for 85.54% of the captured variance, were used in this

model.
c

CV, cross-validation based on Venetian blinds method with 6 splits

d

Class. Error, classification error after cross-validation

e

RMSECV, root-mean square error after cross-validation
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5.5 Conclusions
Mycolic acids are the most characteristic high molecular weight bioactive lipid component
of the mycobacterial cell envelope; their structures vary greatly according to mycobacterial
species. In this study we were able to show that multivariate statistical analysis of SERS
spectra can be used to accurately differentiate several NTM and MTB strains by analyzing
mycolic acid cleavage products obtained from lipophilic extracts of bacterial cell walls.
Prior to Raman analysis, we characterized the components of the lipophilic extracts using
chromatography and NMR spectroscopy. First, we determined the identity of the mycolic
acid fatty acid methyl esters extracted from the mycobacterial strains using GC-MS
(Table5.1). The results were found to be identical with previous studies, confirming the
presence of the expected lipids in our samples. 1H-NMR spectra were then used to identify
the structure of the mycolic acids in the samples, with special attention given to the types
of cyclopropane rings present. Only trace amounts of cyclopropane groups were found in
the NTM species (figure.5.1). However, the MTB Erdman and H37Rv strains show that
1

H resonances attributable to cis-cyclopropyl groups predominate (figures.5.2 and 5.3).

This evidence further supports previous studies that specific cyclopropane structures
generate a homologous family of mycolic acid subclasses indicative of M. tuberculosis
pathogenesis.
SERS spectra of the NTM (figure.5.4) and MTB (figures.5.5 and 5.6) species showed
vibrational bands characteristic of the mycolic acid lipid species. These Raman spectra
were used to develop a classification method based on chemometrics for quick
identification of the mycobacterial species. PCA, HCA, and PLS-DA (figure.5.7) plots of
the SERS spectra enabled differentiation of NTM mycobacteria from one another with
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100% accuracy. These same methods were applied to clinically isolated M. tuberculosis
strains Erdman and H37Rv, the derivatives of each strain defective in production of sigma
factor C, and the sigC mutants complemented with a wild-type copy of sigC to restore
production. For both the Erdman and H37Rv strains, PCA and HCA fully separated the
mutant strains from the wild type, but did not fully separate the wild type and complement
strains. A PLS-DA model (figure.5.8) was able to fully classify Erdman wild type, EsigC
knockout, and ECcomp complement strains from each other with 100% sensitivity and
specificity. However, in the case of H37Rv, the PLS-DA model (figure.5.9) resulted in
91.7% specificity for the RvComp strain, and 83.3% sensitivity and 79.2% specificity for
the RvsigC mutant strain. A simultaneous analysis of all six MTB strains (figure.5.10)
using a combined PLS-DA model was able to discriminate with 83 – 100% sensitivity and
58 – 98% specificity. The low value for the specificity of the RvComp strain (58%) is
likely due to its high biochemical similarity to the parent H37Rv wild type strain from
which it was derived.
The current work is the first report on discrimination of mycobacteria strains based on the
SERS spectra of mycolic acids contained in the lipophilic extracts of mycobacteria. These
results demonstrate that SERS, in combination with multivariate statistical methods, can
be used as an accurate, quantitative, and sensitive method for species and strain
discrimination in mycobacteria.

99

Acknowledgements
The work described here was supported through a University of Georgia Franklin College
Faculty Research Seed Grant.
The following reagent was obtained through BEI Resources, NIAID, NIH: Mycobacterium
tuberculosis, Strain H37Rv, Purified Mycolic Acid Methyl Esters, NR-14854.

Appendix1 Information. 1) Representative total ion chromatograms of four of the
Mycobacterium species investigated by GC-MS (Figure A1.1). 2) Mycolic acid chemical
structures (Figure A1.2). 3) Unprocessed SERS spectra of MTB, strain Erdman (Figure
A1.3). 4) PCA scores plot corresponding to the NTM species (Figure A1.4). 5) A
hierarchical cluster analysis dendrogram derived from the PC scores of the NTM species
(Figure A1.5). 6) PCA scores plot corresponding to M. tuberculosis Erdman strains (Figure
A1.6). 7) A hierarchical cluster analysis dendrogram derived from the PC scores of the M.
tuberculosis Erdman strains (Figure A1.7). 8) PCA scores plot corresponding to M.
tuberculosis H37Rv strains (Figure A1.8). 9) A hierarchical cluster analysis dendrogram
derived from the PC scores of the M. tuberculosis H37Rv strains (Figure A1.9). 10)
Observed NMR chemical shift resonances appearing in the 1H-NMR spectra of the nontuberculous mycobacteria M. smegmatis, M. avium and M. bovis BCG (Table A1.1). 11)
Observed NMR chemical shift resonances appearing in the 1H-NMR spectra of the M.
tuberculous clinical Erdman strain (Table A1.2). 12) Observed NMR chemical shift
resonances appearing in the 1H-NMR spectra of the M. tuberculous laboratory-passaged
H37Rv strains (Table A1.3). 13) Representative Raman bands appearing in the SERS
spectra of the non-tuberculous mycobacteria M. smegmatis, M. avium and M. bovis BCG

100

(Table A1.4). 14) Representative Raman bands appearing in the SERS spectra of the M.
tuberculosis clinical Erdman strains (Table A1.5). 15) Representative Raman bands
appearing in the SERS spectra of the M. tuberculosis laboratory-passaged H37Rv strains
(Table A1.6). 16) Quantitative statistics calculated from the PLS-DA model of the three
NTM species (Table A1.7). 17) Quantitative statistics calculated from the PLS-DA model
of the three M. tuberculosis Erdman strains (Table A1.8). 18) Quantitative statistics
calculated from the PLS-DA model of the three M. tuberculosis H37Rv strains (Table
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CHAPTER 6

Layer-by-Layer Polyelectrolyte Encapsulation of Mycoplasma pneumoniae for
Enhanced Raman Detection

Rivera-Betancourt, O.E., Sheppard, E.S., Krause, D.C., Dluhy, R.A.
2014, Analyst, 139, 4287-4295.
Reprinted here with permission of the Royal Society of Chemistry
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6.1 Abstract

Mycoplasma pneumoniae is a major cause of respiratory disease in humans and accounts
for as much as 20% of all community-acquired pneumonia. Existing mycoplasma diagnosis
is primarily limited by the poor success rate at culturing the bacteria from clinical samples.
There is a critical need to develop a new platform for mycoplasma detection that has high
sensitivity, specificity, and expediency. Here we report the layer-by-layer (LBL)
encapsulation of M. pneumoniae cells with Ag nanoparticles in a matrix of the
polyelectrolytes poly(allylamine hydrochloride) (PAH) and poly(styrene sulfonate) (PSS).
We evaluated nanoparticle encapsulated mycoplasma cells as a platform for the
differentiation of M. pneumoniae strains using surface enhanced Raman scattering (SERS)
combined with multivariate statistical analysis. Three separate M. pneumoniae strains
(M129, FH and II-3) were studied. Scanning electron microscopy and fluorescence
imaging showed that the Ag nanoparticles were incorporated between the oppositely
charged polyelectrolyte layers. SERS spectra showed that LBL encapsulation provides
excellent spectral reproducibility. Multivariate statistical analysis of the Raman spectra
differentiated the three M. pneumoniae strains with 97 – 100% specificity and sensitivity,
and low (0.1 – 0.4) root mean square error. These results indicated that nanoparticle and
polyelectrolyte encapsulation of M. pneumoniae is a potentially powerful platform for
rapid and sensitive SERS-based bacterial identification.
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6.2 Introduction
Mycoplasma pneumoniae is a significant human respiratory pathogen, causing bronchitis
and atypical or “walking” pneumonia. M. pneumoniae accounts for 20% of all communityacquired pneumonia and is the leading cause of pneumonia in older children and young
adults.34

238

Serologic testing is a common method for diagnosis due to significant

challenges posed by direct culture, but suffers from severe limitations, including the need
for paired sera obtained at separate physician visits, and thus is impractical for rapid
testing.34 Detection of M. pneumoniae by polymerase chain reaction (PCR) yields high
specificity, but is prone to false-negatives.239 The inability to provide rapid and definitive
diagnosis delays initiation of appropriate treatment, prolongs morbidity, and increases the
likelihood of continued transmission, secondary infections, and long-term sequelae,
including chronic lung disease associated with COPD and asthma.239 Lack of a simple,
reliable, rapid diagnostic test is thus a critical barrier to the improved control of M.
pneumoniae.
Our laboratories have used a combination of surface-enhanced Raman scattering (SERS)based nanotechnology methods with pattern-recognition approaches to yield direct, rapid,
and sensitive detection of infectious agents.90

Nanofabrication by oblique angle vapor

deposition produces Ag nanorods arrays exhibiting extremely high electromagnetic field
enhancements.90,95,240 Paired with chemometric analysis, this platform can rapidly detect
and distinguish with great sensitivity and specificity the Raman spectra of viruses and
bacteria, including mycoplasmas.151,207,234,241
This current study reports on a new SERS platform for mycoplasma detection that is based
on modification of Ag nanoparticles (AgNP) to increase their affinity for the bacteria. The
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direct placement of Ag nanoparticles onto living cells can affect the viability of cells either
during the process of deposition of nanoparticles or shortly after. Therefore, we have
adapted the use of layer-by-layer (LBL) encapsulation techniques, which are widely used
for modification of substrates such as planar surfaces and nanoparticles.242-244
The LBL technique utilizes the consecutive deposition of oppositely charged
polyelectrolytes onto surfaces,245 allowing consecutive layers to be formed.246-248 A general
outline of the LBL assembly procedure begins with a polycation such as poly(allylamine
hydrochloride) (PAH), followed with a polyanion such as poly(styrene sulfonate) (PSS).
The LBL process is repeated until the planned shell architecture is realized. Biological cells
are suitable templates for LBL coatings because they can be used as cores for the
development of polyelectrolyte microcapsules while their biological activity is preserved.
LBL deposition of polyelectrolyte assemblies affords nanoscale control over the
construction of multilayers with charged nanoparticles.249,250
Many microbial and human cells are negatively charged.251 Polyelectrolyte assemblies can
thus facilitate adhesion of nanoparticles to cells and provide stability to the sandwich-like
polyelectrolyte/nanoparticle coating. The use of electrostatic LBL encapsulation of
bacterial cells with SERS-active nanoparticles has previously been explored by several
research groups,161,165,251-253 and has recently been reviewed.251 Layer-by-layer
polyelectrolyte assembly with colloidal Au and Ag nanoparticles has been demonstrated
with fungi252 and bacteria.161 In this study we used LBL techniques to encapsulate three
different strains of M. pneumoniae with Ag nanoparticles (AgNPs) for SERS analysis. Our
hypothesis is that the charged polyelectrolyte layers should increase the number of contact
points between the AgNPs nanoparticles and the bacterial cell for improved SERS spectral
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quality, thereby increasing accuracy in identification and differentiation of different
mycoplasma strains.
Our laboratories have previously used planar Ag nanorod array substrates to detect and
differentiate M. pneumoniae strains with statistically significant sensitivity and
specificity.151

The current work uses LBL encapsulation as an alternative SERS

preparation method to avoid issues with pleomorphism and lysis due to the absence of a
cell wall in mycoplasmas. LBL-SERS methods have not previously been reported for
detection and identification of mycoplasmas. We used M. pneumoniae wild-type strain
M129 as a model organism to illustrate the LBL encapsulation procedure. The results
presented in this study showed that the LBL method identified three M. pneumoniae strains
with 97 – 100% specificity and sensitivity, and with extremely low root-mean-square
errors.
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6.3 Materials and Methods

Chemicals. Poly(allylamine hydrochloride) (PAH, Mw ~15,000), sodium (polystyrene
sulfonate) (PSS, Mw ~70,000), fluorescein-isothiocyanate-PAH (FITC-PAH, Mw ~15
kDa), and 4′,6-diamidino-2-phenylindole dihydrochloride (DAPI) were purchased from
Sigma-Aldrich (St. Louis, MO). PELCO® NanoXact™ citrate-capped Ag colloid
nanoparticles (50 nm) were purchased from Ted Pella, Inc., (Redding, CA). Nonfunctionalized (SiOH) silica microspheres (600 nm) were purchased from Bangs
Laboratories, Inc., (Fishers, IN).

Culture and Preparation of Bacterial Strains. Two major wild-type M. pneumoniae
subtypes, M129 and FH,254 as well as strain II-3, a spontaneously arising avirulent mutant
derived from M129,255,256 were used in this study. Mycoplasmas were grown to log phase
with a 1 µl/ml inoculation. The wild-type and mutant strains were grown in 25 ml of SP4
medium257,258 in cell culture flasks at 37˚C for 72-96 h and harvested when the phenol red
pH indicator turned orange (pH approx. 6.5). The growth medium for the M129 and FH
strains was poured off and the cells were scraped from the flask surface into 2.5 ml of fresh
SP4 medium. For the II-3 strain, which fails to attach to plastic, cell suspensions were
collected through centrifugation at 25,000g for 25 min at 4˚C and then suspended in 2.5
ml of fresh SP4. Mycoplasma suspensions were syringe-passaged 10 times with a 25-gauge
needle to disperse the cells, and aliquots of each were serially diluted for plating to measure
colony-forming units (CFU). A 500 µl aliquot of each strain was transferred to a separate
tube and fixed in SP4 by adding 500 µl of 8% formaldehyde (pH 7.0-7.5) for a final 4%
formaldehyde concentration and stored at 4˚C until used for cell encapsulation.
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Polyelectrolyte Encapsulation. A three-step wet chemical assembly process was used for
encapsulation of the mycoplasma cells.

Step 1. Mycoplasma Phase. The first step involved encapsulating the bacterial cells in a
layer-by-layer fashion by alternating depositions of PAH/PSS/PAH. Polyelectrolyte
solutions were dissolved in 0.5M NaCl at the concentration of 1 mg/ml. The procedure
began by coating with PAH; 500 µl of the cell suspension was combined with 250 µl of 1
mg/ml PAH and 250 µl of 1 mg/ml PSS and mixed for 15 min at room temperature. This
mixture was centrifuged for 10 min at 17,000 rpm at 4˚C, excess polyelectrolyte solution
was discarded, and the cells suspended and washed two additional times with cold ultrapure
water. The cell suspension was centrifuged for 10 min at 17,000 rpm at 4˚C after each
wash. To the same tube were added 250 µl of 1 mg/ml solution of PAH, and cold water to
a final volume of 1 ml. The suspension was mixed for 15 min, and then centrifuged for 10
min at 17,000 rpm at 4˚C. Excess polyelectrolyte solution was discarded and the cells
suspended and washed two times with cold ultrapure water. The supernatant was discarded
at this point leaving the pelleted cells.

Step 2. AgNP Phase. The second step involved coating the AgNP colloidal suspension
with PAH and PSS. 1 ml of the Ag colloid suspension was centrifuged at 7000 rpm for 10
min at 4˚C. The supernatant was discarded and an additional 900 µl of colloidal suspension
was added. To this AgNP suspension was added 50 l of 1 mg/ml PAH and the contents
mixed for 15 min. Then 50 l of 1 mg/ml PSS were added and the contents again mixed
for 15 min. The suspension was then centrifuged for 10 min at 17,000 rpm at 4˚C. Excess
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polyelectrolyte solution was discarded and the AgNP’s suspended and washed two times
with cold ultrapure water.

Step 3. Encapsulation of Cells. The encapsulated mycoplasma pellet from Step 1 was
mixed with the polyelectrolyte-coated AgNPs from Step 2 for 15 min and then centrifuged
for 10 min at 17,000 rpm at 4˚C. The supernatant was discarded and the pellet suspended
and washed twice with cold ultrapure water, centrifuging for 10 min at 17,000 rpm after
each wash. At the end of the process, the cells were suspended in water.

Characterization of the Encapsulated Cells. The uniformity of the LBL polyelectrolyte
coating was investigated using FITC-PAH and DAPI nucleic acid stains. A Nikon A1R
confocal microscope with a CFI Plan APO VC 60 oil immersion objective with NA=1.4
and 0.13 mm working distance was used to image the M. pneumoniae cells. Scanning
electron microscopy (SEM) images of the uncoated bacteria were obtained using a Zeiss
(Jena, Germany) 1450EP SEM. For the encapsulated cells, images were obtained using an
FEI (Hillsboro, OR) Inspect F FEG-SEM. Samples for SEM were fixed as described
elsewhere,35 with modifications. Samples of cells were prepared by dispersing 100 µL of
a cellular suspension on the surface of a glass coverslip pre-coated with poly-L-lysine and
incubated overnight at 37˚C. The samples were fixed in 2% glutaraldehyde in Na
cacodylate buffer for one hour and then washed twice in Na cacodylate buffer for 5 min
each. The samples were post-fixed in 1% OsO4 in Na cacodylate buffer for one hour,
washed once afterwards with Na cacodylate buffer for 10 minutes, and then rinsed with
water twice for 5 min. The SEM coverslips were treated with a sequential ethanol
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dehydration series (5 min each step) with 25, 50, 75, 85, 95, and 3 100% washes, critical
point dried, and sputter coated with Au for examination.

SERS Measurements of the M. pneumoniae Strains. SERS spectra were acquired using a
Renishaw (Hoffman Estates, IL) inVia confocal Raman microscope system using a 785 nm
near-IR diode laser as the excitation source. Radiation from the diode laser was attenuated
to <15 mW using a series of neutral density filters and focused onto the sample using a 20
microscope objective. Spectra were collected between 1800 – 400 cm-1 and integrated for
30s per scan with 1 scan per spectrum. The SERS spectra of the encapsulated cells with
polyelectrolytes and AgNP were collected applying a 10 µl sample droplet to a copper foil
substrate that was cleaned thoroughly with copious amounts of methanol and acetone. The
drop was dried in an incubator at 75˚C and then rinsed thoroughly with ultrapure water and
dried under a stream of N2 prior to analysis. A minimum of ten spectra were collected for
each bacterial strain from different locations on each individual substrate. Duplicate
samples of the LBL-AgNP assemblies for each M. pneumoniae strain were prepared to test
for reproducibility of the method.

Multivariate Statistical Analysis. Raman spectra were imported into GRAMS AI (Version
8.0 Thermo Electron Corp, Waltham, MA) for spectral averaging and baseline correction.
Chemometric analysis was carried out with MATLAB version 7.2 (The Mathworks, Inc.,
Natick, MA), using PLS Toolbox version 7.0 (Eigenvector Research Inc., Wenatchee,
WA). SERS spectra in the range 1650 – 700 cm-1 were used for classification. Prior to
analysis, first derivatives of the SERS spectra were calculated using the Savitzky-Golay
method with a 2nd order polynomial and a fifteen-point window. Each data set was then
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vector normalized and mean centered. Multivariate statistical analysis of the mycoplasma
spectra was performed using principal components analysis (PCA), hierarchical cluster
analysis (HCA), and partial least squares discriminant analysis (PLS-DA) using the PLS
Toolbox software. The calculated principal components were used as inputs to the HCA
algorithm, which used the Ward’s method algorithm to evaluate minimum variances
between clusters.
6.4 Results and Discussion
Characterization of LBL Encapsulated Mycoplasma. We used M. pneumoniae wild-type
strain M129 as a model organism to illustrate the LBL encapsulation procedure. Synthetic
polycation/polyanion pairs, i.e. PAH/PSS, were used to produce layered shells that covered
the bacteria. PAH was deposited as the first layer to balance the negative surface charge of
the mycoplasma cells, followed by the polyanion PSS, and then a final layer of PAH was
added. Therefore, the final mycoplasma LBL structure was PAH/PPS/PAH.
PAH was also used as the first polyelectrolyte layer on the citrate-reduced AgNPs,
followed by a layer of PSS. This final polyanion layer provides higher stability to the
structure, as well as sensitivity to temperature and permeability.243,248,251 Figure 6.1 shows
a schematic representation of the deposition process. The bacteria were treated with
PAH/PPS/PAH rather than just one layer of PAH since the three-layer system dramatically
increased the quality of the resulting SERS spectra of the encapsulated cells. Additional
layers of polyelectrolytes also increases the electrostatic interaction of the bacteria with the
Ag nanoparticles, as well as the number of contact points between the nanoparticles and
bacterial surface.
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The cells were washed after every LBL deposition cycle to remove any excess
polyelectrolytes. Deposition of the polyelectrolyte-coated AgNPs on the mycoplasma cells
could be monitored visually. Originally, the cell suspensions were clear; however, the
suspended cells acquired a brownish-yellow color during the deposition of the AgNPs. The
color of the suspension was due to the presence of the bound AgNPs in the LBL matrix
and not to free, unbound nanoparticles, as these were removed during the washing steps.
The final washing steps resulted in a clear supernatant, indicating no AgNPs were being
released from the cell suspensions.

Cell morphology of wild-type M. pneumoniae M129 wild type and mutant II-3 was directly
characterized by SEM, as previously described.35 Mycoplasmas have a marked tendency
toward pleomorphism due to the absence of a cell wall.259,260 Therefore, the use of an
electron source for high-resolution imaging can be a challenge. We employed two different
SEM’s for this work. The first was an environmental SEM (ESEM). This technique is
commonly employed for the detection of different living organisms on a “wet” and/or
uncoated state.261 ESEM micrographs of the uncoated, wild-type M129 cells are shown in
figures 6.2A and 6.2B. The cells in these images appeared elongated with a well-defined,
tapered tip structure and long, filamentous tail; their size was approximately 1-2 µm in
length and 0.1-0.2 µm in width. While the predominant morphological forms present in the
ESEM micrographs observed were elongated, minor amounts of ovoid and pleomorphic
forms were also seen (data not shown).
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Figure 6.1

Schematic illustration of the encapsulation of the M. pneumoniae whole
cells into the polyelectrolyte shells containing silver nanoparticles.
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The polyelectrolyte-encapsulated cells were characterized by field emission SEM (FESEM), as seen in figures.6.2C and 6.2D. In comparison to the smooth surfaces of the
uncoated cells in figure.6.2A and figure.6.2B, the encapsulated mycoplasmas in
figures.6.2C and 6.2D showed large aggregates and roughened features. The Ag
nanoparticles that we used in this work were ~50 nm in diameter; however, the extent of
aggregation seen in figure.6.2 makes it difficult to determine the size and location of the
Ag nanoparticle complexes within the LBL-mycoplasma structures. Aggregation has
previously been reported in LBL polyelectrolyte encapsulation of other bacterial species,
with the extent of aggregation depending on the fixation protocols as well as the bacterial
cell surface biochemistry.161

The presence of the polyelectrolyte-encapsulated AgNPs enhances the aggregation of the
mycoplasma cells into clusters. The chemical natures of the polyelectrolytes, as well as the
solution ionic strength, have a strong influence on the polyion complexes that are formed.
248,262-264

In the current case, we employed a weak polycation (PAH) at relatively low ionic

strength (0.5M NaCl) that led to a heterogenous surface topography previously noted as
characteristic for PAH/PSS polyelectrolyte systems.112,263

We also conducted fluorescence labeling experiments to confirm the co-localization of the
AgNPs on the polyelectrolyte-encapsulated mycoplasmas. These images are shown in
figure. 6.3. Two different stains were used for this procedure. First, a commonly used
nucleic acid dye, DAPI, was used to stain the nucleoid of mycoplasma cells.265,266
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Figure 6.2

SEM images of: M. pneumoniae (A) M129 uncoated whole cells, scale bar
equals 2 m; (B) M129 uncoated whole cells at higher magnification, scale
bar equals 1 m; (C) M129/PAH/PSS/PAH/Ag/PAH/PSS cell aggregates,
scale bar equals 5 m; and (D) M129/PAH/PSS/PAH/Ag/PAH/PSS cell
aggregates at higher magnification, scale bar equals 3 m.
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DAPI is a blue fluorescent nucleic acid stain that preferentially stains A-T complexes in
double-stranded DNA (dsDNA).265,266 This is illustrated in figure. 6.3A, in which the blue
images mark the presence of likely individual un-encapsulated M. pneumoniae M129 cells
stained with DAPI. Figure 6.3B shows the DAPI image of the mycoplasma after
encapsulation with the PAH/PSS polyelectrolytes and AgNPs, and clearly shows the
encapsulated bacteria more aggregated than the uncoated bacteria in figure. 6.3A.
In conjunction with the DAPI stain, FITC labeled PAH was used to determine whether the
PAH/PSS/PAH polyelectrolyte layers and the PAH/PSS coated AgNPs were bound to the
encapsulated mycoplasmas.267 Figure 6.3C shows the green fluorescence emission of
FITC-PAH incorporated into the PAH/PSS/PAH layers on M. pneumoniae M129 for the
same field as figure. 6.3B. A comparison of figure. 6.3B (DAPI-stained mycoplasma
emission) with figure.6.3C (FITC-PAH emission) showed significant fluorescence overlap
between the two images, consistent with co-localization of the polyelectrolytes with the
bacteria. Figure 6.3D is a merged image of DAPI-labeled M. pneumoniae (blue) after
deposition of the FITC-PAH layers (green). This image was taken at a different location
than those of figure.6.3B and figure.6.3C. Figure 6.3D shows that not all of the FITC
signal is associated with the DAPI signal. This suggests that some of the polyelectrolyte
may be interacting with sample components other than whole mycoplasma bacterial cells.
The additional bacterial components in figure 6.3 may be due to cellular debris, as
mycoplasma does not contain a cell wall, and cell lysis potentially occurs.260
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Figure 6.3

Fluorescence microscopy image of: (A) M. pneumoniae M129 cells, scale
bar equals 1 m; (B) LBL array of DAPI-M129, scale bar equals 1 m; (C)
LBL array of FITC-PAH on M129 cells, scale bar equals 1 m; and (D)
overlaid image of FITC-PAH coated and DAPI-stained M. pneumoniae
M129 cells, scale bar equals 6 m.
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SERS Spectra of the M. pneumoniae Strains. The Raman spectra of bacteria reflect
predominantly phenotypic information arising from proteins, nucleic acids, lipids,
carbohydrates and endogenous biomolecules.268,269 In order to detect and identify
pathogens of interest, it is necessary to ensure that the observed Raman bands are specific
to the targeted organisms but not to the overall environment, i.e., the media or solvents.
The mycoplasma SP4 growth medium is removed from the sample prior to spectral
analysis; therefore, it was not included in the background analysis. Instead, the background
control used in these samples was from the last part of the LBL assembly process that
includes both polyelectrolytes as well as the AgNPs, i.e., the silver nanoparticlepolyelectrolyte layer Ag/PAH/PSS.
We also incorporated a second negative control sample in these experiments. This negative
control utilized non-functionalized silica microspheres (SiMS) of 600 nm diameter. The
size of these microspheres closely resembles the actual size of a mycoplasma bacterium
cell, ~1000 nm. These experiments used the silica microspheres as a sacrificial or
electroactive core to simulate the bacterium as a negative control. We performed all the
experimental protocols using the SiMS in place of the bacteria. Therefore, these Si
microsphere were coated with PAH and PSS and functionalized with Ag nanospheres,
resulting in a LBL structure of SiMS/PAH/PSS/PAH/Ag/PAH/PSS. For brevity, this will
be referred to as the SiMS negative control in the remainder of the article.
Figure 6.4 illustrates the reproducibility of the SERS spectra obtained from mycoplasmas
prepared

using

this

LBL

encapsulation

process.

Samples

containing

M129/PAH/PSS/PAH/Ag/PAH/PSS were prepared as described above, and then spot dried
on a piece of copper foil. Spectra of the dried samples were obtained from 10 different
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locations.

The SERS experiments were repeated several times with a newly prepared

sample each time. The same approach was used when acquiring the SERS spectra of the
other two M. pneumoniae strains, as well as the Ag/PAH/PSS background and the SiMS
negative controls. The spectra in figure.6.4 were the raw, unprocessed, and baseline uncorrected spectra of the M129 mycoplasma strain. The overlaid spectra demonstrate the
reproducibility of the LBL encapsulation process.
SERS is highly dependent on, and sensitive to, the proximity of the AgNPs to the cell
surface. Functional groups such as COO- and NH2+ may define the modes of interaction
between the bacterial surface and the AgNPs.159,253,270,271 Figure 6.5 illustrates the average
SERS spectra in the 1800 – 400 cm-1 range of the three M. pneumoniae strains, the
Ag/PAH/PSS background and the SiMS negative control . For each sample, including the
controls, ten spectra were taken at each of two different spots, baseline-corrected, and
normalized for visualization. The Raman vibrations at 1504, 1459, 1277, 1130 and 1080
cm-1 were found in all spectra, although their intensities varied.272 The spectra of the
different strains did exhibit some differences; for example, the bands at 1580 and 1299 cm1

were characteristic for M. pneumoniae M129, while the bands at 1383, 1359 and 668 cm-

1

were characteristic for M. pneumoniae FH and II-3. The most significant spectral

differences occurred in the 1000 – 400 cm-1 region. To improve the resolution of
overlapping bands and eliminate potential artifacts induced by baseline correction, we also
compared first derivative spectra of these samples, as seen in figure. 6.6.
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Figure 6.4

Representative SERS spectra of M. pneumoniae M129 showing the
reproducibility of the spectra collected in ten random locations. Spectra
presented here are the original spectra as collected, without further
processing.
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Figure 6.5

Representative SERS spectra for (A) the background sample Ag/PAH/PSS,
(B) the negative control sample SiMS/PAH/PSS/PAH/Ag/PAH/PSS and
the M. pneumoniae strains: (C) M129, (D) FH and, (E) II-3. Each is an
average of 10 spectra obtained per sample. The spectra have been baseline
corrected and normalized for visualization.
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A list of the observed Raman vibrations attributed to the mycoplasma strains in figures.6.5
and 6.6 as well as their tentative assignments are found in Table 6.1. Detailed spectral band
assignments have been published elsewhere.89,159,161,253,270,272,273
Classification of the M. pneumoniae Strains. The excellent spot-to-spot and sample-tosample reproducibility of the SERS Raman spectra offered by the LBL methods allows for
multivariate analysis as a method for classification and identification. The statistical basis
for the application of chemometric techniques to vibrational spectroscopy is well
established.274

Spectral interpretation can be accompanied by unsupervised pattern

recognition methods such as principal component analysis (PCA)271 and hierarchical
cluster analysis (HCA), as well as supervised methods such as partial least squares
discrimination analysis (PLS-DA).90,269,275
We have previously used chemometric methods to analyze nanorod-array SERS spectra of
human and avian mycoplasma species extracted into a water-formalin mixture for
inactivation of the bacteria, a process that potentially lyses the cells.150,151 The current work
is the first to use the LBL method to ensure preparation of whole, intact encapsulated
mycoplasma cells for use in SERS classification studies.

The high quality and

reproducibility of the LBL SERS spectra, as seen in figures. 6.4 – 6.6, demonstrate that
these spectra are suitable for use in subsequent multivariate statistical processing steps.
The statistical methods PCA, HCA, and PLS-DA were used to determine whether it is
possible to discriminate between these three different mycoplasma strains and controls
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Figure 6.6

First derivative spectra for (A) the background sample Ag/PAH/PSS, B) the
negative control sample SiMS/PAH/PSS/PAH/Ag/PAH/PSS and the M.
pneumoniae strains: (C) M129, (D) FH and, (E) II-3.

123

Table 6.1. Raman bands appearing in the LBL SERS spectra of M. pneumoniae strains.
M129
1606

Raman Shift, cm-1
FH

Vibrational Band Assignment
II-3

1606

Phenylalanine

1580

Guanine, Adenine (ring stretch)

1504

1504

1504

C-O-H bend; (CH2)n in-phase twist

1459

1459

1459

δ(C-H2) sci.; CH3 antisym. bend

1435

δ(C-H2) sci

1396

1396

C-O-H bend; (CH2 in-phase twist

1383

1383

C-H def

1359

1359

C-H def

1396

1299
1277
1247
1204

Amide III
1277

C-O-H bend, Amide III
vas(COC); δ(CH),Amide III

1247

C-C6H5 str., Phe,Trp

1200

1193

1130
1080

1130
1080

1039
1008

1039
1008

858

1277

858

1193

δ (C-H), Tyr

1149

NH3+def Pro

1080

C-N and C-C stretch
C-O stretch,

1008
969

C-H in plane, Phe, C-N Gly
phenylalanine
C-C str

898

COC str

859

“buried” tyrosine

831

“exposed” Tyrosine

792
785

Cytosine, uracil (str, ring); CH2 in-phase rock
785

Cytosine, Uracil

738

738

738

Adenosine

712

712

712

Adenine, COO- def

668

668

Guanine

618

Phenylalanine (skeletal)
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based solely on their LBL SERS spectra. PCA reduces dataset dimensionality by
calculating orthogonal eigenvector projections, and facilitates establishing patterns and
grouping of similar spectra.240,270,276 Principal components were calculated from the SERS
spectra of the two M. pneumoniae M129 and FH wild-type strain, the mutant II-3 strain, a
control sample consisting of Ag/PAH/PSS background and the SiMS negative control
sample. The PC model consisted of 50 raw spectra, 10 spectra for each M. pneumoniae
strain and the controls, and was calculated using LBL SERS spectra in the 1650 – 700 cm1

range. As shown in figure.6.7, comparison of the processed spectra using principal

components 1 and 2 couldn’t clearly differentiate between the three mycoplasma strains
and the control Ag/PAH/PSS sample into individual groups. But this PC plot easily
separates the bacterial samples and background from the SiMS negative control.
In addition, a hierarchical cluster analysis of the LBL SERS spectra was calculated using
their principal components. The resulting dendrogram, calculated using the Ward’s linkage
method (figure.6.8), shows that the three mycoplasma strains, the Ag nanoparticle
background, and the SiMS negative control form clearly differentiated clusters.
In addition to the unsupervised PCA and HCA methods, we used PLS-DA to quantitatively
determine statistically significant differences among the strains. PLS-DA, unlike HCA and
PCA, is a full spectrum, multivariate, supervised method whereby prior knowledge of the
classes is used to yield more robust differentiation, minimizing class variation while
emphasizing latent variables between or among classes.186,277
Figure 6.9 presents the results of a PLS-DA analysis of the mycoplasma strains. The model
was generated using 50 spectra (10 each for the mycoplasma strains, Ag/PAH/PSS
background, and SiMS negative control). The horizontal red line in each panel in figure.6.9
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is a calculation of a threshold value of prediction for each modeled class. Spectra with
predicted values above the threshold level are determined to belong to a particular class,
while spectra with the predicted values below are excluded. Each panel corresponds to the
predictions made for the Ag/PAH/PSS background (figure.6.9A), the SiMS negative
control (figure.6.9B), M129 wild-type (figure.6.9C), FH wild-type (figure.6.9D), and II-3
mutant (figure.6.9E). This analysis used 4 latent variables that captured 85.09% of the total
variance, followed by cross-validation using Venetian blinds with 7 splits. It is clear from
all the panels that PLS-DA was able to classify each spectrum in its class with 100%
accuracy. Table 2 provides the statistics calculated from the PLS-DA model, with a rootmean square error after cross-validation (RMSECV) of 0.05 – 0.1 for all classes. This is
remarkable classification sensitivity, considering that both M129 and FH are pathogenic
wild type strains.
The ability of LBL SERS to accurately differentiate M. pneumoniae strains M129 and FH
into separate classes may be due to the spectral differences in expressed surface
proteins.35,151 The high discriminatory ability of LBL SERS seen in this study is similar to
that seen when using Ag nanorod-based SERS methods to analyze the spectra of human
and avian mycoplasmas, albeit with lower root mean square errors.150,151
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Figure 6.7

PCA scores plot corresponding to: the background sample Ag/PAH/PSS
(), the negative control SiMS/PAH/PSS/PAH/Ag/PAH/PSS(*), and M.
pneumoniae strains FH (), M129 (+), and II-3 () The PC model was
constructed from the SERS spectra of the corresponding species using the
spectral range 1650-700 cm-1.
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Figure 6.8

A hierarchical cluster analysis dendrogram derived from the PC scores of
the M. pneumonie species and controls. The nodes group into five
recognized clusters and are labeled according to the samples: (A) negative
control SiMS/PAH/PSS/PAH/Ag/PAH/PSS; M pneumoniae strains: (B) II3; (C) M129; (D) FH; and (E) background sample Ag/PAH/PSS.
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Figure 6.9

PLS-DA cross-validated prediction plot based on the LBL SERS spectra of
the M. pneumoniae strains. Horizontal red line denotes calculated class
prediction threshold level. Predictions for: (A) background sample
Ag/PAH/PSS();(B)negative control SiMS/PAH/PSS/PAH/Ag/PAH/PSS
(); and M. pneumoniae strains: (C) FH;(); (D) M129 (+); and; (E) II-3
(). Fifty spectra, corresponding to 10 spectra in each sample category, are
represented in this plot.
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Table 6.2 Discrimination results from PLS-DA analysis of the LBL SERS spectra of three
M. pneumoniae strains, including a control sample (Ag/PAH/PSS).

d

Modeled
Sensitivity
a,b
Class
(CV)
c
Control
1.000
Negative Ctrlg
1.000
M129
1.000
FH
1.000
II-3
1.000

Specificity
(CV)
1.000
1.000
0.975
0.975
1.000

a

Class
Errore
(CV)
0.000
0.000
0.012
0.012
0.000

RMSECVf
0.123
0.428
0.151
0.104
0.113

Fifty total spectra were used, 10 for each modeled class. Before calculation, spectra were
pre-processed by calculating 1st derivatives, followed by vector normalization and mean
centering.
b
Four latent variables, accounting for 85.09% of the captured variance, were used in this
model.
c
Background sample consisted of Ag nanoparticles derivatized with PAH and PSS layers.
d
CV, cross-validation based on Venetian blinds method with 7 splits.
e
Class Error, classification error after cross-validation.
f
RMSECV, root-mean square error after cross-validation.
g
Negative control sample consisted of silica microspheres coated with PAH and PSS, and
modified with polymer-derivatized Ag nanoparticles..
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6.5 Conclusions
M. pneumoniae is a respiratory pathogen that accounts for widespread bronchitis and
pneumonia. Unfortunately, the complexity of laboratory culture complicates diagnostic
strategies. Currently, the lack of a simple, rapid, clinical diagnostic test delays initiation of
appropriate treatment, and increases the risk of continued transmission and long-term
sequelae. The purpose of this research was to determine whether charged polyelectrolyte
layers could increase the number of contact points between the AgNPs nanoparticles and
the bacterial cell for improved SERS spectral quality, thereby increasing accuracy in
identification and differentiation of different mycoplasma strains.
In this study, M. pneumoniae whole cells were encapsulated layer-by-layer with
polyelectrolyte thin films incorporating Ag nanoparticles (figure.6.1). Three strains of M.
pneumoniae were used as model organisms to illustrate the effectiveness of the LBL
encapsulation procedure. The encapsulated bacteria were investigated using both SEM and
fluorescence microscopy techniques. SEM images (figures.6.2A and 6.2B) of the uncoated
bacteria showed the expected elongated morphology for mycoplasma, while LBL
encapsulation resulted in significant aggregation of the mycoplasma cells into multicellular
clusters (figures. 6.2C and 6.2D). Fluorescence microscopy using both a mycoplasmaspecific dye (figures.6.3A and 6.3B) as well as a dye-labeled polyelectrolyte (figures.6.3C
and 6.3D) showed that the polyelectrolytes co-localized with the bacteria, although the
areas of polyelectrolyte coverage were not uniform. This behavior is not unexpected for
this bacterium, which demonstrates a tendency to clump and aggregate in both clinical
isolates and laboratory cultures.278
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SERS spectra of the LBL encapsulated M. pneumoniae strains showed a high degree of
reproducibility with good signal-to-noise, making detailed spectral band assignments
possible (figures. 6.4-6.6 and Table 6.1). Unsupervised methods of multivariate statistical
analysis, including PCA (figures.6.7) and HCA (figures.6.8), showed a high degree of
qualitative class discrimination based on principle components calculated from the SERS
spectra. The model-dependent method PLS-DA (figure.6.9 and Table 6.2) provided
quantitative statistical measurements of the sensitivity and specificity of the LBL
encapsulation method for discrimination between the three M. pneumoniae strains,
background, and negative control. In this case, both sensitivity and specificity were
between 97 – 100% for all classes modeled, with a low (0.1 – 0.4) root mean square error.
This study demonstrated that LBL polyelectrolyte encapsulation combined with Ag
nanoparticle SERS provides a promising platform for accurate identification and
differentiation of M. pneumoniae strains. The advantage of the LBL method is that charged
polyelectrolyte layers should increase the number of contact points between the AgNPs
nanoparticles and the bacterial cell for improved SERS spectral quality. In the case of
mycoplasma, the use of LBL encapsulation also solves the problem of cell lysis that may
complicate spectral analysis.151 The technique also shows promise for adaptation to sample
preparation of M. pneumoniae infections in clinical specimens.
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CHAPTER 7
Polyelectrolyte Matrix Encapsulation of Mycoplasma Cells Enhanced Raman Study
of the Development of a Potential Bacterial Diagnostic Tool

Rivera-Betancourt, O.E, Krause, D.C., Dluhy, R.A., To be submitted to
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7.1 Abstract
Mycoplasma pneumoniae is a cell wall-less bacterial pathogen which is the major cause of
respiratory disease in humans that accounts up to 20% of all community-acquired
pneumonia. Modern diagnostic and detection methods of mycoplasma infections are
limited primarily by several factors but mainly by poor success rate at culturing the bacteria
from clinical samples. We have developed and previously described a new platform for
mycoplasma detection by layer-by-layer (LBL) encapsulation of M. pneumoniae cells.
Here we report the coating of M. pneumoniae cells and commensal mycoplasma strains
with Ag nanoparticles in a matrix of the polyelectrolytes poly(diallyldimethylammonium
chloride) (PDADMAC) and poly(styrene sulfonate) (PSS) to obtain high quality SERS
spectra to increase the accuracy in identifying and differentiating different mycoplasma
strains. It was found that the silver nanoparticles as well as the polyelectrolytes were
incorporated on the mycoplasma cells depending on the ionic strength of the salt solution.
The thickness as well as the topography of the encapsulated cells were found to vary due
to the incorporation of different molecular weights of PDADMAC used to develop the
capsule as seen on the SEM and AFM images. SERS spectra of the LBL encapsulated
whole cell mycoplasma strains showed a high degree of reproducibility with good signalto-noise, making detailed spectral band assignments possible. Unsupervised methods of
multivariate statistical analysis, including PCA and HCA, although it didn’t show a high
degree of qualitative class discrimination, it did classify separately the M. pneumoniae
strains from the clinical commensal strains for both encapsulation methods. The modeldependent method PLS-DA provided quantitative statistical measurements of the
sensitivity and specificity for both LBL encapsulation methods for discrimination between
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the M. pneumoniae, commensal strains and control. The technique shows promise for
adaptation to sample preparation of M. pneumoniae infections in clinical specimens and
represents a valuable alternative to current bacterial diagnostic techniques.

7.2 Introduction
One of the most important causes of respiratory tract infections, including pneumonia, is
Mycoplasma pneumoniae. This cell wall-less bacterium is human pathogen that causes
around 20-40% of all community acquired pneumonia (CAP) and approximately 18% of
cases requiring hospitalization for children.34,52,238,279 M. pneumoniae may also play a role
in a wide range of extrapulmonary infections, autoimmune disorders and chronic diseases,
such as asthma and arthritis.280 Infections are acquired through respiratory secretions and
manifest in a nonspecific upper respiratory tract symptoms which may progress to
tracheobronchitis and atypical bronchopneumonia.
It is classified as a member of the class of Mollicutes and represents one of the smallest
self-replicating species with respect to genome size as well as cellular dimensions.281 M.
pneumoniae strains are divided into two main groups (subtypes 1 and 2) and some minor
variants.282 The first studies of molecular discrimination in these two subtypes283 showed
that the gene encoding the major adhesion M. pneumoniae, the 170 kDa P1 protein, can
exist in two regions within the P1. The P1 protein is major antigenic factor of M.
pneumoniae , typing of the P1 strains does have epidemiological value. But thus far has
not been informative regarding differences among M .pneumoniae isolates relevant to
clinical features of the bacterium.284 Serologic testing such as enzyme-linked immunoassay
is the most widely used commercially available test to diagnose M. pneumoniae infections.
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Results may be comparably sensitive as those obtained by PCR.34 PCR can exhibit high
sensitivity and yield positive detection sooner than serological testing but is limited by
issues of reliability, standardization and cost.280 Lack of a simple, reliable, rapid diagnostic
test is thus a critical barrier to the improved control of M. pneumoniae disease.
Application of nanotechnology to biosensor development is yielding direct, rapid, and
sensitive pattern-recognition approaches for detection of infectious agents. It has been
shown that nanofabrication by glancing angle vapor deposition produces Ag nanorods
arrays (NA) exhibiting extremely high electromagnetic field enhancements for surfaceenhanced Raman spectroscopy (SERS).95

90 240

Paired with chemometric analysis this

platform can rapidly detect and distinguish with great sensitivity and specificity the Raman
spectra of viruses,241 207 234 mycoplasma,151 and mycobacteria,92 and shows great promise
in its potential to improve of M. pnumoniae infections.
In this work the platform that will be used is based on a layer-by-layer assembly, this
technique has been used in the preparation of planar multilayer films243
encapsulation of living bacteria cells.286,287

112,288

248,285

and the

Our strategy will be based on the

placement of silver nanoparticles after the deposition of the polyelectrolytes on the surface
of M. pneumoniae whole cells. Many methods for cell encapsulation, coating and
entrapment within polymers have been investigated in the past.247,286,289,290 Many of the
work in the past consisted of thin film buildup via layer-by-layer (LBL) assembly has been
particularly attractive for cell coating applications due to its nanoscale precision and the
ability to modify surface characteristics. The basis of this method is the assembly of
composite layers by alternating absorption of oppositely charged species onto a charged
template. Cells are usually suitable templates for coatings because they can be used for
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sacrificial cores for the development of microcapsules while their metabolic activity is
preserved.246,291 It is usually known that living microbial or human cells are negatively
charged.251 Through this process, the negatively-charged cell membrane can be encased
within a cationic polymeric shell; oppositely charged polymers can be subsequently
adsorbed to achieve a desired thickness and surface composition.
Polyelectrolytes facilitate adhesion of nanoparticles to biological cells, thus provide
stability of sandwhich like polyelectrolyte/nanoparticle coat and suppress the particles to
reach the internal part of the cell wall. Layer by layer assembly with colloidal metal
nanoparticles such as gold and silver has been demonstrated with fungi252 and bacteria.161
The positively charged polyelectrolytes and charged AgNPs should utilize the LBL
technique to increase the number of contact points between nanoparticles and the bacterial
cell for the improved SERS spectral quality. Incorporation of nanoparticles into the cell
wall architecture will possibly allow the modification of cells as templates and elements of
biosensors. Herein we developed a SERS biosensing platform with the LBL encapsulated
mycoplasma whole cells along with chemometrics, for the detection and differentiation of
M. pneumoniae strains with statistically significant sensitivity and specificity.
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7.3 Materials and Methods

Chemicals.

Poly(diallyldimethylammonium chloride) solution (PDADMAC, Mw

<100,000), Poly(diallyldimethylammonium

chloride) solution

(PDADMAC, Mw

~100,000-200,000) and Sodium (polystyrene sulfonate) (PSS, Mw~70,000) were
purchased

from

Sigma-Aldrich,

USA;

70

nm

PELCO®

NanoXact™

Silver

Colloids/Nanoparticles- Citrate Capped were purchased from Ted Pella, Inc, USA.

Culture and Preparation of Bacterial Strains. Two major wild-type M. pneumoniae
subtypes, M129 and FH, 292 as well as strain II-3, a spontaneously arising avirulent mutant
derived from M129,293 256 were used in this study. Mycoplasmas were grown to log phase
with a 1 µl/ml inoculation. The wild-type and mutant strains were grown in 25 ml of SP4
medium257 258 in cell culture flasks at 37˚C for 72-96 h and harvested when the phenol red
pH indicator turned orange (pH approx. 6.5). The growth medium for the M129 and FH
strains was poured off and the cells were scraped from the flask surface into 2.5 ml of fresh
SP4 medium. For the II-3 strain, which fails to attach to plastic, cell suspensions were
collected through centrifugation at 25,000g for 25 min at 4˚C and then suspended in 2.5
ml of fresh SP4. Mycoplasma suspensions were syringe-passaged 10 times with a 25-gauge
needle to disperse the cells, and aliquots of each were serially diluted for plating to measure
colony-forming units (CFU). A 500 µl aliquot of each strain was transferred to a separate
tube and fixed in SP4 by adding 500 µl of 8% formaldehyde (pH 7.0-7.5) for a final 4%
formaldehyde concentration and stored at 4˚C until used for cell encapsulation. M. orale
and M. salivarum strains were obtained from the American Type Culture Collection and
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kindly shipped, cultured, and harvested by the University of Alabama-Birmingham (UAB)
diagnostic mycoplasma laboratory.

The encapsulation of the cells was done in three different steps. The formation of the layers
was prepared by a wet chemical assembly strategy through electrostatic interaction. The
first sets of steps involved encapsulating the bacterial strains in a layer-by-layer fashion
alternating deposition of PDADMAC/PSS. Polyelectrolyte solutions were dissolved in 3M
NaCl at the concentration of 1mg/ml for PSS and 0.1% w/v for the PDADMAC solutions
of different molecular weights. The second set of steps involved coating the silver
nanoparticles (AgNP) with PDADMAC, this is done to develop the last layer of the LBL
architecture. The encapsulation of the intact mycoplasma whole cells was done as two
separate procedures. In our work we used two different PDADMAC solutions. They just
both differed in molecular weight as described in the materials section. The encapsulated
cells prepared with the poly(diallyldimethylammonium chloride) solution (PDADMAC,
Mw <100,000), we will refer to them as LMW or low molecular weight. The encapsulated
cells prepared with the (PDADMAC, Mw ~100,000-200,000) we will refer to them as
HMW or high molecular weight.

STEP 1- Bacteria/PDADMAC/PSS-Phase. The surface charge of the bacteria is assumed
to be negative, so the procedure was started by coating with a positively charged polymer
such as PDADMAC. A 300 µl of the cell suspension was mixed with 350µl of 0.1% w/v
solution of PDADMAC and 350µl of 1mg/ml solution of PSS and mix for 15 min at room
temperature. Centrifuge the mix for 20min at 17,000 rpm at 4˚C. Discard excess
polyelectrolyte solution and resuspend the cells. Wash with cold ultrapure water.
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Centrifuge the cell suspension for 10 min at 17,000 rpm at 4˚C after each wash. Discard
the excess water at this point don’t resuspend the cells.

STEP 2- AgNP/PDADMAC-Phase- In a centrifuge tube add 1ml of Ag colloid solution,
centrifuge at 7000rpm for 10min at 4˚C. Discard excess colloidal solution and add an
additional 900 µl of colloidal solution. To this content add 100ul of 0.1%w/v PDADMAC.
Mix the contents for 15 mins.

STEP 3- Encapsulation of Cells. Mix the contents of STEP 2 into the contents STEP 1,
Mix the contents for 15 mins. Centrifuge for 10min at 17,000 rpm at 4˚C. Discard excess
solution, resuspend, wash two times with cold ultrapure water. Centrifuge for 10min at
17,000 rpm after each wash. Resuspend the cells in water at the end.

The LMW M. pneumoniae encapsulated cells, to fully resuspend the capsule in water an
additional 30 minutes of sonication in a heated water bath were required. For the HMW
encapsulated cells an additional 60 minutes of sonication were required.

SEM Characterization of the Encapsulated Cells

We imaged the mycoplasmas using two procedures, one involved growing the
mycoplasmas directly on glass coverslips (procedure not shown) and a more simple
approach in which it is the method that will be discussed within the contents.

Scanning Electron Microscopy (SEM) images of the uncoated bacteria and the
encapsulated cells were obtained using a Zeiss 1450EP SEM. The samples were fixated
as described elsewhere35 but with a few modifications. Samples of cells were prepared by
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dispersing 100 µL of a cellular suspension on the surface of a glass coverslip precoated
with poly-L-Lysine and incubated overnight at 36˚ C. Then samples were primarily washed
twice in sodium cacodylate buffer, 5 min each wash. Then samples were then postfixed in
1% OsO4 in sodium cacodylate buffer for one hour. The samples were then washed once
afterwards with sodium cacodylate buffer for ten minutes and then rinsed with water twice
for five minutes. The SEM coverslips were then treated with an ethanol dehydration series
sequentially (5 mins each step) with 25, 50, 75, 85, 95, and three 100% washes, critical
point dried , and sputter coated with 20 nm diameter gold prior to examination.

AFM Characterization of the Encapsulated Cells

Atomic force microscopy (AFM) images were obtained using a Bruker Innova Microscope
using tapping mode with a large area scanner. The samples were prepared by dispersing
100 µL of the encapsulated cellular suspension on the surface of a glass coverslip precoated
with poly-L-Lysine and incubated overnight at 36˚ C. Then the samples were primarily
washed twice in sodium cacodylate buffer, 5 min each wash. The samples were then
washed twice with water for five minutes. The glass coverslips were then treated with an
ethanol dehydration series sequentially (5mins each step) with 25, 50, 75, 85, 95, and three
100% washes and finally critical point dried.

SERS Measurements of the M. pneumoniae Strains

SERS spectra were acquired using a Renishaw (Hoffman Estates, IL) inVia confocal
Raman microscope system using a 785 nm near-IR diode laser as the excitation source.
Radiation from the diode laser was attenuated to <15 mW using a series of neutral density

142

filters and focused onto the sample using a 20 microscope objective. Spectra were
collected between 1800 – 400 cm-1 and integrated for 30 s per scan with 1 scan per
spectrum. The SERS spectrum of each of the encapsulated cells with polyelectrolytes and
AgNP were collected applying a 30 µl sample droplet to a copperfoil substrate that was
cleaned thoroughly with copious amounts of methanol and acetone.294 The droplet was
dried in an incubator and then rinsed thoroughly with ultrapure water and stream of
nitrogen prior to analysis. A minimum of ten spectra were collected for each bacterial strain
from different locations on each individual substrate. The encapsulated cells were prepared
in duplicates for each M. pneumoniae strain to test for reproducibility of the LBL method.

Classification using chemometric analysis
Raman spectra were imported into GRAMS AI (Version 8.0 Thermo Electron Corp,
Waltham, MA) for spectral averaging and baseline correction. Chemometric analysis was
carried out with MATLAB version 7.2 (The Mathworks, Inc., Natick, MA), using the PLS
Toolbox version 7.0 (Eigenvector Research Inc., Wenatchee, WA). SERS spectra in the
range 1650 – 700 cm-1 were used for classification. Prior to analysis, first derivatives of
the SERS spectra were calculated using the Savitzky-Golay method with a 2nd order
polynomial and a fifteen-point window. Each data set was then vector normalized and
mean centered. Multivariate statistical analysis of the extracted mycobacterial lipids was
performed using principal components analysis (PCA), hierarchical cluster analysis
(HCA), and partial least squares discriminant analysis (PLS-DA) using the PLS Toolbox
software. The calculated principal components were used as inputs to the HCA algorithm,
which used the Ward’s method algorithm to evaluate minimum variances within clusters.
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7.4 Results and Discussion
Characterization of LBL Encapsulated Mycoplasma. We used M. pneumoniae wild-type
strain FH as a model organism to illustrate the LBL encapsulation procedure. Synthetic
polycation/polyanion pairs, i.e. PDADMAC/PSS, were used to produce layered shells that
covered the bacteria. Two PDADMAC samples of different molecular weights were used
to encapsulate the mycoplasma as separate procedures in order to explore the effects it can
potentially have in the overall appearance and hardiness of the capsule. The procedures
were repeated numerous times. Since this is a wet chemical procedure, the mycoplasma
cells were suspended with the polyelectrolyte solutions, centrifuged, washed a number of
times in between the consecutive alternation of PDADMAC and PSS. The polyelectrolytes
were used to produce layered shells that covered the cell wall-less bacteria. PDADMAC
was deposited as the first layer to balance the negative surface charge of the mycoplasma
cells, followed by the polyanion PSS, and then a final layer of PDADMAC was added
before the addition of the final layer of AgNP colloids. This final layer provides higher
stability to the structure, as well as sensitivity to temperature and permeability.243

285 251

Figure 7.1 shows a schematic representation of the deposition process. The purpose of our
study was not to analyze in depth the effect of the ionic strength of the salt solution (e.g.
NaCl in water) to prepare the polyelectrolyte solutions, we didn’t end up using 0.5M NaCl
due to the poor aggregation of the polyelectrolyte pair on the surface of the mycoplasma
whole cells(data not shown). As we increased the ionic strength of the salt solution to 3.0M
NaCl, this resulted in an increase of the adsorption of the PDADMAC/PSS pair towards
the mycoplasma cells due to decreasing electrosteric repulsion interactions295
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which could lead to a thicker and more coiled structure as will be discussed later in this
section.
The cells were washed after every LBL deposition cycle to remove any excess
polyelectrolytes. Deposition of the polyelectrolyte-coated mycoplasma cells with AgNPs
could initially be monitored visually. Originally, the cell suspensions were clear; however,
the suspended cells acquired a brownish-yellow color during the deposition of the AgNPs.
The color of the suspension was due to the presence of the bound AgNPs in the LBL matrix
and not to free, unbound nanoparticles, as these were removed during the washing steps.
The presence of the polyelectrolyte-encapsulated AgNPs enhances the aggregation of the
mycoplasma cells into clusters. Aggregation has previously been reported in LBL
polyelectrolyte encapsulation of other bacterial species, with the extent of aggregation
depending on the fixation protocols as well as the bacterial cell surface biochemistry.161
The chemical natures of the polyelectrolytes, as well as the solution ionic strength, have a
strong influence on the polyion complexes that are formed as well.285 263 262 264
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Figure 7.1

Schematic illustration of the encapsulation of the M. pneumoniae whole
cells into the polyelectrolyte shells containing silver nanoparticles.
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Cell morphology of wild-type M. pneumoniae M129 wild type and mutant II-3 was directly
characterized by SEM, as previously described.35 Mycoplasmas have a marked tendency
toward pleomorphism due to the absence of a cell wall.259 260 299 We used an environmental
SEM (ESEM) to monitor the deposition process for our work. This technique is commonly
employed for the detection of different living organisms on a “wet” and/or uncoated
state.261 ESEM micrograph of the uncoated, wild-type FH cells is shown in figure.7.2A.
The cell in this image appeared as a round ovoidal shape with a smooth surface. The cells
tended to clump together. The size variation was approximately 1.5-2 µm in length and
0.5-1 µm in width.
The polyelectrolyte-encapsulated cells were also characterized by ESEM, as seen in
figures.7.2B and 7.2C. Comparing the smooth surfaces seen on the uncoated bacteria cells
in figure.7.2A, the encapsulated FH cells when using HMW PDADMAC incorporating
AgNP’s of figure.7.2.B, show rough and more peaky features. The encapsulated FH cells
when using LMW PDADMAC incorporating AgNP’s of figure.7.2.C shows a smooth and
in some points of the surface, grainy features. In both cases we see more of an organized
encapsulated ovoidal structures in comparison to the uncoated cell. Although the density
of the coverage with nanoparticles is not visibly high, a number of single and aggregated
nanoparticles can be seen on cell surfaces.

147

Figure 7.2

SEM images of (A) M. pneumoniae FH uncoated whole cells, (B) M.
pneumoniae FH/PDADMAC/PSS/PDADMAC/AgNP encapsulated cell
when using PDADMAC-HMW, (C) M. pneumoniae
FH/PDADMAC/PSS/PDADMAC/AgNP encapsulated cell when using
PDADMAC-LMW.
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Atomic force microscopy was applied to visualize the surface structure and measure the
thickness of the polyelectrolyte encapsulated FH cells. We carried out all experiments in
tapping mode in order to investigate the morphology, thickness and robustness of the
cells.288 Images taken of the encapsulated FH cells when using LMW PDADMAC
incorporating AgNP’s are shown in figures 7.3A and 7.3B. The topographical images
reveal a smooth and porous surface mostly throughout the encapsulated cell. When
rastering the surface throughout the coverslip we noticed that there were minor capsule
height differences found that ranged from 250-408 nm. In addition, the phase images
(figure 7.3C) reveal consistency of polymer as well as nanoparticle coverage around a
given cell. Images taken of the encapsulated FH cells when using HMW PDADMAC
incorporating AgNP’s are shown in figures 7.3D and 7.3E. As seen from the SEM
micrographs the AFM images also reveal show rough and more peaky features in
comparison to the encapsulated cells done with LMW PDADMAC. We also noticed
smaller as well as minor capsule height differences found that ranged from 134-300 nm,
the phase images (figure 7.3F) reveal consistency of polymer as well as nanoparticle
coverage around a given cell. As can be seen in the AFM images depicting the cells
encapsulated in shells doped with silver nanoparticles form thin shells. This could be due
to the tendency of an exponential growth mechanism of PDADMAC/PSS
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on the

bacteria due strong polymer interactions that led to a decrease in film thickness.286 300 We
noticed experimentally that the capsules prepared at a higher molecular weight of the
PDADMAC polyelectrolyte and according to the core-shell morphology of the LBL
encapsulated mycoplasma cell structure, the thickness of this capsule should be higher.301.
In both types of capsules showed within since we used 3.0 M NaCl solutions to prepare the
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polyelectrolyte solutions, at high salt concentrations the polyelectrolyte complex formed
encapsulating the bacteria should have a coiled conformation explained by the screening
of the opposing polyelectrolyte charges of the chains, which diminishes the internal
repulsion of the charged monomers.302 132
SERS Spectra of the M. pneumoniae Strains. The Raman spectra of bacteria reflect
predominantly phenotypic information arising from proteins, nucleic acids, lipids,
carbohydrates and endogenous biomolecules.303

304

In order to detect and identify

pathogens of interest, it is necessary to ensure that the observed Raman bands are specific
to the targeted organisms but not to the overall environment, e.g. the media or solvents.
The mycoplasma SP4 growth medium is removed from the sample prior to spectral
analysis; therefore, it was not included in the background analysis. Instead, the background
and controls used in these samples were from the LBL assembly process that includes both
polyelectrolytes as well as the AgNPs, i.e., the silver nanoparticle-polyelectrolyte layer
Ag/PDADMAC(HMW)/PSS and Ag/PDADMAC(LMW)/PSS on separate experiments.
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Figure 7.3

Tapping mode AFM images of (A) topographic image 2D view of FH
coated with the polyelectrolytes and AgNP’s when LMW PDADMAC is
used, (B) topographic image 3D view of FH coated with the
polyelectrolytes and AgNP’s when LMW PDADMAC is used, (C) phase
image view of FH coated with the polyelectrolytes and AgNP’s when
LMW PDADMAC is used,(D) topographic image 2D view of FH coated
with the polyelectrolytes and AgNP’s when HMW PDADMAC is used,
(E) topographic image 3D view of FH coated with the polyelectrolytes and
AgNP’s when HMW PDADMAC is used, and (F) phase image view of
FH coated with the polyelectrolytes and AgNP’s when HMW PDADMAC
is used.
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The SERS spectra obtained experimentally were highly reproducible for both LBL
mycoplasma encapsulation methods. Figure 7.4 and figure 7.5 show the SERS spectra
taken

from

samples

with

the

encapsulation

procedures

Mycoplasma/PDADMAC(HMW)/PSS/PDADMAC(HMW)/AgNP
Mycoplasma/PDADMAC(LMW)/PSS/PDADMAC(LMW)/AgNP

and
respectively.

The

samples were prepared as described above, and then spot dried on a piece of copper foil.
Spectra of the dried samples were obtained from 10 different locations.

The SERS

experiments were repeated several times with a newly prepared sample each time. This
approach was used when acquiring the SERS spectra of all the M. pneumoniae strains, as
well as the Ag/PDADMAC/PSS control in separate experiments.
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Figure 7.4

Representative SERS spectra when the bacterial encapsulation procedure
involved

HMW

PDADMAC

for

(A)

the

control

sample

AgNP/PDADMAC/PSS. The M. pneumoniae strains, (B) M129, (C) FH
and, (D) II-3. The mycoplasma commensal strains, (E) M. orale and (F) M.
salivarum. Each spectrum is an average of 10 spectra obtained for each
sample. The spectra have been baseline corrected and normalized for
visualization.
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Figure 7.5

Representative SERS spectra when the bacterial encapsulation procedure
involved

LMW

PDADMAC

for

(A)

the

control

sample

AgNP/PDADMAC/PSS. The M. pneumoniae strains, (B) M129, (C) FH
and, (D) II-3. The mycoplasma commensal strains, (E) M. orale and (F) M.
salivarum. Each spectrum is an average of 10 spectra obtained for each
sample. The spectra have been baseline corrected and normalized for
visualization.
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SERS is highly dependent on, and sensitive to, the proximity of the AgNPs to the cell
surface. Functional groups such as COO- and NH2+ may define the modes of interaction
between the bacterial surface of the intact mycoplasma whole cells and the AgNPs.60
159 142
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Figures 7.4 and 7.5 illustrate the average SERS spectra in the 1800 – 400 cm-1 range

of the three M. pneumoniae strains, two commensal mycoplasma strains M. orale and M.
salivarum and the Ag/PDADMAC(HMW)/PSS and Ag/PDADMAC(LMW)/PSS control
samples used in separate experiments. For each sample, including the control, ten spectra
were taken at each of two different spots, baseline-corrected, and normalized for
visualization. Inspection of the SERS spectra from figures 7.4 and 7.5 we saw the Raman
vibrations, with the exception of a few differences found in the spectra of the some of the
strains. From figure 7.4 the Raman vibrations at 1614, 1587, 1452, 1401, 1382 and 1304cm1

among other bands were found in all spectra, although their intensities varied.272 The

spectra of the different strains did exhibit some differences; for example, the band at
1611cm-1 was present just in M129 and FH while a vibration at 1356 cm-1 was just present
in the mutant strain II-3. The commensal strains M. orale and M. salivarum did not show
any characteristic bands that visually could distinguish these strains separately from the
two wild type strains as well as the mutant strain II-3. The spectra obtained from the other
encapsulation method is shown in figure 7.5, SERS spectra showed similar vibrations as
those found in figure 7.4. The Raman vibrations at 1611, 1585, 1452, 1399, 1274 and 964
cm-1 among other bands were found in all spectra, although their intensities varied. As
stated previously some different vibrational bands are found among all strains and the
commensal strains did not show any characteristic bands that could visually distinguish
these strains separately from the others. The most significant spectral differences were seen
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to occur in the 1000 – 400 cm-1 region in both encapsulation methods. A list of the observed
Raman vibrations in figures.7.4 and 7.5 as well as their tentative assignments are found in
Table 7.1 and Table 7.2 for both encapsulation methods discussed within the contents.
Detailed spectral band assignments have been published elsewhere.161 60,89,159,253,272
Classification of the M. pneumoniae Strains. The cell wall-less prokaryote Mycoplasma
pneumoniae causes bronchitis and atypical pneumonia in humans.155,305,306 It is mostly
bound by only a cell membrane containing numerous surface-exposed membrane proteins
and glycolipids. Raman bands that where present in the encapsulated intact whole cells
obtained experimentally were more frequently associated with vibrations present in
amino acids and lipids.
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Table 7.1 Raman bands appearing in the LBL SERS spectra of M. pneumoniae strains
when using the
Mycoplasma/PDADMAC(HMW)/PSS/PDADMAC(HMW)/AgNP
encapsulation

Raman Shift cm-1
M129

FH

II-3

M.orale

M. salivarum

Vibrational Mode Assignment

1613

1614

1615

1616

1617

vs(C=O ) carboxylic acid

1587

1587

1587

1587

1587

Guanine, Adenine (ring stretch)

1452

1452

1452

1452

1452

δ(C-H2) sci.; CH3 antisym. bend

1401

1401

1401

1401

1401

C-O-H bend; (CH2)n in-phase twist

1382

1382

1382

1382

1382

C-H def

1356

Amide III

1304

1304

1304

1304

1304

Amide III

1279

1279

1279

1279

1279

C-O-H bend,Amide III

1195

1195

1195

1195

1195

vas(COC); δ(CH),Amide III
δ (C-H), Tyr

1152

1152

1152

1152

1152

C-N and C-C stretch

1131

1131

1131

1131

1131

1048

1048

1048

1039

1048

C-N and C-C stretch
C-C skel. str in alkane; vas(COC) ; C-N
and C-C stretch

996

994

994

1001

1003

phenylalanine

962

962

962

962

962

C-C str

930

930

930

930

930

Thr, Trp, C-COO stretch Tyr

792

792

792

792

792

Cytosin, uracil (str, ring); CH2 in-phase
rock

752

Trp; Glucose, Galactose

1247

752
684

684

684

684

684

adenine

641

641

641

641

641

Phenylalanine (skeletal)
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Table 7.2 Raman bands appearing in the LBL SERS spectra of M. pneumoniae strains
when using the
Mycoplasma/PDADMAC(LMW)/PSS/PDADMAC(LMW)/AgNP
encapsulation

Raman Shift cm-1
M129

FH

1611

1611

1585

1585

II-3

M. orale

M. salivarum

Vibrational Mode Assignment
vs(C=O ) carboxylic acid, Tyr

1585
1508

1585

1585

Guanine, Adenine (ring stretch)
C-O-H bend; (CH2)n in-phase twist

1452

1452

1452

1452

1452

δ(C-H2) sci.; CH3 antisym. bend

1399

1399

1399

1399

1399

C-O-H bend; (CH2)n in-phase twist

1388

1388

1388

1388

1388

C-H def

1299

1299

1299

1299

Amide III

1276

1274
1257

1274

1274

1274

1193

1193

1193

1150

1150

1150

1126

1126

1129

1129

C-N and C-C stretch

1043

1043

1043

1043

C-C skel. str in alkane; vas(COC) ; C-N and C-C
stretch

1005

1005

1005

1005

1005

phenylalanine

964

964

964

964

964

891

891

891

792

792

792

792

792

Cytosin, uracil (str, ring); CH2 in-phase rock

684

684

684

684

684

adenine

639

639

639

639

639

Phenylalanine (skeletal)

C-O-H bend,Amide III
vas(COC); δ(CH),Amide III

1193

δ (C-H), Tyr

1193

C-N and C-C stretch

C-C stretch, PO4
COO- str carboxylic acid
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The excellent spot-to-spot and sample-to-sample reproducibility of the SERS Raman
spectra offered by the LBL methods allows for multivariate analysis as a method for
classification and identification.274 The statistical basis for the application of chemometric
techniques to vibrational spectroscopy is well established. Spectral interpretation can be
accompanied by unsupervised pattern recognition methods such as principal component
analysis (PCA)142 and hierarchical cluster analysis (HCA), as well as supervised methods
such as partial least squares discrimination analysis (PLS-DA).90,94,269 We have previously
used chemometric methods to analyze nanorod-array SERS spectra of human and avian
mycoplasma species extracted into a water-formalin mixture for inactivation of the
bacteria, a process that potentially lyses the cells,150,151 we are also as far as we know to be
the first to use the LBL method to ensure preparation of whole, intact encapsulated
mycoplasma cells for use in SERS classification studies.37 The high quality and
reproducibility of the LBL SERS spectra, as seen in figures.7.4 – 7.5, demonstrate that
these spectra are suitable for use in subsequent multivariate statistical processing steps. The
statistical methods PCA, HCA, and PLS-DA were used to determine whether it is possible
to discriminate between these five different mycoplasma strains and controls based solely
on their LBL SERS spectra. PCA is the most commonly employed technique, it reduces
dataset dimensionality by calculating orthogonal eigenvector projections, and facilitates
establishing patterns and grouping of similar spectra,60,240,276 reduces spectral noise and
maximizes total spectral variance among spectral fingerprints for all the mycoplasma
strains. Principal components were calculated from the SERS spectra of the two M.
pneumoniae M129 and FH wild-type strain, the mutant II-3 strain, and two mycoplasma
commensals M. orale and M. salivarum. Two control samples consisting of
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Ag/PDADMAC(HMW)/PSS

and

Ag/PDADMAC(LMW)/PSS

used

in

separate

experiments depending on the encapsulation method being analyzed. The PC model
consisted of 60 raw spectra, 10 spectra for each M. pneumoniae strain, the two commensal
strains, and the control, and was calculated using LBL SERS spectra in the 1650 – 700 cm1

range.

As shown in figures 7.6 and 7.7 are the PCA plots for the encapsulation methods
Mycoplasma/PDADMAC(HMW)/PSS/PDADMAC(HMW)/AgNP

and

Mycoplasma/PDADMAC(LMW)/PSS/PDADMAC(LMW)/AgNP respectively. As seen
in figure 7.6 and 7.7 these plots resulted in five different clusters in which all of them had
clusters that significantly overlapped. In figure 7.6 the encapsulation method provided the
best comparison of the processed spectra using principal components 1 and 2 clearly
differentiated two of the mycoplasma strains, which belong to the commensal strains
respectively. The control Ag/PDADMAC(HMW)/PSS sample as well as the other M.
pneumoniae strains clustered in a region with a significant degree of overlap. On figure 7.7
we saw better results, the control Ag/PDADMAC(LMW)/PSS clustered almost entirely
from that of the M. pneumoniae strains as well as the commensal strains. We can also
observe that the model clustered separately the M. pneumoniae strains M129, FH, and II-3
from the mycoplasma commensal strains M. orale and M. salivarum, even though in both
clustered regions there is significant overlap between the strains that the model grouped
there respectively. In addition, a hierarchical cluster analysis
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Figure 7.6

PCA scores plot corresponding to the raw SERS spectra when the bacterial
encapsulation

procedure

involved

HMW

PDADMAC,

control

Ag/PDADMAC/PSS (), and M. pneumoniae strains FH (), M129 ()
and II-3 (*) and the commensal strains, M. orale ( ), and M. salivarum ( ).
The PC model was constructed from the SERS spectra of the corresponding
species using the spectral range 1650-700 cm-1.
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Figure 7.7

PCA scores plot corresponding to the raw SERS spectra when the bacterial
encapsulation

procedure

involved

LMW

PDADMAC,

control

Ag/PDADMAC/PSS (), and M. pneumoniae strains FH (), M129 ()
and II-3 (*) and the commensal strains, M. orale ( ), and M. salivarum ( ).
The PC model was constructed from the SERS spectra of the corresponding
species using the spectral range 1650-700 cm-1.
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Figure 7.8

A hierarchical cluster analysis dendrogram derived from the PC scores of
the M. pneumoniae and commensal species when the bacterial
encapsulation procedure involved HMW PDADMAC. The nodes group
into four recognized clusters and are labeled according to the samples. (A)
II-3 (sky blue) ; (B) M129 (green) ; (C) FH (blue); (D) M. orale (orange);
(E) M. salivarum (light green) and control sample (D) Ag/PAH/PSS(red).
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Figure 7.9

A hierarchical cluster analysis dendrogram derived from the PC scores of
the M. pneumoniae and commensal species when the bacterial
encapsulation procedure involved LMW PDADMAC. The nodes group into
four recognized clusters and are labeled according to the samples. (A) II-3
(sky blue) ; (B) M129 (green) ; (C) FH (blue); (D) M. orale (orange); (E)
M. salivarum(light green) and control sample (D) Ag/PAH/PSS(red).
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(HCA) of the LBL SERS spectra was calculated using their principal components. The
resulting dendrograms, calculated using the Ward’s linkage for both encapsulation
methods (figures. 7.8 and 7.9), shows that there was significant overlap with the clustered
mycoplasma strains. But still the algorithm used still could cluster separately the M.
pneumoniae strains from the mycoplasma commensal strains.
In addition to the unsupervised PCA and HCA methods, we used PLS-DA to quantitatively
determine statistically significant differences among the strains. PLS-DA, unlike HCA and
PCA, is a full spectrum, multivariate, supervised method whereby prior knowledge of the
classes is used to yield more robust differentiation, minimizing class variation while
emphasizing latent variables between or among classes.186,307 When using PLSDA, it is
important to include an appropriate control to avoid over- or under-fitting the statistical
models.

For

this

purpose

we

again

included

the

control

samples

Ag/PDADMAC(HMW)/PSS and Ag/PDADMAC(LMW)/PSS respectively on separate
models because of the two different encapsulation methods as seen in figures 7.10 and
7.11.
Figures 7.10 and 7.11 present the results of the PLS-DA analyses of the mycoplasma strains
with both encapsulation methods. The models were built separately, each were generated
using 60 spectra (10 per mycoplasma strain, and 10 for the control samples). The horizontal
red line in each panel of figures. 7.9 and 7.10 is a calculation of a threshold value of
prediction for each modeled class. Spectra with predicted values above the threshold level
are determined to belong to a particular class, while spectra with the predicted values below
are excluded. Each panel correspond to the predictions made for the control samples
Ag/PDADMAC/PSS (figures. 7.10A and 7.11A), M129 wild-type (figures.7.10B and
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7.11B), FH wild-type (figures. 7.10C and 7.11C), II-3 mutant (figures. 7.10D and 7.11D),
M. orale (figures 7.10E and 7.11E) and M. salivarum (figures 7.10F and 7.11F). From
figure 7.10 the analysis used 5 latent variables that captured 78.65% of the total variance,
followed by cross-validation using Venetian blinds with 7 splits. It is clear from all the
panels that PLS-DA was able to classify each spectrum in its class with 90-100% accuracy.
The analysis from figure 11 used 6 latent variables that captured 94.87% of the total
variance, followed by cross-validation using Venetian blinds with 7 splits and classifying
every spectrum with a slight variability with the accuracy percentage 80-100%. Tables 3
and 4 provide the statistics from the PLS-DA models, with root-mean square error after
cross-validation (RMSECV) of 0.05-0.1 for all classes.
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Figure 7.10

PLS-DA cross validated prediction plot based on the SERS spectra of the
M. pneumoniae and mycoplasma commensal species when the bacterial
encapsulation procedure involved HMW PDADMAC. Horizontal red line
denotes calculated class prediction threshold level. (a) Predictions for
control Ag/PDADMAC/PSS (), (b) Predictions for Predictions for M.
pneumoniae M129 (), (c) M. pneumoniae FH (), (d) Predictions for M.
pneumoniae II-3 (*), (e) Predictions for M. orale ( ), and (f) Predictions
for M. salivarum ( ) . Sixty spectra, corresponding to 10 spectra in each
sample category, are represented in this plot.
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Figure 7.11

PLS-DA cross validated prediction plot based on the SERS spectra of the
M. pneumoniae and mycoplasma commensal species when the bacterial
encapsulation procedure involved LMW PDADMAC. Horizontal red line
denotes calculated class prediction threshold level. (a) Predictions for
control Ag/PDADMAC/PSS (), (b) Predictions for Predictions for M.
pneumoniae M129 (), (c) M. pneumoniae FH (), (d) Predictions for M.
pneumoniae II-3 (*), (e) Predictions for M. orale ( ), and (f) Predictions
for M. salivarum ( ) . Sixty spectra, corresponding to 10 spectra in each
sample category, are represented in this plot
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It was remarkable to see form both models the high classification sensitivity, considering
that both M129 and FH are both pathogenic wild types. Key differences in several major
surface proteins have been described,308,309 such as the protein P65310 which differs in both
strains. II-3 is a mutant strain derived from the wild type strain M129, in both models it
was classified separately. One of the main reasons could be attributed to the lack of
production of the P30 integral membrane protein located at the distal end of the terminal
organelle.311 The lack of production of this protein makes this strain unable to attach to
host cells. In both models the M. pneumoniae strains clearly classified separately from the
commensal strains. The commensals strains are usually respiratory and urogenital tract
inhabitants, but they can become pathogenic.312 M. orale and M. salivarium, usually
commensals of the oro-pharynx, may be found in the lower respiratory tract of patients
with chronic bronchitis, although it is not clear that they have an effect on the severity of
bronchitis.313 Several potential challenges exist to widespread clinical application of LBL
for mycoplasma detection. For example, the increased biochemical complexity and
variability in clinical specimens could confound interpretation of the spectral patterns.

7.5 Conclusions
M. pneumoniae is a significant human respiratory tract pathogen with respect to both
incidence and impact, but diagnostic strategies are complicated by un-describable
symptoms, complex disease presentation, and the numerous challenges posed by direct
culture. Serologic testing in the past has been the method of choice for diagnosis but suffers
which make it impractical and unreliable. Currently, the lack of a simple, rapid, clinical
diagnostic test delays initiation of appropriate treatment, and increases the risk of continued
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transmission and long term sequelae. The research stated within was to develop an
experimental platform in which M. pneumoniae and clinical mycoplasma commensal
whole cells were encapsulated layer-by-layer (LBL) with polyelectrolyte thin films
incorporating Ag nanoparticles to obtain high quality SERS spectra to increase the
accuracy in identifying and differentiating these different strains. A diagnostic method that
can identify pathogens rapidly and distinctively with minimum sample preparation has
major benefits in the prevention of epidemic outbreak and infectious agents.
We previously established an LBL platform consisting of polyelectrolytes such as PAH
and PSS incorporating silver nanoparticles exhibit robust and reproducible spectrum
enhancement for biosensing applications for M. pneumoniae whole cells. Here we extend
those findings we used two different polyelectrolyte layer arrays consisting of PDADMAC
at different molecular weights over the mycoplasma cells to illustrate the effectiveness of
the LBL encapsulation procedure. We used three strains of M. pneumoniae as model
organisms and incorporated two mycoplasma commensal strains. The encapsulated
bacteria were investigated using SEM and AFM microscopy techniques. The SEM
micrographs showed the uncoated bacteria cells in figure.7.2A have very smooth surfaces
in comparison the encapsulated FH cells when using HMW PDADMAC incorporating
AgNP’s of figure 7.2.B, show rough and more peaky features. The encapsulated FH cells
when using LMW PDADMAC incorporating AgNP’s of figure 7.2.C show a smooth and
in some points of the surface grainy features. In both cases we saw more of an organized
ovoidal encapsulated structures in comparison to previous studies done in our facilities.37
The AFM

taken of the encapsulated FH cells when using LMW PDADMAC

incorporating AgNP’s shown in figures 7.3A and 7.3B revealed a smooth and porous
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surface mostly throughout the encapsulated cell. When rastering the surface throughout the
coverslip we noticed that there were minor capsule height differences found that ranged
from 250-408 nm. AFM images taken of the encapsulated FH cells when using HMW
PDADMAC figures 7.3C and 7.3D in comparison with the SEM reveal rough and more
peaky features in comparison to the encapsulated cells done with LMW PDADMAC. We
also noticed smaller as well as minor capsule height differences found that ranged from
134-300 nm. Based on experimental observation, the capsules prepared at a higher
molecular weight of the PDADMAC polyelectrolyte and according to the core-shell
morphology of the LBL encapsulated mycoplasma cell structure, the thickness should be
higher.301
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Table 7.3 Discrimination results from PLS-DA analysis of the LBL SERS spectra of three
M. pneumoniae strains and two mycoplasma commensal strains, including a
control sample (Ag/PDADMAC/PSS). Samples done with PDADMAC-high
molecular weight (HMW).

Modeled classa,b
Controlc
M129
FH
II-3
M.orale
M. salivarum

Sensitivityd
(CV)
1.000
1.000
0.900
1.000
1.000
1.000

Specificity
(CV)
0.960
0.960
0.940
1.000
1.000
1.000

a

Class Errore
(CV)
0.010
0.020
0.080
0.000
0.000
0.000

RMSECf
0.207
0.166
0.210
0.058
0.040
0.155

Seventy total spectra were used, 10 for each modeled class. Before calculation, spectra
were pre-processed by calculating 1st derivatives, followed by vector normalization and
mean centering.
b
Five latent variables, accounting for 78.65% of the captured variance, were used in this
model.
c
Control sample consisted of Ag nanoparticles derivatized with PDADMAC and PSS
layers.
d
CV, cross-validation based on Venetian blinds method with 7 splits.
e
Class Error, classification error after cross-validation.
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Table 7.4 Discrimination results from PLS-DA analysis of the LBL SERS spectra of three
M. pneumoniae strains and two mycoplasma commensal strains, including a
control sample (Ag/PDADMAC/PSS). Samples done with PDADMAC-low
molecular weight (LMW).

Modeled class
Control
M129
FH
II-3
M. orale
M. salivarum

Sensitivity
(CV)
1.000
0.800
0.800
1.000
1.000
1.000

Specificity
(CV)
1.000
0.880
0.860
0.960
1.000
1.000

a

Class Error
(CV)
0.000
0.160
0.170
0.020
0.110
0.190

RMSEC
0.082
0.220
0.248
0.159
0.210
0.230

Seventy total spectra were used, 10 for each modeled class. Before calculation, spectra
were pre-processed by calculating 1st derivatives, followed by vector normalization and
mean centering.
b
Six latent variables, accounting for 94.87% of the captured variance, were used in this
model.
c
Control sample consisted of Ag nanoparticles derivatized with PDADMAC and PSS
layers.
d
CV, cross-validation based on Venetian blinds method with 7 splits.
e
Class Error, classification error after cross-validation.
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SERS spectra of the LBL encapsulated whole cell mycoplasma strains showed a high
degree of reproducibility with good signal-to-noise, making detailed spectral band
assignments possible (figures. 7.4-7.5 and Tables 1 and 2).Unsupervised methods of
multivariate statistical analysis, including PCA and HCA, although it didn’t show a high
degree of qualitative class discrimination, it did classify separately the M. pneumoniae
strains from the clinical commensal strains for both encapsulation methods. The modeldependent method PLS-DA (figure.7.9 and Table 7.2) provided quantitative statistical
measurements of the sensitivity and specificity for both LBL encapsulation methods for
discrimination between the three M. pneumoniae, two commensal strains and control. It is
clear from all the panels that PLS-DA was able to classify each spectrum in its class with
90-100% accuracy when using the model that incorporated PDADMAC at a high
molecular weight within the LBL structure. PLS-DA models that incorporated PDADMAC
at a low molecular weight within the LBL structure was able to classify each spectrum in
its class with 85-100% accuracy.
This study demonstrated that LBL polyelectrolyte encapsulation combined with Ag
nanoparticle SERS provides a promising platform for accurate identification and
differentiation of M. pneumoniae strains.

The speed, specificity, and ease of

implementation of the LBL technique along with SERS represents a valuable alternative
to current bacterial diagnostic techniques. The advantage of the LBL method is that
charged polyelectrolyte layers should increase the number of contact points between the
AgNPs nanoparticles and the bacterial cell for improved SERS spectral quality. The
technique also shows promise for adaptation to sample preparation of M. pneumoniae
infections in clinical specimens. A more comprehensive analysis of M. pneumoniae stains
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with mycoplasma commensal clinical isolates is underway to assess further the
discriminatory capacity of this LBL technique as a SERS platform.
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CHAPTER 8
Multivariate Statistical Classification for Differentiation of Human Mycoplasma
Strains by using Layer-by-Layer (LbL) Encapsulation Method

`

Choi, J.Y.‡, Rivera-Betancourt, O.E.‡, Henderson, K.C., Krause, D.C., Dluhy, R.A.
‡ Represents co-authorship
To be submitted to
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8.1 Abstract
Development of a biosensing platform for a rapid, sensitive, accurate, and convenient
detection of bacteria and infectious diseases has been challenging. Here, we report a
powerful self-assembled layer-by-layer (LbL) based SERS technique for whole bacterial
cells detection.

By consecutively alternating polyelectrolytes of opposite charges,

multilayer films are formed and different mycoplasma cells are encapsulated with
polyelectrolytes and Ag nanoparticles and used for a rapid and sensitive identification of
biologically similar bacterial strains. Pathogenic Mycoplasma pneumoniae M129 subtype
strain and 11 human commensal strains (Mycoplasma genitalium, Mycoplasma orale,
Mycoplasma

salivarium,

Mycoplasma

amphoriforme,

Mycoplasma

fermentans,

Mycoplasma hominis, Ureaplasma parvum, Mycoplasma penetrans, Mycoplasma pirum,
Mycoplasma spermatophilum, Ureaplasma urealyticum) were analyzed for detection.
Here, we determine the spectral features by ANOVA (Analysis of Variance) along with
post-hoc Tukey Honestly Significance Difference (HSD) test to identify the wavebands
that best differentiate between different bacteria strains.
Multivariate analysis such as Partial Least Squares Discriminant Analysis (PLS-DA) and
Support Vector Machine Discriminant Analysis (SVM-DA) discriminate between
different mycoplasma bacterial cells with high classification accuracy by having ~ 95 %
classification accuracy for a 5 class model and ~85 % for a 13 class model, respectively.
This study demonstrated the feasibility of SERS method for direct identification of whole
bacterial cells without amplification or labeling.
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8.2 Introduction
One of the most important causes of respiratory tract infections, including pneumonia, is
Mycoplasma pneumoniae. This cell wall-less bacterium is a human pathogen that causes
up to 20 % of all cases of community-acquired pneumonia (CAP).34 In children, the
contribution of M. pneumoniae to CAP may even be higher, reaching levels of more than
50 % among children aged 5 years or older, making M. pneumoniae the most common
aetiological agent of CAP in this age group.314 M. pneumoniae infection is acquired
through respiratory secretions and spreads efficiently within close living quarters, with
incubation periods as long as three weeks.43,151 Symptoms tend to be nondescript and the
disease often has complex and variable presentations, making definitive diagnosis
challenging.49,50,315 As a result, diagnosis of M. pneumoniae is often presumptive and relies
heavily on the combination of physical findings and elimination of other possible causes.
Gold standard techniques in infectious disease diagnostics include microscopy, tissue
culture, lateral flow immunoassays (also known as dipsticks or immunochromatographic
tests — ICTs), and enzyme-linked immunosorbent assays (ELISA). These techniques are
expensive, time-consuming, have limited ability to differentiate between multiple
pathogens, and have a poor detection threshold. Recently, the polymerase chain reaction
(PCR) technique has been adapted and utilized for pathogen detection. PCR has a higher
detection limit than previous techniques (e.g., 1 million times more sensitive than lateral
flow immunoassays) and can selectively differentiate pathogen strains.316 However, both
PCR and real-time PCR are limited by the same problems as the most commonly used
diagnostic techniques (e.g., high equipment cost, reagent expenses and requirement of
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skilled technicians) and have other hurdles such as the influence of contamination on the
measurement result and analysis times of several hours.317
The development of an inexpensive, ultrasensitive, rapid and selective biosensing method
for the detection of bacteria and infectious diseases has been challenging. In the past few
years, research on metal nanoparticles has attracted great interest due to their catalytic,318
biological,319 and sensing320 properties, which are different from bulk materials. Moreover,
the unique optical properties that result from surface plasmon resonance in the visible range
of the electromagnetic spectrum make them particularly attractive for optical applications.
The enhancement of the Raman signal on certain metal nanoparticles (surface-enhanced
Raman scattering, SERS)68,69 has proven to produce signals with scattering cross sections
which are able to achieve single molecule detection72,73,321 making SERS a powerful
analytical tool besides the investigation and structural characterization of interfacial and
thin film systems. Numerous approaches, including physical vapor deposition, oblique
angle vapor deposition,88 and electrodepostion322 are applied to produce SERS substrates
consequently. Alternatively, SERS active substrates have been made by the simple and
powerful self-assembled layer-by-layer (LbL) technique,160,161,252 which is a distinct
approach to prepare well-defined and controlled nanostructures. The characterization of
bacterial cells using SERS is attractive because whole bacterial cells are used in the
experiments by simple mixing with colloidal silver or gold nanoparticles most of the time.
The use of colloidal nanoparticles rather than surfaces can help to bring the nanoparticles
close to bacterial cell wall from as many points as possible.
The LbL technique makes multilayer film by alternating deposition of opposite
charges polyelectrolytes. In our work, polyelectrolytes and silver colloidal nanoparticles
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were used with different mycoplasma strains in order to improve spectral quality and
reproducibility. We have previously reported a SERS platform for mycoplasma detection
that is based on modification of Ag nanoparticles (AgNP) to increase their affinity towards
the bacteria. The direct placement of Ag nanoparticles onto living cells can affect the
viability of cells either during the process of the deposition of the nanoparticles or shortly
after. Therefore, we used the of layer-by-layer (LbL) encapsulation technique, which
commonly are widely used for the modification of substrates such as planar surfaces and
nanoparticles.242,254
We recently evaluated nanoparticle encapsulated mycoplasma cells as a platform
for the differentiation of M. pneumoniae strains using surface enhanced Raman scattering
(SERS) combined with multivariate statistical analysis. Three separate M. pneumoniae
strains (M129, FH and II-3) were studied. SERS spectra showed that the LBL
encapsulation provides excellent spectral reproducibility. Multivariate statistical analysis
of the Raman spectra differentiated the three M. pneumoniae strains with 97 – 100%
specificity and sensitivity, and low (0.1 – 0.4) root mean square error. These results
indicated that nanoparticle and polyelectrolyte encapsulation of M. pneumoniae is a
potentially powerful platform for rapid and sensitive SERS-based bacterial identification.37
In this paper, we extended our work to a panel of 11 other human commensal and
pathogenic mycoplasma strain M129 to demonstrate that this biosensing platform could
distinguish M. pneumoniae M129 from its clinically relevant closest phylogenetic relatives.
The complexity of the spectra obtained from a biological sample makes extracting
relevant information and interpreting the data challenging. The most primitive data
analysis procedures used for Raman studies such as peak-by-peak analysis and peak
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deconvolution do not allow for extensive data extraction and are a major limitation, often
involving tedious, error-prone manual analysis procedures. A wide variety of data analysis
methods have recently begun to be increasingly employed for evaluating Raman spectra,
including multivariate statistical methods such as principal component analysis (PCA), and
various machine learning-based data mining and optimizing methods.195

Recently,

considerable effort has been directed towards developing and evaluating different
procedures that objectively identify variables that contribute useful information while
eliminating variables that contain mostly noise or unnecessary information.193 Feature
selection in multivariate analysis is a critical step because during this procedure, noninformative variables are removed while retaining important variables. As a consequence
of this selection, better prediction results with simpler models can be obtained for
quantitative determinations and/or discrimination between biologically similar samples,
allowing interactive improvement of the quality of the data during the calibration
procedure.193 In this work, we report supervised classification algorithms such as partial
least square discriminant analysis (PLS-DA)37,92,151,207 and support vector machine
discriminant analysis (SVM-DA) 323-325 to generate statistical models for classification to
discriminate between M. pneumoniae M129 subtype strain versus a series of 11 human
commensal strains that are biologically phylogenetically similar. These algorithms in
conjunction with a feature selection method were used to select the critical spectral bands
that best contribute to discriminate and classify cell types based on variations in
biochemical compositions.

The model accuracy results obtained from these two

classification models were established based on spectral data using the whole experimental
spectral range and a selected amount of wavebands were compared.
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8.3 Experimental Methods

Chemicals. Poly(allylamine hydrochloride) (PAH, Mw ~15,000), sodium (polystyrene
sulfonate) (PSS, Mw ~70,000) were purchased from Sigma-Aldrich (St. Louis, MO).
PELCO® NanoXact™ citrate-capped Ag colloid nanoparticles (70 nm) were purchased
from Ted Pella, Inc., (Redding, CA).

Culture and Preparation of Bacterial Strains. One of the major type of M. pneumoniae
subtype M129 was used in this study. Mycoplasmas were grown to log phase with a 1
µl/ml inoculation. The wild-type strains was grown in 25 ml of SP4 medium326 258 in cell
culture flasks at 37˚C for 72 - 96 hr and harvested when the phenol red pH indicator turned
orange (pH approx. 6.5). The growth medium for the M129 strain was poured off and the
cells were scraped from the flask surface into 2.5 ml of fresh SP4 medium. Mycoplasma
suspensions were syringe-passaged 10 times with a 25-gauge needle to disperse the cells,
and aliquots of each were serially diluted for plating to measure colony-forming units
(CFU). A 500 µl aliquot of each strain was transferred to a separate tube and fixed in SP4
by adding 500 µl of 8% formaldehyde (pH 7.0-7.5) for a final 4 % formaldehyde
concentration and stored at 4˚C until used for cell encapsulation.

Preparation of non-M. pneumoniae human commensal and pathogenic species for layerby-layer SERS analysis. 11 human commensal and pathogenic Mollicutes species closely
related327 to M. pneumoniae were grown and harvested at the University of Alabama at
Birmingham (UAB). These included: Mycoplasma amphoriforme (ATCC A39, M6123),
Mycoplasma fermentans (ATCC 19989), Mycoplasma genitalium (ATCC 49897),
Mycoplasma hominis (ATCC Mh132), Mycoplasma orale (ATCC 23714), Mycoplasma
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penetrans (UAB reference strain collection, year 1995), Mycoplasma pirum (ATCC
25960), Mycoplasma salivarium (ATCC 23064), Mycoplasma spermatophilum (ATCC
49695), Ureaplasma parvum (ATCC Up1), and Ureaplasma urealyticum (ATCC Uu11).
For each culture, 500 μl to 1 ml of stock culture was inoculated into approximately 30 ml
of SP4, Hayflick’s, or 10B medium and incubated until the pH indicator turned a peach
color for M. genitalium, M. penetrans, M. pirum, and M. fermentans; a rose color for M.
hominis, M. orale, and M. salivarium; a pink color for U. parvum, and U. urealyticum; and
for 72 hr for M. spermatophilum. At the time of harvest the cells and spent media were
poured into 50 ml polycarbonate tubes and centrifuged at 8,000 rpm for 15 min, except for
Ureaplasma species, which were centrifuged for 1 hr. The supernatants were decanted and
the pellets suspended in 30 ml sterile PBS. The cells were washed by centrifugation at
8,000 rpm for 15 min as above, or 10,000 rpm for 1 hr for Ureaplasma species. The
supernatants were then decanted and the pellets suspended in 1 ml sterile PBS, transferred
to a 1.5 ml vial, and centrifuged at 14,000 rpm for 20 min. The supernatants were again
decanted and the pellets suspended in 1 ml sterile PBS and syringe-passaged using a 26gauge needle to disperse clumps. Aliquots were made for spotting onto a blood agar plate
to test for contamination, and plating for CFU and color-changing unit (CCU)
determination. Two 400 μl aliquots for each were centrifuged at 14,000 rpm for 20 min,
the supernatant was removed, and the pellets were frozen for shipment to UGA, where they
were stored at -80°C.

For SERS and quality control analysis, cell pellets were suspended in 1 ml sterile SP4 (pH
7.0) and syringe-passaged 10× with a 25 gauge needle to disperse clumps. Aliquots were
then made for DNA extraction, genome equivalent determination, protein assay, and SERS
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analysis. SERS samples were prepared by fixing 500 μl of suspended cells with 500 μl of
8 % formaldehyde in sterile SP4 (pH 7.0), and stored at 4°C until time of cell encapsulation.

Polyelectrolyte Encapsulation. A three-step wet chemical assembly process was used for
encapsulation of the mycoplasma cells as previously described37.

Step 1. Mycoplasma Phase. The first step involved encapsulating the bacterial cells in a
layer-by-layer fashion by alternating depositions of PAH/PSS/PAH.

Polyelectrolyte

solutions were dissolved in 0.5 M NaCl at the concentration of 1 mg/ml. The procedure
began by coating with PAH; 500 µl of the cell suspension was combined with 250 µl of 1
mg/ml PAH and 250 µl of 1 mg/ml PSS and mixed for 15 min at room temperature. This
mixture was centrifuged for 10 min at 17,000 rpm at 4˚C, excess polyelectrolyte solution
was discarded, and the cells were suspended and washed two additional times with cold
ultrapure water. The cell suspension was centrifuged for 10 min at 17,000 rpm at 4˚C after
each wash. To the same tube 250 µl of 1 mg/ml solution of PAH were added and cold
water to a final volume of 1 ml. The suspension was mixed for 15 min, and then centrifuged
for 10 min at 17,000 rpm at 4˚C. Excess polyelectrolyte solution was discarded and the
cells suspended and washed two times with cold ultrapure water. The supernatant was
discarded at this point leaving the pelleted cells.

Step 2. AgNP Phase. The second step involved coating the AgNP colloidal suspension
with PAH and PSS. 1 ml of the Ag colloid suspension was centrifuged at 7000 rpm for 10
min at 4˚C. The supernatant was discarded and an additional 900 µl of colloidal suspension
was added. To this AgNP suspension was added 50 l of 1 mg/ml PAH and the contents
mixed for 15 min. Then 50 l of 1 mg/ml PSS were added and the contents again mixed
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for 15 min. The suspension was then centrifuged for 10 min at 17,000 rpm at 4˚C. Excess
polyelectrolyte solution was discarded and the AgNP’s suspended and washed two times
with cold ultrapure water.

Step 3. Encapsulation of Cells. The encapsulated mycoplasma pellet from Step 1 was
mixed with the polyelectrolyte-coated AgNPs from Step 2 for 15 min and then centrifuged
for 10 min at 17,000 rpm at 4˚C. The supernatant was discarded and the pellet was
suspended and washed twice with cold ultrapure water, centrifuging for 10 min at 17,000
rpm after each wash. At the end of the process, the cells were suspended in water.

SERS Measurements of the Mycoplasma Strains. SERS spectra were acquired using a
Renishaw (Hoffman Estates, IL) inVia confocal Raman microscope system using a 785 nm
near-IR diode laser as the excitation source. Radiation from the diode laser was attenuated
to <15 mW using a series of neutral density filters and focused onto the sample using a 20
microscope objective. Spectra were collected between 1800 – 400 cm-1 and integrated for
30s per scan with 1 scan per spectrum. The SERS spectra of the encapsulated cells with
polyelectrolytes and AgNP were collected applying a 10 µl sample droplet to a copper foil
substrate that was cleaned thoroughly with copious amounts of methanol and acetone. The
droplet was dried in an incubator at 75˚C and then rinsed thoroughly with ultrapure water
and dried under a stream of N2 prior to analysis. A minimum of ten spectra were collected
for each bacterial strain from different locations on each individual substrate. Duplicate
samples of the LBL-AgNP assemblies for each M. pneumoniae strain were prepared to test
for reproducibility of the method.
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Multivariate Statistical Analysis. Raman spectra were imported into GRAMS AI (Version
8.0 Thermo Electron Corp, Waltham, MA) for spectral averaging and baseline correction.
Chemometric analysis was carried out with MATLAB version 7.2 (The Mathworks, Inc.,
Natick, MA), using PLS Toolbox version 7.0 (Eigenvector Research Inc., Wenatchee,
WA). SERS spectra in the range 1800 – 400 cm-1 were used for classification. Prior to
analysis, first derivatives of the SERS spectra were calculated using the Savitzky-Golay
method with a 2nd order polynomial and a fifteen-point window. Each data set was then
vector normalized and mean centered. Throughout the preprocessing steps, non-analyte
related spectral variances such as baseline variations or any other heterogeneities in the
substrate were eliminated. The resulting spectra were used for all data analysis. The
spectral quality was assessed by performing principal component analysis (PCA) to find
an outlier. An outlier was determined based on the corresponding PCA scores and
Hotelling T2 and Q Residuals. ANOVA along with post-hoc Tukey honestly significance
difference (HSD) test was used for a spectral feature selection method. Multivariate
analysis such as PLS-DA and SVM-DA were performed for classification. The LibSVM
software

toolbox

designed

by

Lin’s

lab

was

freely

downloaded

from

http://www.csie.ntu.edu.tw/~cjlin/libsvm and used to perform SVM-DA.
8.4 Results and Discussion
SERS Spectra and Samples. LbL encapsulation method was utilized for mycoplasma
bacterial cells detection and 10 SERS spectra for each strain were used in this study for
further data analysis. SERS spectra were taken from different spots of the same sample
prepared through the different time periods. They were spotted on separate copper foil cut
ups. Figure 8.1 illustrates the averaged, baseline-corrected, and normalized SERS spectra
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of 11 human commensal strains, M129 pathogenic strain and AgNP/PAH/PSS background
(control) over the spectral range of 1800 - 400 cm-1 for visualization. SERS spectra of
different strains show a high similarity of features with Raman vibrations at 792 (cytosine,
uracil (str, rang), CH2 in-phase rock), 1000 (phenylalanine), 1052 (C-C skel. Str in alkane,
C-N and C-C stretch), 1126 (C-N and C-C stretch), 1392 (C-O-H bend, (CH2)n in-phase
twist), 1577 cm-1 (guanine, adenine (ring stretch)), which can be found in all spectra.
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Figure 8.1

Un-preprocessed SERS spectra of 11 representative commensal strains,
M129 pathogenic strains with the LBL architecture and AgNP/PAH/PSS
alone (control).
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Feature selection. In this study, two different models were established; a 5 class model
including control, M129, M. genitalium, M. orale, M. salivarum and a 13 class model
containing control, M129, M. amphiroforme, M. fermentans, M. genitalium, M. hominis,
M. orale, M. penentrans, M. pirum, M. salivarum, M. spermatophilum, U. pavum, U.
urealyticum. One-way analysis of variance (ANOVA) followed by the post-hoc Tukey
honestly significance difference (HSD) test were used for feature selection to determine
the wavebands which contributes most for the best class discrimination. When we adopted
the feature selection method and build the calibration model, the over-fitting and
generalization issue needs to be considered. In this sense, ANOVA is a powerful method
with a fast computational time to compare the difference between group means. This
feature selection method can be generalized to more than two classes while avoiding
increasing in Type 1 error. The spectral responses of different classes were statistically
compared at every spectral location between 400 and 1800 cm-1. Rejection of the null
hypothesis (Ho = µ1 = µ2 = ⋯ = µn, where µn represents the mean spectra of the nth class)
was made by means of ANOVA at every spectral location with 99 % confidence limits (α
= 0.01). A total of 1780 and 2170 wavebands were selected for the 5 and 13 class models
respectively, with p-values less than 0.01 at a 99 % confidence level. These selected
wavebands have a discriminative capability for distinguishing spectral variance between
classes from its variance within class. The post-hoc Tukey HSD test was carried out
followed by ANOVA test for a statistical multiple pairwise comparison across each
waveband to identify the spectral locations in which the all classes most differ from each
other. A total of 312 and 940 statistically different spectral locations for the 5 and 13 class
models were chosen by the post-hoc tukey test for further data analysis. A list of Raman
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vibration bands selected by the feature selection methods are found in Table 8.1 and more
detailed Raman band assignments can be found elsewhere.89,160,161,270,272,273,328 These
Raman vibrational bands are mostly associated with protein, nucleic acids, carbohydrates,
and lipids found on the surface of the bacteria.
Classification. Multivariate analysis based on the selected wavebands by the feature
selection method was exploited to overcome the spectral similarities and distinguish
between biologically similar clinical human commensal mycoplasma strains for apparent
classifications. Partial least-squares discriminant analysis (PLS-DA) was used to develop
a classification model for discrimination. A 5 and 13 class model were under consideration
for the PLS-DA classification method. Cross-validation (venetian blinds, 7 splits) was
performed for the internal validation to establish the calibration model and the optimized
classification model was used for the class predictions in the validation set. In the response
vector Y, samples being considered as part of the group were assigned as 1 and outside of
the group were assigned as 0 for each class model.
In the 5 class model, pathogenic strains M. pneumoniae M129, M. genitalium, and nonpathogenic human commensal strains of M. salivarum and M. orale were included as well
as control. Table 8.2 summarizes the sensitivity, specificity, class error, and root mean
square error of cross-validation (RMSECV) of the PLS-DA model for the 5 class model
established based on the whole spectral range and feature selected wavebands. After the
feature selection, overall sensitivity and specificity show ~95 % with RMSECV value of
0.000, 0.013, 0.038, 0.025, and 0.025, respectively for each classification model. More
noticeably, when comparing PLS-DA models before and after feature selection, pathogenic
strains M. pneumoniae M129 and M. genitalium were both differentiated with around
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100% sensitivity and around 93 % - 98 % specificity. Structural and biological properties
of M. genitalium that are similar to those of M. pneumoniae, including adherence to and
invasion of epithelial cells, have suggested that M. genitalium might be pathogenic.313
Because of nucleic acid sequence and surface protein similarities, other groups haven’t
been able to differentiate these two strains apart.279 The classification results that we
obtained through PLS-DA was highly accurate, which other group haven’t been able to
show. When comparing M. salivarum and M. orale non-pathogenic human commensal
strains, the PLS-DA results improved after the feature selection. Both sensitivity and
specificity were ranged from 95 % to 100 %. M. salivarum and M. orale are commensals
of the oro-pharynx, that may be found in the lower respiratory tract of patients with chronic
bronchitis, although it is not clear that they have an effect on the severity of bronchitis.312
In some diagnosis, some groups haven’t been able to tell them apart, and that leads them
to screening those non-pathogenic strains together.

312

However, by using this PLS-DA

method, we were able to separate them apart with high accuracy.

191

Table 8.1 Feature selected Raman bands in the LbL SERS spectra of the mycoplasma
commensal strains.
Raman Shift, cm-1

Vibrational Mode Assignment

1660

Amide I ; vs(C=O ) carboxylic acid

1616

vs(C=O ) carboxylic acid

1577

Guanine, Adenine (ring stretch)

1501

C-O-H bend; (CH2)n in-phase twist

1445

δ(C-H2) sci.; CH3 antisym. bend

1392

C-O-H bend; (CH2)n in-phase twist

1299

Amide III

1276

C-O-H bend,Amide III

1147

C-N and C-C stretch

1126

C-N and C-C stretch

1052

C-C skel. str in alkane; vas(COC) ; C-N and C-C stretch

1000

phenylalanine

792

Cytosine, uracil (str, ring); CH2 in-phase rock
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A 13 class model was established based on M. pneumoniae M129 strain and the 11 clinical
commensal strains as well as a control. Tables 8.3 and 8.4 summarizes the sensitivity,
specificity, class error, and root mean square error of cross-validation (RMSECV) of the
PLS-DA model for the 13 class model established based on before and after the feature
selection method and the results were compared. The classification accuracy was greatly
improved after the feature selection and more noticeably, specificity of M. genitalium, M.
orale, M. amphoriforme, and M. fermentans were improved by a factor of ~1.5 after the
feature selection. Figure 8.2A and B illustrates two representative PLS-DA scores plots of
M. orale before and after the feature selection, respectively. Each different colored symbol
represents the different strains. The optimum threshold calculated based on Bayes’
Theorem is represented as the red dashed line for sample classification. In each figure,
SERS spectra with predicted Y values greater than the threshold are classified as the group
that was considered in each classification model while for all other spectra below the
threshold were considered to be the outside of the group. Figure 8.2A represents the
prediction results for M. orale in the 13 class model before the feature selection. Before
the feature selection, M. orale (inverted cyan) great overlap with M129 (green square)
which degrades the classification accuracy. However, after the feature selection, M. orale
could be well separated from all other strains including M129 as shown in figure 8.2B. As
indicated in Tables 8.3 and 8.4, specificity was greatly improved from 79 % to 100 %. One
possibility to have a high degree of interferences between M129 and M. orale is because
both of them are found in the respiratory tract of patients with bronchitis. However, the
fact that the difference between M129 and M. orale were noticeable after the feature
selection is because this method selects the features that are responsible for the class
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differentiation. One of the possible explanations is that M129 is the actual pathogen that
causes the disease. Meanwhile M. orale is believed to coexist with M129 but it is a nonpathogenic strain that resides in the lower respiratory tract. Similar to the M. orale
classification model, the prediction results for M. fermentans(purple diamond) before the
feature selection shows a highly degree of interference with M129 (green square), M. orale
(inverted cyan), and M. salivarum (red star). However, after the feature selection shown
in figure 8.4C, M. fermentans was significantly distinguishable from all other strains. The
consistent results can be also found in Tables 8.3 and 8.4. The specificity of M. fermentans
was significantly improved from 65 % to 96 %. This improvement may be related to the
fact that M. fermentans is mostly found in a significant part of synovial fluids or biopsies
from patients with different chronic inflammatory arthritides including rheumatoid arthritis
(RA), but not from patients with gout, osteoarthritis or chondrocalcinosis.329,330 These facts
are significantly different from all other strains, since it has not been found in the
respiratory tracts of patients. These results demonstrated that PLS-DA multivariate method
in conjunction with feature selection provides a powerful tool for classification to
differentiate biologically similar pathogenic and non-pathogenic strains with low values of
RMSECV for both the 5 and 13 class classification models.
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Table 8.2 PLS-DA results for the 5 class model using default method and feature selection
method.

Default Method

Feature Selection Method

Sensitivit
y (CV)

Specificit
y (CV)

Class
Error
(CV)

RMSEC
V

Sensitivit
y (CV)

Specificit
y (CV)

Class
Error
(CV)

RMSEC
V

Control

1.000

0.975

0.01
3

0.120

1.000

1.000

0.00
0

0.115

M129

1.000

1.000

0.00
0

0.146

1.000

0.975

0.01
3

0.156

genitaliu
m

1.000

0.925

0.03
8

0.278

1.000

0.925

0.03
8

0.283

orale

0.9000

1.000

0.05
0

0.269

1.000

0.950

0.02
5

0.223

salivarum

1.000

0.925

0.03
8

0.224

1.000

0.950

0.02
5

0.203
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Figure 8.2

PLS-DA prediction plots for M. orale in the 13 class model established
based on whole spectra range (A) and feature selected wavebands (B)
respectively. Each colored symbol represents the PLS predicted value for
an individual SERS. PLS-DA prediction plot for M. fermentans based on
feature selected wavebands (C). Each colored symbol represents SERS
spectra containing: M129 (), M. genitalium (), M. orale (▲), M.
salivarum (▼), M. amphoriforme (), M. fermentans (), M. hominis (),
Ureaplasma parvum (), M. penetrans (▲), M. pirum (▼), M.
spermatophilum (),Ureaplasma urealyticum (), and AgNP/PAH/PSS
was used as a control (  ).
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Table 8.3 PLS-DA results for the 13 class model using the default method.

Modeled class
Control
M129
M. amphoriforme
M. fermentans
M. genitalium
M. hominis
M. orale
M. penetrans
M. pirum
M. salivarum
M.spermatophilum
U. parvum
U. urealyticum

Sensitivity
(CV)
1.000
1.000
0.800
0.600
0.800
0.900
0.900
0.800
0.900
0.900
0.900
0.700
0.900

Specificity
(CV)
0.992
0.983
0.592
0.650
0.408
0.500
0.792
0.733
0.550
0.908
0.767
0.442
0.708
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Class Error
(CV)
0.004
0.008
0.304
0.375
0.396
0.300
0.154
0.233
0.275
0.096
0.167
0.429
0.196

RMSECV
0.106
0.135
0.259
0.265
0.265
0.263
0.259
0.253
0.264
0.211
0.251
0.265
0.260

Table 8.4 PLS-DA Results for 13 class model using the feature selection method.

Modeled class
Control
M129
M. amphoriforme
M. fermentans
M. genitalium
M. hominis
M. orale
M. penetrans
M. pirum
M. salivarum
M. spermatophilum
U. parvum
U. urealyticum

Sensitivity
(CV)
1.000
1.000
0.900
0.900
0.600
0.500
0.900
0.600
0.700
1.000
0.900
0.900
0.800

Specificity
(CV)
1.000
1.000
0.933
0.958
0.925
0.800
1.000
0.850
0.800
0.992
0.917
0.867
0.925
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Class Error
(CV)
0.000
0.000
0.083
0.071
0.238
0.350
0.050
0.275
0.250
0.004
0.092
0.117
0.138

RMSEC
0.085
0.103
0.233
0.146
0.231
0.261
0.172
0.239
0.260
0.140
0.239
0.242
0.239

Support vector machine discriminant analysis (SVM-DA) is a supervised learning method
for classification especially on complex and nonlinear hyperspectral datasets. This method
would explain non-linearities, which are not taken into account with PLS-DA. The basic
principle is to transform original data into a high-dimensional space using kernel functions.
2

The radial basis function (RBF) kernel K(𝑋⃗𝑖 , 𝑋⃗𝑗 ) = exp(−𝛾‖𝑋⃗𝑖 − 𝑋⃗𝑗 ‖ ) was used in our
work and SVM classification model was developed based on the optimal SVM parameters
(C = penalty error, γ = radial width). A grid search was used for optimization of the penalty
error (C) and the radial width (γ) by means of cross-validation (venetian blinds, 5 splits).
The grid search space for C and γ are [102, 10-3] and [10, 10-6] in steps of 100.5, respectively.
The optimized C and γ through 5-fold cross-validation are 100 and 1 for both the 5 class
and the 13 class model. A total number of 130 spectra were used in this analysis and 87
randomly selected spectra were assigned as calibration set and 43 randomly chosen spectra
were assigned as validation set. 200 different calibration and validation sets were created
and based on optimized SVM parameters, SVM was performed with 200 iterations and the
results are shown in figures 8.3 and 8.4.
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Figure 8.3

Histogram plot of the SVM-DA cross-validation (CV) classification
accuracy results of 200 iterations in the 5 class model established based on
the whole spectral range (A) and feature selected wavebands (B).
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Figure 8.4

Histogram plot of the SVM-DA cross-validation (CV) classification
accuracy results of 200 iterations in the 13 class model established based on
the whole spectral range (A) and feature selected wavebands (B).
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Figure 8.3A and B illustrate the SVM-DA classification results of 200 iterations for the 5
class model built based on the whole spectral range and selected wavebands features,
respectively. The majority of the SVM-DA iterations results show classification accuracy
of ~ 99 %, averaged classification accuracy of 97.93 % and 98.97 % for before and after
feature selection, respectively. The same analysis was performed with the 13 class model
and the results are illustrated in figure 8.4A and B. The averaged classification accuracy
before and after the feature selection was 74.37 % and 82.19 %, respectively. The
classification accuracy results show the complexity of the 13 class model in comparison to
the 5 class model. It is interesting to note the range of classification accuracy before the
feature selection method was from 60 % to 85 %, however, after feature selection, this
range shifted upward and showed classification accuracies in the range of 70 % and 95 %.
In spite of the complexity of the model, about 10 iterations provide above 90 %
classification accuracy with feature selection which are not seen before feature selection.

8.5 Conclusions
We demonstrated an excellent spot-to-spot and sample-to-sample reproducibility
of SERS spectra offered by the LbL method and recently evaluated nanoparticle
encapsulated mycoplasma cells as a platform to differentiate M. pneumoniae strains using
SERS. By means of SERS in conjunction with multivariate statistical analysis, pathogenic
strain M129 and 11 other human commensal strains were able to be accurately classified
and identified.
Feature selection was performed by using ANOVA along with post-hoc Tukey test to
identify the spectral features that are significant to best discriminate between classes.
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These selected spectral features match closely with protein, nucleic acid, lipids, and
carbohydrates relevant peaks reported in the literature. PLS-DA and SVM-DA were
performed based on the feature selected wavebands and the overall results show a high
classification accuracy by having ~ 95 % classification accuracy for the 5 class model and
~85 % for 13 class model, respectively.
In spite of the complexity of the biologically similar mycoplasma strains, this study
demonstrated the feasibility of LbL based SERS technique combined with multivariate
statistical analysis tool for a rapid, accurate and direct identification of whole bacterial cells
as a diagnosis tool without amplification or labeling.
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Figure A1.1

Representative total ion chromatograms of four of the Mycobacterium
species investigated by GC-MS. (a) M. smegmatis ; (b) M. avium ; (c) M.
tuberculosis H37Rv ; (d) M. tuberculosis Erdman.

227

Figure A1.2

PCA scores plot corresponding to M. smegmatis (), M. avium (), M.
bovis BCG () species. The PC model was constructed from the SERS
spectra of the corresponding species using the spectral range 700-1700 cm1

.
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Figure A1.3

A hierarchical cluster analysis dendrogram derived from the PC scores of
the NTM species. The nodes group into three recognized clusters and are
labeled according to the samples. (A) M. avium (blue) ; (B) M. bovis BCG
(green) ; (C) M. smegmatis (red).
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Figure A1.4

PCA scores plot corresponding to M. tuberculosis Erdman strains. Parent
(), sigC mutant (), and sigC complement () strains. The PC model
was constructed from the SERS spectra of the corresponding species using
the spectral range 700 - 1700 cm-1.
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Figure A1.5

A hierarchical cluster analysis dendrogram derived from the PC scores of
the M. tuberculosis Erdman strains. The nodes group into two distinct
clusters and are labeled according to the samples. (A + B) wild-type (blue)
and sigC complement (green) ; (C) sig C mutant (red).
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Figure A1.6

PCA scores plot corresponding to M. tuberculosis H37Rv strains. Parent
(), sigC mutant (), and sigC complement () strains. The PC model
was constructed from the SERS spectra of the corresponding species using
the spectral range 700 - 1700 cm-1.
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Figure A1.7

A hierarchical cluster analysis dendrogram derived from the PC scores of
the M. tuberculosis H37Rv strains. The nodes group into two distinct
clusters and are labeled according to the samples. (A + B) parent (blue) and
sigC complement (green) ; (C) sigC mutant (red).
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Table A1.1

Representative 1H-NMR chemical shifts appearing in the spectra of the nontuberculous mycobacteria M. smegmatis, M. bovis and M. avium.

Species
Mycolic Acid
Type
Sub Class

M.Smegmati
s
ketomycolate
k4

Functional
Group
CHCH3
CHOR
CHOCH3
(CH2)n CH3
CH2 (CH2)n CH2
CH(CO2CH3)
CO2CH3
trans-CH=CH
cis-CH=CH
cis-cyclopropane

0.85

0.85
1.0-1.5
2.45
3.7

BCG
keto- &
alpha
k3, α1
Signal
(ppm)
0.85
2.96
3.32
0.85
1.0-1.5
2.45
3.7
5.39,5.35

5.3
0.6,-0.3
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M. Avium
ketomycolate
k3,k4

0.85
2.96
3.32
0.85
1.0-1.5
2.45
3.7
5.39,5.35

Table A1.2

Representative 1H-NMR chemical shifts appearing in the spectra of the M.
tuberculosis clinical Erdman strain.

Species
Mycolic Acid
Type
Functional
Group
CHCH3
CHOR
CHOCH3
(CH2)n CH3
CH2 (CH2)n CH2
CO2CH3
trans-CH=CH
cis-CH=CH
cis-cyclopropane
transcyclopropane

0.85
1.0-1.5
3.7

Complimen
t
ketomycolate
Signal
(ppm)
0.85
2.96
3.32
0.85
1.0-1.5
3.7

5.3
0.64,-0.36

5.3
0.64,-0.36

0.64,-0.36

0.04

0.04

0.04

Wildtype
ketomycolate

0.85
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Mutant
ketomycolate

0.85
2.96
3.32
0.85
1.0-1.5
3.7
5.39,5.35

Table A1.3

Representative 1H-NMR chemical shifts appearing in the spectra of the M.
tuberculosis clinical H37Rv strain.

Species
Mycolic Acid
Type
Functional
Group
CHCH3
CHOR
CHOCH3
(CH2)n CH3
CH2 (CH2)n CH2
CO2CH3
trans-CH=CH
cis-CH=CH
cis-cyclopropane

0.85
1.0-1.5
3.7

Complimen
t
ketomycolate
Signal
(ppm)
0.85
2.96
3.32
0.85
1.0-1.5
3.7

5.3
0.64,-0.36

5.3
0.64,-0.36

Wildtype
ketomycolate

0.85
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Mutant
ketomycolate

0.85
2.96
3.32
0.85
1.0-1.5
3.7
5.39,5.35
0.64,-0.36

Table A1.4

Representative Raman bands appearing in the SERS spectra of the nontuberculous mycobacteria M. smegmatis, M. bovis and M. avium.

Raman Shift, cm-1
Vibrational Mode Assignment
M.smegmatis

M.avium

M. bovis BCG

1654

1612

1659

1598

1594

1593

1442

1442

1500

v(C=C)

1441

δ(C-H2) sci.; CH3 antisym. bend

1393

1299

1240

(C=C); C=O-β conjugated; vs(C=O ) carboxylic acid

C-O-H bend 1° alcohol

1350

1366

C-O-H bend; (CH2)n in-phase twist

1289

1298

C-O-H bend

1265

cis dialkyl C-H sym. rock

1242

1210

CH-O epoxy ring breathing mode
1210

C-O-H bend

1164

1170

1164

vas(COC); δ(CH)

1129

1135

1135

C-C skel. str in alkane

1101

1097

vas(COC); C-C skeletal

1058

1065

v(CHR2) C-C skel. str ; C-C skel. str in alkane; vas(COC)

1028

1030

oop C-C-O stretch

1003

1004

v(C-C-O) out-of-phase stretch of primary alcohol

970

962

O-H-O wagging; trans dialkyl wag

1001

-

931

v(CHR2) C-C skel. str where R≠CH3; COO str carboxylic acid

855

v(C-C-O) in-phase stretch of primary alcohol, vS(C-O-C); C-C
skel. str in alkane; COO- str carboxylic acid
v(C-C-O) in-phase stretch of primary alcohol; C-C skel. str in
alkane; COO- str carboxylic acid
v(C-C-O) in-phase stretch of primary alcohol; v(CHR2) C-C
skel. str where R≠CH3

893
841

832
773
698

672

778

CH2 in-phase rock; v(CHR2) -C-C skel. str where R≠CH3

696

cis dialkyl C-H wag
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Table A1.5

Representative Raman bands appearing in the SERS spectra of the M.
tuberculosis clinical Erdman strains.

Raman Shift, cm-1
Vibrational Mode Assignment
Wild Type

EΔsigC

EΔCcomp

1592

1586

1592

C=O, alkyl ketone; (C=C); C=O-β conjugated; vs(C=O ) carboxylic
acid

1564

1564

1564

C=C

1458

1492

CH3 antisym. bend.

1457

δ(C-H2) sci.

1458
1391

1387

1392

C-O-H bend

1319

1315

1314

C-O-H bend; (CH2)n in-phase twist

1275

1280

1280

C-O-H bend

1241

1244

1241

C-O-H bend

1158

1157

1163

1130

1130

C-C skel. str in alkane

1075

1076

1080

vas(COC)

1008

1005

1008

v(C-C-O) out-of-phase stretch of primary alcohol

963

857

OHO wagging; trans dialkyl wag
928

v(CHR2) C-C skel. str where R≠CH3;

892

v(C-C-O) in-phase stretch of primary alcohol, vS(C-O-C); C-C skel.
str in alkane

856

852

v(C-C-O) in-phase stretch of primary alcohol; C-C skel. str in
alkane
v(C-C-O) in-phase stretch of primary alcohol; v(CHR2) C-C skel. str

786

where R≠CH3
714
707

713

CH2 in-phase rock; v(CHR2) C-C skel. str where R≠CH3
cis dialkyl C-H wag
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Table A1.6

Representative Raman bands appearing in the SERS spectra of the M.
tuberculosis laboratory-passaged H37Rv strains.

-1

Raman Shift, cm

Vibrational Mode Assignment
Wild Type

RvΔsigC

RvΔCcomp

1592

1586

1592

1564

1564

1564

C=C

1491

1497

CH3 antisym. bend

1457

1460

1458

δ(C-H2) sci.

1392

1387

1391

C-O-H bend

1314

1315

1319

C-O-H bend; -(CH2)n- in-phase twist

1280

1280

1275

C-O-H bend

1241

1244

1241

C-O-H bend

1163

1157

1158

1130

1130

1130

C-C skel. str in Alkane

1080

1076

1075

vas(COC)

1008

1005

1008

v(C-C-O) out-of-phase stretch of primary alcohol

C=O, alkyl ketone; (C=C); C=O-β conjugated; vs(C=O )
carboxylic acid

v(CHR2) C-C skel. str where R≠CH3

924
869

v(C-C-O) in-phase stretch of primary alcohol, vS(C-O-C); C-C
skel. str in alkane

852

856

857

816

786

713

714

707

713

v(C-C-O) in-phase stretch of primary alcohol; C-C skel. str in
alkane
v(C-C-O) in-phase stretch of primary alcohol; v(CHR2) C-C
skel. str where R≠CH3
CH2 in-phase rock; v(CHR2) C-C skel. str where R≠CH3

707

cis dialkyl -CH wag
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Table A1.7

Quantitative statistics calculated from the PLS-DA model developed from
the SERS spectraa of the three NTM species M. avium, M. bovis BCG, and
M. smegmatis.

Modeled Classb

M. avium

M. bovis BCG

M. smegmatis

Sensitivity (CV)c

1.000

1.000

1.000

Specificity (CV)

1.000

1.000

1.000

Class. Error (CV)d

0.000

0.000

0.000

RMSECVe

0.104

0.141

0.140

a

Thirty-six spectra used, 12 for each NTM species. Before calculation, spectra were preprocessed using Savitzky-Golay 1st derivatives, vector normalized, and mean-centered.
b

Five latent variables, accounting for 94.86% of the captured variance, was used in this
regression model.
c

CV, cross-validation based on Venetian blinds method with 6 splits

d

Class. Error, classification error after cross-validation

e

RMSECV, root-mean square error after cross-validation
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Table A1.8

Quantitative statistics calculated from the PLS-DA model developed from
the SERS spectraa of the three M. tuberculosis Erdman strains.

Modeled Classb

Wild Type

ECsigC

ECcomp

Sensitivity (CV)c

1.000

1.000

1.000

Specificity (CV)

1.000

1.000

1.000

Class. Error (CV)d

0.000

0.000

0.000

RMSECVe

0.203

0.188

0.142

a

Thirty-six total spectra used, 12 for each MTB Erdman strain. Before calculation,
spectra were pre-processed using Savitzky-Golay 1st derivatives, vector normalization,
and mean-centering.
b

c

Two latent variables, accounting for 87.88% of the captured variance, was used in this
regression model.

CV, cross-validation based on Venetian blinds method with 6 splits

d

Class. Error, classification error after cross-validation

e

RMSECV, root-mean square error after cross-validation
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Table A1.9

Quantitative statistics calculated from the PLS-DA model developed from
the SERS spectraa of the three M. tuberculosis H37Rv strains.

Modeled Classb

Wild Type

RvCsigC

RvCcomp

Sensitivity (CV)c

1.000

1.000

0.833

Specificity (CV)

1.000

0.917

0.792

Class. Error (CV)d

0.000

0.042

0.188

RMSECVe

0.154

0.351

0.352

a

Thirty-six total spectra used, 12 for each MTB H37Rv strain. Before calculation, spectra
were pre-processed using Savitzky-Golay 1st derivatives, vector normalized, and meancentered.
b

Three latent variables, accounting for 72.59% of the captured variance, was used in this
regression model.
c

CV, cross-validation based on Venetian blinds method with 6 splits

d

Class. Error, classification error after cross-validation

e

RMSECV, root-mean square error after cross-validation
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