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Raman spectroscopy is emerging as a powerful method for obtaining both quantitative and

qualitative information from biological samples. One very interesting area of research, for which

the technique has rarely been used, is the detection, quantification and structural analysis of

post-translational modifications (PTMs) on proteins. Since Raman spectra can be used to address

both of these questions simultaneously, we have developed near infrared Raman spectroscopy

with appropriate chemometric approaches (partial least squares regression) to quantify low

concentration (4 mM) mixtures of phosphorylated and dephosphorylated bovine as-casein. In

addition, we have used these data in conjunction with Raman optical activity (ROA) spectra and

NMR to assess the structural changes that occur upon phosphorylation.

Introduction

One of the main challenges in post-genomic biochemistry for

proteomics lies in the study of post-translational modifications

(PTMs):1–3 these biochemical processes are important for cell

regulation, and can often be driven by very subtle functional

substitutions. Many different categories of PTM (300 or more)

have been defined and are involved in numerous physiological

activities within the cell. One very important PTM is

phosphorylation, which is associated with signal transduction

networks. The phosphorylation by a kinase or dephosphoryla-

tion by a phosphatase of a protein is of great importance in

modifying and controlling its biological function, through

conformational change. However, whilst the DNA gene

sequence can be translated into the amino acid sequence of

the protein, any PTMs must be discovered by analysing the

protein directly, and this has classically been achieved by

mass spectrometry (MS4,5). For an excellent review on recent

analytical approaches in this field see ref. 6.

In addition to the detection and sequencing of PTM species

it is desirable to propose a structure for the molecule. For

proteins with highly ordered secondary or tertiary structure,

conformational information can be obtained by one or a

combination of X-ray crystallography,7–9 nuclear magnetic

resonance (NMR10–12) spectroscopy and circular dichroism

(CD13,14). However, these methods do not appear to be incisive

probes of proteins with little ordered secondary structure, due

to the conformational flexibility of such molecules.

Various forms of MS are used very effectively to identify

phosphorylation sites, in general by measuring the mass

difference between phosphorylated and dephosphorylated

forms, but obtaining quantitative information is often

difficult.1,15–17 However, a vibrational spectroscopic approach

may provide opportunities for accurate quantitative analysis,

because the area of a band due to a functional group is

directly proportional to the concentration of that group. In

addition, Raman spectroscopy may provide an advantage

over infrared spectroscopy in this application due to its

insensitivity to water.

In his 1999 review,18 Carey discussed the potential for

Raman spectroscopy to be utilized in structural biological

studies. Indeed, over the past few years, many structural

studies have been performed with conventional Raman

spectroscopy19–22 as well as more exotic methods, such as

deep ultraviolet resonance Raman spectroscopy23–28 and

Raman optical activity (ROA29,30). The latter, also known as

chiral Raman,31,32 is particularly well suited to the study of

proteins with little secondary structure, as has been demon-

strated to great effect in refs. 33–38.

This article describes the development of Raman spectro-

scopy with conventional and chemometric analyses to quantify

the phosphorylation of a protein in low concentration solu-

tions. In addition, using Raman spectral analysis, conforma-

tional changes that occur upon phosphorylation are discussed.

In this study, the as-casein protein isolated from cow’s milk

was used as a model post-translationally modified protein.

Caseins are low molecular weight (y25 kDa) proteins whose

biological function is thought to be to deliver calcium; for a

recent review on casein structure and function see ref. 39.

Naturally occurring bovine as-casein can exhibit a number

of subtle sequence differences, but is generally phosphorylated

on 8 or 9 serine amino acid sites40 and has little secondary

order structure. The conformation of this particular protein

has previously been analysed in great detail,41–44 although the

dephosphorylated form has been ignored thus far. Therefore,

it is not the intention of this article to repeat this very

thorough structural work, but to demonstrate emerging

analytical technologies that can be used to obtain rapidly,
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detailed structural information on post-translationally

modified molecules.

Experimental procedures

Materials

For quantification, phosphorylated and dephosphorylated

as-casein (Sigma, UK) was dissolved in distilled water to

prepare three independent 200 mM solutions of each protein.

From these three sets, 21 solutions were prepared by mixing

the phosphorylated and dephosphorylated forms in different

ratios. Starting from a 100% phosphorylated solution, the

percentage of the phosphorylated protein was decreased in

each successive solution by 5%, down to a 0% phosphorylated

solution. A 5 mL aliquot of each solution was then spotted

on to a hydrophobic SpectRIM
TM

(Tienta Sciences Inc.,

Indianapolis, IN, USA) slide using a micropipette and

allowed to dry at room temperature for approximately 2 h;

each slide was capable of holding up to 25 samples. The total

amount of deposited protein in each spot was approximately

1 nmol, or 25 mg. For the subsequent structural studies,

50 mg ml21 solutions of phosphorylated and dephos-

phorylated as-casein were prepared from the same stock of

lyophilized protein.

Near infrared (NIR) Raman spectroscopy

NIR Raman spectra were collected using a Renishaw RM2000

Raman microscope (Renishaw plc., Wotton-under-Edge,

Gloucestershire, UK45,46), with a low power 785 nm diode

laser delivering y8 mW of power to the sample at a

spectral resolution of y6 cm21. Instrument control and data

capture was performed using the GRAMS WiRE software

package (Galactic Industries Corporation, Salem, NH, USA)

running under Windows 95. Raman spectra were collected

over a wavenumber shift range of 400–1800 cm21, and

each sample was represented by a spectrum containing

1492 points relating to the number of Raman scattered

photons (see Fig. 1A for examples). Four replicate Raman

spectra were obtained from each sample, giving a total of

252 spectra; the total individual spectral integration time

was 3 min.

ASCII data were exported from the GRAMS WiRE

software into MATLAB1 (The Mathworks, USA ). In order

to remove unavoidable baseline shifts, the spectra were

optimised prior to calibration modelling by background

correcting the signal with extended multiplicative signal

correction (EMSC47) using a polynomial of order 5, following

which a linear mean filter with a 5 bin window (30 cm21) was

applied. For direct comparison of NIR Raman spectra of the

phosphorylated and dephosphorylated protein, the twelve

spectral replicates were simply averaged and no further

corrections were applied.

Raman optical activity (ROA)

ROA spectra were collected using a ChiralRAMAN spectro-

meter (BioTools Inc, USA). The instrument operates with a

backscattering geometry, a Nd:YVO4 laser at 532 nm and

utilises the scattered circular polarization (SCP) strategy

developed by Hug.48,49 The incident laser power was 600 mW

at the sample, 20 h of data were collected for phosphorylated

as-casein and 17 hours of data were collected for dephos-

phorylated as-casein. The ROA spectra are presented as

circular intensity differences IR2IL, where IR and IL are the

Raman scattered intensities in right and left-circularly

polarized incident light, respectively. These spectra were scaled

relative to the band at 1440 cm21 in the Raman spectra

obtained in parallel with the ROA data.

Nuclear magnetic resonance (NMR)

The NMR spectra were obtained at 200 uC on a Bruker DRX

600 MHz spectrometer equipped with the Cryoprobe (Bruker

Biospin, DE). Using WATERGATE (Bruker Biospin, DE) for

water signal suppression, 1D spectra of phosphorylated and

de-phosphorylated as-casein were collected using 32 scans

in identical conditions, with an acquisition time for each

Fig. 1 (A) Mean spectra of twelve Raman spectra acquired

independently from dephosphorylated and phosphorylated as-casein

prepared on a hydrophobic slide. (B) The difference spectrum of

the row normalised spectra of phosphorylated as-casein minus

dephosphorylated as-casein.
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scan of 0.114 s. The 2024 complex data points collected in

the time domain were multiplied by a QSINE (squared sine

multiplication) window function (SSB (sinebell shift) 5 2.8)

and zero-filled to 16 384 points before Fourier transformation.

2D NOSEY (nuclear Overhauser enhancement) spectra (2048

by 150 complex data points) were collected with 16 scans and a

mixing time of 0.15 s. Data in the time domain were multiplied

by QSINE window functions with SSB 5 3 and SSB 5 2.5,

in F2 (x-axis) and F1 (y-axis) dimensions respectively, and

zero-filled to 1024 points in the F1 dimension before Fourier

transformation.

Multivariate calibration

To generate a model predicting the percentage concentration

of phosphorylated as-casein based on the Raman spectra

of casein mixtures, the supervised multivariate method of

partial least squares regression (PLSR50,51) was used, as

described previously.52 PLSR is a linear fixed regressor model

of the form

Y 5 AX + B

which effectively performs a series of projections and rotations on

the spectral data, to generate new axes represented by latent

variables, on which a multivariate linear regression can be

performed. The model was constructed using full cross-valida-

tion,53,54 whereby PLSR was trained on a subset of data

representing points on the calibration curve. The number of latent

variables to be used were then optimized by projection of a second

set of hold-out data, and finally the model was tested on a third set

of independent data.

Feature subset selection

In order to determine the spectral bands most important for

the quantification of the phosphorylated form of as-casein, a

directed search using a genetic algorithm (GA55,56) coupled to

PLSR was used, as described previously.57

A GA is an evolutionary computing technique that can

be used to solve problems efficiently for which there are

many possible ‘good’ solutions.55,56,58,59 This class of algo-

rithm is described as heuristic, which means that it searches

for a range of possibilities, not necessarily finding the best

solution but a range of sub-optimal (so called ‘good’)

solutions. With GAs, the initial step is to generate a random

population (array), consisting of a predefined number of

individuals (rows) and variables (columns). Each individual

represents a subset of the original variables within the larger

superset of data under analysis. The next step in the GA is

analogous to the process of Darwinian evolution, whereby

through the processes of crossover, mutation and survival

of the fittest, individuals are selected for the next generation

until a particular stopping criterion has been reached. The

GA uses an algorithm called a fitness function to assess

the robustness of the solution proposed by each individual.

This can take the form of a minimization function; therefore

the fittest individuals are those with the lowest fitness

value. The GA-PLSR algorithm used in this study takes

the root mean squared error of prediction (RMSEP) for the

cross-validation data as a measure of fitness. The RMSEP is

given by

RMSEP~

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

X

n

i~1

yact{ypred

� �2
.

n

s

where yact are the actual dependent variables, ypred are the

predicted dependent variables and n is the number of objects.60

For this GA-PLSR experiment, the optimal starting

conditions were initially determined by exploratory analysis,

as described in ref. 54. Therefore, 250 independent GA runs

were performed. For each run a population size of 500

individuals with 4 variables was used, with probabilities of

mutation and crossover set to 0.4 and 0.8, respectively. Finally,

the GA was programmed to terminate after the optimal

solution was repeated for 40 subsequent runs.

Results and discussion

Quantification of as-casein

For this study hydrophobic slides were used for sample

presentation. These produce a pre-concentration effect, since

the hydrophobic coating on the slide causes aqueous samples

to bead up and dry into a ‘‘coffee ring’’ pattern, concentrating

the analyte at the edge of the ring. Spectra collected from this

edge are therefore more intense than those from equivalent

solutions on steel, glass or quartz.61 From this study, as

was seen previously,62 it was estimated that the Raman

scattering intensity for as-casein on a hydrophobic slide is

about 5–10 times that of the protein on a stainless steel slide

with a limit of detection below 4 mM.

The NIR Raman spectra obtained across the range of

mixtures from deposits of phosphorylated and dephos-

phorylated as-casein are quite similar to the naked eye

(Fig. 1A). Amongst the main features of the spectra are the

band at 1003 cm21, which is due to phenylalanine, and the

broad regions between 1220 cm21 to 1300 cm21, 1420 cm21 to

1480 cm21 and 1640 cm21 to 1700 cm21, assigned to amide III,

C–H deformations and amide I vibrations, respectively,63

although in Fig. 1B the difference spectrum shows clearly that

there are many quantitative differences between the two

spectral profiles. Inferences that can be made from these data

regarding protein conformational differences are discussed in

more detail below.

The Raman band assignments relating to the vibrational

modes of phosphate in both its hydrated and dehydrated forms

are given in Table 1. In Fig. 1 it is clear that there is no

evidence in the Raman spectra of the strong n1 phosphate band

Table 1 List of typical band positions for phosphate related
vibrations

Raman shift/cm21 Assignment

960 PO4 (n1)
435 PO4 (n2)

1075 PO4 (n3)
590 PO4 (n4)

1002 HPO4 (n1)
875 H2PO4 (n2)
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at 960 cm21, which is resonance enhanced at 785 nm excita-

tion, or indeed any of the weaker protonated bands. This

phenomenon has been noted before,62 and is most likely due

to vibrational constraints engendered by hydrogen bonding

interactions in this proton rich environment.64 This is a

problem that must be overcome if Raman spectroscopy is

also to be developed for the detection of phosphopeptides,

an analytical role that is currently performed using mass

spectrometry.

The PLSR predictions for casein concentration are plotted

in Fig. 2: note these are the mean of the predictions for each

concentration with standard error bars. Clearly, from this

result and from examination of the RMS error values in

Table 2, it has been shown that Raman spectroscopy can

provide an accurate means of determining the relative

concentrations of a mixture of these two proteins. One

example of where this approach could be applicable to a real

biological problem is in quantitative modelling of the over-

and under-production of specific proteins or peptides in

mutant biological strains. However, this would likely depend

upon the quantity of material recovered from the cell, and

certainly involve some sample clean-up or development of a

methodolgy to deal with interfering additives introduced

through this process.

Decomposition of the spectral data during the application of

PLSR yields a matrix of spectral loadings, which give an

indication of the relative importance of the spectral variables

for derivation of each latent variable.50 The spectral loadings

for the first two PLSR latent variables, which account for the

majority of the variance in the data, are plotted against one

another in Fig. 3. This indicates that the region around

1000 cm21 is particularly important for this calibration model

(see Table 4). By comparing the Raman spectra of the

phosphorylated and dephosphorylated forms of as-casein

(Fig. 1A), it is apparent that the strong band in this region is

much broader for dephosphorylated casein. This could

indicate that tryptophan side chains are promoted when

phosphate is removed, clearly indicated by the prominent

difference band at 1009 cm21 in Fig. 1B. Another possibility is

that an underlying quantitative relationship to the HPO4 (n1)

vibration exists under this band. Regardless of the biochemical

meaning behind this observation, what it also suggests is that

this band is a likely candidate to be used to formulate a

calibration model based on the Raman scattering cross-

section. However, integrating the area under this peak does

not result in a correlation to concentration (data not shown)

and has an R2 value of 0.05. Additional spectral regions also

appear outside of the 95% confidence limit, and may therefore

be considered to represent important spectral information.

These include the regions around 828, 989 and 1450 cm21 that

were also singled out by the conventional analysis discussed

below and summarized in Table 4.

Feature subset selection

Interpretation of spectral loadings plots should in theory

reveal the underlying variables that are most important to

the model. Unfortunately, as was demonstrated above, for

continuous spectral data of the type reported here loadings

plots can be extremely difficult to interpret, because often the

candidate short-list of potentially important ‘peaks’ can extend

Fig. 2 Partial least squares predictions for the percentage of

phosphorylated as-casein in an equimolar mixture (4 mM) of both

the phosphorylated and non-phosphorylated forms. Mean prediction

for each concentration are plotted with standard error bars.

Fig. 3 A plot of the first two dimensions of the latent variable

loadings. For clarity the centroid is plotted (marked by a cross), with

an ellipse representing the 95% confidence interval: any points outside

of this boundary are plotted explicitly and encoded with symbols

according to the spectral region that they represent. The value of this

depiction is that it can indicate regions of importance to the model.

Table 2 Percentage root mean square error values for the PLSR calibration model

Calibration error (%) Cross-validation error (%) Independent test error (%) Number of PLS factors (latent variables) used

9.9 9.1 10.9 6
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into the hundreds.65,66 In addition, it is not sufficient, with a

multivariate problem involving continuous data, to assume

that single spectral bands or regions can be used to define the

optimal solution, especially since relevant chemical informa-

tion may be spread across the whole of the spectral space.

Rather, it is necessary to explore combinations of variables

that best describe the solution, and this cannot best be

achieved through the interpretation of loadings.67

To address this issue much attention has been focused

on using data mining methodologies to discover subsets of

variables that can formulate good solutions to problems such

as PLSR calibration.54,57,68 The benefit of this method is that

by reducing the solution from a complex multivariate problem

down to only a handful of independent variables, one is able to

make deductions about the biochemistry which defines the

problem. One method in particular for feature selection that

has attracted widespread attention is genetic algorithm (GA)

optimization, which can very easily be coupled to PLSR and

other multivariate models.69,70

Therefore, we applied GA-PLSR to the problem of

discovering which bands in the Raman spectra of casein were

most important for quantification. The benefit of this

approach is that the spectral bands utilized with greatest

frequency by the GA are very likely to relate to structural

differences between the phosphorylated and dephosphorylated

forms of the protein being studied.

Fig. 4 shows a scatter plot representing the Raman bands

selected in the fittest individuals from each of the 250

independent GA runs. This plot indicates which regions of

the spectrum were selected most frequently by the GA, and

therefore contributed most to the calibration model. Clearly,

only a small subset of spectral regions can be used to generate

optimal PLSR results, and these are elucidated in Table 3. This

strongly indicates that the major conformational changes upon

dephosphorylation result in greater constraint of histidine

side chains (ca. 1398 cm21), a change in the W2 vibrational

mode of tryptophan side chains (ca. 1577 cm21)71 and finally

a change in the a-helical structure of the molecule (ca.

1650 cm21). The region around 1490 cm21 offers no obvious

structural assignment and needs to be investigated further in

order to deduce any structural observations. In addition, it

should be noted that this particular analysis highlighted two

spectral regions of importance (ca. 1490 and 1577 cm21) that

were missed by the more conventional spectral analysis.

Further structural inferences that can be made from this

information are expanded upon below.

Comparison of phosphorylated and dephosphorylated as-casein

structure by Raman spectroscopy

Although the targetted analysis afforded by GA feature

selection points to the most pronounced structural

changes that occur during the dephosphorylation process,

additional information can be mined by a more traditional

manual interpretation of the spectra. Therefore, in Table 4

Table 3 Principal differences observed for the NIR Raman spectral profile of phosphorylated as-casein versus dephosphorylated as-casein, with
tentative assignments to protein structure

Raman band/cm21 Phosphorylated as-casein Dephosphorylated as-casein

850/830 Increase in Fermi doublet ratio from tyrosine residues Decrease in Fermi doublet ratio from tyrosine residues
989 Decreased tyrosine signature Increased tyrosine signature
1003 Decreased phenylalanine and increased tryptophan

signatures, potential increase in HPO4 (n1)
Increased phenylalanine and decreased tryptophan

signatures, potential decrease in HPO4 (n1)
1250 & 1265 Increase indicating more ordered structure Decrease indicating less ordered structure
1400 Decrease in band intensity from histidine side chain

conformation
Increase in band intensity from histidine side chain

conformation
1655–1670 Increase in band maximum Decrease in band maximum

Fig. 4 A scatter plot of Raman shift versus the most optimal result

from each independent GA run. The density of points about certain

regions of the spectrum indicates bands that are important to the

quantification of the different casein forms. The average spectrum of

phosphorylated a-casein is overlaid for clarity.

Table 4 The spectral regions most frequently selected by GA-PLS, listed in order of the density of variables selected within those regions

Raman shift/cm21 Assignment Phosphorylated as-casein Dephosphorylated as-casein

ca. 1398 Histidine side chain conformation Decrease Increase
ca. 1577 W2 vibrational mode of tryptophan side chains Decrease Increase
ca. 1490 Relates to rate of deceleration of the band at ca. 1450 cm21 Increase Decrease
ca. 1650 Shifts in the amide I maxima Increase Decrease
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observations taken from the NIR Raman spectra in Fig. 1A

and their difference spectra (Fig. 1B) are listed, with

interpretations of the structural differences that these indicate.

The tyrosine Fermi doublet ratio at 850/830 can provide an

important indicator of the average hydrogen bonding state of

the tyrosines with respect to this protein.72 These bands are

perturbed by the local environment of the phenol ring in

tyrosine and the intensity ratio of 850/830 is sensitive to

hydrophobicity. The ratio ranges from 0.3, when the phenolic

OH is a strong H-bond donor, to 2.5 when it is a strong

H-bond acceptor. For these data, this band indicates that upon

dephosphorylation the ratio 850/830 decreases (Fig. 1B) and

that one or more of the tyrosines becomes a stronger H-bond

donor/weaker H-bond acceptor, an observation which corre-

sponds to the removal of phosphate groups. The tyrosine band

at 989 cm21 is promoted in dephosphorylated casein, which

corresponds to the intensity increase in the 830 cm21 band of

the Fermi doublet noted above.

Also apparent is that upon dephosphorylation conforma-

tional changes are occurring that result in a large decrease

(y6 cm21) in the position of the amide I maximum (1655–

1670 cm21). It is not clear as to the identity of these

conformational changes, due to a lack of detailed band

assignments in the literature. In addition, the major bands at

1250 and 1265 cm21 in the phosphorylated case indicate more

ordered secondary structure compared with the dephosphory-

lated case. This supports the observations discussed above, and

see Table 4.

This general observation is also confirmed by our 1H NMR

analysis (data not shown). Plotting the NMR spectra of

phosphorylated and dephosphorylated as-casein together, so

that intensities of the peaks present in both spectra were

the same, showed a decrease in amide signal dispersion. In

addition, a relative decrease of NOE cross-peak intensity in the

amide–amide and amide–aromatic regions for the dephos-

phorylated as-casein sample was noted, in comparison with

that of the phosphorylated form. Finally, changes in the

histidine side chain band at 1400 cm21 are also noted in

Table 4, which at this stage merely confirms that structural

changes are occurring upon dephosphorylation.

Raman optical activity (ROA) was introduced above as a

particularly useful and accurate method for investigating

protein structure. The method measures a small difference in

Raman scattering from chiral molecules in right- and left-

circularly polarized light.29,30 Therefore, ROA has the same

relation to conventional Raman spectroscopy as ultraviolet

circular dichroism (UVCD) does to conventional ultraviolet

absorption spectroscopy. As ROA spectra are sensitive to

chirality they are an incisive probe of protein structure because

only the few vibrational coordinates that most directly sample

the skeletal chirality, such as those in the peptide backbone,

make the largest contributions to ROA spectra. ROA bands

are sensitive to secondary structure and can be particularly

informative for studying unfolded proteins.33–36 The intensity

of the ROA amide I bands are also sensitive to tertiary

structure, and these decrease as tertiary interactions decrease.

Therefore, to complement the conventional Raman data, ROA

spectra for phosphorylated and dephosphorylated as-casein

were also obtained.

Fig. 5 shows the ROA spectra that were obtained from

both phosphorylated and dephosphorylated as-casein. Chiral

Raman spectra of phosphorylated as-casein have been

reported previously in,37 and these new ROA data very closely

match, the published spectra, although the spectra reported

here have a higher signal-to-noise ratio and are of better

quality due to a lower fluorescence background. Several

structural assignments are afforded by ROA analysis. Of

these, a dominant band at 1320 cm21 is present for both

phosphorylated and dephosphorylated casein, indicating a

high polyproline II (PPII) helix content. This is consistent with

previous ROA studies of caseins.37,38 As for the Raman

spectra shown in Fig. 1, the ROA spectra for phosphorylated

and dephosphorylated as-casein are similar; however several

differences are apparent. One obvious difference, the weak

band at 1357 cm21, supports the observation that a promotion

of tryptophan residues occurs upon dephosphorylation. It is

also apparent that the amide I couplet, 2ve at 1650 and +ve

at 1680 cm21, is weaker for dephosphorylated as-casein,

indicating a decrease in tertiary structure with respect to

phosphorylated as-casein. A band shift in the position of the

positive component of this couplet also occurs, further

indicating conformational change.

However, one additional observation can be made that was

not available from the NIR Raman and NMR studies. The +ve

band at ca. 630 cm21 in the ROA spectrum of dephos-

phorylated casein, is near to a feature that has recently been

associated with C–S stretching modes in cysteine.73 This

feature appears to be sensitive to the conformation of

cysteine residues and is consistent with the Swiss-Prot

(www.expasy.org/sprot/) sequence search for as1-casein, which

identifies a single cysteine residue at position 8. Specifically, a

positive ROA band at 658 cm21 was found to correspond to

the H–Ca bond of cysteine, being trans to the adjacent Cb–S

bond.73 At this stage we are not able to associate the band

observed in Fig. 5 to a specific conformation; but we ascribe

Fig. 5 Scaled and baseline corrected ROA spectra of phosphorylated

and dephosphorylated as-casein acquired using 532.5 nm excitation.

The dephosphorylated a-casein ROA spectrum was normalised to the

same experimental conditions used for phosphorylated a-casein.
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this band to the stereochemistry of the cysteine residue.

Interestingly, this band directly relates to an amino acid

residue that is present in the molecule, and not a secondary

structural motif. The relatively strong intensity of this

particular band in this datum is perhaps rather extraordinary,

but with ROA it is possible that signals from low abundance

features are more intense due to an absence of signal averaging

from enantiomeric structures. However, further work needs

to be undertaken to determine why this band appears to

be absent in the spectrum of the phosphorylated form. A

possible reason is that subtly different forms of as-casein do

exist, and it is perhaps the case that in the phosphorylated

sample the proportion of this particular as-casein sequence is

much lower.

Conclusions

This study clearly demonstrates the application of Raman

spectroscopy to the exploratory analysis of PTMs, as

demonstrated by investigating protein phosphorylation.

Although a potential weakness of the method is the lack of

ability to detect directly PLO vibrations in phosphorylated

proteins, we have shown that NIR Raman spectroscopy can be

used to quantify the relative concentrations of mixtures of

phosphorylated and dephosphorylated as-casein accurately. In

addition, we have demonstrated that advanced data mining

strategies, such as GA-PLSR, have the ability to pinpoint the

major biochemical changes that allow for quantification of

these systems. Furthermore, in conjunction with ROA (and

NMR) spectroscopy we have shown that Raman spectroscopic

methods are highly descriptive of protein conformation and

can be used to define the structural changes that occur upon

dephosphorylation.
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