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Chapter 1 – Multivariate analysis of spectroscopic data for protein secondary 

structure determination. 

1.1 Introduction 

Protein structure determination has become a field of great significance in biophysics and 

biochemistry as it relates directly to protein function and changes in structure that consequently 

may lead to certain diseases1, 2. Deep-ultraviolet resonance Raman (DUVRR) spectra is sensitive 

to secondary structural motifs but, similar to circular dichroism (CD) and infrared spectroscopy, 

require the application of multivariate and advanced statistical analysis methods to resolve the pure 

secondary structure Raman spectra (PSSRS) for determination of secondary structure 

composition3, 4.  

A number of techniques have been developed for resolving protein secondary structure. X-

ray crystallography (XRC) is one of such techniques which requires suitable crystalline samples 

of protein for structure determination, and producing protein crystals for some samples can be 

challenging. However, complete protein structures can be resolved to within fractions of an 

angstrom by this method5-7. Solid-state nuclear magnetic resonance (NMR) spectroscopy has 

emerged as a powerful tool for determining complete protein structures without the need to first 

produce a crystalline protein, although the complexity of the data can make interpretation a 

laborious process8-10. Circular dichroism which is an absorption based technique, has long been 

used for the evaluation and quantification of protein secondary structure. When more than one 

secondary structure type is present in a protein, deconvolution of CD data for quantification of 

protein secondary structure is subject to having a reliable reference set of pure spectra11-14. 
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Vibrational spectroscopies have also been applied to quantify protein secondary structure, 

as specific secondary structure motifs have been found to correspond with certain vibrational 

bands. Studies involving Raman spectroscopy and infrared (IR) spectroscopy15-17 have been 

applied to quantitation of protein secondary structure in terms of α-helix, β-sheet, and disordered 

structure. Temperature dependent Raman, vibrational circular dichroism (VCD), and Raman 

optical activity (ROA) spectroscopies have the additional advantage over other techniques of 

distinguishing between different types of α-helix and β-sheet peptide and protein structures18-25. 

The success of previous methods to quantify protein secondary structure content using deep 

ultraviolet resonance Raman spectra suggests that future multivariate analyses will be unique to 

the experimental data acquired, as such data continues to grow in complexity. The use of two or 

more spectroscopic techniques complimentarily and a combination of mathematical techniques, 

such as variations of component analysis26, multivariate analysis approaches3, 4, 27, use of data 

fusion techniques28-31 and variable selection techniques32, 33 suggest that future research will be 

able to look at more complex experimental data and extract useful protein secondary structure 

information. 

The rest of this chapter focuses on giving a background to protein structure, ultraviolet 

resonance Raman and circular dichroism sensitivity to protein secondary structure, ultraviolet 

resonance Raman and circular dichroism instrumentation for better comprehension of chapters 3, 

4 and 5. 
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1.2 Protein structure terminology 

Protein structure has four levels; primary, secondary, tertiary, and quaternary. The primary 

structure refers to the simple amino acid sequence while the secondary structure refers to the 

structural motifs within the protein that are defined by the φ and ψ dihedral angles of the amide 

backbone (Figure 1.1). The three-dimensional arrangement of the secondary structures is the 

tertiary structure and quaternary structure is the arrangement of protein subunits to each other in 

larger complexes that function as a single unit34. The fact that secondary structure changes impact 

the tertiary and quaternary structure of a protein, as well as the observation that secondary structure 

changes unaccompanied by changes to the primary structure are involved in protein based diseases 

and altered protein function, has led to an increased interest in resolving and 

quantifying protein secondary structure content35-37. The discussion in this chapter would therefore 

be limited to secondary structure alone. 
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Fig. 1.1 Amide backbone of polypeptide showing phi (φ) and psi (ψ) angles. 
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1.2.1 Secondary structure 

The secondary structure of a protein is determined by the set of dihedral angles (ψ, φ and 

ω), which define the spatial orientation of the peptide backbone, and the presence of specific 

hydrogen bonds. Given the planar character of the amide bond, the ω (along the Cα-C-N-Cα bonds) 

either adopts the more stable trans configuration of 180o or the cis configuration of 0o. The φ and 

ψ angles however, have more flexibility. When the backbone dihedral angles (φ, ψ) have repeating 

values, the peptide forms regular secondary structure. Standard terminology and description of the 

characteristics have been published38-44 and serve as standards for defining specific secondary 

structure types, however, these standards are not always strictly followed. 

1.2.1.1 Helices 

 Most helical structures feature a hydrogen bond three to five amino acid residues away 

from the carbonyl oxygen to the amide hydrogen which causes the backbone to trace a right-

handed screw as one looks down its axis from the amino terminal end. The most common and 

stable helical form is the right-handed α-helix45. For every turn along the helical axis there are 3.6 

amino acid residues that span 1.5 Ǻ along the axis. The φ and ψ angles center around -60o and -

45o, respectively. Other helical structures have been identified or theorized including the 310-helix 

(-49o, -26o) and the π-helix (-57o, -69o). 

1.2.1.2 β-sheet 

 β-sheet structures46 are generally more extended than α-helices. The backbone carbonyls 

and amides alternate their orientation along this extended conformation which gives rise to two 

hydrogen bonding schemes between individual strands: the parallel and anti-parallel47. As the 

protein continues from the N to C terminus, parallel strands propagate in the same direction while  
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Fig. 1.2 Different secondary structures of protein. (A) α-helix (B) α-helix in ribbon representation 

(C) β-sheet (D) β-sheet in ribbon representation (E) unfolded structure (F) unfolded structure in 

ribbon representation. 
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anti-parallel strands alternate their direction as the β-sheet continues. The Cα does not lie in the 

plane defined by the extended backbone. Instead, it alternately lies above and below the plane 

which gives the designation for the pleated β-sheet. Hydrogen bonding in anti-parallel beta sheets 

is perpendicular to the strand. Parallel strands offset the carbonyl oxygen and amide nitrogen and 

its hydrogen bonds are more regularly spaced than those in anti-parallel strands. Parallel β-strands, 

although less stable, also tend to have a closer distribution around -119° and 113° for the φ and ψ 

angles, respectively41. The dihedral angles of anti-parallel strands are more widely scattered about 

-139° and 135°. 

1.2.1.3 Unfolded structure 

 The final category in protein secondary structure is the disordered or unfolded 

conformation, in which each amino acid randomly samples all sterically-allowed φ and ψ angles41, 

48. Historically this has also been called random coil. Recent evidence49 suggests that these 

seemingly disordered proteins do have local regions of order that adopt turn-like conformations or 

those of poly-proline II50 (PPII, a left-handed 310-helix formed by trans-L-poly-proline). Turns in 

a protein51, (where the protein reverses its general direction) are also non-repetitive and occur over 

only a few residues but are abundant in protein structures. Their conformational flexibility is much 

greater than helices and β-sheets. The amino acid’s position in the turn becomes more important 

in determining the allowed dihedral angles. 
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1.3 Optical methods for secondary structure determination 

1.3.1 Circular dichroism 

Circular dichroism (CD) is a spectroscopic technique that measures the difference in 

absorption of circularly (left and right) polarized light by an analyte. The phenomenon occurs 

when an analyte is intrinsically chiral, linked to a chiral center or placed in an asymmetric 

environment. Circular dichroism is widely applied to the study of protein structure because it is 

especially suitable for monitoring conformational changes11, 13, 14. The bonds of the peptide 

backbone absorb in the 190-250 nm range, giving us useful information about protein secondary 

structure. Each secondary structure motif has a signature spectral shape (Figure 1.3).  
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Fig. 1.3 Circular dichroism spectra showing the different protein secondary structure. 
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The α-helix is characterized by two negative features at 208 and 222 nm and one positive 

feature at 193 nm. The β-sheet has a distinct positive feature around 194 nm and a negative feature 

around 217 nm. The poly-proline type II (PPII) structure is characterized by a negative feature at 

196 nm and a broad positive feature between 210 and 217 nm. Environmental information about 

any present side chains, especially aromatic amino acids, can be obtained in the 260 nm to 320 nm 

region if required.  

1.4 Vibrational methods for secondary structure determination 

 Vibrational spectra for protein structure analysis may be obtained either by infrared 

absorption (IR) or Raman scattering spectroscopy and both techniques provide complimentary 

information. 

1.4.1 Infrared spectroscopy 

 Infrared spectroscopy (IR) is one of the oldest and well established experimental 

techniques for secondary structure analysis of proteins and polypeptides52-55. It is non-destructive, 

requires very little sample preparation and can be used under a wide variety of conditions. This 

makes it a valuable tool for the investigation of protein structure56-62 of the molecular mechanism 

of protein reactions63-69 and of protein folding, unfolding and misfolding70-73. 

Protein IR spectra results from the absorption of IR radiation by vibrating chemical bonds 

(primarily stretching and bending motions) of the protein or polypeptide repeating amide 

backbone. This gives rise to nine characteristic IR absorption bands namely, amide A, B and I-

VII. Of these, the amide I and II bands are the most prominent of the protein backbone vibrational 

modes16, 53, 54. The most sensitive spectral region to the protein secondary structural components 

is the amide I band (1700−1600 cm−1) due almost entirely to the carbonyl stretch vibrations of the 
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peptide linkages. The frequencies of the amide I band components are found to be correlated 

closely to each secondary structural element of the proteins. The amide II band (1575-1480 cm-1), 

in contrast, derives mainly from in-plane NH bending and from the CN stretching vibration, shows 

much less protein conformational sensitivity than the amide I53. The remaining amide vibrational 

bands are very complex and are therefore of less practical use in protein conformational studies74.  

Previously, the use of IR spectroscopy for protein secondary structure analysis was 

severely limited by factors including low sensitivity of the instrument, interfering absorption from 

aqueous solvent, and the lack of understanding of the correlations between specific backbone 

folding types and the individual component bands. IR spectrum was difficult unless D2O was used 

as a solvent as water absorbs strongly in the most important spectral region at approximately 1640 

cm−1.75 Even in D2O solution, usually only qualitative information was obtained because the 

components of absorption bands associated with specific substructures, such as α-helix and β-

sheet, could not be resolved. Later, as more protein structures were solved by X-ray 

crystallography, and the computational procedures for the resolution enhancement of broad IR 

bands of protein were developed, the IR spectra of polypeptides and proteins in both H2O and D2O 

solution could be assigned to secondary structure15, 54, 55, 75-79 (Table 1.1).  

The computerization of IR (Fourier transform) instrumentation has improved the signal-

to-noise ratio and allowed extensive data manipulation. Also, new band narrowing methods have 

not only enriched the qualitative interpretation of the IR spectra and also provided a basis for the 

quantitative estimation of protein secondary structure.15, 80-84 
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Table 1.1 Assignment of amide I band positions to secondary structure17, 54, 75 

Secondary structure Band position in H2O (cm-1) Band position in D2O (cm-1) 

α-helix 1648-1657 1642-1660 

β-sheet 1623-1641 1615-1638 

 1674-1695 1672-1694 

Turns 1662-1686 1653-1691 

Disordered 1642-1657 1639-1654 
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1.5 UVRR sensitivity to secondary structure 

The structural sensitivity of vibrational spectroscopic methods, such as infrared absorption 

spectroscopy, non-resonance Raman spectroscopy and ultraviolet resonance Raman spectroscopy 

primarily arises from the signal of the polypeptide backbone amide group. This signal results in 

several discrete vibrational modes (Figure 1.4): the amide I, II, III and S modes85, 86. A survey of 

these modes are discussed below and a combination of all four modes simultaneously make 

ultraviolet resonance Raman a very sensitive technique for secondary structure determination. 
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Fig. 1.4 UVRR amide modes of polypeptide backbone. 
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1.5.1 Amide I 

The amide I is predominantly a carbonyl stretch with some NH bending contribution in the 

1600 to 1700 cm-1 region85. The hydrogen bonding capability of the carbonyl makes the amide I a 

very structurally-sensitive mode because each secondary structure has a unique hydrogen bonding 

geometry. α-helices have lower frequency amide I modes (1645-1655 cm-1) because of 

intramolecular hydrogen bonding and hydrogen bonding to water87. Amide I modes of β-sheet and 

disordered peptides overlap each other between 1660-1680 cm-1. In soluble protein spectra, 

however, the amide I is usually the least intense of the amide modes (unless the protein has a very 

high helical content).  

1.5.2 Amide II 

The amide II is an out-of-phase combination of C-N stretching and N-H in-plane bending 

and appears between 1500 and 1600 cm-1. α-helices have two distinct modes at lower 

wavenumbers (1520-1555 cm-1) while β-sheet and disordered structures are at higher 

wavenumbers (1548-1564 cm-1)87. Its intensity is inversely proportional to helical content in a 

protein87.  

1.5.3 Amide S  

The amide S, alternatively called the CαH bending mode in literature, was the last of the 

amide modes to be identified and therefore not numerical in sequence. The “S” notation was 

proposed by Spiro for “secondary structure-sensitive”88. Finally, the CαH bending coupled to NH 

bending was determined to be its source86. The amide S appears from 1374-1397 cm-1 for 

disordered structures and 1395-1406 cm-1 for beta sheet structures87. Like the amide II, its intensity 

is also inversely proportional to helical content87. Fully α-helical peptides show no amide S in their 
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Raman spectra because the α-helical conformation forces the Cα hydrogen in close proximity to 

the amide hydrogen which decouples the two vibrations89, 90. 

1.5.4 Amide III 

The amide III shares the same C-N stretch and N-H in-plane bending modes as the amide 

II, only these are in phase and appear between 1200 and 1350 cm-1. α-helices have an amide III 

mode at higher wavenumbers (1254-1345 cm-1), β-sheets at the lower end (1220 to 1241 cm-1), 

and disordered in between (1240-1279 cm-1). Furthermore, three main sub-bands have been 

identified in the literature, called the amide III1, III2, and III3 bands, in order of high to low energy. 

The latter is the “classical” amide III mode described in prior literature before the other two 

components were identified91. Most of the recent DUVRR structural analysis literature has focused 

on the amide III as it is the most sensitive to secondary structure. Amide III frequency is 

sinusoidally dependent upon the φ and ψ dihedral angles of the protein backbone92, 93, which had 

been shown earlier94 with non-resonance Raman spectroscopy. Therefore, ψ angle distributions 

can be quantified. However, the amide III is often overlapped with aromatic residue vibrations 

(assuming aromatic residues are present in the primary protein sequence), which are typically 

subtracted out in fitting analyses of the mode. The amide III is very rich in structural information 

when there is not significant spectral overlap in this region. 

1.5.5 Aromatic vibrational modes 

The amide modes are certainly adequate for structural analysis, but aromatic vibrational 

modes report on hydrogen bonding and environmental polarity and are largely responsible for 

reporting on tertiary and quaternary contacts in a protein. The aromatic amino acid, phenylalanine, 

tyrosine, and tryptophan contribute to the UVRR spectra of proteins95. Like the signal of the amide 
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backbone, the signals arising from the aromatic amino acids appear in several distinct modes and 

are also subject to resonance enhancement., with maximum enhancement occurring at excitation 

wavelengths beyond the optimum range of the amide backbone (>210 nm) for resonance 

enhancement. The modes arising from the aromatic amino acid side chains heavily overlap with 

the amide modes. The contribution from the aromatic modes will depend on the abundance of each 

aromatic amino acid and the environment of each individual residue95.  

UVRR spectra will have contributions from each secondary structure type, proportional to 

the relative amount of each structure type, in each amide mode, altering the position and intensity 

of each. In addition, the degree of resonance enhancement of each mode is directly related to the 

absorption profile of the chromophore at any selected excitation wavelength96. Each secondary 

structure has a unique absorption profile and, as a result97, the excitation profile of each mode is 

conformation dependent98-101. As a result of the aforementioned relationships, varying the 

secondary structure content, pH, temperature, or excitation wavelength for a single protein will 

result in a bilinear data matrix, which is well suited to a multivariate data analysis approach.  

Alternatively, a series of proteins with varying secondary structure contents will also result in a 

bilinear data matrix.  

Great interest exists for further application of UVRR, for instance in protein dynamics. 

However, interpretation of UVRR spectra can be extremely challenging due to spectral overlap. 

Often the barrier to structurally meaningful information is not experimental, but the methods used 

to analyze the spectra. As a result, a number of advanced chemometric methods have already been 

applied to UVRR spectra including: factor analysis, least squares, multivariate curve resolution 

and single point calibrations26, 101-103.  
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1.6 UVRR instrumental overview 

 Ultraviolet resonance Raman (UVRR) is a technique with a wide array of applications 

including protein secondary structure determination and protein dynamics studies. While a 

powerful technique, UVRR instruments are not commercially available, therefore, each instrument 

must be designed and constructed by the intended users with the specific requirements of the field 

of interest in mind. UVRR studies of proteins have very specific requirements of the instrument in 

terms of excitation light source and due to the nature of resonance enhancement, photons of 

sufficient energy which will result in an electronic transition must be generated.  

In the case of protein spectroscopy, the primary chromophore of interest is the amide 

backbone, however, the aromatic amino acids are also of great interest85. Resonance enhancement 

of amide modes rapidly increases below 220 nm as you approach the π*3←π2 dipole allowed 

transition at 188 nm, leading to greater resonance enhancement as you decrease excitation 

wavelength104. This requires a laser source for the UVRR instrument capable of generating light 

in what is commonly called the “deep” ultraviolet region (180-280 nm)105. The laser source for 

deep UV light must be created from a multiple harmonics of a tunable Ti:Sapphire laser pumped 

by a frequency doubled Nd:YLF laser106. The Ti:Sapphire beam (IR wavelength near 800 nm) is 

frequency doubled at the second harmonic lithium triborate (LBO) crystal to create blue light. Both 

the residual collinear IR and blue light are frequency mixed at the third harmonic beta barium 

borate (BBO) crystal to produce violet light. This, in turn, is collinear with the residual IR and 

frequency mixed with another BBO crystal to produce the desired deep UV light from 195 to 206 

nm. BBO crystals are moisture-sensitive, therefore the harmonics cavity is kept under a positive 

pressure of nitrogen gas. 
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The output of the harmonics cavity is directed to the sample chamber with a series of 

mirrors. In addition, just before the sample chamber, the laser passes through a biconvex lens to 

focus the laser to a pinpoint. At the sample chamber, the sample is irradiated with the focused 

excitation beam generating the Raman scatter. 

The flow cell is pumped by a peristaltic pump to circulate the small (0.5 – 5 mL) sample 

volume which can be cooled by a water jacket surrounding the sample reservoir from 4° to 35° C, 

although measurements are typically taken at room temperature. The sample flows down two thin 

nitinol wires as a thin film of approximately 1 mm width. The focused laser beam is incident on 

this film. The atmosphere is nitrogen purged to avoid contributions to the Raman spectrum from 

molecular oxygen. The Raman scattered light is collimated and focused into a spectrograph which 

spatially separates the Rayleigh scattering and directs the Stokes scattering on a liquid nitrogen-

cooled charge-coupled device (CCD). Figure 1.3 shows a simple schematic of the UVRR 

instrumentation used.  
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Fig. 1.5 Schematic of UVRR instrument. 
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Chapter 2 - Multivariate Data Analysis 

Multivariate analysis encompasses a set of techniques devoted to the analysis of data sets 

with more than one variable. It involves the application of statistical processes to data systems in 

order to expose the inherent structure and meaning between and within sets of variables contained 

in the data system. Linear algebra, also known as matrix algebra, is a study of linear sets of 

equations and their transformation properties and provides some of the basic mathematical 

concepts for solving linear systems utilized in multivariate data analysis. Therefore, an 

understanding of linear algebraic rules is essential to the interpretation of data that would be 

subjected to multivariate analysis. Basic information on select concepts in linear algebra and 

multivariate data analysis is presented here to provide context for the data analysis performed in 

subsequent chapters. A complete survey of both linear algebra and multivariate data analysis is 

beyond the scope of this work and is extensively reviewed in literature1-11. 

2.1   Linear Algebra 

 Linear algebra is an extension of scalar mathematics dealing with multi-dimensional 

quantities. Multi- dimensional data may be represented as vectors or matrices (section 2.1.1) and 

may be subjected to basic algebraic operations (section 2.1.2). Basic terminology and linear 

algebraic rules are presented in the following subsections. 

2.1.1 Vectors and Matrices 

A matrix is a set of numbers presented in two dimensions, rows and columns. When referring to 

matrix size rows are always listed before columns such that Y, an n × m, matrix contains n rows 

and m columns. A matrix that contains only one row or column it is referred to as a vector, as 

examples x and y illustrate: 
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𝐱 =  [𝑗1 𝑗2 ⋯ 𝑗𝑚]   (2-1) 

𝐲 =  [

𝑘1

𝑘2

⋮
𝑘𝑛

]     (2-2) 

where x is a vector that contains m columns with values j1 through jm, and y is a vector that contains 

n rows with values k1 through kn. Similarly, a matrix may be considered as a concatenated series 

of vectors, as with matrices X and Y: 

𝐗 =  [

𝑗11 𝑗12 ⋯ 𝑗1𝑚

𝑗21 𝑗22 ⋯ 𝑗2𝑚

⋮ ⋮ ⋱ ⋮
𝑗𝑛1 𝑗𝑛2 ⋯ 𝑗𝑛𝑚

]   (2-3) 

𝐘 =  [

𝑘11 𝑘12 ⋯ 𝑘1𝑚

𝑘21 𝑘22 ⋯ 𝑘2𝑚

⋮ ⋮ ⋱ ⋮
𝑘𝑛1 𝑘𝑛2 ⋯ 𝑘𝑛𝑚

]   (2-4) 

where matrix X contains n rows and m columns of values j11 through jnm, and matrix Y contain n 

rows and m columns of values k1 through knm. One may construct matrix X by concatenating n 

rows of x-sized vectors, or matrix Y by concatenating m columns of y-sized vectors. 

2.1.2 Matrix Mathematics 

Operations used in basic algebra all have corresponding matrix operations in linear algebra, 

such as addition and multiplication. A few mathematical operations unique to linear algebra exist 

as well, such as the matrix transpose. Some basic matrix mathematics utilized in the multivariate 

techniques of Chapters 3, 4 and 5 are presented in the following subsections. 
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2.1.2.1 Addition and Subtraction 

Matrix addition is an element-by-element operation; this feature requires both matrices to 

have the same row and column dimensions. Addition of matrices X and Y (Equations 2-3 and 2-4 

respectively) to form a new matrix Z is performed as: 

𝐗 + 𝐘 =  [

𝑗11 + 𝑘11 𝑗12 + 𝑘12 ⋯ 𝑗1𝑚 + 𝑘1𝑚

𝑗21 + 𝑘21 𝑗22 + 𝑘22 ⋯ 𝑗2𝑚 + 𝑘2𝑚

⋮ ⋮ ⋱ ⋮
𝑗𝑛1 + 𝑘𝑛1 𝑗𝑛2 + 𝑘𝑛2 ⋯ 𝑗𝑛𝑚 + 𝑘𝑛𝑚

] = 𝐙 =  [

𝑙11 𝑙12 ⋯ 𝑙1𝑚

𝑙21 𝑙22 ⋯ 𝑙2𝑚

⋮ ⋮ ⋱ ⋮
𝑙𝑛1 𝑙𝑛2 ⋯ 𝑙𝑛𝑚

]  (2-5) 

where the values of l are the sums of their respective j and k values, therefore Z has dimensions 

equal to X and Y. Subtraction of values may be achieved in a similar fashion, where some or all 

values of j or k are negative. 

2.1.2.2 Multiplication 

Multiplication of matrices may be achieved in several ways, including scalar 

multiplication, point-by-point multiplication, and matrix multiplication. Scalar multiplication 

involves multiplying an entire matrix, Y, by a single value, a, to give a new matrix Z: 

𝐘 × 𝑎 =  [

𝑎 × 𝑘11 𝑎 × 𝑘12 ⋯ 𝑎 × 𝑘1𝑚

𝑎 × 𝑘21 𝑎 × 𝑘22 ⋯ 𝑎 × 𝑘2𝑚

⋮ ⋮ ⋱ ⋮
𝑎 × 𝑘𝑛1 𝑎 × 𝑘𝑛2 ⋯ 𝑎 × 𝑘𝑛𝑚

] = 𝐙 =  [

𝑙11 𝑙12 ⋯ 𝑙1𝑚

𝑙21 𝑙22 ⋯ 𝑙2𝑚

⋮ ⋮ ⋱ ⋮
𝑙𝑛1 𝑙𝑛2 ⋯ 𝑙𝑛𝑚

]  (2-6) 

where the elements l are the values of the multiplication of a and the corresponding k. 

Each value of Y may be multiplied by a different value in point-by-point matrix multiplication, 

and throughout this text is indicated as a period between matrices. For matrices X and Y point-by-

point multiplication is performed as: 
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𝐘. 𝐗 =  [

𝑗11 × 𝑘11 𝑗12 × 𝑘12 ⋯ 𝑗1𝑚 × 𝑘1𝑚

𝑗21 × 𝑘21 𝑗22 × 𝑘22 ⋯ 𝑗2𝑚 × 𝑘2𝑚

⋮ ⋮ ⋱ ⋮
𝑗𝑛1 × 𝑘𝑛1 𝑗𝑛2 × 𝑘𝑛2 ⋯ 𝑗𝑛𝑚 × 𝑘𝑛𝑚

] = 𝐙 =  [

𝑙11 𝑙12 ⋯ 𝑙1𝑚

𝑙21 𝑙22 ⋯ 𝑙2𝑚

⋮ ⋮ ⋱ ⋮
𝑙𝑛1 𝑙𝑛2 ⋯ 𝑙𝑛𝑚

]  (2-7) 

where the elements of Z, l, are the result of the respective multiplication of the elements of X and 

Y. In this case, X and Y must have the same dimensions, and are commutative, where X.Y = Y.X. 

Matrix multiplication involves row-by-column multiplication. Given matrices X and Y matrix 

multiplication yields: 

XY = [
(𝑗11 × 𝑘11 + 𝑗12 × 𝑘21 + ⋯ 𝑗1𝑚 × 𝑘𝑛1) ⋯ (𝑗11 × 𝑘1𝑚 + 𝑗12 × 𝑘2𝑚 + ⋯ 𝑗1𝑚 × 𝑘𝑛𝑚)

⋮ ⋱ ⋮
(𝑗𝑛1 × 𝑘11 + 𝑗𝑛2 × 𝑘21 + ⋯ 𝑗𝑛𝑚 × 𝑘𝑛1) ⋯ (𝑗𝑛1 × 𝑘1𝑚 + 𝑗𝑛2 × 𝑘2𝑚 + ⋯ 𝑗𝑛𝑚 × 𝑘𝑛𝑚)

]  

=  𝒁 = [
𝑙11 ⋯ 𝑙1𝑚

⋮ ⋱ ⋮
𝑙𝑛1 ⋯ 𝑙𝑛𝑚

]      (2-8) 

so that the first element of the first row of matrix X is multiplied by the first element of the first 

column of matrix Y and added to the product of the second element of the first row of matrix X 

multiplied by the second element of the first column of matrix Y, and so on to produce the first 

value of the first row in Z. Matrix multiplication will have no special notation in this text, so XY 

denotes the matrix multiplication of matrices X and Y, rather than scalar or point-by-point 

multiplication. Matrix multiplication is not commutative, so XY ≠ YX, and order of multiplication 

is important. However, matrix multiplication is associative, where X(XY) = (XX)Y. Because 

matrix multiplication is a row-by-column process, the number of rows of matrix X must equal the 

number of columns of matrix Y for multiplication to be possible, however the columns of X and 

the rows of Y need not be equal.  
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2.1.2.3 Matrix Transpose  

A matrix transpose converts rows of a matrix to columns and columns of a matrix to rows. Given 

matrix Y (Equation 2-4), the transpose, YT, is: 

𝐘T = [

𝑘11 𝑘21 ⋯ 𝑘𝑛1

𝑘12 𝑘22 ⋯ 𝑘𝑛2

⋮ ⋮ ⋱ ⋮
𝑘1𝑚 𝑘2𝑚 ⋯ 𝑘𝑛𝑚

]    (2-9)  

where Y has dimensions n × m and YT has dimensions m × n. Any matrix may undergo a matrix 

transpose. 

2.1.2.4 Matrix Pseudoinverse 

The inverse of matrix Y is a matrix Y-1, where YY-1 = I, and I is the identity matrix. Strictly, 

invertible matrices only exist for square matrices that have non-zero determinants. When matrix 

Y is not a square matrix, a pseudoinverse matrix may be implemented. One such pseudoinverse is 

described as (YTY)-1YT, and is equivalent to Y-1 for non-square matrices.  

2.2 Multivariate Techniques 

Multivariate data analysis techniques have existed for over 70 years12-20. Application of 

multivariate techniques to chemical data has been referred to as chemometrics for over 40 years15, 

21-23. Several variations on algorithms and techniques in multivariate data analysis exist, a few of 

which are discussed here in the context of data analyses performed in Chapters 3, 4 and 5. Several 

books and journal articles cover a much wider array of multivariate data analysis techniques in 

greater detail than are presented herein1, 5, 8, 9, 11, 24. 
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Multivariate methods such as classical least squares (CLS), and partial least squares (PLS) 

assume a linear relationship between spectral intensity and the analyte concentrations in a 

mixture25; PLS can also be applied to non-linear systems 26-28. Each method involves a calibration 

step, where the relationship between the spectra and the concentrations of the components is 

deduced from a set of reference samples followed by a prediction step in which the results of the 

calibration are used to determine the concentrations of the components from the spectra of the 

analyzed samples. For clarity, matrices are represented as bold type uppercase letters, vectors are 

represented as bold type lowercase letters and scalars are presented in italics according to the 

standard notation reviewed by Kiers29. A superscripted “T” and “+” denote the transpose and 

pseudoinverse function of a matrix respectively. 

In the case of proteins, the deep ultraviolet resonance Raman (DUVRR) and circular 

dichroism (CD) spectra can be represented as the sum of the fraction of α-helical (cα), β-sheet (cβ) 

and any other secondary structure content multiplied by the underlying pure secondary structure 

profiles for each type of secondary structure plus an error term (Equation 2-10) 

𝐱 = 𝑐𝛼𝐬𝛼 + 𝑐𝛽𝐬𝛽 +  … + 𝑒   (2-10) 

Where x represents the measured spectrum and sα, and sβ represent the pure secondary structure 

profiles for α-helix, β-sheet and unordered respectively. 

For a series of proteins, the matrix X can be represented as the product of two smaller matrices 

plus an error matrix E, (Equation 2-11, Figure 2.1). The matrix, S, includes the pure secondary 

structure profiles and the matrix C contains the fractional amounts of each secondary structure. 

𝐗 = 𝐂𝐒𝑇 + 𝐄      (2-11) 
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Fig. 2.1   Bilinear model for multivariate analysis of data for protein secondary structure 

determination. 
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Multivariate curve resolution (MCR) is a multivariate technique that can resolve 

multicomponent mixtures into a simple model consisting of a composition weighted sum of the 

signals of the pure compounds. It is a bilinear method to resolve an experimental data matrix into 

the product of two matrices that are usually associated with concentration and spectra30-32. 

2.2.1 Classical least squares 

Classical least squares (CLS) has been previously used for secondary structure prediction 

of proteins from infrared and circular dichroism data33. It has also been shown that DUVRR spectra 

of proteins can be resolved into their underlying pure secondary structure Raman spectra 

(PSSRS)34. The PSSRS can be determined from the measured DUVRR spectra of a set of proteins 

with known secondary structure compositions by rearranging Equation 2-11 to give Equation 2-

12 

�̂�𝐓 = (𝐂𝐓𝐂)−𝟏𝐂𝐗   (2-12) 

where X denotes the matrix containing spectral data and C the concentration matrix. �̂� represents 

the matrix of PSSRS. Once the PSSRS have been determined, the secondary structure content can 

then be determined using the PSSRS recovered from Equation 2-12 in Equation 2-13 

�̂�𝐮𝐧𝐤 = 𝐗𝐮𝐧𝐤
T �̂�T(�̂��̂�𝐓)

−1
   (2-13) 

 

2.2.2 Principal component regression 

Principal component regression35 is a regression method that uses principal component 

analysis (PCA) in estimating regression coefficients. That is, instead of regressing the independent 

variables on the dependent variables directly, the principal components of the independent 

variables are used. The data matrix X is first decomposed into two smaller matrices referred to as 
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scores (P) and loadings (T), where X=PTT.  The results of a PCA are usually discussed in terms 

of component scores (the transformed variable values corresponding to a particular component in 

the data) and loadings (the weight by which each standardized original variable should be 

multiplied to get the component score). Using the first n principal components, an estimate of X, 

(�̂�) is then employed to determine the underlying PSSRS using Equation 2-14 a-c. 

�̂�𝛼 = �̂�+𝑐𝛼    (2-14a) 

�̂�𝛽 = �̂�+c𝛽    (2-14b) 

�̂�𝑢 = �̂�+c𝑢    (2-14c) 

where �̂�+is the pseudoinverse of the estimated data matrix. The secondary structural composition 

of an unknown protein can then be determined from the DUVRR spectrum and the resolved PSSRS 

according to Equation 2-15 a-c. 

ĉ𝛼,unk = 𝑟unk
T �̂�α   (2-15a) 

ĉβ,unk = 𝑟unk
T �̂�β   (2-15b) 

ĉu,unk = 𝑟unk
T �̂�u   (2-15c) 

where runk is the spectra of a protein with unknown secondary structure composition. 

 

2.2.3 Partial least squares 

In partial least squares36, the response matrix (spectra), X, is decomposed in a fashion 

similar to principal component regression, generating a matrix of scores and loadings or factors. 

A similar analysis is also carried out on the concentration matrix, C, producing separate scores and 

loadings matrices. PLS strives to model all the constituents forming X and C so that residuals for 
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X and C are approximately zero. An inner relationship is also constructed that relates the scores 

of X and the scores of C. The general underlying model of multivariate PLS is 

𝐗 = 𝐓𝐏T + 𝐄   (2-16) 

𝐂 = 𝐔𝐐T + 𝐅   (2-17) 

𝐔 = 𝐓𝐖   (2-18) 

�̂� = 𝑷(𝑷T𝑷)−1𝑾𝑸T  (2-19) 

�̂� = 𝑿�̂�   (2-20) 

where X and C are the spectral and concentration matrices respectively, T and U are the score 

matrices for X and Y respectively, P and Q, loading matrices for X and Y respectively, E and F, 

error matrices for X and Y respectively and �̂� plays the role of the regression coefficients like in 

CLS and PCR. 

2.2.4 Multivariate Curve Resolution –Alternating least squares 

Multivariate curve resolution is a branch of multivariate data analysis that focuses on separating 

overlapped spectra. It is a bilinear method which resolves multicomponent mixtures into a simple 

model consisting of a composition-weighted sum of the signals of the pure compounds37, 38. 

Experiments presented in Chapters 3 and 4 use multivariate curve resolution techniques to separate 

DUVRR as well as CD spectra. 

MCR-ALS is described by the model shown below. 

𝐗 = 𝐂𝐒𝐓 + 𝐄    (2-21) 

where X is the original data matrix, C and ST are the matrices containing the pure-component 

profiles related to the data variation in X, i.e., concentration and spectra respectively and E is the 

error matrix.  
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In MCR-ALS, the C and the ST matrix have equal priority and both are optimized in iterative 

cycles. First the number of compounds/components in X are determined either by principal 

component analysis or already known from experience. Then initial estimates of the C matrix are 

calculated. Using the estimate of C, the ST matrix is calculated under appropriately chosen 

constraints and then using the ST estimates, the C matrix is again calculated under appropriately 

chosen constraints. From the product of C and ST found in the above steps of an iterative cycle, an 

estimate of the original data matrix, X, is calculated. The steps are repeated until the matrix of 

residuals or error matrix becomes very small. 

2.3 Principal component analysis 

 Some multivariate techniques require that the data be partitioned into a number of principal 

components (PCs) before further processing. The PCs are orthogonal to each other and represent 

a reduced dimensionality of a data matrix that describes most, but usually not all, of the variance 

displayed in the original data matrix. The first PC describes, as a vector in terms of the factor 

space, the direction of greatest variance in the data, and the second PC describes the direction of 

the next greatest variance in the data, and continues through to all PCs contained in the data. Any 

physical components whose contributions to the variance of the data matrix are correlated will be 

contained in one PC, and several PCs may be present within a data matrix. Non-principal 

components, those components that do not substantially contribute to the observed variance of the 

data set, typically describe noise in the data.  

One way to find the number of PCs in a data matrix, X, is singular value decomposition 

(SVD), such that:  

𝐗 = 𝐔∑𝐕T  (2-22)  
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where U may be referred to as the row-singular vectors, Σ is a diagonal matrix that describes the 

size of (variance described by) each component in U and V, V may be referred to as the column-

singular vectors, and U and V are orthogonal matrices (orthogonal meaning UTU = UUT = I, and 

similarly for V).  

SVD is a preferred method because it is applicable to non-square matrices of data. For any 

non-square matrix X, the total number of components is equal to the smallest side of matrix X. 

The PCs of matrix X are selected by the analyst from the total number of components, and may be 

determined through several graphical means, such as a y-axis log plot of Σ values to determine 

component contribution to overall data matrix variance. Non-graphical methods may simply report 

the percentage of variance explained by each component, and the analyst must determine when a 

significant contribution to the data variance may possibly be a PC. In the y-axis log plot of Σ 

values, values that substantially differ from subsequent values contain more of the data variance 

and thus are chosen as PCs; often there is a “bend” or “elbow” in the plot that is used to initially 

guess at the number of PCs. 

2.4 Multiway data analysis 

 The models considered so far (CLS, PLS and MCR-ALS) are useful to decompose two-

way data, i.e., a data matrix, X, consisting of I rows and J columns. Typically, a set of I samples 

with their DUVRR spectra measured at J excitation wavelength provide this kind of data. If the 

DUVRR spectra of the I samples are measured at multiple excitation wavelength, K, the 

dimensions of the resulting data matrix, X, are now I X J X K representing a three-way array. 

Direct analysis of a three-way data array or trilinear data set as described is feasible by parallel 

factor analysis (PARAFAC). 
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2.4.1 Parallel factor analysis  

 The PARAFAC model was developed in 1970 and has since been increasingly used in 

chemometrics39-44. It has gained increasing attention in chemometrics due to its structural 

resemblance with many physical models of common instrumental data and its unique ability to 

decompose trilinear data into individual contributing components45. The PARAFAC model for an 

element xijk of a three-way array X with dimensions I X J X K is as follows: 

𝑥𝑖𝑗𝑘 = ∑ 𝑎𝑖𝑛
𝑁
𝑛=1 𝑏𝑗𝑛𝑐𝑘𝑛 + 𝑒𝑖𝑗𝑘   (2-23) 

where ain, bjn and ckn are the elements of the matrices of modes A, B and C, eijk represents the 

residual and N is the number of factors. The PARAFAC model can also be represented graphically 

as illustrated in Figure 2.2. 

2.5 Summary 

Linear algebra is a basic part of multivariate analysis, making a comprehension of linear 

algebra methods necessary in order to properly apply many multivariate analysis techniques. A 

brief survey of techniques and terminology in linear algebra and multivariate analysis has been 

presented. This Chapter serves as an introduction to those multivariate analysis methods utilized 

in Chapters 3, 4 and 5, though applications beyond ultraviolet resonance Raman spectroscopy and 

circular dichroism exist. 
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Fig. 2.2   The graphical representation of parallel factor analysis (PARAFAC) with N factors. 
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Chapter 3 - Quantification of Protein Secondary Structure Content by 

Multivariate Analysis of Deep-Ultraviolet Resonance Raman and 

Circular Dichroism Spectroscopies1 

Determination of protein secondary structure (-helical, -sheet, and disordered 

motifs) has become an area of great importance in biochemistry and biophysics as protein 

secondary structure is directly related to protein function and protein related diseases. 

While NMR and x-ray crystallography can predict the placement of each atom in a protein 

to within an angstrom, optical methods (i.e. CD, Raman, and IR) are the preferred 

techniques for rapid evaluation of protein secondary structure content. Such techniques 

require calibration data to predict unknown protein secondary structure content where 

accuracy may be improved with the application of multivariate analysis.  A comparison of 

the protein secondary structure predictions obtained from multivariate analysis of 

ultraviolet resonance Raman (UVRR) and circular dichroism (CD) spectroscopic data 

using classical least squares (CLS), partial least squares (PLS), and multivariate curve 

resolution-alternating least squares (MCR-ALS) is made.  Results of the multivariate 

analysis suggest that CD measurements provide more accurate prediction of protein -

helical content whereas UVRR more accurately predicts -sheet content, an observation 

that is consistent with previous studies. Based on this analysis it is suggested that the best 

approach to rapid and accurate protein secondary structure determination is to combine 

both CD and UVRR spectroscopic data.  

                                                           
1 Adapted with permission from Oshokoya, O. O., Roach, C. A., JiJi, R. D.; Quantification of Protein Secondary 
Structure Content by Multivariate Analysis of Deep- Ultraviolet Resonance Raman and Circular Dichroism 
Spectroscopies. Analytical Methods. 2014, 6 (6), 1691-1699. Copyright 2014 Royal Society of Chemistry. 
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3.1 Introduction 

 In biochemistry and biophysics protein secondary structure is the arrangement of a subset 

of the amino acids in a repeating pattern, generally referred to as -helices, -sheets, and 

disordered motifs.  Protein secondary structure may directly impact tertiary (entire protein) and 

quaternary (protein-protein) structure, and thus give important insight into protein function and 

diseases caused by protein misfolding 1, 2.  Protein secondary structural motifs are designated by 

the  and  dihedral angles of the amide backbone, categorized as helical (α-helical ( = -57, = 

-47) and 310-helical ( = -49, = -26)), -sheet (antiparallel ( = -139, = 135) and parallel 

( = -120, = 115)), or disordered (unfolded and structures having non-repetitive  and  

angles, e.g., turns, loops, etc...)3-5.  

Due to the importance of secondary structure motifs in protein function several techniques 

with varying levels of accuracy and complexity have been developed to quantify these structural 

features. Exact structure determination methods such as X-ray crystallography (XRC) and nuclear 

magnetic resonance (NMR) allow determination of the three-dimensional placement of each atom 

in a protein structure to within sub-angstrom resolution, however such methods may require 

extensive preparatory work and data analysis 6, 7.  When only the total or change in secondary 

structure content of a protein is desired, simple and rapid methods, such as conventional Raman, 

ultraviolet resonance Raman (UVRR), infrared (IR) absorption and circular dichroism (CD), are 

preferred because structural information is available without the delay of lengthy data analysis8-14. 

Additionally, studies have shown that quantification of secondary structure content is possible by 

combining multivariate methods with these simple and rapid spectroscopic techniques and a 

limited set of standard proteins 15-17, albeit with prediction errors as high as 10-15%10, 15, 16, 18.  



47 
 

 The origin of the protein secondary structural sensitivity of CD and Raman 

spectroscopies derives from the absorption of photons by the amide backbone.  CD is the 

current standard in secondary structure analysis of proteins and UVRR is an up-and-coming 

technique.  In UVRR, the vibrational amide modes (I, II, III, and S) of the protein are 

enhanced, and shifts in position and intensity differences in these modes exist because of 

the limited molecular motions allowed by each secondary structural motif (Figure 3.1A)19-

21.  In particular, the amide S mode only appears in a UVRR spectrum if there is disordered 

or -sheet structure within the protein21, 22. Use of the UVRR amide modes to predict 

secondary structure content can be complicated by the presence of aromatic amino acids 

(phenylalanine, tryptophan, and tyrosine) with vibrational modes that overlap the amide 

bands. UVRR has also been able to determine and monitor π – and 310–helices using the 

amide III region of spectra at both 194 and 204 nm.23 CD spectroscopy measures the 

difference in absorption of left and right handed circularly polarized light by a sample, 

which is related to the different structural motifs present in a protein.9, 24, 25  The CD spectra 

for -helix, -sheet, and disordered protein structures are quite different (Figure 3.1B) and 

the dominant structural feature of the protein often dominates the acquired spectrum. For 

instance, the CD spectra from α- and π- helices are very similar making them very difficult 

to distinguish mathematically.26 The spectral response (s) of a protein for both techniques 

is the sum of the relative responses (s, s and sτ) and fractional amounts (f, f and fτ) of 

each secondary structure type; 

𝐒 =  𝑓𝛼𝐬𝛼 +  𝑓𝛽𝐬𝛽 +  𝑓𝜏𝐬𝜏    (3-1) 

where  designates -helical,  designates -sheet, and τ designates disordered related 

variables. 
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 When more than one secondary structure is present in a protein, as is often the case, the 

spectral features become convoluted and quantification of each individual motif may be 

better addressed with the use of multivariate methods. Multivariate calibration methods 

assume a linear relationship between spectral intensity (variable response) and the relative 

amounts of analytes in a mixture.  In the case of proteins, the measured spectra (X) can be 

modelled as the product of the secondary structure content (C) and the underlying pure 

spectral profiles of each type of secondary structure (S) plus an error matrix (E) according 

to Equation 3-2: 

𝐗 = 𝐂𝐒T + 𝐄     (3-2) 

 A wide variety of multivariate analysis techniques have been developed for obtaining 

structural information from UVRR and CD spectra of proteins 9, 16, 17, 25, 27, 28. However, the 

relative performance of various multivariate calibration methods on the prediction of 

secondary structure content has only been studied to a limited extent and mostly on IR-CD 

combined data sets29, 30. Herein the performance of a partial least squares (PLS), classical 

least square (CLS), and multivariate curve resolution- alternating least squares (MCR-ALS) 

method on both UVRR and CD spectra of a set of nine globular proteins are compared.  

The accuracy of each multivariate method is assessed by comparison to the secondary 

structure content determined by XRS and NMR as listed on the protein data bank (PDB). 

These multivariate calibration methods have been extensively reviewed in the literature31-

37. 
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Fig. 3.1   UVRR (A) and CD (B) spectra of poly-L-lysine in -helix (25C, pH 11.0),  -
sheet (52C, pH 11.3) and disordered (25C, pH 4.0) conformations. 
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3.2 Experimental 

3.2.1 Sample Preparation 

 Nine globular proteins with varying secondary structure content (Table 3-1), poly-L-

lysine (70,000-150,000 g mol-1) and amino acids L-phenylalanine (F) and L-tyrosine (Y) 

were purchased from Sigma Aldrich (St. Louis, MO) and used without further purification. 

The proteins and amino acids were prepared in phosphate buffer (pH 7.2). α-Helical and 

disordered poly-L-lysine were prepared by dissolving the peptide in pH 11.3 and pH 4 

phosphate buffer, respectively. α–Helical poly-L-lysine was converted to β-sheet structure 

by heating the sample to 52C. Concentrations were verified by UV-Visible absorption 

using a Hewlett Packard 8453 spectrometer (Palo Alto, CA), and were 0.5 mg mL-1 for 

protein and peptide solutions, and 200 M for the amino acids. 

 The proteins chosen for this study were globular proteins that could be obtained at low 

cost and readily soluble in water- based phosphate buffer. The experimental design took 

into consideration a range of proteins that showed a trend of increasing helical content and 

overall a well-proportioned combination of the major secondary structures. The 

experimental design also strives to prove that a limited amount of proteins can also be used 

to achieve secondary structure determination using multivariate analysis. 
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Table 3-1 Secondary structure content (%) of proteins used as found on the Protein Data Bank. 

Protein Abbreviation  Helix  β-sheet Disordered 

Bovine Serum Albumin BSA38 74.0 0.0 26.0 

Carbonic Anhydrase CAH39 17.8 29.0 53.2 

Chymotrypsinogen A CTG40 13.5 32.0 54.5 

Cytochrome C CYC41 41.0 1.0 58.0 

Glucose Oxidase UOX42 34.5 19.6 46.0 

Lysozyme LSZ43 41.9 6.2 51.9 

Myoglobin MBN44 73.9 0.0 26.1 

Ovalbumin OVA45 32.7 31.9 35.3 

Trypsinogen TGN46 10.1 31.4 58.5 
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3.2.2 Instrumentation 

 The UVRR instrument used to collect protein spectra has been previously described.47  

Briefly, a Nd:YLF pumped Ti:Sapphire laser is frequency quadrupled (Coherent Inc., Santa 

Clara, CA) to provide a 197 nm excitation source.  Sample is circulated through two nitinol 

wires (Small Parts Inc., Miramar, FL) to create a thin film under a nitrogen purge, and is 

temperature controlled by a water-jacketed reservoir (Mid Rivers Glassblowing, Saint 

Charles, MO) using a bath recirculator (Isotemp 3016D, Fisher Scientific, Pittsburgh, PA).  

Scattering is collected in the 135 backscattering geometry and directed into a 1.2 m 

spectrometer (Horiba Jobin Yvon Inc., Edison, NJ) equipped with a Symphony CCD 

detector and spectra collected using Synerjy software (Horiba Jobin Yvon Inc., Edison, NJ). 

Each spectrum was the sum of 3 hours of signal collection and run in triplicate. 

 Circular dichroism spectra were obtained using a Model 62DS spectrometer (Aviv, 

Lakewood, NJ) from 190-250 nm.  The instrument temperature control program was used 

for poly-L- lysine collection in order to maintain sample temperature and -sheet 

composition.  Protein and peptide samples were diluted to 0.2 mg mL-1 for CD 

measurements, and signal was collected for 5 s at each wavelength and averaged over 5 

scans to produce one spectrum for a total of 3 spectra for each sample. 

3.2.3 Data Processing 

 Analysis of all data was carried out in MATLAB (version 7.11, Mathworks, Natick MA).  

Cosmic rays were removed using an in-house program, base-lined using the MATLAB 

curve-fitting toolbox, and each spectrum truncated to the 1266-1759 cm-1 range.28  

Contributions to spectra from aromatic side chains were removed using the phenyalanine 
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band at 1003 cm-1 (F12) and tyrosine band at 853 cm-1 (Y1) (Figure 3.2). Contributions 

from tryptophan were disregarded due to its negligible intensity in deep-UVRR spectra. 

Areas that appeared to be negative in the spectrum after aromatic subtraction were set to 

zero.  For CD data averaging of the 5 spectra collected was performed with no other pre-

processing. 
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Fig. 3.2   Top: BSA, phenylalanine and tyrosine UVRR spectra. Phenylalanine and tyrosine 
spectra are scaled to the bands at 1003 cm-1 (F12) and 853 cm-1 (Y1), respectively. Bottom: 
BSA spectrum with phenyalanine and tyrosine contributions subtracted.   
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It was expected that the UVRR and CD protein spectra would be dominated by at least 

three principal components: the α-helical, β-sheet, and disordered conformations.  Principal 

components analysis of the data via a singular value decomposition33, 48 based scree plot suggested 

as few as three or as many as five components in the data matrix.  Modelling of both data matrices 

was therefore conducted for three components (α-helical, β-sheet, and disordered), four 

components with 310-helices, four components with β-turns, and 5 components with 310-helices 

and β-turns.  The models were evaluated for percentage relative error (%RE)  

% RE =  
[

1

n
∑ (𝑦𝑖−𝑦𝑖)2𝑛

𝑖=1 ]
1

2⁄

[
1

n
∑ (𝑦𝑖)𝑛

𝑖=1 ]
 × 100   (3-3) 

where n is the number of proteins, yi is the secondary structure content obtained from the 

PDB structures, and  is the value predicted.  Comparison of each model’s %RE values 

(Figure 3.3) shows that the UVRR error is lowest for the three component model, 

suggesting not all secondary structural types (helices, antiparallel and parallel sheets, 

different classes of turns and bends) are independent variable49, 50. On the other hand, for 

CD the five component model had the lowest average %RE.  

 Figure 3.3 shows a breakdown of the individual %RE of the different considered 

components in each model for both UVRR and CD. For UVRR, an increase in the number 

of components does not improve the predictive capability of the model for any of the 

structures; rather, it diminishes the predictive capability especially for disordered structure 

types. For CD, the high average %RE’s are as a result of the method’s poor predictive 

capability for β-sheet structure (Figure 3.3). Figure 3.3 also shows that while an increase in 

the number of components reduces the %RE of the β-sheet structure, the %RE for β-sheet 

prediction is still very high (>110%) and an increase in the number of components does not 

ŷi
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improve the prediction of helical structure. The increase in the number of components in 

the CD model also diminishes the %RE for disordered structure prediction. Therefore, all 

UVRR and CD data was further processed with only three components. 
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Fig. 3.3   %RE of the different considered components in each model for both UVRR and 
CD. 
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 For both UVRR and CD analysis, the triplicate spectra were compiled so that 27 

individual spectra became the data matrix.  From the data matrix, 22 spectra were randomly 

selected as the training set; the five remaining spectra were designated as the test set. For 

each multivariate method (CLS, PLS and MCR-ALS), the secondary structure content of 

the test set proteins were calculated using the model built from the training set. The process 

was repeated 30 times for each multivariate method in order to obtain a mean prediction 

error for the technique using root mean squared error of cross-validation (RMSECV) such 

that: 

RMSECV = [
1

n
∑ (𝑦𝑖 − �̂�𝑖)2𝑛

𝑖=1 ]
1

2⁄
  (3-4) 

where n is the number of proteins, yi is the secondary structure content obtained from the 

PDB structures, and  is the value predicted by the algorithm.  Algorithms written in-house 

were employed for CLS 31, 36 and PLS analyses. The MCR-ALS algorithm was developed 

by Tauler et. al.51 and is freely available. An in-house rotation matrix algorithm was used 

to optimize the output profiles from the MCR-ALS analysis of the UVRR and CD data. 

Briefly, the Raman protein data matrix (X) is related to the secondary structure content (C) 

and pure secondary structure spectra (S) as per equation 1, therefore pure secondary 

structure spectra may be obtained by: 

𝐒 = 𝐗𝐂+     (3-5) 

where + denotes the matrix pseudo-inverse.  However, due to noise in the spectral 

measurement (the error matrix, E), the S obtained from MCR-ALS (SMCR) is only an 

approximation of the pure secondary structure, and if used to determine the known 

concentrations of the model does not give the original concentration matrix C such that: 

𝐂MCR = 𝐗𝐒MCR
+     (3-6) 

ŷi
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where CMCR is only an approximation of the original concentration matrix.  Both the 

approximate concentration, CMCR, and pure secondary structure spectra, SMCR, are related 

to the actual concentrations, C, and pure secondary structure spectra, S, by a rotation 

matrix, W: 

𝐂 =  𝐂MCR𝐖    (3-7) 

 

𝐒 = 𝐒MCR𝐖−1   (3-8) 

Such that: 

𝐗 = 𝐂𝐒T = 𝐂MCR𝐖(𝐒MCR𝐖−1) = 𝐂MCR𝐒MCR  (3-9) 

where WW-1 is an identity matrix. Therefore, the error in the estimate of the actual 

concentrations can be minimized by using equation 3-7 on all predicted concentrations.52-

55   

 Occasionally, the predicted content for a particular secondary structure, helical for 

UVRR and β-sheet for CD, fell below zero. Given that the predicted amounts of secondary 

structure should be zero or greater, these values were set to zero. The sum of the predicted 

amounts of each secondary structure type was set to unity.  

3.3 Results 

 For both UVRR and CD spectroscopic methods, the most accurate prediction (lowest 

RMSECV) is obtained for the secondary structure type with the strongest spectral intensity, 

β-sheet for UVRR and α–helix for CD (Table 3-2).  In order to compare the ability of CLS 

and MCR-ALS to resolve the pure underlying secondary structure UV Raman profiles, the 

resolved profiles were compared to the homo polypeptide poly-L-lysine (Figures 3.5 and 

3.7). The PLS algorithm does not produce resolved pure spectra so the spectrum of the 
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protein with the largest predicted content for each structure type is presented along with the 

associated predicted protein spectrum. These proteins are designated by their three letter 

abbreviation. 

  Reference spectra obtained from manipulation of poly L-lysine into the three major 

protein secondary structure conformations was chosen to evaluate the results of spectral 

resolution by CLS, PLS and MCR-ALS. It is quite possible for the disordered form of poly 

L-lysine to possess some residual local chain order or any other conformation for that 

matter.16, 56 The inability to obtain total conformity to one secondary structure from globular 

or membrane proteins at large led to the decision of picking poly L-lysine as the polypeptide 

of choice for result evaluation. As a result, poly L-lysine spectra were only used for 

evaluating spectral resolution and not included in the modelling of the data or for prediction 

of secondary structure. 

3.3.1 Results for UVRR 

 Overall, each multivariate method performed similarly with an average prediction error 

of approximately 10% (Table 3-2). The RMSECV was lowest for predicted amounts of β-

sheet content, typically less than 5%. The error in prediction of α-helical content ranged 

from 14-16% before normalization. After normalization, the error in prediction of helical 

content dropped and ranged from 9-12%. A similar reduction in RMSECV was observed 

for the predicted amounts of disordered structure after normalization. In general, 

normalization improved secondary structure estimation from UVRR spectra. 

 The predicted percentages of each secondary structure type show a linear correlation 

with the known secondary structure composition (Figure 3.4). For the MCR-ALS 

algorithm, significant under predictions were observed for disordered structural content of 
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both lysozyme and cytochrome c. To compensate for these under estimations in disordered 

structure, the helical contents (Figure 3.4) of those same proteins were over estimated. The 

common factor between lysozyme and cytochrome c is an absence of β-sheet structure. 
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Table 3-2 RMSECV (%) values calculated 

UVRR 

Algorithm helix -sheet Disordered Average 

CLS 14.4 3.3 11.0 9.5 

Normalized CLS 9.0 2.6 9.0 6.9 

PLS 16.3 4.0 10.7 10.3 

Normalized PLS 12.1 5.8 9.1 9.0 

MCR-ALS 15.7 4.0 14.2 11.3 

Normalized MCR-ALS 12.2 4.0 12.0 9.4 

CD 

CLS 6.4 31.8 22.5 20.2 

Normalized CLS 16.3 17.9 9.3 14.5 

PLS 4.4 14.1 18.7 12.4 

Normalized PLS 15.5 9.6 10.1 11.6 

MCR-ALS 5.8 14.8 14.2 11.6 

Normalized MCR-ALS 10.8 11.4 6.7 9.6 

CD + UVRR 

CLS 6.4 3.3 5.6 5.1 

PLS 4.4 4.0 4.2 4.2 

MCR-ALS 5.8 4.0 5.4 5.1 
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Fig. 3.4   The actual versus predicted percentage composition for UVRR of α-helical 
(circles), β-sheet (squares), and disordered (triangles) structures as a percentage of content.  
The (1,1) line is shown to illustrate the deviations in the prediction.  
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 Figure 3.5 presents the pure secondary structure spectra obtained from the multivariate 

analysis, with the exception of PLS where the protein with the largest predicted percentage 

of any one secondary structure is present instead.  The predicted pure UVRR α-helical 

spectrum from CLS is unrealistic with both positive and negative features. In contrast, the 

predicted α-helical spectrum from MCR-ALS is the most interesting in that the amide S 

(1390 cm-1) is absent and the amide III (~1240 cm-1) modes are significantly reduced. These 

two amide modes are markers of non-helical structure.16, 22 Only the MCR-ALS algorithm 

effectively removes these contributions from the pure secondary structure Raman spectrum 

(PSSRS). The position of the amide I (1648 cm-1), II (1544 cm-1) and III (1299 cm-1) bands 

in the PSSRS from MCR-ALS are slightly lower than observed with α- poly L-lysine (Table 

3-3) but are still within the expected region for a helical protein. Bovine serum albumin is 

predicted to be 82% helical by PLS. The predicted spectrum of BSA obtained from the PLS 

method appears similar to α-helical poly-L-lysine spectrum.  

 



65 
 

 

Fig. 3.5    The PSSRS obtained from the various methods compared to the poly-L-lysine (PLL) 
pure conformer spectra.  The dotted line is used to indicate the zero line for the spectrum that has 
a negative region.  PLS does not produce PSSRS, so the largest predicted content for each structure 
type obtained during the iterative calculations is presented along with the protein spectrum 
(designated by the 3 letter abbreviation) associated with the prediction. 
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Table 3-3   Frequencies (cm-1) of amide bands in the resolved UVRR spectra for secondary 
structure obtained from CLS, PLS, MCR-ALS and the poly-L-lysine (PLL) pure conformer 
spectra. 

 CLS PLS MCR PLL16 

Helix 

Amide III - 1257 - 1253 

Amide III 1308 1299 1299 1291 

Amide S - 1386 - 1401 

Amide II 1516 1549 1544 1552 

Amide I  1647 1656 1648 1650 

β-Sheet 

Amide III 1240 1240 1229 1247 

Amide III - - 1271 - 

Amide S 1389 1389 1392 1408 

Amide II 1552 1558 1560 1563 

Amide I 1670 1668 1673 1668 

Disordered 

Amide III 1237 1240 1240 1260 

Amide III 1280 1282 1288 1298 

Amide S 1384 1384 1389 1398 

Amide II 1552 1558 1552 1560 

Amide I 1668 1659 1668 1667 
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For -sheet PSSRS, the spectrum obtained from the CLS algorithm is most similar to the 

-sheet poly-L-lysine spectrum. For all three algorithms, the predicted amide I (1668-1673 

cm-1) and amide II (1552-1560 cm-1) positions fall within the expected regions (~1668 cm-

1 for amide I, ~1563 cm-1 for amide II) for a β-sheet protein 8, 22 (Table 3-3). The amide S 

mode is predicted to be downshifted to 1389 cm-1 (CLS, PLS) and 1392 cm-1 (MCR) from 

that of poly L-lysine which occurs at 1408 cm-1. The amide III band of the CLS β- sheet 

spectrum (1240 cm-1) is closest in position and shape to that of the β- sheet poly L-lysine 

spectrum. Whereas the amide III band in the predicted β- sheet spectrum from MCR is 

broad ranging from 1229-1271 cm-1. 

 All the multivariate methods produced a disordered spectrum very similar to that of 

disordered poly L-lysine. Specifically, all the spectra have two distinct features in the amide 

III region that occur at approximately 1240 and 1280 cm-1. These features occur at 

approximately 1260 and 1300 cm-1 in poly-L-lysine. The difference in the predicted 

positions versus disordered poly L-lysine may be due to the difference in amino acid 

composition between a globular protein and a homo polypeptide. The amide S mode is 

predicted to be 3-5 cm-1 lower for disordered structure with respect to β-sheet structure 

regardless of multivariate method, similar to poly-L-lysine (Table 3.3). The predicted 

amide I and II bands also occur in the expected experimental amide I (1548–1561cm-1) and 

amide II (1661–1682 cm-1) regions8. 

3.3.2 Results for CD 

 For CD, the most accurate predictions were obtained for the amount of α-helical content 

in each protein. The PLS algorithm predicted the helical content most accurately with an 

RMSECV of 4.4%. MCR-ALS performed nearly as well with a RMSECV of 5.8% (Table 
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3-2). Regardless of multivariate method (CLS, PLS, MCR-ALS), a linear correlation 

between the known secondary structure composition and the predicted amounts of each 

type of secondary structure was obtained (Figure 3.6). However, the predicted percentages 

of each secondary structure type from PLS and MCR-ALS cluster more tightly on the (1,1) 

line indicating a greater error in the predicted secondary structure compositions for CLS. 

Overall, the RMSECV for prediction of secondary structure compositions from CD spectra 

are significantly higher for β-sheet and disordered structure (Table 3-2). While 

normalization improves prediction of β-sheet and disordered contents, it appears to degrade 

the prediction of α-helical content from CD spectra.  

The resolved pure CD spectra from CLS and MCR are shown in Figure 3.7. As mentioned 

previously, the PLS algorithm does not produce resolved pure spectra.  
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Fig. 3.6   The predicted versus actual percent composition of secondary structure from CD analysis 
of helical (circles), β-sheet (squares), and disordered (triangles) structures as a percentage of 
protein content.  The (1,1) line is shown to illustrate the deviations in the prediction. 
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Fig. 3.7   The CD pure spectra obtained from the various methods compared to the poly-L-lysine 
(PLL) pure conformer spectra.  The dotted line is used to indicate the zero line for the spectrum 
that has a negative region.  PLS does not produce PSSRS, so the largest predicted content for each 
structure type obtained during the iterative calculations is presented along with the protein 
spectrum associated with the prediction. 
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 Therefore, the predicted protein spectrum with the largest predicted content for each 

structure type is presented along with the protein spectrum. Each PLS spectrum is 

designated by the representative protein’s three letter abbreviation. The predicted α-helical 

spectrum from each method appears similar to the pure CD spectrum of α-helical poly-L-

lysine. The resolved pure β-sheet CD spectra from both the CLS and MCR-ALS are 

inconsistent with the CD spectrum of β-sheet structured poly-L-lysine. For CLS, the 

minimum is shifted to 205 nm from 212 nm for the CD spectrum of β-sheet structured poly 

L-lysine. The predicted pure β-sheet CD spectrum from MCR-ALS is unrealistic with a 

minimum of 200 nm versus the expected minimum of 217 nm for pure β-sheet structure. 

Therefore, this factor likely represents a mixture of β-sheet and disordered content.  

 The pure resolved disordered CD spectra from CLS and MCR have minima at 191 nm, 

5 nm lower than the minima of disordered poly-L-lysine. The resolved pure disordered 

spectra also have positive features as expected for an unfolded protein but the positive 

features are unrealistically broad. Thus, neither algorithm sufficiently predicts the pure 

disordered CD spectrum. Chymotrypsinogen is predicted to have the greatest amount of 

disordered (49%) and β-sheet (34%) structure via PLS. Indeed, the predicted CD spectrum 

is characteristic of a protein with large amounts of disordered and β-sheet structure with a 

broad minimum at 202 nm that extends out to almost 230 nm.  

3.3.3   Results for UVRR + CD - Improving prediction of disordered structure 

 An accuracy of about 5% can be achieved when predicting helical content with CD and 

β-sheet content with UVRR. However, the error in the prediction of disordered (unfolded) 

structure remains around 10% with a minimum of 6.7% (normalized MCR-ALS/CD) and 

a maximum of 22.5% (CLS/CD). In order to improve the prediction of the fraction of 
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disordered structure (fD), the predicted percentages of α-helical (fα) and β-sheet (fβ) structure 

from CD and UVRR were combined, where fD = 100 - (fα + fβ). Prediction of disordered 

structure was improved and the RMSECV for disordered structure lowered to about 5% for 

each multivariate method, a significant improvement to other multivariate approaches 

where CD and IR spectroscopic data is combined with an average error of approximately 

7%.29  

 A plot of the predicted amount of disordered structure versus the amount determined 

from the PDB structure for MCR illustrates how the values cluster more tightly to the (1,1) 

line when both types of spectroscopy are incorporated into the prediction (Figure 3.8). 
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Fig. 3.8   The predicted versus actual percent composition of disordered secondary structure from 
UVRR analysis, CD analysis, and (100 - (CDα + UVRRβ)).  The (1,1) line is shown to illustrate 
the deviations in the prediction. 
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3.4  Discussion and Conclusion 

 It is not surprising that the algorithms give the best predictions for -sheet content using 

the UVRR data set, given that the -sheet structured poly-L-lysine has the most intense 

UVRR spectrum and thus the greatest signal-to-noise ratio.  It is interesting that the CLS 

algorithm predicts the -sheet content more accurately than the other algorithms given that 

it is the simplest used here. However, the difference in prediction errors between all the 

algorithms is small.   

 It is also intriguing that though all the algorithms predict the -sheet content more 

accurately, none of them give the smallest error for the highest -sheet content protein in 

the data set (trypsinogen). In contrast, analysis of the CD data has PLS and MCR-ALS very 

close in prediction ability while CLS is poor comparatively.  Additionally, despite the fact 

that all algorithms give the best predictions for the helical content as the -helix has the 

largest signal in CD data, none of the algorithms predicts the highest -helical content 

protein (myoglobin) with the most accuracy. 

 None of the multivariate methods were able to accurately predict the amount of 

disordered content from either UVRR or CD spectra. Combining the predicted amounts of 

helical and -sheet contents enabled a more accurate estimation of the disordered content. 

When the results of the two data sets are combined, the average RMSECV for PLS is 

slightly lower (4.2%) than CLS and MCR-ALS (5.1%).Thus, more accurate predictions of 

secondary structure content can be achieved when multiple techniques are employed, much 

as seen with CD+ IR spectroscopy10, because of the difference in structural sensitivity of 

each technique. A slight improvement in RMSECV was observed when combining 

CD+UVRR (~5%) versus CD+IR (7.23%)10, despite the smaller protein data set employed 
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in the CD+UVRR analysis. The addition of the amide S and III regions that are visible in 

UVRR spectra but not in IR spectra, likely improved our RMSECV values.  

 Both CLS and MCR-ALS can be used for resolution of pure secondary structure profiles. 

CLS outperformed MCR-ALS when resolving pure secondary structure profiles from CD 

spectra of proteins. However, MCR-ALS outperformed CLS when resolving pure 

secondary structure profiles from UVRR spectra of proteins. This might be attributed to the 

application of non-negative constraints during the ALS optimization, which could not 

applied when analysing the CD spectra via MCR-ALS. 

 Multivariate techniques may be used to model a limited protein data set and predict 

unknown protein secondary structure content based on the model in both UVRR and CD 

spectroscopy, and is most accurate when both techniques are used in unison.  An advantage 

of employing CD and UVRR is that the same sample can be used for both techniques as 

water does not contribute significantly to UVRR spectra. Normalization should be used 

with caution as it seriously degraded prediction of helical content from CD spectra. 
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Chapter 4 - Fusing spectral data to improve protein secondary structure 

analysis: Data fusion  

  

 The determination of protein secondary structure has become an area of great significance as 

this knowledge is important for understanding relationships between protein structure and, more 

importantly, how the changes in structure affect function. Previous studies suggest that a 

complementary use of spectroscopic data from optical methods such as circular dichroism (CD), 

infrared (IR) and ultraviolet resonance Raman (UVRR) coupled with multivariate calibration 

techniques like multivariate curve resolution-alternating least squares (MCR-ALS) is the preferred 

route for real-time and accurate evaluation of protein secondary structure. This study presents a 

new strategy for the improvement of secondary structure determination of proteins by fusing CD 

and UVRR spectroscopic data. Also, a new method for determining the structural composition of 

each protein is employed, which is based on the relative abundance of the (φ,ψ) dihedral angles of 

the peptide backbone as they correspond to each type of secondary structure. Comparison of the 

predicted protein secondary structures from MCR-ALS analysis of CD, UVRR and fused data with 

definitions obtained from dihedral angles of the peptide backbone, yields lower overall root mean 

squared errors of calibration for helical, β-sheet, poly-proline II type and total unfolded secondary 

structures with fused data. 

 

 

 

 

 

 



81 
 

4.1  Introduction 

Protein secondary structure quantification has become an area of intense biochemical and 

biophysical research due to the effects of secondary structure on tertiary and quaternary protein 

structure. There are four levels of protein structure and a change at any level can result in changes 

in protein function. The primary structure of a protein is the amino acid sequence while the 

secondary structure refers to the structural motifs within the protein that are defined by the phi (φ) 

and psi (ψ) dihedral angles of the amide backbone (Figure 4.1).  
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Fig. 4.1 Peptide backbone showing phi (φ) and psi (ψ) dihedral angles. 
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The three dimensional arrangement of these secondary structure motifs is the tertiary structure 

and finally the arrangement of protein tertiary subunits to each other in larger complexes that 

function as a single unit is the quaternary structure.1-6 Since secondary structure plays a significant 

role in protein function and select diseases, it is therefore of substantial interest to rapidly and 

accurately quantify protein secondary structure especially in an environment that mimics 

physiological conditions. Traditional methods of protein secondary structure quantification such 

as x-ray crystallography (XRC)7, nuclear magnetic resonance (NMR)8 and circular dichroism 

(CD)9-11 are now complimented by a host of vibrational methods, in particular, ultraviolet 

resonance Raman (UVRR) spectroscopy which has proven useful due to its structural sensitivity 

to the amide backbone. CD is the current standard in secondary structure analysis of proteins and 

UVRR is an up-and-coming technique.12  

Previous studies show that multivariate analysis of CD and UVRR data results in relatively 

accurate prediction of helical (α- (-57°, -47°), + 310- (-49°, -26°)) and β-sheet (anti parallel (-139°, 

135°), + parallel (-119°, 113°)) secondary structures in proteins, respectively, but relatively poor 

prediction of the other secondary structures. 13 This is because α-helical secondary structure has 

the largest relative signal intensity in CD spectra of proteins whilst β-sheet secondary structure has 

the highest relative signal intensity in UVRR spectra of proteins. Combining the predicted amounts 

of helical and β-sheet contents from CD and UVRR enables a more accurate estimation of the 

disordered content, thus, more accurate predictions of secondary structure content.13  

 In this study, we describe a new addition to the toolbox for protein secondary structure 

determination by taking advantage of the partial selectivity’s of both CD and UVRR 

spectroscopies. The best estimates by MCR-ALS analysis are achieved with fused data from both 

spectroscopic techniques. Data fusion refers to methods that combine multiple data types into a 
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single data array, with the expectation that the resulting fused data will be more informative than 

the individual input sources.14-17 Generally, performing data fusion offers advantages which 

include improved detection, confidence and reliability.18-24 Data fusion can be executed in one of 

three fashions; data level fusion, where the raw data generated by multiple sources are combined 

directly, or after appropriate normalization has been carried out so that the data are commensurate; 

feature-level fusion, where  feature extraction methods are used to generate representations of the 

raw data which are then combined; and decision level fusion which involves combining decisions 

that have been arrived at independently by the available sources.17 In this study, we utilize data 

level fusion, fusing the raw or preprocessed UVRR and CD data before any other analysis is carried 

out. 

We have compared different preprocessing methods for the fused data to determine which 

method improves protein secondary structure prediction. We have also defined the structural 

classifications of secondary structure based on the relative distribution of (φ,ψ) dihedral angles of 

the amide backbone in each protein. We show that by redefining secondary structure based on 

dihedral angles and application of data fusion to CD and UVRR spectroscopic data, we can 

improve the determination of not only the helical or β-sheet contents of proteins but also other 

secondary structures most notably the poly-proline II (PPII) type structure. 

 PPII-type structure was first identified by Tiffany and Krimm 25-27 in poly-L-lysine and 

poly-L-glutamic acid and has since been shown to be the predominant structure in unfolded or 

disordered protein regions. PPII-type structure has (-79°, 150°) dihedral angles and is stabilized 

by water hydrogen bonding with the peptide backbone. Unfortunately, this structure is not defined 

in the protein data bank and thus difficult to quantify and distinguish from other unfolded or less 

prevalent structures. Less prevalent structures include left handed α-helices (57°, 47°) and turns, 
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which typically make up less than 5% of the protein’s secondary structure. Turns are more 

complicated as the (φ, ψ) dihedral angles are not repetitive and differ depending on the type of 

turn. Thus, for quantitative purposes, it makes more sense to define each protein’s structural 

composition based on the abundance of (φ, ψ) dihedral angles. 

4.2 Materials and Methods 

4.2.1 Sample preparation  

Nine globular proteins with varying secondary structure content (Figure 4.2), amino acids L-

phenylalanine and L-tyrosine were obtained from Sigma Aldrich (St Louis, MO) and used without 

further purification. The proteins and amino acids were dissolved in 10 mM phosphate buffer 

solution (pH 7.2). Protein and aromatic amino acid concentrations were determined by UV-Visible 

absorption using a Hewlett Packard 8453 spectrometer (Palo Alto, CA), and were 0.5 mg ml-1 for 

protein solutions and 200 µM for amino acid solutions for UVRR analysis and 0.2 mg ml-1for CD 

measurements. Protein coordinate files for the nine proteins were downloaded from the protein 

data bank, PDB (www.rscb.org)28 and a dihedral angle calculator readily available online 

(http://cib.cf.ocha.ac.jp/bitool/DIHED2/)29 was used to determine the relative abundance of the (φ, 

ψ) dihedral angles in each protein for secondary structure content distribution as displayed in 

Figure 4.2. The selected proteins are readily soluble in aqueous solution, have a well-distributed 

combination of the major secondary structures and are relatively inexpensive, making them an 

ideal set of calibration proteins.  
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Fig. 4.2   Secondary structure content (%) of proteins used calculated from (φ, ψ) dihedral angles 
as found on the Research Collaboratory for Structural Bioinformatics (RSCB) Protein Data Bank. 
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4.2.2 UVRR Spectra acquisition    

The UVRR instrument used to collect protein spectra has been previously described.30 Briefly, 

the fourth harmonic of a tunable Ti:Sapphire laser (Coherent Inc., Santa Clara, CA) was employed 

to generate an excitation wavelength of 197 nm.  The sample was circulated by a Minipuls2 

peristaltic pump (Gilson Inc., Middleton, WI) through two nitinol wires (Small Parts Inc., 

Miramar, FL) to create a thin film under a nitrogen purge to remove ambient oxygen. The 

temperature of the sample was held at 4C in a water-jacketed reservoir (Mid Rivers Glassblowing, 

Saint Charles, MO) using a bath recirculator (Isotemp 3016D, Fisher Scientific, Pittsburgh, PA).  

Raman scattering was collected in the 135 backscattering geometry and directed into a 1.2 m 

spectrometer (Horiba Jobin Yvon Inc., Edison, NJ) equipped with a Symphony CCD detector, 

which was controlled by Synerjy software (Horiba Jobin Yvon Inc., Edison, NJ). Each spectrum 

was the sum of 3 hours of signal collection. A small aliquot of a 1 M sodium perchlorate solution 

was added to each sample, for a final concentration of 200 mM, as an internal intensity standard. 

All spectra were collected in triplicate and calibrated using a standard cyclohexane spectrum.31, 32  

4.2.3 CD spectra acquisition    

All samples used for UVRR analysis were additionally measured for their corresponding CD 

spectra. An AVIV 62DS circular dichroism (Aviv Biomedical Inc., Lakewood Township, NJ) 

spectrometer and a quartz cell with a 1 mm optical path length (Hellman USA, Plainview, NY) 

were used to collect CD spectra. All spectra were collected between 190 and 250 nm with a 

resolution of 0.1 nm at room temperature. Every sample was measured five times with a scan speed 

of 1 nm/5 s and averaged. Each experiment was repeated in triplicate. Corresponding background 

spectra were collected in the same manner and subtracted from sample spectra.  
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4.2.4 Data processing   

All data analyses were carried out in MATLAB (version 7.11, Mathworks, Natick MA). 

Cosmic rays in the UVRR spectra were removed using an in-house program,33 and the spectra 

were base-lined using the MATLAB curve-fitting toolbox. Contributions to spectra from aromatic 

side chains were subtracted using the phenylalanine band at 1003 cm-1 (F12) and tyrosine band at 

853 cm-1 (Y1) as previously described.13 Contributions from tryptophan were disregarded due to 

its negligible intensity in deep-UVRR spectra (λex <210 nm). Areas that appeared to be negative 

in the spectrum after subtraction of aromatic contribution were set to zero and each resulting 

spectrum truncated to the 1266–1759 cm-1 spectral range so that only the amide regions were used 

for modeling. For CD data, the mean residue ellipticiity (ϴMRE) was calculated as previously 

described.30  

A MCR-ALS algorithm was used based on that outlined by Bro and Sidiropoulous.34 MCR-

ALS was selected because on average it performed better in previous studies 13 compared to 

classical least squares and partial least squares for spectral resolution and secondary structure 

prediction. 

 For both UVRR and CD, the triplicate spectra were compiled to obtain 27 individual 

spectra (Figure 3). The UVRR and CD data were then fused according to the model in Figure 4 to 

give a single data matrix. To evaluate the potential predictive ability of the MCR-ALS models, the 

root mean squared error of calibration (RMSEC) was used (Equation 4-1). 

𝑅𝑀𝑆𝐸𝐶 =  [
1

𝑛
 ∑ (𝑦𝑖 − 𝑦�̂�)

2𝑛
𝑖=1 ]

1
2⁄

 (4-1) 

In Equation 4-1, n is the number of samples, 𝑦𝑖 is the abundance of each secondary structure 

element obtained from the (φ, ψ) dihedral angles as displayed in Figure 4.2 and  𝑦�̂� is the estimated 
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value obtained from least squares regression of the resolved composition profiles from the MCR-

ALS algorithm. 
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Fig. 4.3   UVRR (A) and CD (B) spectra of nine proteins used for multivariate analysis. 
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4.3 Results and Discussion 

4.3.1 Protein secondary structure and UVRR and CD spectra    

Ideally, proteins with similar secondary structure contents should have similar CD and UVRR 

spectra. However, while protein UVRR and CD spectra are highly reproducible, proteins with 

similar secondary structural content can have very different spectra. For instance, while carbonic 

anhydrase and chymotrypsinogen A have similar secondary structure distributions with high β-

sheet and relatively low helical contents (Figure 4.4), there is a clear difference in their CD spectra 

but their UVRR spectra are overlapped. Bovine serum albumin and myoglobin also have similar 

secondary structure distributions but with high helical contents and no β-sheet structure; the CD 

spectra for both proteins are quite similar but in this case their UVRR spectra, while similar in 

shape are clearly differing in overall intensity.  

It can be concluded that greater differences in the measured spectra of proteins with similar 

structural compositions will be observed when the dominant secondary structure type has a low 

relative signal intensity as compared to the other types of secondary structure. Therefore, poorer 

prediction of these structures is almost certain if only one technique is employed. In order to take 

advantage of the predictive capabilities of each technique (CD and UVRR), a data fusion approach 

was employed. 
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Fig. 4.4   CD (A and B) and UVRR (C and D) spectra of proteins with similar secondary structure 
compositions. The shaded gray area about the lines represent the standard deviation of three 
measurements at each variable. 
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4.3.2 Effect of preprocessing on estimation of composition profiles    

The UVRR and CD data were fused according to the model in Figure 4.5 to yield a single data 

matrix. MCR-ALS was employed to resolve the underlying compositional and spectral profiles 

prior to preprocessing, and after normalization, auto scaling and variance scaling (Figure 4.6).  

 A 4-component model was employed because a 5-component model resulted in poorer 

predictions of the three most prominent structures; helical, β-sheet and PP-II and did not enable 

resolution of α- and 310-helical structure or parallel and antiparallel structures. The composition 

profiles from MCR-ALS analysis assigned to (helical (α- + 310-helices), β-sheet/strand, PP-II and 

unfolded (everything else)) were regressed using the secondary structure compositions obtained 

from the relative abundance of the (φ,ψ) dihedral angles of the peptide backbone for each protein 

(Figure 4.2). The resultant regression model was then used to re-predict secondary structure of the 

test protein samples.  
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Fig. 4.5   Data fusion model for multivariate analysis for protein secondary structure determination. 
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Figure 4.6   Fused CD and UVRR spectra after application of each preprocessing method. 
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Prediction accuracies of about 5% can be achieved for either helical content using CD or β-

sheet content using UVRR (Figure 4.7). A comparison of the RMSEC values versus each 

preprocessing method is summarized in Table 1. When no preprocessing was employed, the results 

were similar to the use of CD data alone (Table 4-1 and Figure 4.7). RMSEC of β-sheet is high 

when no preprocessing is employed because the greater intensity of the CD spectra has a greater 

influence on the model (Figure 4.6), and the UVRR information is lost. Auto scaling of the fused 

data resulted in significantly higher RMSEC’s for all secondary structure types. Normalization to 

unit variance did not improve prediction of β-sheet structure (RMSEC = 40%) and appeared to 

worsen prediction of helical structure, essentially doubling the RMSEC. Ultimately variance 

scaling improved prediction of β-sheet structure (RMSEC = 5.4%) without much penalty to the 

prediction of the other structures (Table 4-1 and Figure 4.7). 
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Figure 4.7   Root mean square error of calibration (RMSEC) for prediction of protein secondary 
structure using CD, UVRR and fused CD-UVRR spectroscopic data. 
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Table 4-1   Root mean square error of calibration (RMSEC) of MCR-ALS model employing 
different preprocessing methods 
 

Pre-processing method Helix Sheet PPII Unfolded 

Unprocessed 5.7% 54.2% 8.7% 11.0% 

Normalized 12.9% 40.2% 3.7% 8.0% 

Auto-scaled 296.4% 57.0% 82.3% 27.1% 

Variance-scaled 6.6% 5.4% 10.7% 8.6% 
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4.4 Conclusions 

In this work, a new approach to protein secondary structure determination by applying 

multivariate analysis to fused spectroscopic data was developed. The advantage to this approach 

where CD and UVRR data are fused over individual analysis of both spectroscopic methods is that 

we can exploit the selective predictive capabilities of each technique (helical structure for CD and 

β-sheet structure for UVRR) and further improve predictions of other secondary structures 

including the PPII-type structure. We have also demonstrated that the most appropriate 

preprocessing method prior to multivariate analysis is the variance scaling method. 

 While helical structure prediction is improved using multivariate analysis of the fused data, 

the limitation of separating α- and 310-helical structures still looms. This is because both structures 

have very similar spectra both in CD and UVRR hence making them statistically indistinguishable. 

Also, less prevalent structures like turns and α-L, which occur in very small quantities, are not yet 

quantifiable as their CD and UVRR spectra are not distinct enough. Expansion to include other 

structurally sensitive techniques such as Raman optical activity or vibrational circular dichroism 

may increase the number of quantifiable secondary structures. 
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Chapter 5 - Parallel Factor Analysis of Multi- Excitation Ultraviolet Resonance 

Raman Spectra for Protein Secondary Structure Determination. 

 

Protein secondary structural analysis is important for understanding the relationship between 

protein structure and function, or more importantly how changes in structure relate to loss of function. 

The structurally sensitive protein vibrational modes (amide I, II, III and S) in deep-ultraviolet 

resonance Raman (DUVRR) spectra resulting from the backbone C-O and N-H vibrations make 

DUVRR a potentially powerful tool for studying secondary structure changes. Experimental studies 

reveal that the position and intensity of the four amide modes in DUVRR spectra of proteins are largely 

correlated with the varying fractions of α-helix, β-sheet and disordered structural content of proteins. 

Employing multivariate calibration methods and DUVRR spectra of globular proteins with varying 

structural compositions, the secondary structure of a protein with unknown structure can be predicted. 

A disadvantage of multivariate calibration methods is the requirement of known concentration or 

spectral profiles. Second-order curve resolution methods, such as parallel factor analysis (PARAFAC), 

do not have such a requirement due to the “second-order advantage.” An exceptional feature of 

DUVRR spectroscopy is that DUVRR spectra are linearly dependent on both excitation wavelength 

and secondary structure composition. Thus, higher order data can be created by combining protein 

DUVRR spectra of several proteins collected at multiple excitation wavelengths to give multi-

excitation ultraviolet resonance Raman data (ME-UVRR). PARAFAC has been used to analyze ME-

UVRR data of nine proteins to resolve the pure spectral, excitation and compositional profiles. A three 

factor model with non-negativity constraints produced three unique factors that were correlated with 

the relative abundance of α-helical (-57°, -47°), β-sheet (-119°, 113°) and poly-proline II type (-79°, 

150°) dihedral angles. This is the first empirical evidence that the typically resolved “disordered” 

spectrum represents the better defined poly-proline II type structure. 
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5.1 Introduction 

The relationship between protein structure and function have made determination and 

monitoring of protein secondary structure an area of great importance in biochemical and 

biophysical research. This increased interest in resolving and quantifying protein secondary 

structure content also stems from the observation that secondary structure changes without changes 

in the primary structure are involved in some protein based diseases.1-5 Traditional methods for 

protein secondary structure quantification such as x-ray crystallography,6, 7 nuclear magnetic 

resonance,8, 9 and circular dichroism10, 11 are now complimented by vibrational methods like IR, 

conventional and resonance Raman.12-19  

Deep-ultraviolet resonance Raman (DUVRR) particularly, has proven useful for 

quantification due to the structural sensitivity of the observed backbone amide modes. Some 

advantages of DUVRR include increased signal intensity (102-106 times) versus conventional 

Raman spectroscopy, minimal contribution from solvent water bands, elimination of background 

fluorescence and selective enhancement of the peptide backbone modes derived from the various 

vibrations of the backbone amide group (-CO-NH-) as a result of the π2 to π3
* dipole- allowed 

transition.18, 20-24 DUVRR sensitivity to protein secondary structure is observed in the shifting and 

intensity changes of the four observable amide modes.25-30 The position and intensity of the four 

amide modes: amide I, II, III and S are dependent upon the secondary structure of the protein with 

their relative contributions being proportional to the relative amount of each secondary structure 

conformation. Similarly, each secondary structure type exhibits distinct absorption profiles leading 

to a compositional dependence in resonance enhancement versus excitation wavelength.21 

Therefore, the position and intensity of amide modes change with varying excitation wavelengths 

and secondary structure composition.31  
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Initially, quantification studies of protein secondary structure employing DUVRR focused 

on univariate calibration methods of single amide modes,18 but have evolved to include 

multivariate calibration and multivariate curve resolution methods and other advanced statistical 

analyses of all observable amide modes.14, 27, 28, 32-37  In these methods, first order data are 

decomposed using bilinear models showing that individual protein spectra, x, are a linear 

combination of the different underlying pure secondary structure motifs, s, and their respective 

fractional amounts, c (Equation 5-1); 

𝐱 =  𝑐𝛼𝐬𝛼 +  𝑐𝛽𝐬𝛽 + ⋯  (5-1) 

where α designates α-helical and β designates β-sheet related variables. Other structures that have 

been defined include α-L, turns, random coil or disordered and 310 helices. 

Spectra from different proteins with different secondary structure compositions can be combined 

into a matrix, X, and decomposed as described in Equation 5-2; 

𝐗 = 𝐂𝐒𝐓    (5-2) 

C being the matrix of known secondary structural content of each protein, S being the matrix of 

underlying pure secondary structure and superscript T denotes the matrix transpose. The pure 

underlying secondary structure spectra may then be calculated via multivariate least square 

regression; 

𝐒 = 𝐗T𝐂(𝐂T𝐂)−𝟏   (5-3) 

where superscript T denotes the matrix transpose and CT(CCT)-1 is the pseudoinverse of C to give  

S. To determine the structural content of a new protein based on this analysis, Equation 5-2 can be  

rearranged to solve for cnew, the fractional amount of each secondary structure within the new  
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protein such that; 

𝐜𝑛𝑒𝑤 = 𝐱new(𝐒T𝐒)−1𝐒T  (5-4) 

where xnew is the spectrum of the new protein. 

The “known” concentration profiles are typically determined from proteins whose atomic 

level structure has been characterized by x-ray crystallography or NMR spectroscopy and 

published in the protein database, PDB (www.rcsb.org)38. However, the conditions under which 

the structures were determined do not necessarily represent the conditions under which the 

spectroscopic measurements are being conducted. This is especially true of crystal structures, 

which are static in nature.   “Known” spectral profiles can be estimated from model polypeptides, 

such as poly-L-lysine or poly-L-glutamic acid, that adopt “pure” secondary structures with varying 

environments.32 Given that these pre-determined or “known” inputs are not taken from the proteins 

themselves in their relevant environments, they can themselves introduce errors or biases into the 

multivariate analysis.  

Trilinear methods are not prone the rotational ambiguity of bilinear methods and reduce or 

eliminate the need for good initial estimates of either the C or S matrices. Multi-excitation UVRR 

(ME-UVRR) spectra of multiple proteins results in trilinear data that can be modeled with higher 

order algorithms such as parallel factor analysis (PARAFAC). This is particularly important for 

proteins whose disordered regions are not well characterized by NMR or x-ray crystallography but 

appear to have increasingly important functional significance.39-43 Using a combination of ME-

UVRR of nine globular proteins and PARAFAC, the pure spectral profiles of folded -helical and 

-sheet structures are resolved along with the spectral profiles corresponding to the disordered 

portions of the proteins. Next, a univariate regression was performed for the secondary structures 
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by relating the loadings to the relative abundance of helical (α- +310), β-sheet and poly-proline II 

type (PPII) structure.  

5.2 Materials and methods 

5.2.1 Sample preparation 

Nine proteins with varying secondary structure content (Table 5-1), amino acids L-

phenylalanine (F) and L-tyrosine (Y) were obtained from Sigma Aldrich (St Louis, MO) and used 

without further purification. The proteins and amino acids were dissolved in 10 mM phosphate 

buffer (pH 7.2). Protein and aromatic amino acid concentrations were determined by UV-Visible 

absorption using a Hewlett Packard 8453 spectrometer (Palo Alto, CA), and were 0.5 mg·ml-1 for 

protein solutions and 200 µM for amino acid solutions. The selected proteins are readily soluble 

in aqueous solution, have a well-distributed combination of the major secondary structures and are 

relatively inexpensive, making them an ideal set of calibration proteins.  

5.2.2 Deep-UV resonance Raman (DUVRR) spectroscopy 

The DUVRR instrument used to collect protein spectra has been previously described.28, 44  

Briefly, the fourth harmonic of a tunable Ti:Sapphire laser (Coherent Inc., Santa Clara, CA) was 

employed to generate excitation wavelengths from 197 To 205 nm in 1 nm increments.  The sample 

was circulated through two nitinol wires (Small Parts Inc., Miramar, FL) to create a thin film under 

a nitrogen purge to remove ambient oxygen. The temperature of the sample was held at 4C in a 

water-jacketed reservoir (Mid Rivers Glassblowing, Saint Charles, MO) using a bath recirculator 

(Isotemp 3016D, Fisher Scientific, Pittsburgh, PA).  Raman scattering was collected in the 135 

backscattering geometry and directed into a 1.2 m spectrometer (Horiba Jobin Yvon Inc., Edison, 
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NJ) equipped with a Symphony CCD detector, which was controlled by Synerjy software (Horiba 

Jobin Yvon Inc., Edison, NJ). Each spectrum was the sum of 1 hour of signal collection. 

5.2.3 Data preprocessing and analysis 

All computations were performed in the Matlab environment (Mathworks, Natick, MA).  

Raw spectra were preprocessed to remove cosmic rays using an in-house program. Sample spectra 

collected at each excitation wavelength were averaged and base-lined using the Matlab curve 

fitting toolbox. Spectra collected at different excitation wavelengths have different resolutions.36 

Each spectrum was interpolated to match the number of variables in the 197nm spectra. Phosphate 

buffer spectra were subtracted from each protein spectra. Cyclohexane was used as a calibration 

standard and perchlorate was used as an internal intensity standard.  

The aromatic amino acid contributions (phenylalanine and tyrosine) were quantitatively 

subtracted as described by Oshokoya et al.37 Spectra of phenylalanine and tyrosine were subtracted 

from corresponding protein spectra collected at the same excitation wavelength. Spectra were then 

truncated so that only the four amide regions (1200-1750 cm-1) were used for calibration.  
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Table 5-1   Secondary structure content (%) of proteins used calculated from (φ, ψ) dihedral 
angles as found on the Research Collaboratory for Structural Bioinformatics (RSCB) Protein 
Data Bank. Helices include both α-helical and 310-helical (φ, ψ) dihedral angles. 

Protein Abbreviation Helices Sheet/Strand 
Total disordered 

PPII Unordered α-L Undefined 

Bovine serum albumin BSA 80.0 5.6 8.5 4.4 0.5 1.0 

Carbonic anhydrase CAH 27.2 37.5 21.2 8.4 3.3 2.3 

Chymotrypsinogen A CTG 26.0 33.3 23.5 7.4 5.3 4.5 

Cytochrome c CYC 52.0 15.7 18.6 4.9 6.9 2.0 

Glucose oxidase UOX 44.3 25.9 15.5 5.9 5.5 2.9 

Lysozyme LSZ 50.4 14.2 12.6 7.9 8.7 6.3 

Myoglobin MBN 85.4 5.3 2.6 2.0 2.6 2.0 

Ovalbumin OVA 43.4 32.8 14.6 3.8 3.4 2.1 

Trypsinogen TGN 23.6 32.7 23.6 6.4 5.9 7.7 
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5.2.4 Calculation of secondary structure content 

 Protein coordinate files for the nine proteins were downloaded from the protein data bank, 

PDB (www.rscb.org)38 and a dihedral angle calculator readily available online 

(http://cib.cf.ocha.ac.jp/bitool/DIHED2/)45 was used to determine the relative abundance of the (φ, 

ψ) dihedral angles in each protein for secondary structure content distribution as displayed in Table 

5-1. The overall distribution of (φ, ψ) angles are shown in Figure 5.1 along with the structural 

assignments. 

5.2.5 Parallel factor analysis (PARAFAC) of ME-UVRR data 

   PARAFAC can be applied to multi-way or trilinear data arrays and has an advantage of 

resolving underlying components without prior knowledge of sample composition or pure spectral 

features from trilinear data.46-48 ME-UVRR spectra of a single protein can be referred to as second-

order or bilinear data. Trilinear DUVRR data is generated when the ME-UVRR spectra of several 

proteins with varying structural compositions are combined into a single data array (Figure 5.2). 

PARAFAC analysis of ME-UVRR data was first applied to the amide I region of ME-UVRR 

protein spectra (Simpson, et al. Analyst 2011)36. However, quantification of disordered regions 

was not possible. 
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Fig 5.1   Ramachandran plot showing distribution of (φ, ψ) dihedral angles around the ideal 
dihedral angles for each type of secondary structure. Undefined dihedral angles occur in regions 
outside the labeled areas. 
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Fig 5.2   Trilinear data array produced by multi-excitation UVRR spectra. Myoglobin (MBN), 
glucose oxidase (UOX) and trypsinogen (TGN) are shown. 
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 PARAFAC is based on the trilinear model46, as shown in the Equation 5-6 

𝑟𝑖𝑗𝑘 = ∑ 𝑥𝑖,𝑛
𝑁
𝑛=1  �̂�𝑗,𝑛 �̂�𝑘,𝑛 + 𝑒𝑖,𝑗,𝑘   (5-6) 

In Equation 5-6, rijk represents the measured response of kth protein at the ith excitation wavelength 

and jth wavenumber. In this study, the trilinear dataset was created by combining DUVRR spectra 

of protein samples with varying secondary structure composition collected at nine different 

excitation wavelengths. Therefore each kth slice of the trilinear data cube , represents ME-UVRR 

spectra of a series of proteins and has the dimension I x J, where I is a product of the spectral range 

and resolution in cm-1 and J is the number of excitation wavelengths. The number of components, 

N, chosen for the system is defined by the user and determination of the correct number of 

components was based on the %RMSEC and reasonability of spectral profiles for a series of 

models. The weighted-PARAFAC algorithm49 used in this work has been described previously.50, 

51 

The data was arranged in three-way arrays with , 211 spectral points in cm-1, in the rows 

or in the X-dimension, 9 excitation wavelengths in nm, in the columns or in the Y-dimension and 

9 protein samples in the slices or in the Z-dimension resulting in a 211 x 9 x 9 data cube (Figure 

5-2). Although the orientation of the data array should not have an impact on the final solution for 

an ideal data set, it was found that the spectral information needed to be in either the X or Y 

dimension. To evaluate the effect of data permutations on the resolved profiles, a series of models 

were created and analyzed. Four different permutations of the ME-UVRR data were created by 

switching the dimensions in which the spectral, excitation wavelength and sample information 

occur  For instance, when spectral information, excitation wavelength  and sample information are 
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placed in the X-, Y-, and Z-dimensions respectively, we get data permutation XspYexZsa. Table 

5-2 includes a full list of model permutations.  

When using PARAFAC, an initial definition of the number of factors is necessary. It is 

also possible to apply constraints52 such as non-negativity, unimodality or closure. In this work, 

only non-negativity was employed as a constraint. PARAFAC models of the data array were 

developed using 3, 4, and 5 factors and %RMSEC (Equation 5-7) was used to select the number 

of factors: 

%RMSEC = √∑(𝑐�̂�−𝑐𝑖)2

𝐼
 × 100     (5-7) 

where �̂�i is the predicted secondary structure concentration of the ith sample, ci is the experimental 

secondary structure composition as determined from the (φ, ψ) dihedral angles of the ith sample 

and I is the number of samples. 

PARAFAC analysis of the ME-UVRR data yields three loading matrices one of which 

corresponds to the underlying “pure” secondary structure Raman spectra (PSSR), the other, 

corresponding to the pure relative cross section of each spectral component of the different 

secondary structures present. The third loading matrix contains the relative secondary structure 

compositions of the proteins used; in the calibration step, these loadings are regressed against the 

experimental secondary structure compositions of the different proteins to get a linear calibration 

line. In the prediction step, this regression line is then used for prediction of protein secondary 

structure. 
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Table 5-2  Orientation permutations for 3- and 4- factor models 

# of factors Model I J K 

3 

XspYexZsa Spectra Excitation λ Sample 

XexYspZsa Excitation λ Spectra Sample 

XspYsaZex Spectra Sample Excitation λ 

XsaYspZex Sample Spectra Excitation λ 

4 

XspYexZsa Spectra Excitation λ  Sample 

XexYspZsa Excitation λ Spectra Sample 

XspYsaZex Spectra Sample Excitation λ 

XsaYspZex Sample Spectra Excitation λ 
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5.3 Results and Discussion 

5.3.1 Determining the number of factors 

 The 3-, 4- and 5-factor PARAFAC models of the ME-UVRR data were evaluated for their 

predictive capability as well as the reasonability of the resolved spectral profiles. None of the 

resolved compositional profiles from the 5-factor model were correlated with either β-sheet/strand 

or helical structure. Further, the resolved spectral profiles were unreasonable in that there were 

duplicate factors. Therefore, it was concluded that the data should be modeled with fewer than five 

factors. In addition to β-sheet/strand and helical (α-helical and 310 helical) structures, proteins 

adopt several other types of secondary structures including PPII, α-L and turn structures. The 

structural definitions in Table 5-1 are based on the distribution of (φ, ψ) dihedral angles around 

the ideal as shown in Figure 5.1. Turn structures are not included as turn structures have non-

repetitive (φ, ψ) dihedral angles. 

On average, prediction of β-sheet secondary structure showed the lowest %RMSEC for 

both 3- and 4- factor models (Figure 5.3). Irrespective of data orientation, %RMSEC for β-sheet 

structure prediction was 3.4% for unconstrained 3-factor models and 3.7% for 4-factor models 

(Figure 5.3). Application of non-negativity constraints to both 3- and 4-factor models resulted in 

a modest increase in %RMSEC. However, significant increases in %RMSEC were observed for 

the 4-factor models with non-negativity constraints and excitation data in the Z-dimension. 

Percent RMSEC’s for helical secondary structure were generally higher than those for β-

sheet structure (Figure 5.3). Before application of non-negativity constraints, all 3-factor models 

showed a lower %RMSEC (14.5%) than 4-factor models (29%). For 3-factor models, little 

increase was observed in %RMSEC when non-negativity constraints were applied with the 

exception of model XexYspZsa which had a %RMSEC of over 70%.  When non-negativity 
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constraints were applied to the 4-factor models, a decrease in %RMSEC was observed in all 

models except for model XspYexZsa which had a %RMSEC of 65%. 

The third factor in the 3-factor models showed very strong correlation to PPII type structure 

composition. For the unconstrained 3-factor models, the %RMSEC for PPII type structure ranged 

from 17 to 22%, when non-negativity constraints were applied to the 3-factor models, the 

%RMSEC decreased to 3.2-6.2% with model XspYsaZex having the lowest %RMSEC (3.2%). 

While the application of non-negativity constraints slightly increases the %RMSEC for helical and 

β-sheet secondary structures in 3-factor models, there is a significant decrease in the %RMSEC 

for PPII-type structure. For four factor models, the remaining two factors did not show strong 

correlation to any other secondary structure type including PPII-type structure.  
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Fig 5.3   Percent RMSEC for the 3-factor and 4-factor models for each secondary structure type 
with (w/NN) and without (w/o NN) non-negativity constraints. 
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Examination of the resolved spectral profiles for each of the 3-factor models provides 

further insight into the optimal model. The resolved spectral profiles for each model without non-

negativity constraints were essentially identical (Figure 5.4A). The resolved helical spectrum has 

a strong amide S band at 1390 cm-1, an amide III feature at 1230-1240 cm-1, and an amide I band 

at 1667 cm-1 all of which are associated with non-helical structures. The higher %RMSEC of PPII-

type structure when no non-negativity constraints are applied may be attributed to the incomplete 

resolution of helical and PPII-type structures. Application of non-negativity constraints to 3-factor 

models with the samples in the Z-dimension results in the absence of an amide I feature for PPII-

type structure, which is deemed unreasonable for protein DUVRR spectra (Figure 5.4C and 5.4D). 

Thus, the most reasonable model is produced when a 3-factor model is employed with non-

negativity constraints and excitation information is placed in the Z-dimension (Figure 5.4B).  

The predicted helical spectrum from the PARAFAC analysis of the 3-factor model with 

excitation in the Z-dimension (Figure 5.5) shows an absence of the amide S (1374-1406 cm-1) 

mode and two features in the amide III region (1297-1336 cm-1) as described in the literature.25, 27, 

53 The disappearance of the amide S mode is a key markers of helical secondary structure. Also, 

the positions of the amide I (1655 cm-1), and II (1548 cm-1) bands in the resolved secondary 

structure spectra from PARAFAC are within the expected range for helical proteins recorded in 

the literature25, 27, 53. For the β-sheet resolved pure spectral profile, the predicted amide I (1675 cm-

1), II (1556 cm-1), S (1395 cm-1) and III (1235 cm-1) positions all fall within the expected range for 

β-sheet structures, which occur at 1670-1675 cm-1, 1550-1564 cm-1, 1395-1406 cm-1, and 1220-

1241 cm-1 respectively.29, 53 The amide I and II of the disordered resolved spectral profiles appear 

at 1675 cm-1 and 1566 cm-1 falling within the expected regions of 1660-1682 cm-1 and 1548-1561 
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cm-1 respectively.27, 53 The amide III and S modes are slightly upshifted (1250 cm-1) and 

downshifted (1393 cm-1) from the β-sheet spectrum as expected for PPII-type structure. 

The resolved secondary structure components from the 3-factor models with excitation in 

the Z- dimension are essentially identical and show good correlation with reported helical, β-sheet 

and PPII-type contents for the sample proteins. A linear regression model was built using the 

resolved intensity for the different secondary structure components and the calculated secondary 

structure compositions given in Table 5-1 with the exception of ovalbumin. Inclusion of ovalbumin 

significantly skewed all of the regression models for one or more secondary structures. For the 

optimal 3-factor model XspYsaZex with non-negativity constraints, the %RMSEC decreased from 

12% to 5% for β-sheet structure after removing ovalbumin. The resolved intensities of the 

secondary structures obtained from the PARAFAC analysis were then used to re-predict the 

secondary structure content using the linear regression model (Figure 5.6). 
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Fig 5.4   Resolved underlying spectra obtained from each 3-factor PARAFAC model for each 
secondary structure type. (A) XspYsaZex, without non-negativity constraints, (B) XspYsaZex, 
with non-negativity constraints, (C) XspYexZsa, with non-negativity constraints and (D) 
XexYspZsa, with non-negativity constraints. 
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Fig 5.5   The pure secondary structure Raman spectra (PSSRS) obtained from the three 
component PARAFAC analysis of the trilinear ME-UVRR dataset. 
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Fig 5.6 The experimental versus predicted percentages of secondary structure composition for 
the 3-factor model (XsYsaZex). 
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The excitation profiles of the secondary structures obtained from the non-negativity 

constrained 3-factor PARAFAC model (Figure 7) showed strong resemblance to those previously 

published in the literature21, 36 especially for β-sheet which has a single maxima at approximately 

200 nm. The helical excitation profile has two maxima appearing at approximately 198 nm and 

204 nm. The PPII-type structure excitation profile has a maxima below 197 nm and a shoulder at 

approximately 202 nm. 
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Fig 5.7   Excitation profiles for each secondary structure obtained from the 3-factor XspYsaZex 
PARAFAC model. For visualization, the estimated excitation profiles based on a Gaussian fit of 
the resolved excitation profile are shown as dashed lines. 
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5.4 Conclusion 

PARAFAC analysis was carried out on ME-UVRR data of a set of nine proteins with 

varying secondary structure compositions. It was established that the orientation of the three-way 

data, especially with excitation wavelength information in the Z-dimension, played a great role in 

the ability of the PARAFAC algorithm to resolve the underlying spectral profiles. A 3-factor model 

resulted in the best resolution of helical, β-sheet and PPII-type structures. This is the first 

experimental evidence indicating that the third component typically resolved with multivariate 

methods represents PPII type structure as calculated from (φ, ψ) dihedral angles. The prediction 

of PPII-type structure was significantly improved with a combination of three-way data, non-

negativity constraints and PARAFAC analysis. The encouraging results of this exploratory 

analysis thus suggest that higher order data can be used for quantification of protein secondary 

structure without prior knowledge of the underlying spectral or compositional profiles.  
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Chapter 6 – Conclusions 

The quantification of protein secondary structure has become an area of intense 

biochemical and biophysical research due to the effects of secondary structure on tertiary and 

quaternary protein structure, as well as the role of secondary structure in protein function and select 

diseases. Traditional methods of quantifying protein secondary structure, such as X-ray 

crystallography (XRC), nuclear magnetic resonance (NMR) and circular dichroism (CD), are now 

complimented by a host of vibrational methods, in particular, deep-ultraviolet resonance Raman 

(DUVRR) as it has proven useful due to its structural sensitivity of the amide modes. 

Typically, DUVRR and CD have been used independently to categorize and quantify 

protein secondary structure into three types, α-helix, β-sheet, and disordered structure. We have 

been able to demonstrate that their complimentary use leads to the improved prediction of 

disordered secondary structural content in proteins. Also, the experimental design utilized allowed 

us evaluate the performance of common multivariate methods (partial least squares, classical least 

squares and multivariate curve resolution- alternating least squares) for their predictive abilities 

using a limited protein data set. The results of these studies are of importance to researchers as 

they show that good estimations of secondary structural composition can be obtained with only a 

limited set of standard proteins. 

A new approach to protein secondary structure was developed by the application of 

multivariate analysis to fused CD and DUVRR data. The rationale behind the application of data 

fusion to both spectra types before multivariate analysis was to exploit the selective predictive 

capabilities of each technique so as to further improve predictions of other secondary structures 

present including PPII-type structure. Limitations still exist with separation of different helical 
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structural types and prediction of less prevalent structures like turns which occur in very small 

quantities. Expansion of the data fusion methodology to include other structurally sensitive 

techniques like vibrational circular dichroism (VCD) or Raman optical activity (ROA) may 

increase the accuracy and number of quantifiable structures. 

Finally, the combination of three-way DUVRR and parallel factor (PARAFAC) analysis 

with non-negativity constraints has been used here for prediction of protein secondary structure 

including PPII-type structure without initial assumptions of concentration/compositional or 

spectra profiles. The encouraging results obtained from this exploratory analysis thus suggest that 

higher order data can be used for quantification of protein secondary structure without prior 

knowledge of the underlying spectral or compositional profiles. The importance of estimation 

without prior knowledge is that the NMR and X-ray structures that composition profiles are based 

on, don’t necessarily represent the conditions that the optical spectra are being measured under. 

This allows us to move away from using NMR and X-ray information as initialization profiles. 

These spectroscopic studies, and the application of chemometric methods to them, serve to 

highlight the value of advanced statistical methods for chemical analysis. Chemometric methods 

were shown to be powerful tools for the analysis of protein spectra, suggesting that future research 

will be able to look at more complex experimental data and extract useful protein secondary 

structure information thereby meriting continued research.  
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