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Principal component regression (PCR) was applied to a
spectral library of proteins in H2O solution acquired by
single-pass attenuated total reflectance (ATR) Fourier
transform infrared (FT-IR) spectroscopy. PCR was used
to predict the secondary structure content, principally
r-helical and the â-sheet content, of proteins within a
spectral library. Quantitation of protein secondary struc-
ture content was performed as a proof of principle that
use of single-pass ATR-FT-IR is an appropriate method
for protein secondary structure analysis. The ATR-FT-IR
method permits acquisition of the entire spectral range
from 700 to 3900 cm-1 without significant interference
from water bands. An “inside model space” bootstrap and
a genetic algorithm (GA) were used to improve prediction
results. Specifically, the bootstrap was utilized to increase
the number of replicates for adequate training and valida-
tion of the PCR model. The GA was used to optimize PCR
parameters, particularly wavenumber selection. The use
of the bootstrap allowed for adequate representation of
variability in the amide A, amide B, and C-H stretching
regions due to differing levels of sample hydration.
Implementation of the bootstrap improved the robustness
of the PCR models significantly; however, the use of a GA
only slightly improved prediction results. Two spectral
libraries are presented where one was better suited for
â-sheet content prediction and the other for r-helix
content prediction. The GA-optimized PCR method for
r-helix content prediction utilized 120 wavenumbers
within the amide I, II, A, B, and IV and the C-H stretching
regions and 18 factors. For â-sheet content predictions,
580 wavenumbers within the amide I, II, A, and B and
the C-H stretching regions and 18 factors were used. The
validation results using these two methods yielded an
average absolute error of 1.7% for r-helix content predic-
tion and an average absolute error of 2.3% for â-sheet
content prediction. After the PCR models were developed
and validated, they were used to predict the r-helix and
â-sheet content of two unknowns, casein and immuno-
globulin G.

The substantial number of protein gene sequences determined
from the completion of the human genome project provides a

motive for the development of rapid protein secondary structure
determination methods.1 The importance of protein secondary
structure prediction methods lies with the determination of protein
function for the study of both biological pathways and the
mechanism of disease.1,2 Since a mere 3% of the determined
protein gene sequences have known secondary structure,1 there
is a tremendous need for methods that rapidly classify proteins
and that monitor protein interactions. Protein secondary structure
refers to the organization of amino acid residues in a polypeptide
chain and is predominantly composed of R-helical and â-sheet
motifs.3,4 Several experimental methods exist for protein secondary
structure determination such as circular dichroism (CD), Fourier
transform infrared (FT-IR) spectroscopy, nuclear magnetic reso-
nance (NMR), Raman spectroscopy, and X-ray diffraction. The
overwhelming majority of three-dimensional coordinates currently
available in the protein data bank (PDB) were elucidated from
either NMR or X-ray diffraction. The techniques of NMR and X-ray
diffraction used to determine the coordinates of three-dimensional
structure have not yet been applied to a large part of the
proteome.1,5 Therefore, CD, Raman spectroscopy, and FT-IR
spectroscopy are routinely used to rapidly classify proteins
according to secondary structure motifs.1,5 Using these three key
spectroscopic methods, spectral-based correlations of proteins with
known secondary structure are used to construct calibration
models for secondary structure prediction of proteins with
unknown three-dimensional coordinates.

This paper is the second in a two-part study, where the first
paper focused on the advantages of the single-pass attenuated total
reflectance (ATR)-FT-IR technique for protein analysis. The
method of single-pass ATR-FT-IR is valuable since it is a rapid
technique that does not require protein exchange into D2O or
sample cell assembly. Protein in H2O solution that is exposed to
a N2 environment is brought into contact with a germanium
internal reflective element (IRE). Since the protein is in an N2

environment, it slowly dehydrates into a concentrated gel state.
Rapid scanning can continuously monitor the changes from a fully
hydrated state to a concentrated gel state. Concentrating the
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protein to a gel state yields spectral enhancement such that protein
amide bands can be observed simultaneously without performing
H2O subtraction.

All proteins have nine characteristic absorption amide bands,
labeled amide A, B, and I-VII, in the mid-infrared that can be
interpreted in terms of structure.6,7 FT-IR has been successfully
used for secondary structural analysis largely based on the
examination of amide I, which results from CdO stretching.6-13

Correlations between amide I and II band frequencies, principally
amide I, and secondary structure are well established for proteins
in H2O.6,7,10,14,15 Amide I bands occur at ∼1650 cm-1 for primarily
R-helical structures, whereas, the amide I band for primarily
â-sheet proteins is shifted to a lower frequency of ∼1630
cm-1.6,7,10,14,15 In addition, primarily â-sheet proteins have a weak
component at 1675-1690 cm-1. Amide II bands occur at 1550 cm-1

for R-helical proteins and 1530 cm-1 for â-sheets,6,10,14,15 but the
secondary structure correlations in this region are not well
understood. Few correlations exist for the amide III, IV, A, and B
regions. Rather than the technique of frequency assignment for
the determination of protein secondary structure, multivariate
techniques such as multiple linear regression (MLR), partial least
squares (PLS), and principal component regression (PCR) have
been used to yield a more quantitative assessment.16-19 In this
study, the focus was the development of a multivariate calibration
model for the prediction of protein secondary structure.

The development of such a model involves training and
validation phases. The development of a representative spectral
library, one that includes all anticipated sources of signal vari-
ability, is crucial since the only variability that can be recognized
is that included in the model. Once an adequate spectral library
with sufficient variability is obtained, the prediction power of the
model will be suitable for secondary structure determination of
unknown proteins. Casein and immunoglobulin (IgG) have
unidentified secondary structure content that will be predicted
upon completion of the training and validation phases.

PCR has been applied to a library of single-pass ATR-FT-IR
protein spectra in H2O solution to predict R-helical and â-sheet
content. Due to the small number of protein spectra, a bootstrap
method was applied to enlarge the data set. Once an optimum
training and test set were constructed, PCR was applied. GA
optimization was performed on the models to improve the
accuracy and robustness of the protein secondary structure

prediction. The GA optimized wavenumber selection and the
number of principal component factors included in the model. A
data set that was not involved in the construction of the multi-
variate regression model, a validation set, was used to validate
the model. Upon finding an ideal model, the secondary structure
content was determined for the proteins casein and IgG. Thus,
this study provides an accurate and rapid methodology for the
prediction of R-helical and â-sheet content of single-pass ATR-FT-
IR protein spectra.

EXPERIMENTAL SECTION
The proteins listed in Table 1 were prepared without further

purification to a final concentration of ∼3 mM in H2O. In the
experimental apparatus, the Ge crystal is at the focus of a
Cassagranian objective in a UMA500 microscope (Digilab). A 10-
20-µL sample was injected onto the Teflon block using a Wheaton
pipet. The protein spectra were recorded at ambient temperature
and averaged over 64 scans on a Digilab FTS 6000 FT-IR
spectrometer equipped with a liquid nitrogen-cooled MCT detec-
tor. The protein spectra were recorded with a resolution of 2 cm-1.
Background spectra were obtained subsequently. Blowing a steady
stream of N2 gas over the Teflon block gently dehydrated the
protein samples. Spectra were recorded continuously after the
sample was deposited onto the Teflon block until a concentrated
protein gel had formed onto the Ge IRE. The Ge IRE was rinsed
with H2O and allowed to dry prior to loading a subsequent protein
sample. Throughout this study, the protein samples are referred
to as being in the hydrated state, the intermediate state, and the
gel state. As the names imply, the hydrated state refers to the
protein sample when it is first deposited into the Teflon reservoir.
The gel state refers to dehydrated sample, and intermediate states
are observed during the 15-30 min required to form the gel state.
Spectral enhancement is seen upon formation of the intermediate
and gel states. Once the peak intensities no longer increased, the
gel state was achieved and numerous replicate spectra were
acquired.

All spectral data were acquired using the software package
Win-IR-Pro v2.97 (Digilab). The spectral range of 600-4200 cm-1

was used for protein analysis. Data analysis was performed using
the software package Igor-Pro v3.12. There was no need for H2O
subtraction since all protein spectra used were in a gel state.

METHODS
Once the protein spectra were acquired via single-pass ATR-

FT-IR, they were water vapor-subtracted, baseline-corrected, and
consolidated into a protein library. The numbers of spectra for
each protein in the spectral library are given in Table 1. Since
the protein spectra were acquired continuously, any change in
spectra due to denaturation could be observed in real time.
Denaturation was not a consistent problem with any protein other
than chymotrypsinogen. None of the spectra for chymotrypsino-
gen were included in the spectral library.

Suitable protein spectra were transferred to the software
package MATLAB v. 5.3 in order to construct principal component
regression models for the prediction of protein secondary struc-
ture. Since the number of spectra varied, and in some instances
were low in number, the protein spectra were bootstrapped. Large
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characteristic data sets are required for multivariate analysis,
particularly for the development of multivariate regression models.
Small data sets that yield sparsely populated principal component
clusters in multivariate space can be expanded by the application
of the bootstrap resampling method to yield more densely
populated principal component clusters. In this study, a parametric
bootstrap technique was used to enlarge small data sets for a
better estimation of the protein secondary structure content. The
particular bootstrap method used was developed by Gemperline
and Smith20 and resamples from the “inside model space”. The
terminology “inside model space”, first adopted by Van Der Voet
et al.,21 refers to the multidimensional space defined by a principal
component model that employs the k largest principal components.
The complementary space defined by the residuals of the k factor
principal component model is referred to as the outside model
space.

First developed by Efron in 1979, the bootstrap is a method
for obtaining estimates of statistical parameters and of the
uncertainty in these statistical parameters22,23 based upon resam-
pling from an empirical distribution.24-30 In this study, the

application of the bootstrap resampling procedure is reported for
improving the robustness of the PCR model.

The inside model space bootstrapping method involved the
resampling of the column-mode eigenvectors, U. The following
steps were performed to implement this unique method. First,
the original data set was decomposed via the truncated singular
value decomposition function:

where A represents the spectral data, U represents the column-
mode eigenvectors, S represents the diagonal matrix of the
principal component scores, and VT represents the row-mode
eigenvectors, n is the number of spectra, m is the number of
wavenumbers, and k is the number of factors used in the model.
The complete matrix of column-mode eigenvectors, U, was
repeated sequentially until N, the number of bootstrap samples,
was satisfied. The order of factors in each column of U was then
randomized independently of all other columns to produce U*.
Finally, a new bootstrapped matrix, A*, of spectra was generated
from eq 2. This process was repeated J times, J was equal to either

5 or 10 in this study, and the resulting spectra were averaged
together. To compensate for the effect of averaging, the averaged
data were multiplied by the square root of J. The bootstrap method
used does not introduce any new sample variability, since the
bootstrapped data have the same sample distribution as the
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Table 1. Proteins Used in This Study

protein company catalog no.
no. of spectra

in library PDB ID no.

R-casein Sigma C-6780 8 n/aa

caspase NCSU Biochemistry
Department

6 1CP3

R-chymotrypsin ICN 100461 16 5CHA
chymotrypsinogen ICN 100477 did not use 1CHG
concanavalin A ICN 150710 8 1APN
concanavalin A Sigma C-7275 20 1APN
cytochrome c Aldrich 10,520-1 8 1CCR
elastase Sigma E-1250 6 3EST
glutathione reductase Sigma G-6004 7 3GRS
hemoglobin Sigma H-2500 27 1A3N
IgG Fluka 56834 3 n/a
lactalbumin Sigma L-5385 30 1HFX
lactoglobulin Sigma L-2506 30 1BEB
lysozyme Sigma L-6876 33 1LYZ
myoglobin Sigma M-1882 33 1MBS
myosin University of California

at San Diego
4 1B7T

papain ICN 100921 30 1PPD
pepsin Sigma P-6887 35 4PEP
ribonuclease A ICN 193980 11 7RSA
ribonuclease A Sigma R-4875 16 7RSA
ribonuclease B Sigma R-7884 30 1RBB
subtilisin Sigma P-5380 8 1SBT
trypsin ICN 153571 13 1TPO
trypsin inhibitor ICN 100612 18 4PTI
trypsinogen Sigma T-1143 10 1TGN

a n/a, not available.

A(n×m) ) U(n×k) × S(k×k) × VT
(k×m) (1)

A*(N×m) ) U*(N×k) × S(k×k) × VT
(k×m) (2)
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original data set. Thus, the spectral line shapes are preserved in
the bootstrapped data set and the only significant difference was
the peak intensities.

PCR is a multivariate technique that predicts protein secondary
structure from the line shapes of particular regions within the
protein mid-infrared spectrum, particularly the amide I and II
regions. Since the spectroscopy-structure correlation is based
upon line shapes, protein concentration is not of particular interest.
In the current application, PCR models were developed to establish
a correlation between spectral data to that of known protein
secondary structure content, particularly R-helical and â-sheet
content. There is a training phase, a testing phase, and a validation
phase. PCR begins with decomposing the training set via the
singular value decomposition (SVD) function as seen in eq 1. Upon
computing the regression model, the regression vector, b, is
computed by the following equation,

where cstd is the matrix of known R-helix and â-sheet content.
Using the regression vector, the predicted R-helix and â-sheet
content are computed for the training and test sets.

Once the model has been optimized, the R-helix and â-sheet
content of the validation set is calculated to test the robustness
of the model. If an adequate validation is achieved, then one can
be assured that a global model has been obtained. Thus, the model
can be used to predict the content of unknowns via eq 5.31

In this study, the genetic algorithm (GA) was used to optimize
both wavenumber selection and the number of principal compo-
nent factors to be included in the multivariate regression model.
The GA is a popular optimization technique that employs a
probabilistic, nonlocal search heuristic that was inspired by
Darwin’s theory of natural selection.32,33 The GA manipulates
binary strings known as chromosomes, which contain genes that
encode experimental parameters. An initial population of random
binary strings is produced giving an n × m data matrix, where n
is the number of individuals in the initial population and m is the
length of each chromosome. The multivariate regression models
specified by these chromosomes are constructed, tested, and
ranked according to the desired figure of merit. The “best”
individuals have the greatest possibility of surviving in the GA.
The chromosomes of the best individuals are recombined to
produce offspring chromosomes with even better genetic material.
Mutations are allowed to occur in the population at a very low
rate. The mutations generally result in models that are worse;
however, occasionally mutations can produce a change that results
in a better model that is then incorporated in the evolutionary
process of producing a new population. A number of different

groups have reported the use of genetic algorithms as a tool for
wavelength selection32-38 and the determination of principal
component factors to be used39 in multivariate calibration.

In the GA method optimization procedure, one chromosome
contained sufficient information to completely specify the param-
eters needed for calibration. Each chromosome contained two
types of genes. The first gene represented the wavenumbers to
be used in the principal component regression model. The
wavenumber selection gene was a 1 × m vector of randomly
generated numbers between 0 and 1, where m represents the
maximum number of wavenumbers to be included in the PCR
model. Random numbers were rounded to either the ceiling or
the floor (1 or 0). A bit position equal to 1 signified including this
representative wavenumber, whereas, a 0 signified omitting the
corresponding wavenumber. Using this procedure, one would
expect an average of 50% of the wavenumbers bit positions being
coded as 1. One also wants to avoid generating a chromosome
that codes for the inclusion of too few wavenumbers to be included
in the PCR model. Thus, features were added to offset the
probability of having 50% of the wavenumbers as well as require
a minimum of 1/5 of the wavenumbers to be included in the PCR
model. The second gene contained 18 bits and encoded the
number of principal components to be used for building the
principal component model. The gene contained 18 bits to signify
1-18 principal components. Only one bit was allowed to be true,
and the number of principal components was based upon the
position of the true bit. A maximum of 18 factors was employed
to prevent overtraining of the principal component model.

The training and test sets were used for monitoring the GA
optimization. The figure of merit was the average of the standard
error of calibration (SEC) and the standard error of prediction
(SEP). The best 50% of the chromosomes were selected as parents
to produce a new population. The remaining chromosomes were
discarded. The discarded chromosomes were replaced with a new
set, equal in number, of randomly generated chromosomes.

An offspring population of chromosomes was produced by
recombining chromosomes from the parents at a given number
of random crossover points and by introducing a random mutation
rate of 5%. The crossover sites were randomly generated from
the bit positions that were involved in wavenumber selection.
After selection of the random crossover points, the resulting pieces
of chromosomes were randomly shuffled and recombined to
generate the offspring population. The offspring chromosomes
were then translated into their respective wavenumber regions
and number of principal component factors, and the resulting
principal component regression models were computed. The
training set was reclassified using the new models, and the
offspring were ranked to find the individuals producing the best
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(38) Leardi, R. J. Chemom. 1994, 8, 65-79.
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b ) V(m×k) × S-1
(k×k) × UT

(k×n) × cstd(n×c) (3)

cpred ) Astd(n×m) × b(m×c) (4)

cpred ) Aunk × b (5)
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SEC and SEP. Fifty percent of the fittest offspring were used for
the next generation in addition to randomly generated chromo-
somes, as described earlier. The process of producing new
generations of chromosomes was repeated until the number of
given, in this case 20, generations had been satisfied. When the
GA optimization routine was completed, the last generation of
chromosomes was returned to the user.

RESULTS AND DISCUSSION
The purpose of this study was the development of a multivari-

ate regression model for R-helix content and â-sheet content
prediction of single-pass ATR-FT-IR data. The development of an
accurate model focused on two issues. The first issue was the
development of representative training, test, and validation sets.
Each of two spectral libraries constructed in this study, denoted
spectral library 1, for â-sheet prediction, and spectral library 2,
for R-helical prediction, consisted of a training set, a test set, an
independent validation set and an additional data set of unknowns.
The second focus was on which wavenumber regions to include
in the multivariate regression model.

In spectral library 1, the proteins caspase, chymotrypsin,
concanavalin, cytochrome c, elastase, glutathione reductase,
lactalbumin, lysozyme, myoglobin, myosin, papain, ribonuclease
A, subtilisin, trypsin inhibitor, trypsin, and trypsinogen were
included in both the training and test sets. The validation set within
spectral library 1 contained the proteins hemoglobin, lactoglobulin,
pepsin, and ribonuclease B. The construction of the training and
test sets involved bootstrapping the original protein spectra 10
times to make a total of 100 spectra. The bootstrapped data set
was then split into odd-numbered bootstrapped spectra (training
set) and even-numbered spectra (test set). This enabled an equal
number of representative protein spectra to be included in the
training set since the number of original protein spectra varied
(Table 1). The validation set was also bootstrapped to make a
total of 100 spectra; however, the odd-numbered bootstrapped
spectra were kept while the even-numbered spectra were dis-
carded. It is common to use bootstrapped data as test and
validation sets but not for the training set. The rationale for the
use of bootstrapped data in the training set was that mid-infrared
spectra of proteins in H2O solution are only moderately reproduc-
ible in the amide A, amide B, and C-H stretching regions due to
the varying levels of hydration observed by the single-pass ATR-
FT-IR method. Thus, this type of variability must be introduced
to the calibration model for adequate prediction. This was achieved
by performing the bootstrap, since the resulting bootstrapped data
set had a greater population density of the varying levels of
hydration in the amide A and B regions. The GA was applied to
optimize the number of factors as well as the wavenumbers in
the region from 600 to 4200 cm-1 with the exception of the CO2

region. The resulting PCR parameters yielded reasonable training
and test set predictions; however, the validation results needed
improvement. Further optimization of the calibration model was
performed where only specific regions were used. Surprisingly,
the best regions were 1475-1750 and 2400-3900 cm-1. This
wavenumber region included amide I, amide II, amide A, and
amide B and the C-H stretching region. In the literature, primarily
the amide I and II regions are used in multivariate models to
predict secondary structure content.17,18,40,41 The GA was applied
to optimize the PCR parameters in the wavenumber regions 1475-

1750 and 2400-3900 cm-1. The validation results from the GA-
optimized PCR parameters are given in Table 2 and a plot of a
sample validation spectrum at the 580 GA optimized wavenumbers
is given in Figure 1.

The prediction results from the above model resulted in good
â-sheet predictions, but the R-helix content predictions needed
improvement. To enhance the PCR model for R-helix prediction,

(40) Wi, S.; Pancoska, P.; Keiderling, T. A. Biospectroscopy 1998, 4, 93-106.
(41) Pribic, R.; van Stokkum, I. H. M.; Chapman, D.; Haris, P. I.; Bloemendal,

M. Analy. Biochem. 1993, 32, 366-378.

Table 2. The Two PCR Methods That Yielded the Best
Validation Results

R-Helix Prediction
library spectral library 2
regions amide I, amide II, amide IV,

amide A, amide B, and C-H
stretching region

factors 18
wavenumbers 120

validation set actual R-helix

pred R-helix
content

using PCR

cytochrome c 39.6 38.5
lactoglobulin 10.3 10.4
pepsin 11.0 10.5
ribonuclease B 17.7 12.8

â-Sheet Prediction
library spectral library 1
regions amide I, amide II, amide A,

amide B, and C-H stretching
region

factors 18
wavenumbers 580

validation set actual â-sheet content

pred â-sheet
content

using PCR

hemoglobin 0.0 0.1
lactoglobulin 42.9 42.2

43.6 44.0
robonuclease B 33.1 41.2

Figure 1. Single-pass ATR-FT-IR spectrum of the protein hemo-
globin at the GA-optimized wavenumbers.
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the training, test, and validation sets were modified and the
inclusion of different amide regions was investigated. In spectral
library 2, the proteins caspase, chymotrypsin, concanavalin,
elastase, glutathione reductase, lactalalbumin, lysozyme, myoglo-
bin, myosin, papain, ribonuclease A, subtilisin, trypsin inhibitor,
and trypsin were included in both the training and test sets. The
validation set within spectral library 2 contained the proteins
cytochrome c, lactoglobulin, pepsin, and ribonuclease B. The
training, test, and validation sets were bootstrapped as indicated
earlier. It was determined that inclusion of the amide IV region,
720-760 cm-1, in addition to the amide I, amide II, amide A, amide
B, and C-H stretching regions, yielded better R helical predic-
tions. GA optimization within the amide I, II, IV, A, and B and
C-H stretching regions resulted in a model using 120 wave-
numbers and 18 factors. These results were the best for R-helix
content prediction and are given in Table 2. A plot of two sample
validation spectra at the 120 GA-optimized wavenumbers is given
in Figure 2.

Spectral library 1 along with the use of the amide I, amide II,
amide A, amide B and C-H stretching regions yielded the best
â-sheet content predictions. The average absolute error of calibra-
tion for this model was 2.0% for â-sheet content, and the average
absolute error of prediction for the test set was 2.3% for â-sheet
content. The average absolute error for the validation results was
2.3%. Spectral library 2 along with the use of the amide I, II, and
IV regions yielded the best R-helix content predictions. The
average absolute error of calibration for this model was 1.9% for
R-helix content and the average absolute error of prediction for

the test set was 1.9% for R-helix content. The average absolute
error for the validation results was 1.7%. Two proteins with
unknown secondary structure content, casein and IgG, were
bootstrapped to produce a total of 50 spectra. The secondary
structure content of casein and IgG were predicted using the first
model for â-sheet content prediction and the second model for
R-helix content prediction. The R-helix content of these proteins
was determined to be 24.2 and 8.4%, whereas the â-sheet content
was determined to be -2.7 and 29.3%, respectively.

CONCLUSIONS
This study establishes the proof of principle that the spectra

of proteins in H2O solution acquired by single-pass ATR-FT-IR can
provide estimates of R-helical and â-sheet content comparable to
studies that use other FT-IR methods. Multivariate models have
been applied primarily to amide I and II regions in transmission
FT-IR and multipass ATR-FT-IR protein spectra.17,18,40,41 Spectral
enhancement of these and other amide bands occurs when using
the single-pass ATR-FT-IR method since the protein sample is
continuously monitored by FT-IR in various hydration states.42 The
single-pass ATR-FT-IR method permits the inclusion of more
amide regions in the calibration model but raises the issue of
protein denaturation. This study produced better R-helical and
â-sheet predictions than those in previous studies.7,16-19,40 The
resulting R-helical and â-sheet predictions, comparable to methods
given in the literature on transmission FT-IR and multipass ATR-
FT-IR spectra, substantiate that protein denaturation does not
occur on the time scale required for secondary structure deter-
mination by single-pass ATR-FT-IR. The improved predictions are
likely due to the inclusion of a greater number of spectral regions,
which can be acquired using the single-pass ATR-FT-IR tech-
nique.42 The multivariate analysis methods of the two spectral
libraries combined with the single-pass ATR-FT-IR technique
suggest future work that can be based upon existing techniques
that sort proteins into classes.43 The methods developed in this
study can then be used to determine secondary structure with
greater accuracy in each class. The fact that single-pass ATR-FT-
IR has the potential to be automated suggests that spectral
libraries sorted by class may become an important tool for
proteomic analysis.

SUPPORTING INFORMATION AVAILABLE
Detailed training, test, and validation set predictions. This

material is available free of charge via the Internet at http://
pubs.acs.org.
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Figure 2. Single-pass ATR-FT-IR spectra of the proteins lactoglo-
bulin (dashed) and pepsin (solid) at the GA-optimized wavenumbers.
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