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ABSTRACT: Obtaining protein secondary structure content from high-resolution
structures requires deﬁnitions and thresholds for the various parameters involved, typically
hydrogen bond energy or length/angle and backbone φ/ψ angles. Several deﬁnitions are
currently used and can have a profound impact on secondary structure content. Fourier
transform infrared (FTIR) spectroscopy has its own sensitivity to molecular geometry. It
is, therefore, important to select a set of deﬁnitions that matches this sensitivity. Here, we
used a new protein set consisting of 92 proteins designed for the calibration of
spectroscopic methods. Spectra have been obtained from protein microarrays in a high
throughput process. The potential for improving secondary structure predictions from
FTIR spectra has been tested using 71 structures determined according to diﬀerent deﬁnitions. The paper demonstrates that
diﬀerent secondary structure deﬁnitions result in large variations in secondary structure content that are not equivalent in view of the
protein FTIR spectra. The prediction quality factor ζ can be improved by ca. 20−50% by selecting an adequate deﬁnition set. The
results also indicate that the dictionary of secondary structure of proteins (DSSP) algorithm, which is currently widely used to
evaluate protein secondary structure content, is a good choice when dealing with FTIR spectra.

■

INTRODUCTION
Determination of protein secondary structure content is
important in a number of situations, in particular for
monitoring protein structure stability, both in fundamental
and applied research. Fourier transform infrared (FTIR)
spectroscopy is a leading tool in this ﬁeld.1,2 It is based on
establishing a mathematical relation between the FTIR
spectrum and protein secondary structure content. The quality
of FTIR-based structure prediction depends, therefore, on the
size and diversity of the protein set used for calibration. Since
the ﬁrst protein sets established for this purpose,3−7 protein
sets became larger with 50 proteins in 2003,8,9 84 in 2016,10
and 92 in a new set, called cSP92, elaborated recently for this
purpose.11 This 92 protein set was designed to optimize the
coverage of the structural space in terms of secondary
structures and also higher-order structures, as described by
the hierarchical structure classiﬁcation into class, architecture,
topology, and homology (CATH).12 A particular feature of
cSP92 is that all proteins are commercially available, and highresolution structures have been deposited in the protein data
bank (PDB)13 for all of them. Furthermore, speciﬁc attention
was paid to the match between the sequence of the acquired
commercial proteins and the sequence of the reference protein
structures found in the PDB, about the quality of the PDB
structure and about the purity of the proteins.
Recording high-quality spectra of many proteins is also an
issue. An elegant method to achieve this is to work on protein
microarrays at a density of 2000−4000 samples/cm2 and
record the FTIR spectra with an imaging system.14,15 This
approach takes advantage of the high signal-to-noise ratio
© 2020 American Chemical Society

provided by individual detectors of focal plane arrays (FPA). It
also beneﬁts from the fact that a perfect spectral background is
present just outside the protein spot. As hundreds of highquality spectra are found in each spot (a single spot usually
contains ca. 300 individual spectra), the average provides
excellent signal-to-noise (SNR) ratio values.
Once high-resolution structures are available, deriving a
secondary structure content requires deﬁnitions and thresholds
for the various parameters involved in these deﬁnitions,
typically hydrogen bond energy or length/angle and backbone
φ/ψ angles. Several deﬁnitions are currently used and can have
a profound impact on secondary structure content. All contain
some arbitrary thresholds, which are used to decide whether an
amino acid residue is involved or not in a given structure.
There is a priori no reason to select one or another deﬁnition.
The present paper addresses this issue. Analyzing the PDB ﬁles
to obtain the secondary structure content according to
diﬀerent deﬁnitions is most conveniently obtained using the
2Struc secondary structure server, which provides secondary
structure assignment according to eight diﬀerent deﬁnitions.16
We will evaluate here the match between these deﬁnitions and
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secondary structure deﬁnitions. More accurate secondary
structure determination could be obtained if the deﬁnition
set matches FTIR sensitivity. It is, therefore, important to
select the most adequate set of deﬁnitions.

the FTIR spectra using the cSP92 protein set. Brieﬂy, the
deﬁnitions are as follows.
DSSP, “dictionary of secondary structure of proteins”, is the
most widely used deﬁnition set. It was designed by Kabsch and
Sander17 and assigns eight state secondary structures using
hydrogen bonds alone. It recognizes a hydrogen bond when
the bond energy is lower than −0.5 kcal/mol. DSSP assigns
eight structures: 310-helix (G), α-helix (H), π-helix (I), helixturn (T), extended β-sheet (E), β bridge (B), and bend (S).
The remaining amino acids are assigned to a class, which is not
named and represented by “−”. STRIDE, “STRuctural
IDEntiﬁcation method”,18 takes into account both hydrogen
bond energy and φ/ψ torsion angles. φ/ψ torsion angles are
compared with standard values found in the Ramachandran
map.19 STRIDE and DSSP diﬀer in that STRIDE considers
both hydrogen bonding patterns and backbone geometry.
Thresholds have been empirically optimized. STRIDE deﬁnes
the same classes as DSSP. XTLSSTR20 has been designed by
spectroscopists to relate secondary structure features to
circular dichroism (CD) spectra, which are essentially
determined by amide−amide interactions. It deﬁnes α-helix
(H), 310-helix (G), β-strand (E), hydrogen-bonded turn (T),
nonhydrogen-bonded turn (N), and poly(L-proline) II type 31helix (P). Lower case letters indicate residues that are not part
of the core of the main structures but are located either at the
end of a structure or disconnected from it. KAKSI, “(KAKSI
means “two” in Finnish)”,21 takes into account Cα distances
and φ/ψ angles. It has been designed to deal with structural
irregularities, for instance, to identify breaks in α-helices.
KAKSI assigns α-helix, β-sheets, and “Others”. PALSSE,
“predictive assignment of linear secondary structure elements”,22 uses a pattern-recognition process of hydrogenbonded and geometrical features extracted from X-ray
coordinates. The approach delineates α-helices and β-strands
participating in β-sheets. While helices are broadly deﬁned to
include right-handed α-helices, 310 helices, π-helices, and turns
that show α helical propensity, strand elements include βstrands, β-bridges, β-bends, and the residues of β-hairpins. The
rest of the amino acids are added to the “Others” class.
STICK23 ﬁnds a set of line segments independent of external
secondary structure deﬁnition, allowing the segments to be
used as an original basis for secondary structure deﬁnition.
Comparison with well-characterized secondary structures
allows an assignment to α-helix and β-sheet structures. PDB
ﬁles13 contain a secondary structure assignment, either
provided by the author or obtained by application of DSSP.
Data may, therefore, not be fully consistent among proteins.
Once the secondary structure is obtained, the ﬁnal step
consists in establishing the mathematical relationship between
spectral intensities and secondary structure content. Models
can be based on linear regression such as ascending stepwise
linear regression (ASLR). In this method, a small number of
absorbance values, usually from 2 to 4, are linearly related to
secondary structure content.24,25 Partial least-squares (PLS) is
among the most widely used multivariate approach in
chemometrics,26 including in the ﬁeld of FTIR spectroscopy
of proteins,26 lipids,27 and glycans.28 The support vector
machine (SVM) modiﬁed for solving regression problems
better deals with nonlinear issues.29 The three methods will be
used in this work.
FTIR spectroscopy has its own sensitivity to the molecular
geometry.30 So far, determination of a protein secondary
structure from FTIR spectra only referred to one or two

■

EXPERIMENTAL SECTION
Proteins. All 92 proteins of cSP92 data set are
commercially available. The list of the proteins, their
commercial source, and their characterization (sequence,
purity, ...) have been reported.11 A list of the proteins is
presented in Table S1.
Secondary Structures. The high-resolution structure PDB
ﬁles were obtained for each protein from the PDB repository.
A list of the selected PDB ﬁles for each protein can be found in
ref 11 and in Table S1. PDB ﬁles were submitted to the 2Struc
server.16 Structures obtained from the 2Struc server were
identiﬁed, as described in Tables S2 and S3 and summarized in
Figure 1. The corresponding DSSP ﬁles were obtained for each

Figure 1. Content in the main structures for each protein of the
cSP92 protein set. Proteins have been sorted by increasing α-helix
content (according to DSSP H structure) and colors follow a
“temperature” scheme, from blue to red. The α-helix contents for the
diﬀerent deﬁnitions go from structure #1 to 13, the β-sheet from 15 to
27, “Others” from 30 to 40, and the minor structures from 42 to 57.
The ﬁrst letter identifying each structure refers to the deﬁnition: d,
DSSP; p, PALSSE; s, STRIDE; x, XTLSSTR; d3, DSSP 3-states; k3,
KAKSI; a3, PALSSE 3-states; i3, STICKS; s3, STRIDE 3-states; and
PDB, PDB ﬁles. A “3” in the second position indicates a “3-state”
deﬁnition, the following letters refer to the structure type described in
the text. See also Tables S2 and S3 for a summary.

protein, as described.11 Finally, the impact of the structure
length on the α-helix and β-sheet FTIR spectra was considered.
It is known that the helix length31,32 as well as the β-sheet
length or number of strands in a β-sheet32−34 have a deﬁnite
impact on the FTIR spectrum. The DSSP ﬁles of each protein
have been examined in detail, and each DSSP-deﬁned α-helix
(dH) or β-sheet (dE) was assigned to a category, as reported
in Table S4. It has also been shown in a number of cases that
parallel and antiparallel β-sheets have distinct FTIR spectra.35
Content in these two structures has, therefore, also been
compiled from DSSP ﬁles. An additional subset was obtained
by computing the fraction of ordered and disordered helix, as
suggested for FTIR36 and CD37 spectroscopies. Accordingly,
two amino acid residues at each end of the helix are deﬁned as
1562
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“disordered” helix, while the core of the helix is called
“ordered” helix.
Tables S5−S8 report the secondary structure values
obtained according to the diﬀerent deﬁnitions. It must be
noted “α” and “β” deﬁned for 3-state deﬁnitions are diﬀerent
from the “H” and “E”, as described for each deﬁnition in the
introduction. “Others” is computed as 100 − α (%) − β (%).
Some structures such as π-helix (I) are not reported here
because their abundance in the protein set is very low.
All structural features have been extracted and tabulated
from the PDB ﬁles,13 the DSSP ﬁles,17 and the 2STRUC
output ﬁles16 by a module of the homemade Kinetics software
running under MATLAB. All secondary structure contents are
expressed in percent.
Protein Microarray Printing. Details of the experimental
procedure are described in the Supporting Materials under the
“Experimental Procedure” section. Drops of ca. 100 pL of
protein solution were deposited to form regular arrays on a
BaF2 slide. Spot-to-spot distances in the X and Y directions
were 200 or 220 μm, resulting in ca. 2000 protein samples/
cm2.
FTIR Imaging of Protein Microarrays and FTIR Image
Processing. FTIR imaging of protein microarrays has been
described earlier.14,15 Details are described in the Supporting
Materials under the “Experimental Procedure” section. Spectra
were baseline-corrected by subtraction of straight lines
interpolated between the spectral points at 1720 and 1480
cm−1. Scaling was obtained by dividing the spectra by the area
under the spectrum between 1720 and 1480 cm−1.
Secondary Structure Prediction from FTIR Spectra.
Ascending stepwise linear regression (ASLR) has been
described before.24,25 ASLR introduces in the model one
absorbance value at a time, in an ascending stepwise manner.
The result is a linear equation requiring usually only two to
four absorbance values to obtain a given secondary structure
content. Partial least-squares regression (PLS) is a multivariate
approach that minimizes the number of latent variables (LVs)
required for accurate prediction of a secondary structure
content.38 It was computed by the software running under
MATLAB developed by Nørgaard et al.39,40 The support
vector machine (SVM), dedicated to solving nonlinear
regression problems,29,41 was used according to the formulation introduced by Suykens et al., with the MATLAB
toolbox built by the authors.42 With a limited number of
samples, the error of prediction is best estimated by crossvalidation.43 Cross-validation was run here in a leave-one-out
mode, i.e., one protein spectrum at a time was removed from
the training set; a mathematical model was built and used to
predict a secondary structure content of the removed protein.
In such a way, the tested protein never belongs to the
training set. For the 92 proteins of cSP92, this was repeated 92
times, as each protein was tested independently. The standard
deviation between the secondary structure-predicted value and
the “true” value, i.e., the root-mean-square standard error in
cross-validation (RMSECV) was used to evaluate the quality of
the prediction. This error was compared with the standard
deviation of the secondary structure content (STDDEVREF) by
computing ζ = STDDEVREF/RMSECV.8,44 The ζ determinant
is sometimes called RPD.45
Image analysis, spectrum processing, and multivariate
analyses were all performed with Kinetics, a homemade
software running under MATLAB (The MathWorks Inc.).

Article

RESULTS

Impact of Deﬁnition on Secondary Structure Content. The extent to which deﬁnitions inﬂuence a secondary
structure content is illustrated in Figure 1 for the 11 sets of
deﬁnitions (Table S2). As described in the Experimental
Section, the 3-state deﬁnitions describe only three structures,
α-helix, β-sheet, and “Others”, while full deﬁnitions provide a
much more detailed picture; XTLSSTR, for instance, deﬁnes
11 structure types (see Introduction and Table S2). In Figure
1, each couple of deﬁnition/structure has been given a number
reported on top of the ﬁgure. Each line corresponds to one of
the 92 proteins belonging to cSP92. Proteins have been sorted
by increasing the α-helix content (dH structure). The color
goes from blue (for α-helix poor proteins) to red (for α-helix
rich proteins). Large amplitude changes can be observed as the
deﬁnition set is changed. There is obviously systematically a
maximum for deﬁnitions such as PALSSE, while values are
minimum for XTLSSTR. An enlargement of the part of the
ﬁgure dealing with α-helix and β-sheet is presented in Figure
S1A, while Figure S1B presents an enlargement of the part of
the ﬁgure dealing with “Others” and minor structures. Figures
1 and S1 also show some level of correlation among the main
structure. Proteins that are rich in α-helix (red lines) are
generally very poor in β-sheet and poor in “Others”. These
correlations will be examined in more detail later. The
amplitude of the variations in structure content is further
illustrated in Figure S2. It appears that wide variations exist for
most proteins, as indicated by the bars extending from the
extreme values. For instance, for the α-helix structure content,
the diﬀerence in the minimum and maximum values is, on the
average, 20%. Some speciﬁc cases are discussed in Figure S2.
Finally, Figure S2 also illustrates the overall negative
correlation that exists between the content in the two
structures.
Match between FTIR Spectra and Secondary Structure Deﬁnitions. The amplitude of the diﬀerences related to
the deﬁnitions of the secondary structure suggests investigating
whether some deﬁnitions better match speciﬁc FTIR spectra of
these proteins. Before comparing the deﬁnitions, it is
important to consider how a valid comparison can be obtained.
In this work, we use the standard error of cross-validation
(RMSECV) using a leave-one-out procedure to evaluate the
errors of prediction. Yet, observation of the RMSECV is not
fully satisfactory. First, it does not convey any message as to
the eﬃciency of the prediction. Predicting the parallel β-sheet
content with an RMSECV of 4.4% could look good but, in fact,
the standard deviation of the parallel β-sheet content in the
protein set (STDDEVREF) is precisely 4.4%, indicating that the
mean value is as valid as a guess. No spectroscopy is needed to
achieve such a result. For this reason, it has been suggested to
use the ratio of the standard deviation of the values in the
protein set over the RMSECV.8,10 We deﬁne here ζ =
STDDEVREF/RMSECV. It is also important to refer to ζ when
comparing the same structure identiﬁed according to diﬀerent
deﬁnitions. The STDDEVREF is indeed quite diﬀerent for one
structure, say the α-helix content, depending on how inclusive
the deﬁnition is. The STDDEVREF values are reported in
Figure 2 for the diﬀerent deﬁnitions and diﬀerent structures. It
varies from 18 to 23% for α-helix and from 12 to 20% for βsheet. Comparing a prediction error can, therefore, only be
done with reference to the initial spread of the values. Another
issue to be discussed is the method used to predict secondary
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This group includes KAKSI 3-states, DSSP, STRIDE, and
STRIDE 3-states. PALSSE tends to overassign protein
segments to a regular secondary structure, resulting in the
highest variance (Figure 2). This overassignment does not
parallel the vibrational spectrum, resulting in the lowest ζ
value. Similarly, it can be observed that the DSSP H structure
is much better predicted than the DSSP 3-state α structure,
where α is now a pool of H+I+G. Combining pure α-helix, H,
with 310- and π-helices to create the 3-state α group degrades
the prediction even though the variance is slightly higher. This
sensitivity illustrates the interest in selecting a secondary
structure deﬁnition that matches the FTIR spectrum. The poor
match between the PDB values and FTIR-based prediction is
probably related to the fact that the values reported in the PDB
by the authors are not consistent with a single deﬁnition.
Ordered helix is correctly predicted but not as well as the full
helix. Disordered helix is very poorly predicted, with ζ close to
1. This can be understood in view of the low variance observed
in the data set (Figure 2). In the absence of suﬃcient variance,
no method can establish a good model. Overall, for α-helix
structure lengths, the results show there is only a moderate
predictive power among short (1−2, 1−3, 1−4 residues),
medium (5−8, 9−12 residues), and long (19−100 residues)
helices. Only the helices longer than three amino acid residues
are correctly predicted but not better than the total helix
content. Interestingly, in general ASLR, PLS, and SVM
generate similar results. Quantitative comparison between
these methods will be discussed later. For the β-sheet, some
deﬁnitions are well in-line with the FTIR data: STRIDE,
DSSP, and PALSSE.
Again, it can be observed that three FTIR analysis methods
ﬁnd similar results. As for the ordered helix, the parallel β-sheet
is very poorly predicted, in agreement with the low variance of
this structure content in the protein set (Figure 2). The
antiparallel β-sheet content is not better predicted than the
total β-sheet content, suggesting that the present data set does
not allow the quantiﬁcation of parallel and antiparallel β-sheet.
As for the helices, the prediction power for the diﬀerent
lengths of β-sheet as well as the number of strands in a sheet is
relatively low, in agreement with the limited variations of these
categories in the protein set. The “Others” structures display ζ
just below 1.45 except for SVM (ζ =1.66) but 3-states
deﬁnitions are signiﬁcantly better than for STRIDE (s-) and
DSSP (d-) (ζ ≈ 1.20), where the minor structures are not
pooled. The minor structures include 310-helix (G), turn (T), β
bridge (B), bend (S), and nonhydrogen-bonded turn (N).
None of these structures display a ζ above 1.3. Again, this is inline with the limited variance found in the protein set. The
turns (T) as deﬁned by STRIDE have a relatively large
variance (STDDEVREF = 8.5%) but are poorly predicted from
the FTIR data (ζ = 1.2). The second-largest variance is found
for the DSSP bend S structure (STDDEVREF = 4.8) and is one
of the best predicted by the three methods tested (ζ = 1.3).
Whether one of the three methods used here is better suited
to evaluate the secondary structure content from the FTIR
spectra is addressed in Figure 4. In Figure 4, the diﬀerences
ζSVM−ζASLR, i.e., ζ for SVM and ζ for ASLR, respectively, (left
column) and ζSVM−ζPLS (right column) are reported for all of
the structures deﬁned so far. A clear pattern can be observed:
in general, ASLR is more eﬃcient than SVM and SVM is more
eﬃcient than PLS. One exception is the quantiﬁcation of the
“Others” structure and antiparallel β-sheet. For the “Others”
structure, ζ for DSSP 3-states is close to 1.7 for SVM, while it

Figure 2. Standard deviation obtained for 71 protein secondary
structure features deﬁned by diﬀerent algorithms, as described in
Figure 1 and Tables S2−S4. The six blocks of data correspond, from
bottom to top, to (1) α-helix content (#1−13), (2) α-helix length
(#15−23), (3) β-sheet content (#25−37), (4) β-sheet length and the
number of strands (#39−48), (5) “Other” structures (#50−59), and
(6) diﬀerent types of turns and bends (#61−76). Data have been
sorted in a descending order within each group. The deﬁnition of the
diﬀerent structural features and the algorithms used to obtain them
are summarized in Figure 1 and Tables S2−S4.

structure content from the FTIR spectra. Three methods have
been investigated here: ASLR, PLS, and SVM (see the
Experimental Section). Using diﬀerent principles to relate
FTIR spectra and secondary structure content is indeed
important as some structures could require, for instance,
nonlinear regression. The values for ζ are reported in Figure 3
for the three methods described and for all of the deﬁnitions of
the secondary structure reported in Tables S2−S4. For ASLR
and α-helix structure (Figure 3), ζ ranges from 3.18 for KAKSI
3-states to 2.57 for PALSSE. There is, in fact, a ﬁrst group of
deﬁnitions that allows a good prediction from FTIR spectra.
1564
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Figure 3. ζ Factors obtained for the 71 protein secondary structure features deﬁned by diﬀerent algorithms, as described in Tables S2−S4. The six
blocks of data are described in Figure 2. Data have been sorted in a descending order within each group. The deﬁnition of the diﬀerent structural
features and the algorithms used to obtain them are summarized in Figure 1 and Tables S2−S4. Data are reported for prediction by ASLR (A), PLS
(B), and SVM (C).

information at 1662 cm−1. Figure S3 also presents the results
for the “Others” and S structures. The S structure has been
selected among the minor structures for this comparison
because it displays suﬃcient variance in cSP92 and a relatively
high ζ value. For both structures, the ﬁrst wavenumber selected
is near 1545 cm−1, usually assigned to α-helix,25 i.e., it parallels
the α-helix signal. This suggests that correlations among the
diﬀerent structure contents are, in part at least, responsible for
S prediction. Figures S1a and S2 already illustrate the
(negative) correlation between α-helix and β-sheet content.
A broad overview of these correlations is presented in Figure
S4. Figure S4 reports the correlation coeﬃcient among the
diﬀerent structure deﬁnitions investigated here. All α-helix
deﬁnitions have a correlation coeﬃcient among themselves
above 0.9, except for the ordered and disordered helix.
Similarly, β-sheet deﬁnitions are well correlated among
themselves, even though the actual content can be very
diﬀerent. More interesting is to observe the oﬀ-diagonal
anticorrelation between α-helix and β-sheet content, already

is close to 1.4 for ASLR and PLS. This might be related to the
complexity of this pool of various structures not deﬁned in the
other classes, which could be better modeled by SVM. It is
interesting to note that, in general, ASLR is more eﬃcient
while it is also the less sophisticated method.

■

DISCUSSION
It would be rewarding to extract spectral features responsible
for the quantiﬁcation of the diﬀerent structures. One example
of such an attempt is provided in Figure S3, where the drop in
the RMSECV is reported for the ASLR method as a function
of the wavenumber selected when the model contains a single
absorbance value. It can be observed that the proﬁle for dH
and dE structures is similar. For both dH and dE, four clear
minima are present near 1696, 1658, 1636, and 1546 cm−1.
While spectroscopy indicates that 1696 and 1636 cm−1 can be
assigned to β-sheet structures, 1658 and 1546 cm−1 belong to
α-helix structures. Yet, as far as the β-sheet content is
concerned, Figure S3 indicates there is almost as much
1565
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Figure 4. Diﬀerence for ζ factors obtained for 71 protein secondary structure features deﬁned by diﬀerent algorithms, as summarized in Figure 1
and Tables S2−S4. (A) ζSVM−ζASLR and (B) ζSVM−ζPLS. The six blocks of data are described in the legend of Figure 2.

sheet and “Others” content. PC2 describes the anticorrelation
between the “Others” structures and β-sheet. It clearly
modulates the main positive correlation described in PC1
between these two structures. PC3 describes an independent
content variation in B (structures #42−43) and G structures
(#46−50). Therefore, it appears that signiﬁcant correlations
exist among the various structural features determined by the
deﬁnitions investigated in this paper.
In conclusion, the paper demonstrates that the diﬀerent
secondary structure deﬁnitions tested result in important
variations in secondary structure content. The impact is not as
dramatic as it could be because the diﬀerent deﬁnitions
consistently yield more or less secondary structure content
through the full cSP92 protein set. Yet, they are not equivalent
in view of the FTIR spectra of the proteins. The prediction
quality factor ζ can indeed be signiﬁcantly improved by

mentioned, but also a strong negative (<−0.7) correlation
between α-helix and “Others” content, while it is slightly
positive between β-sheet content and “Others”.
For the minor structures, while B, S, and P are negatively
correlated with the α-helix content and positively with the βsheet, G is positively correlated with the α-helix content and
negatively with the β-sheet. These modest correlation
coeﬃcients (between −0.5 and +0.5) indicate that α-helix/βsheet quantiﬁcation brings signiﬁcant information on these
structures. T is sometimes correlated positively with the α-helix
(DSSP) and sometimes negatively (XTLSSTR), depending on
the exact deﬁnition of T. After mean centering and
normalization by the standard deviation of the structure
contents reported in Figure 1, principal component analysis
reveals these correlations (Figure 5). PC1 demonstrates that
the α-helix content is negatively correlated with both the β1566

https://dx.doi.org/10.1021/acs.analchem.0c03943
Anal. Chem. 2021, 93, 1561−1568

Analytical Chemistry

■

pubs.acs.org/ac

Article

ASSOCIATED CONTENT

sı Supporting Information
*

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.analchem.0c03943.

■

Figure 5. First three principal components obtained after analysis of
the structure proﬁle (Figure 1) for the 92 proteins included in cSP92.
The numbering of the structures is described in Figure 1. PC1
describes 60%, PC2 17%, and PC3 9% of the total variance.

Detailed structure content according to structure
deﬁnition; spread of α-helix and β-sheet content as a
function of structure deﬁnition; one wavenumber
selection for ASLR; correlations among structures
obtained by diﬀerent deﬁnitions; the list of cSP92
proteins; lists and abbreviations of structure deﬁnitions,
structural features, and structure lengths; α-helix, βsheet, and “Others” content according to structure
deﬁnitions in cSP92 proteins; and the improvement in
the secondary structure prediction (PDF)
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the best potential and PALSSE 3-states the poorest. As
reported by the authors in ref 21, helices assigned by KAKSI
are more linear than helices assigned by other methods. KAKSI
also assigns slightly longer helices but favors the assignment of
several short helices instead of single kinked helices identiﬁed
by other methods. The good match between FTIR features
and KAKSI underlines the sensitivity of FTIR to the helix
length. A kink in a long helix introduces a rupture in vibrational
resonances, which has a marked eﬀect on the FTIR spectrum,
resulting in a spectrum signiﬁcantly diﬀerent from the
spectrum of a long helix. The very inclusive PALSSE deﬁnition
is obviously not appropriate for the interpretation of FTIR
spectra. It is interesting to note that XTLSSTR does not
perform well while it is the only approach designed for
spectroscopy, but more speciﬁcally for CD but not FTIR
spectroscopy. The gold standard, DSSP (and STRIDE that is
similar), does almost as well as KAKSI for the α-helix structure.
For the β-sheet structure, again, XTLSSTR does not perform
well, while DSSP and STRIDE display the best performances.
As for the α-helix, the analytical methods provided similar ζ
values. For the “Others” structures, the situation is diﬀerent.
There is a clear advantage in using SVM over ASLR and PLS.
For instance, SVM results in a 54% improvement when
comparing DSSP 3-states to STICK. Generally, the 3-state
deﬁnitions are the best choice, indicating that the minor
structures identiﬁed by the full deﬁnitions do not result in
segregation relevant for FTIR spectroscopy.
Overall, the prediction quality factor ζ can be improved by
ca. 20−50% by selecting an adequate deﬁnition set, underlining the importance of these deﬁnitions. Importantly, the
results also indicate that DSSP, which is currently widely used
to evaluate protein secondary structure content, is a good
choice when dealing with FTIR spectra. While ζ values range
between 3.2 and 2.5 for the α-helix and β-sheet structures,
respectively, they barely reach 1.7 in the best case for the
“Others” structure. SVM is clearly better ﬁtted to predict the
“Others” content.
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