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ABSTRACT: Nanoscale infrared spectroscopy (AFMIR) is becoming an important tool for the analysis of biological sample, in 
particular protein assemblies, at the nanoscale level. While the amide I band is usually used to determine the secondary structure of 
proteins in Fourier transform infrared (FTIR) spectroscopy, no tool has been developed so far for AFMIR.  The paper introduces a 
method for the study of secondary structure of protein based on a protein library of 38 well-characterized proteins. Ascending stepwise 
linear regression (ASLR) and partial least square (PLS) regression were used to correlate spectrum characteristic bands with the major 
secondary structures (-helix and -sheets). ASLR appears to provide better results than PLS. The secondary structure predictions 
are characterized by a root mean square standard error in the cross-validation of 6.39 % for -helix and 6.23 % for -sheet. 

Protein conformational changes are involved in a wide 
variety of biological processes. A description of these 
conformational changes is required for the understanding of 
biological processes. These conformational changes can be 
trigged by variations of pH, ligand binding, aging and, in 
general, any change in environmental conditions. In some 
cases, multimers are formed and result in health problems, as it 
is the case in Alzheimer1 or Parkinson diseases.2 Spectroscopy 
techniques are flexible methods for monitoring conformational 
changes. There are usually non-destructive, can be adapted to 
various experimental conditions but they usually can only be 
applied to large amount of protein molecules. Protein secondary 
structure is mainly assessed by Fourier transform infrared 
(FTIR) and circular dichroism (CD).3-4 FTIR, and in particular 
attenuated total reflection (ATR) FTIR spectroscopy is the tool 
of choice for studying protein large assemblies for which light 
scattering is a problem in the far-UV used in CD. In ATR-FTIR, 
minute amount of proteins provide good quality spectra, 
including for large protein assemblies and even for protein 
embedded in lipid vesicles.5-6 The usual tools for protein 
secondary structure determination from FTIR spectra are curve 
fitting after Fourier self-deconvolution,7 multivariate statistical 
analysis like factor analysis,8 singular value decomposition,9 
partial least square (PLS) regression,10 ascending stepwise 
linear regression3, 11 or multiple neural network.12 

Even though ATR-FTIR is very useful for dealing with large 
protein assemblies, these assemblies are usually not 
homogenous. For instance, an amyloid fiber population is a 
complex, evolving system and spectroscopic techniques such as 
ATR-FTIR can only provide an average signal for the different 
species present. Recently a technique coupling atomic force 
microscopy and infrared spectroscopy (AFMIR)13-14 was 
developed. It has a lateral resolution of few nm and is able 

image and record the infrared spectra of single biomolecule.15 
It is therefore a unique opportunity to obtain structural and 
chemical information at the single molecule level. AFMIR was 
already used to study proteins in tissue16-18 or amyloid fibrils.19-

21 As the aggregation pathway is complex and many 
heterogeneities are observed, the AFMIR opens new 
perspectives to improve our knowledge of the aggregation 
pathway. 

So far, very little is known on the potential of AFMIR to 
provide information on protein secondary structure. 
Comparison between FTIR and AFMIR of oligomeric and 
fibrillar aggregates during amyloid formation as well of 
thyroglobulin and apoferritin were reported and showed 
consistency between the two methods.15 Yet, data reported so 
far are limited to a small number of proteins. Furthermore, no 
multivariate model for protein secondary structure evaluation 
was developed. The development of a multivariate model for 
the secondary structure prediction based on a large protein 
database could increase the robustness and accuracy of the 
approach. In this paper, we used a library of 38 proteins from a 
database that was built22-27 to cover as much as possible the / 
secondary content space as well as the space of folds described 
by the class, architecture, topology and homology (CATH) 
classification.28

To compare protein spectra obtained by AFMIR and FTIR, 
the proteins were printed to form protein microarrays on a CaF2 
disks to allow both microscopy FTIR (µFTIR) and AFMIR 
measurements. AFMIR measurement were done with a bottom-
up illumination system and equipped with a gold-coated tip, 
already used for correlative measurement.29-30 The possibility to 
measure the same protein with both techniques allowed a direct 
comparison of the spectra and models built for secondary 
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structure prediction. The results establish the validity of the 
AFMIR method to evaluate protein secondary structure content 

for a large variety of proteins. 

Figure 1. a) AFMIR and b) µFTIR spectra of 10 proteins used for the model. Spectra have been rescaled as described in Experimental 
Procedures. For the sake of the clarity, the spectra of only 10 proteins are shown here, their identity appears in panel b. Spectra have been 
offset along the ordinate. All the AFMIR and µFTIR spectra are available in Figure 1 SI.

EXPERIMENTAL SECTION
Protein micro-array. Proteins were solubilized at 10 mg 

mL-1 in 2 mM Hepes buffer pH 7.5 with 45 mM NaCl and 
ethylene glycol 1/1 v/v. To avoid contributions of the original 
salts, the protein were de-salted and buffer exchanged with 4 
mM Hepes, pH 7.5, 85 mM NaCl before addition of ethylene 
glycol.23 Microarrays were printed with an Arrayjet Marathon 
non-contact inkjet Microarrayer (ArrayJet, Roslin, UK) on CaF2 
windows (Crystran, Dorset, UK). Samples were pipetted from 
a 384 well plate using a 12-sample low volume Jet Spyder 
(Arrayjet). Drops of 100 pL protein solutions were deposited on 
the CaF2 surface to form regular arrays.24 The buffer was 
evaporated overnight under vacuum before spectral acquisition. 
The list of the proteins and their structures is reported in Table 
S1. The proteins studied are extracted from the cSP92 
database23 where high-resolution structure is available and the 
secondary structure of protein are obtained by applying DSSP 
algorithm and separated in three categories:  -helix structure 
(defined as H), -sheet structures (defined as E) and other for 
all other structures as random (mainly) from DSSP 
classification.31

Microscope FTIR (µFTIR) data acquisition. FTIR data 
were collected using an Agilent carry 620 mid-IR imager 
equipped with a 128 × 128 focal plane array (FPA) mercury 
cadmium telluride (MCT) detector cooled in liquid nitrogen. A 
15× objective (NA = 0.62) was used and each pixel covered an 
area of 5.5 × 5.5 μm2. The background was acquired in the 
absence of the sample on a clean CaF2 slide in transmission with 
64 scans co-added. To improve the background correction, the 
local background was also subtracted from the spectra. For that 
purpose, a square was defined around each protein spot as 

described elsewhere.24 The spectra with a signal (absorbance of 
amide I band) to noise (standard deviation between 2000-1900 
cm-1) ratio < 13 were averaged and subtracted from all spectra 
of that square. Spectra with SNR>13 were averaged for each 
spot, providing the mean spectrum of the sample present in that 
spot. The spectra were then baseline corrected. For this purpose, 
straight lines were interpolated between the spectra points at 
1765, 1724, 1594 and 1520 cm−1 and subtracted from each 
spectrum.24 Spectra were scaled to a constant area under the 
amide I band, from 1724 to 1594 cm-1.

AFMIR data acquisition. The data were acquired with a 
bottom-up illumination setup and a QCL from Daylight 
Solution with one chip centered at 1650 cm-1. 100% of the laser 
power was used and the duty cycle was adapted to keep the IR 
deflection at 0.1 V. The AFM probe used for the experiment, 
purchased from µmasch, had a spring constant around 0,03 N/m 
(HQ:CSC38/Cr-Au for gold coated tips). 20 spectra at random 
location on the spot were averaged to obtain the spectrum 
corresponding to each protein. AFM topographies of different 
proteins is available in Figure S2. AFMIR spectra were 
acquired on the same CaF2 substrate as the µFTIR spectra. The 
CaF2 disks were deposited on the top of a CaF2 prism and 
immobilized with a drop of paraffinic oil. The oil ensures a 
continuous refractive index between the prism and the lamellae 
and therefore avoids reflections of the IR beam in between.30, 32 

AFMIR data treatment. Water vapor contribution was 
removed from the AFMIR spectra by subtracting a reference 
spectrum scaled on the area of the sharp band at 1560 cm-1. The 
scaling factor was equal to the area of the band of the AFMIR 
sample spectrum divided by the area in reference spectrum. The 
AFMIR signal is proportional to the absorbance of the sample 
but also to the intensity of the incident light.33 The output power 
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of the laser is not the same at all wavenumbers and this variation 
in intensity is corrected by dividing the AFMIR signal by the 
output power of the laser at each wavenumber. Before AFMIR 
measurements, the output power of the laser is measured at each 
wavenumber and the reference spectrum for water vapor 
correction corresponds to the inverse of the average background 
spectra from all proteins.

Spectra were digitally encoded every 1 cm-1 and smoothing 
was obtained by a Savitzky-Golay function,34 second order, 25 
points in Kinetics, a custom-made program running under 
Matlab (Mathworks, Inc.). The Lorentz-Gaussian (LG) 
smoothing was also done on Kinetics, with a Lorentzian 
deconvolution with a full width at half height (FWHH) of 15 
cm-1 and a Gaussian apodization with a FWHH of 25 cm-1. The 
double-Gaussian (DG) filter with a cut-off of 25 cm-1 was done 
on Mountains Map 8 (Digital Surf) as well as the opening-
closing filter. Finally the baseline subtraction were carried out 
as in µFTIR 

Classical Least Square for pure spectra. IR spectra of 
mixture can be seen as the sum of the spectra from the different 
pure component and the composition of unknown sample can 
be determined by determination of the percentage of each 
component in the spectra when pure spectra are known. In our 
case, the pure spectra of each structure is unknown but as the 
spectra and the structure of each protein is known, the Classical 
Least Square (CLS) procedure35 can be applied to extract the 
pure spectra of the three structures studied (-helix, -sheet and 
others). 

PLS and ASLR models. Multivariate analysis by partial 
least square (PLS) and ascending stepwise linear regression 
(ASLR) were computed with Kinetics.3, 11 The precision of the 
model was determined by cross-validation with 20 % of spectra 
excluded for PLS and a leave one out procedure for ASLR. The 
full wavenumber range of AFMIR data (from 1800 to 1520 cm-

1) was used for our models. 
To determine the best number of latent variable (LV) without 

overfitting the data, the repeated double cross-validation 
(rdCV)36 was used with a random split of the data in 5 groups. 
The model was built on 4 groups, which include the cross-
validation samples, and the last group was used for the 
prediction (validation on independent spectra). This procedure 
was repeated 100 times, generating a total of 500 root mean 
square error of prediction (RMSEP) and the number of LV for 
the best prediction was determined as the most frequently 
observed value during the iterations (Figure S2). Finally, the 
model was built on all spectra and the accuracy determined as 
the root mean square error of prediction in the cross-validation 
(RMSECV) 

RESULTS AND DISCUSSION
Preprocessing of AFMIR spectra. The bottom-up 

illumination AFMIR setup used is a system open to the air. The 
presence of water vapor can therefore be observed on the 
spectra. Indeed, the laser energy is absorbed by the water vapor 
through the entire optical pathway between the laser and the 
detector. Correction for the water vapor contribution to AFMIR 
spectra is complex because of the specific mode of detection of 
the IR absorption. The AFM cantilever is the detector itself and 
can only detect signal from the thermal expansion of the object 

below the tip. Consequently, a reference water vapor spectrum 
cannot be measured directly as the vapor cannot generate this 
thermal expansion required to push the cantilever. To correct 
for the water vapor contribution, the strategy was to use a power 
meter that measures the output power of the IR laser. A 
comparison of µFTIR and AFMIR spectra is presented in 
Figure 1. We can observe on both the typical signature of 
protein IR spectra with two major bands centered at 1650 and 
1540 cm-1 characteristic of respectively amide I and amide II 
bands. The amide I band corresponds to the stretching vibration 
of the C=O (approximately 80% C=O stretching, 10% C-N 
stretching; 10% N-H bending) and the amide II is mainly the 
deformation of N-H group (approximately 60% N-H bending 
and 40% C-N stretching). On Figure 1a, sharp bands (width < 5 
cm-1), corresponding to the water vapor, can still be observed 
even after subtracting the reference spectrum and therefore 
smoothing are needed to fully removed water vapor absorption 
from AFMIR spectra.

Correction for water vapor absorption is always a complex 
matter in infrared spectroscopy as small shifts in the reference 
water vapor spectrum results in sigmoid features. The preferred 
strategy consists therefore in first subtracting the water vapor 
contribution and, second, smoothing to remove the residual 
features.37-38 Different strategies exist to smooth spectra, the 
most used ones are the Savitzky-Golay filter or a specific band 
pass filter such as double-Gaussian filter or Lorentz-Gaussian 
filter including potentially a deconvolution function as the high 
pass filter and a smoothing function as the low pass filter 
frequency filtering.39 Figure 2 reports different smoothing for 
five AFMIR spectra. In the example presented in Figure 2, the 
five different proteins have an increasing content in -sheet 
from bottom to top. The first spectrum, in dark blue, has a 
maximum at 1662 cm-1 typical for -helix structure and 
corresponds to the lysozyme spectrum with 41 % of -helix and 
10 % of -sheet. The last spectrum in light green presents a 
maximum of the amide I band at 1630 cm-1, corresponding to 
the absorption band of -sheet. It is the spectrum of a lectin, that 
contains 1 % -helix and 47 % -sheet.40 The raw data plotted 
on Figure 2a show the sharp bands of water vapor with the most 
intense peaks at 1700, 1682, 1651 and 1537 cm-1. On Figure 2b, 
the spectra were smoothed with a Savitzky-Golay filter. The 
noise and water vapor peaks in amide I and II bands are largely 
damped by this smoothing, but we still observe some effect of 
its major peak above 1700 cm-1. On Figure 2c, a double-
Gaussian was applied. For this smoothing, neither amide I nor 
amide II band display visible residual contributions of water 
vapor above 1700 cm-1. On figure 2d, the spectra were filtered 
with a Lorentz deconvolution and a Gaussian apodization.
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Figure 2. Effect of the different preprocessing on the AFMIR 
spectrum. a) Raw data, b) with a Savitzky-Golay smoothing, c) 
double Gaussian filter and d) Lorentz-Gaussian filter. Four  
proteins have been selected as example. They have been 
selected to cover low (blue) to high (yellow) -sheet content.
Again, no residual contribution of water vapor bands is 
apparent. As over-filtering could result in the loss of important 
information for secondary structure prediction, we will compare 
the prediction of the secondary structure models obtained on 
unsmoothed spectra and for the different smoothing presented. 
It must be noted at that the amide II band in AFMIR spectra 
presents intensity variations dependent on the protein. These 
variations are not fully understood and will be discussed later. 

Figure 3. Spectra of the different secondary structure extracted 
from the protein set. Black is for -helix (H-structure) and red for 
-sheet (E-structure). The solid lines correspond to the FTIR 
spectra, dashed line to the AFMIR data treated with a Lorentz-
Gaussian convolution.

Extraction of the spectra of pure component. As the 
concentration in the different structures is known for the set of 38 
proteins, it could be possible to extract the spectra of the pure 
structures by classical least square (CLS) regression.35 The 
spectrum of each component is plotted in Figure 3. The black curve 

corresponds to the -helix structure and the red curve to -sheet 
structure. The dash lines report the AFMIR data smoothed with a 
Lorentz-Gaussian convolution and the solid line the µFTIR data. 
We can observe that for both methods the spectra of each structure 
are similar in the Amide I band. The maximum -helix structure is 
located at 1659 cm-1 for AFMIR and 1656 cm-1 for the µFTIR. For 
the -sheet structure, the maximum is at 1635 cm-1 for AFMIR data 
and 1634 cm-1 for µFTIR. For the -sheet structure, a shoulder is 
present at 1666 cm-1 for AFMIR and at 1685 cm-1 for µFTIR. For 
the amide II band, the major difference between AFMIR and 
µFTIR is its amplitude which is 5 times larger for AFMIR. Such 
difference in intensities are commonly observed in AFMIR and, as 
already mentioned, the potential reasons for the discrepancy will be 
discussed later. For AFMIR data, the wavenumber at the maximum 
of the -helix structure is at 1542 cm-1 and 1545 for the -sheet 
structure.  For the µFTIR wavenumber at the maxima are found at 
1544 and 1548 cm-1 respectively. Even though a large difference 
between the amplitude of the amide II band is present, the relative 
position of the band corresponding to the -helix and -sheet 
structure is conserved for the two structures. 

Prediction models. As AFMIR and µFTIR spectra are not 
identical, prediction of secondary structures requires a specific 
model for each method. Models for secondary structure 
prediction were built by partial least square (PLS) or ascending 
stepwise linear regression (ASLR). PLS is a regression method 
where latent variables (LV) are created in direction of the 
covariance between IR spectra and the secondary structure 
content in the present case. The ascending stepwise regression 
selects the best wavenumbers to predict a secondary structure 
content. 

In both models, spectra of the 38 different proteins were used. 
The first step is the determination of the best number of 
wavenumbers or LVs. To define the optimal number of 
parameters (LVs for PLS and wavenumber for ASLR), a 
repeated double cross-validation was applied as described by 
Filzmoser et al.,36 briefly the error of prediction was obtained 
on a test set based on models built on an independent calibration 
set. In our case the 38 spectra are separated in 5 sets, the model 
is built with 4 sets and the error of prediction obtained on the 
last independent set. The error of prediction is obtained for all 
the number of parameters. This optimal number is selected 
based on the equation reported by Filzmoser. This procedure is 
repeated 5 times with each time a different set defined as 
independent test set. Finally the entire procedure is repeated 100 
times allowing statistical evaluation of the prediction and the 
optimal number of parameters is the most frequent found during 
all the iterations. The results of the rdCV procedure is reported 
in Figure S3 and S4 respectively for PLS and ASLR. The 
second step is the development of the model itself. The models 
were built with the number of parameters obtained by the rdCV 
on the full set of data and the quality of the prediction is 
assessed by a cross-validation procedure and the root mean 
square error of cross-validation (RMSECV) are reported in 
Table 1 for all the different pretreatment. Better prediction for 
the -sheet structure (lower RMSECV) than for -helix is 
observed for all models. 

Table 1. Performances of the different methods used to predict protein secondary structure from the 1800−1520 cm−1 spectral 
range of protein microarray based on the RMSECV.     
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ASLR PLS ASLR PLS ASLR iPLS ASLR iPLS ASLR iPLS
-helix 6.52 [7] 6.62 [3] 8.33 [10] 12.02 [3] 6.39 [8] 10.57 [4] 9.91 [6] 9.89 [4] 8.49 [7] 10.49 [3]
-sheet 5.64 [8] 6.66 [2] 6.84 [9] 8.86 [3] 6.23[8] 8.39 [4] 7.49 [6] 7.61 [4] 7.15 [6] 8.66 [3]
others 6.73 [8] 9.46 [1] 6.15 [11] 9.97 [1] 7.83 [11] 10.45 [1] 8.65 [3] 10.23 [1] 8.90 [8] 9.25 [1]

DG AFMIR
RMSECV

FTIR raw AFMIR SG AFMIR LG AFMIR

The table report the root mean square error of the different model in %. For the ASLR the error is obtained by a leave-one-out 
procedure and for PLS the error is obtained by the error in cross-validation with 20% of spectra used for cross-validation. For 
processed AFMIR data, PLS models were built only with the amide I band (1720-1590 cm-1) as it provide better prediction and it is 
specified in the table as iPLS for interval PLS. The number of wavenumber or of LVs is indicated in brackets for ASLR and PLS, 
respectively

 
Figure 4. Comparison of the different model obtained by FTIR and AFMIR for the different secondary structure. The first line is the results 
obtained by ASLR prediction for -helix with 7 wavenumbers (left), -sheet with 8 wavenumbers (middle) and other structures with 8 
wavenumbers (right). On the second line the results with AFMIR data treated with SG smoothing. -helix is predicted with 8 wavenumbers 
(left), -sheet with 8 wavenumbers (middle) and other structures with 11wavenumbers (right)

Another general observation is the better prediction for the 
µFTIR model than for the AFMIR one. This is expected as no 
water vapor issue is present in µFTIR spectra. For AFMIR 
results, we observe a slightly better prediction with the raw data 
or SG smoothing but the results are not very significantly 
affected by the smoothing. It is likely that, as the water vapor 
contribution is not correlated with secondary structure content, 
the PLS model is not disturbed by its presence. 

Similarly, in ASLR, the wavenumbers where water vapor 
absorbs are not selected for the prediction of the structure. 
ASLR is indeed not much affected by the presence of water 
vapor contributions to the spectra. Smoothing is therefore only 
important for visual comparison and potentially for methods 
based on curve fitting. According to the results presented in 
Table 1, the best model is based on ASLR with Savitzky-Golay 
smoothed data. A second conclusion is the poor quality of the 

amide II band in AFMIR. In ASLR, the wavenumbers selected 
for secondary structure prediction from AFMIR spectra are 
always above 1600 cm-1, i.e. do not include amide II. As 
explained before the amide II band presents anomalous 
amplitude of the absorbance in AFMIR. Different factors can 
influence this amplitude: 1) the lower power of the laser in this 
spectral range (only 25 % of the nominal power), 2) the 
orientation of the proteins combined with the polarization of the 
laser and, 3) the Au-coating on the cantilever that enhances the 
electric field21 (and therefore the AFMIR signal) in a 
wavenumber dependent fashion, resulting in change the amide 
I/II ratio. Further investigations on model samples are necessary 
to better understand the reason of this effect.

Figure 4 compares, for ASLR, the secondary structure 
predicted values with the “true” values obtained by analysis of 
the high resolution structures obtained from PDB as described 
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elsewhere.23 Ideally, proteins should be located on the red line 
(predicted values equal to the true values). For the -helix and 
-sheet structure contents, the correlation coefficients are above 
0.9 for both AFMIR and µFTIR while it is much poorer for the 
sum of the remaining structures, called “Others”. Prediction is 
better by µFTIR for -sheet and other structure, but for -helix 
the AFMIR and µFTIR have similar prediction errors. 
Importantly, for AFMIR an error of prediction of 6.39 % for -
helix and 6.23 % for the -sheet structure were obtained, i.e. 
close to many values reported in the literature for FTIR, 
demonstrating that AFMIR is able to predict the secondary 
structure of protein, though with a specific model that takes into 
account the specificities of the AFMIR spectra. The results 
obtained by FTIR and AFMIR were compared in Figure S5, the 
predicted value from AFMIR in function of the FTIR value is 
plotted. All the points are observed distributed along the 
diagonal and no specific bias for one technique is observed.

CONCLUSIONS
The AFMIR is a recent technique with high sensibility down 

to single molecule and with a spatial resolution of few 
nanometers. Spectra obtained by AFMIR with bottom-up 
illumination are similar to the one obtained by FTIR. We first 
showed that the pure spectra of -helix and -sheet structure 
extracted by CLS are similar when obtained from AFMIR or 
µFTIR spectra of a 38-protein library that covers a wide range 
of structures. Yet, there are significant differences between the 
spectra obtained by these two methods, requiring the building 
of a specific quantitative model for predicting secondary 
structure from AFMIR spectra. The best model to predict the 
secondary structure content was found to be the ASLR model 
with 8 wavenumbers obtained on the data pretreated with 
Savitzky-Golay smoothing. The error on the prediction of the 
-helix content was 6.39 % (as compared to 6.52 % for µFTIR) 
and 6.23 % for -sheet content (as compared to 5.64 % for 
µFTIR). While slightly better models were obtained for µFTIR, 
the errors are of the same order of magnitude for both 
techniques. Quantification of protein secondary structure at the 
nanoscale level will open new horizons for the study of protein 
aggregation in cells and tissues (amyloidosis diseases). As the 
best prediction is based on ASLR model requiring the 
knowledge of the absorbance at only a few wavenumbers, it will 
be possible, using QCL sources, to measure rapidly AFMIR 
absorption maps at few specific wavenumbers that can be 
translated easily in secondary structure maps, saving a 
considerable amount of time in comparison with hyperspectral 
acquisition. 
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