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Abstract 
It is known that the presence of protein aggregates in biological samples is as-
sociated with natural aging processes and age-related diseases. The objective 
of this technical study was to evaluate the potential of Fourier Transform 
Infrared Spectroscopy to identify the presence of protein aggregates in Sac-
charomyces cerevisiae containing high levels of protein aggregates. We ac-
quired ATR-FTIR spectra at mid-infrared range (between 4000 and 600 cm−1) 
and used multivariate analysis to analyze the data. Significant differences be-
tween spectra of wild type and mutant strains in the spectral range assigned to 
proteins were observed. In particular, an increase in β-sheet structures in mu-
tant strains (spectral signals at 1683 and 1628 cm−1) was observed, indicating 
the putative presence of protein aggregates. These results prove the capacity of 
FTIR to evaluate changes in protein conformation, mainly protein aggrega-
tion, in a fast, simple and non-expensive way, producing insights on the poss-
ible application of this technique to the detection of protein aggregates in 
human biological samples. 
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1. Introduction 

Life expectancy has exponentially increased in the past decades, bringing huge 
challenges to healthcare for the treatment of age-related diseases [1] [2] [3]. In 
this way, it is important to promote healthy aging and so, aging biomarkers are 
needed to timely assess the health status of elderly people [1] [3] [4] [5]. 
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The decline in proteostasis, i.e. a decrease in the activity and/or expression of 
the components of the unfolded protein response, is linked to the aging process 
[6]. This leads to the accumulation of aberrant proteins that can organize into 
aggregates that are potentially toxic to the cell [7]. Protein aggregates are exten-
sively studied in the context of neurodegenerative diseases [8] [9] [10], however 
only few studies have so far focused on protein aggregation during natural aging 
[11] [12]. Therefore, specific protein aggregates not associated to a specific dis-
ease can be potential biomarkers of physiological aging. To identify these aggre-
gates, we need reliable methodologies that can detect changes in protein con-
formation in biological samples in a simple, accurate and inexpensive manner. 
Metabolomic approaches, such as Fourier Transform Infrared Spectroscopy, 
seem to be reliable and promising to study protein aggregation, since age-related 
metabolic modifications can result in structural changes that modify IR spectra 
[13] [14] [15]. In order to verify the applicability of FTIR in the study of protein 
aggregates, one needs to use model organisms whose proteins are known to ag-
gregate. Saccharomyces cerevisiae is a well-studied model in the context of aging 
and several studies have been carried out to evaluate the mechanisms involved in 
cellular senescence, including protein aggregation [16] [17] [18]. 

In this study, we have verified the applicability of FTIR to evaluate protein 
aggregation in S. cerevisiae. We have used specific mutants of S. cerevisiae that 
have the tendency to aggregate proteins at high level (unpublished). Our data 
clearly indicate that FTIR can be used to detect such protein aggregates. 

2. Materials and Methods 
2.1. Yeast Strains and Growth Conditions 

We used two clones of two different strains of Saccharomyces cerevisiae derived 
of the BY4743 strain: a wild type strain (WT) and a mutant strain (PA) with ex-
tensive protein aggregation caused by selective knocking-out of specific RNA 
modification enzymes (data not published). Yeast strains were grown at 30˚C in 
minimal medium without histidine (MM-His; glucose: 2% (w/v), yeast nitrogen 
base without amino acids: 0.67% (w/v), each required amino acids (100 µg/ml)) 
(Formedium). BY4743 transformed cells were grown in MM-His and preserved 
at −80˚C in MM-His + 40% (V/V) glycerol. Solid media were performed by ad-
diction of 2% agar (Formedium). All media were sterilized by heat in an autoc-
lave. 

2.2. Determination of Protein Aggregates by Fluorescence  
Microscopy 

Protein aggregates were analyzed as described previously [19]. Briefly, a mole-
cular sensor of protein aggregation was constructed by fusing the HSP104 and 
GFP genes under the control of the yeast HSP104 promoter. Since HSP104 is a 
molecular chaperone that recognizes and binds aggregated proteins the 
HSP104-GFP chimera permits visualizing the cellular localization of the aggre-
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gates by monitoring GFP fluorescence emission using epifluorescence or con-
focal microscopy. 

For fluorescence microscopy analysis, cells were grown overnight and were 
then immobilized on 1% agarose-coated slides in order to be visualized on an 
Axio Imager Z1 (Zeiss) epifluorescence upright microscope using a ×63 
oil-immersion objective and 38 HE GFP and Brightfield filters, and images were 
captured with AxionVision Software (Zeiss). Images were taken in one repre-
sentative focal plane and were processed and analyzed using ImageJ  
(http://rsb.info.nih.gov/ij). The presence of fluorescent foci in cells was checked 
and their number was manually counted. On average, 500 cells of 2 clones were 
analyzed. 

2.3. FTIR Spectroscopy 

MIR spectra were recorded in a Fourier transform infrared analyser (Alpha 
Platinum ATR, Bruker). The instrument was controlled by OPUS software 
(©Bruker). Spectra were acquired with a resolution of 8 cm−1 with 64 co-added 
scans, over a wavenumber range between 4000 and 600 cm−1. Room temperature 
and humidity during all process were maintained stable at 23˚C and 35%, re-
spectively. Acquisition of background single beam was performed against air 
(empty crystal). Yeast samples were carefully withdrawn from the culture me-
dium with a swab and placed directly in the crystal and spectra acquisition was 
performed without drying. 5 replicates of each spectra were made. Diamond 
crystal of spectrometer was carefully cleaned with 70% ethanol and distilled wa-
ter between each measurement. 

2.4. Multivariate Analysis 

Data were analyzed by principal component analysis (PCA) and partial 
least-squares regression analysis (PLS-R) with The Unscrambler X® software 
(v.10.4, Camo Software AS). 

3. Results and Discussion 

In this study Saccharomyces cerevisiae, an extensively used unicellular model 
[17] [20] [21] [22], was used to study protein alterations, with particular interest 
in PA. Wild-type and stress yeasts with induced PA were used. Figure 1 shows 
brightfield and fluorescence microscopy images of cells of S. cerevisiae, with and 
without protein aggregation. In WT strains cells show GFP fluorescence homo-
genously distributed in the whole cytoplasm, while in PA cells, fluorescence is 
concentrated in foci (Figure 1). Table 1 presents the percentage of cells with PA 
in both WT and mutant strains. WT clones have a reduced number of cells with 
protein aggregates. As expected, mutant strains present extensive PA. 

To evaluate the potential of FTIR to detect protein aggregation, FTIR spectra 
of both WT and PA strains were acquired in the spectral range between 4000 
and 600 cm−1. An average spectrum of both WT and PA strains is present in  
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Figure 1. Wild type (WT) and mutant (PA) yeast cells expressing the Hsp104-GFP re-
porter protein were collected from middle exponential phase and observed by fluores-
cence microscopy (63× objective). Mutant cells showed localized Hsp104-GFP fluores-
cence, indicating the presence of protein aggregates. 
 
Table 1. Percentage of cells with protein aggregates, measured by fluorescence microsco-
py. Mean and standard deviation calculated using The Unscrambler X® software (v.10.4, 
Camo Software AS). 

Strain Percentage of cells with protein aggregates (Mean ± Std Deviation) 

WT Clone 1 1.26 ± 0.99 

WT Clone 2 1.18 ± 0.68 

PA Clone 1 56.20 ± 25.77 

PA Clone 2 44.79 ± 30.78 

 
Figure 2, with emphasis in the region between 1700 and 1500 cm−1 (Figure 
2(b)), which is mainly responsible for the protein absorption (both Amide I and 
Amide II). Spectra were then subject to direct analysis with visualization of the 
spectroscopic signals related to biochemical pattern of all yeast samples. Once 
each spectroscopic signal is linked to a defined chemical group and/or chemical 
family of compounds it is possible to identify and compare the main differences 
between the two yeast groups. Since the spectra were obtained by directly in-
serting the colonies on the crystal, the dominant spectral signals were due to the 
water absorption and the remaining signals were underneath, so it was almost 
impossible to see differences between both spectra, only with direct spectra 
analysis. With the objective of increasing the differences between groups, 
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Figure 2. (a) Average FTIR spectra of wild type (WT) (orange) and mutant (PA) (blue) 
strains of Saccharomyces cerevisiae at 4000 - 600 cm−1 range; (b) Amplification of protein 
region (1700 - 1500 cm−1) of FTIR spectra of WT and PA strains; (c) Second derivative 
FTIR spectra of protein region (1700 - 1500 cm−1) of WT and PA strains, processed by 
Savitzky-Golay algorithm. Data processed with The Unscrambler X® software (v.10.4, 
Camo Software AS). 
 
2nd derivative processed by the Savitzky-Golay algorithm was applied to the 
spectra (Figure 2(c)). 
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For a better comparison and characterization among the different sample 
groups, mainly in the protein region, principal component analysis (PCA) was 
applied to the 2nd derivative spectra (1700 - 1500 cm−1) of yeast samples. PCA 
provides score and loading diagrams, allowing identifying and characterizing 
wild-type and mutant strains. 1700 - 1500 cm−1 spectral region allowed to ob-
serve protein alterations in the samples since it is correlated with protein sec-
ondary structure (amide I and amide II). PCA results are presented in Figure 3. 
We did not use PC1 and PC2 for our statistical analysis sincethese PCs represent 
mostly water contribution (strong signal at ~1650 cm−1) and do not represent 
differences in protein conformation between samples. In score scatter plot 

 

 
Figure 3. Principal Component Analysis (PCA) score plot (a) and loading plot (b) from 
2nd derivative spectra of WT and PA strains on the protein region (1700 - 1500 cm−1). 
Changes from each group were discriminated by PC1 vs PC3 score plot. PC1 and PC3 ex-
plained a respective 93% and 1% of the total variance. Data processed with The Un-
scrambler X® software (v.10.4, Camo Software AS). 
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(a) 

 
(b) 

Figure 4. (a) Partial Least Squares Regression of 2nd derivative spectra on the protein region (1700 - 1500 cm−1) of WT and PA 
strains, using two latent variables. y = 0.5385154x + 11.932844, R2 = 0.5385148, RMSEC = 16.9598 and RMSEP = 20.6460; (b) PLS 
B-coefficients of factor 2 of 2nd derivative spectra on the protein region (1700 - 1500 cm−1) of WT and PA strains. Data processed 
with The Unscrambler X® software (v.10.4, Camo Software AS). 

 
(Figure 3(a)) it is possible observe that the wild-type (WT) samples are located 
mainly in negative PC3 and the stress (PA) samples are mainly in positive PC3 
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region. PCA loadings allow the comprehension of the distributional pattern of 
the samples (Figure 3(b)) and the identification of molecular alterations that 
might be present. PA samples are characterized by spectroscopic signals located 
at 1683, 1645, 1628 and 1622 cm−1 and WT samples are characterized by the 
peak at 1654 cm−1. To understand this discrimination, it is essential to assign 
these peaks to the corresponding biological contributor. In accordance to litera-
ture, the peak at 1654 cm−1, here related to WT strains, is associated to α-helix 
structures in proteins [23] [24] [25] [26], which are usually present in more so-
luble structures and so less prone to aggregate. Conversely, peaks at 1683 cm−1 
and 1628 cm−1, associated with mutant strains, are related to β-sheet structures 
in fungal proteins [26] [27]. It is important to notice that β-sheet structures are 
usually related with less soluble and more prone to aggregate proteins, so these 
peaks could be directly related with the presence of PA in mutant strains, corro-
borating microscopy results. Also, the peak at 1622 cm−1 is assigned to a shift in 
amide I bands, commonly related with the presence of protein aggregates [13] 
[26] [28]. The peak at 1645 cm−1 is related to β-turns structures in amide I band 
of proteins [23] [26] [29] [30] [31]. 

A PLS analysis was also applied to the 2nd derivative spectra (1700 - 1500 cm−1 
spectral region) to explore the correlation between the spectra profile and per-
centage of protein aggregation evaluated by fluorescence microscopy in the 
yeasts samples. A calibration model with two latent variables was built (y = 
0.5385154x + 11.932844) with a R2 of 0.5385148, a RMSEC of 16.96% and of 
RMSEP of 20.6 % (Figure 4(a)). The PLS B-coefficient built with factor 2 
showed that 1685, 1645, 1628 and 1622 cm−1 are positively correlated with the 
samples with higher amounts of protein aggregation (Figure 4(b)). The relation 
between the PA samples and these spectroscopic signals, related with the pres-
ence of β-sheet structures and protein aggregates, corroborate the PCA results 
confirming that it is possible to evaluate the presence of protein aggregation by 
FTIR spectroscopy. 

One of the drawbacks of this study is the fact that we did not determine the 
exact number of cells placed in ATR crystal. We used a 10 µL swab for all sam-
ples, however it is impossible to be completely certain that the number of cells 
was the same in each measurement.  

These data confirm that FTIR has the potential to identify changes in protein 
conformation, possibly related with the presence of protein aggregates in a eu-
karyotic model. The fact that FTIR is a fast, non-destructive, simple and inex-
pensive metabolomic analysis makes it of particular interest to the study of bio-
logical samples. In fact, in the future, we intend to apply FTIR to study mice tis-
sue samples and to determine the pattern of protein aggregation during aging in 
mammals and ultimately identify new aging biomarkers. 
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