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2 Department of Biology, Georgia State University 
3 Department of Mathematics and Statistics, Georgia State University 
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Abstract: Fourier transform infrared (FTIR) spectroscopy can detect biomolecular changes in 
bacterial cells in response to drugs or other stimuli. To fully develop that area requires an 
understanding of IR spectral changes associated with the growth of unperturbed cells. Such an 
understanding is still lacking, however. To address this issue, attenuated total reflectance (ATR) FTIR 
spectroscopy has been used to probe changes in the composition of Staphylococcus aureus ATCC 6538 
cells during exponential growth, with 30-minute time resolution. We find prominent spectral changes 
associated with proteins, nucleic acids and carbohydrates on evolving from the early (30-120 min) to 
the late (240-360 min) log phase of growth. Principal component analysis (PCA) shows that spectra 
obtained for cells during the early and late log phases of growth can be discriminated against with 
100% accuracy. Protein-related spectral features are most significant in spectra collected at 30- and 
90-minutes post-inoculation and provide a robust basis for temporal differentiation. Spectral changes 
that occur during the first 30 minutes after inoculation are shown to reverse over the next 30-120 
minutes, indicating dynamic adaptations during cellular growth. Overall, we demonstrate a band 
assignment strategy based on time resolution, underscoring the utility of FTIR spectroscopy in 
dynamic studies of bacterial cells.  

Keywords: Staphylococcus aureus; log phase; ATR-FTIR; Dynamic FTIR Spectroscopy 
 

1. Introduction 

In recent years there has been growing interest in using Fourier transform infrared (FTIR) 
spectroscopy to probe changes in the biomolecular composition of bacteria in response to drugs or 
other perturbations [1]. A prerequisite for such studies is a detailed understanding of spectral 
changes associated with the growth of unperturbed cells. Few detailed FTIR studies have been 
undertaken in this area, however. Bacterial growth in cultures typically occurs in four phases that are 
termed lag, log (or exponential), stationary, and death phase [2,3]. Each phase can be distinguished 
on a growth curve. Often the growth curve is generated through light scattering, which probes mainly 
the number of cells and the rate at which this number is changing (growth rate) (Figure 1) [4]. Each 
phase displays specific characteristics with respect to growth rates, which reflect changes in the 
biomolecular composition of the cell [2,3].  

The lag phase is a period of adaptation that occurs for cells encountering new environmental 
conditions [5]. This adaptation involves cellular activity and molecular changes that occur prior to 
cell division and subsequent population growth [3]. During the lag phase a variety of compounds are 
synthesized, including many proteins, and the cellular volume may increase [6]. Following the lag 
phase cells undergo division, and the population enters a period of exponential growth. Key events 
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that occur during log phase are increased ATP production, a corresponding decrease in cell 
membrane potential, a decrease in cell membrane damage and upregulated levels of translational 
and metabolic machinery [6,7]. Following logarithmic growth cells enter a stationary phase where 
nutrients and other resources have declined, and cell growth reaches an equilibrium between 
dividing and dying cells. Stationary phase is notable for the production and secretion of secondary 
metabolites, including antibiotics [8]. Far less is known about the death phase compared to the others 
but it may involve the complete degradation of ribosomes and a drop in ATP levels and proton 
motive force [9]. The period of time over which each of the phases occurs is species dependent and 
impacted by environmental conditions, including resource availability. 

Knowledge of bacterial growth characteristics is essential for commercial applications including 
recombinant protein production [10,11] and preventing food contamination [5]. An application of 
particular interest relates to controlling the growth of pathogenic bacteria by antimicrobial agents. In 
many applications, such as clinical point-of-care diagnostics of antibiotic resistance [12], it could be 
valuable to assess the physiological response to treatment in as short a period of time as possible, 
preferably within an hour or less. For this reason, a particular focus of this manuscript is on assessing 
spectral alterations of cells in the early log phase, which occurs in the first 120 minutes following 
inoculation.  

S. aureus is an opportunistic pathogen responsible for significant morbidity and mortality each 
year [13] resulting from the production of an array of virulence factors. S. aureus maintains a complex 
transcriptional regulatory network that facilitates nuanced adaptation to its nutritional and physical 
environment; for example, gene transcription was altered within 30 minutes after introduction of S. 
aureus to the murine intranasal environment [13]. A feature of S. aureus biology that contributes to its 
pathogenicity is its ability to aggregate and form biofilms, or aggregated communities of 
microorganisms. The ability to aggregate during growth in planktonic culture occurs as soon as early 
exponential phase, resulting from the production of polysaccharide intercellular adhesion, an 
extracellular fibril that fosters binding with neighboring cells [14]. Additionally, RNA to protein 
levels often increase in proportion to growth rate [15] and the ratios of RNA, DNA and proteins shift 
as cells adapt to changing nutritional environments [16]. Overall, these biochemical and genetic 
responses occurring throughout S. aureus exponential growth supports the hypothesis that ATR FTIR 
spectroscopy can be used to detect significant changes shortly after cell growth begins. 

Here, we present a detailed ATR FTIR spectroscopic study to probe changes in the biomolecular 
composition of S. aureus cells in the early- and late-log phases of growth. 

2. Materials and Methods 

2.1. Sample Preparation and Bacterial Growth 

Cell growth was measured spectrophotometrically at 600 nm. All experiments were conducted 
using sterile techniques. Staphylococcus aureus ATCC 6538 cells (SA6538) were inoculated in Luria-
Bertani (LB) broth, incubated at 37 °C and agitated at 200 rpm until the growth reached an optical 
density at 600 nm (OD600) of 10.0 (16 – 18 hours). Cultures were then diluted in LB broth to OD600 = 
0.20 (final volume 30 mL in 200 mL glass flasks). The diluted cultures were subsequently incubated 
at 37°C and agitated at 200 rpm for 6 hours. One mL was collected at 0, 30, 60, 90, 120, 240, and 360 
minutes after inoculation and the OD600 was measured. Each sample was centrifuged at 17,000g and 
the cell pellets were washed three times with ddH2O. The final cell pellet was incubated in 10 µL of 
ddH2O for FTIR spectroscopic analysis. FTIR spectroscopy analysis was performed immediately 
upon completion of each cell preparation at the indicated times, and cells remained at room 
temperature (~293 K) throughout the duration of the preparation and analysis. All cell preparation 
and subsequent spectroscopic analysis was repeated in triplicate.  
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2.2. FTIR Spectroscopy Measurements 

ATR-FTIR spectroscopy measurements were undertaken using a Bruker Alpha FTIR 
spectrometer (Bruker Optics Billerica, MA) equipped with a single-bounce diamond internal 
reflection element, a KBr beam splitter, a globar light source and a deuterated triglycine sulfate 
detector. For ATR-FTIR spectroscopy, 0.5 µL of (soft) pelleted bacterial cells were pipetted directly 
onto the diamond crystal surface. Spectra were collected continuously until no change in spectra 
could be detected, indicating that the cells had adhered to the crystal surface (Figure S1). ATR-FTIR 
spectra were collected in the 4000–400 cm−1 range, at 4 cm−1 spectral resolution (Figure S1). For both 
sample and background spectra, 64 interferograms were co-averaged. Background spectra were 
collected prior to the start of each measurement with a different sample. Each measurement was 
repeated three times using independently grown and prepared samples. The absorption spectra from 
the three measurements were averaged. The standard error in the measurements was used as a proxy 
for the experimental error in each of the averaged spectra. The averaged absorption spectra were 
subjected to a min-max normalization (in the 1800-1600 cm−1 region) prior to second derivative 
calculation. For the spectra in the main manuscript no ATR correction was applied to the spectra. 
Spectral processing were undertaken using OPUS 7.5 (Bruker Optics, Billerica, MA) and Origin 2017 
(OriginLab, Northampton, MA) software. 

2.3. Spectral Data Analysis  

Second derivatives of ATR-FTIR spectra were calculated using the Savitzky–Golay algorithm 
with 9 smoothing points, as it is implemented within the OPUS 7.5 software from Bruker Optics. 
Calculation of second derivative spectra without smoothing is implemented using Origin 2017 
software. No smoothing leads to sharper bands (and possibly bands at slightly different frequencies) 
mainly in the 1700-1630 cm−1 region. The smoothed and unsmoothed second derivative spectra are 
similar in the 1550-800 cm−1 region. In this manuscript we consider 9-point smoothed second 
derivative spectra and expect minimal loss in information content. An ATR correction, when used, 
was applied to the raw spectra prior to normalization. The ATR correction algorithm in OPUS 7.5 
software was used in expert mode, with a mean sample refractive index set at 1.33. Setting this 
parameter to 1.5 did not impact the shape or relative band intensities in the corrected spectra. 

The average spectra for early and late log phases were calculated as averages of the 
corresponding spectra collected at 30, 60, 90, and 120 min for early log phase, and 240 and 360 min. 
for late log phase. 

2.4. Statistical Analysis 

All statistical analyses were performed using the Scikit-learn library of Python. The second-
derivative spectra (obtained from the normalized absorption spectra) were standardized using the 
StandardScaler function. Principal Component Analysis (PCA) was conducted on 27 second-
derivative spectra, each collected 3 to 4 times across seven time points. The explained variance 
sharply decreased beyond the third principal component (PC), so only the first three PCs were 
retained for further analysis. PCA was performed using the full Singular Value Decomposition (SVD) 
method. Loadings, representing the elements of the eigenvectors, were calculated using the 
pca.components_.T function. The loading analysis was divided into two parts. 1) Early vs. late log 
phase separation: To distinguish between the early and late log phases, the direction of maximum 
separation was determined by computing the difference between the centroids of these two phases. 
This vector was then normalized to a unit vector. The loading values for each frequency were 
projected onto this unit vector, producing a one-dimensional spectrum. 2) Trend analysis of early log 
phase: For early log phase data, the trend direction was identified by calculating the covariance 
matrix of the first three PCs. The covariance between columns was computed using Equation 1. 
𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥𝑛𝑛, 𝑦𝑦𝑛𝑛) = 1

𝑛𝑛
∑ (𝑥𝑥𝑖𝑖 − 𝜇𝜇𝑥𝑥)�𝑦𝑦𝑖𝑖 − 𝜇𝜇𝑦𝑦�𝑛𝑛
𝑖𝑖=1      (1) 
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Here, xi and yi represent each column in a pair and μ denotes the mean of each column, and n is 
the number of samples. The resulting covariance matrix is symmetric and positive semi-definite, 
ensuring that its eigenvectors are orthogonal. The eigenvector associated with the largest eigenvalue 
was then calculated using full SVD. The three elements of this eigenvector form the coefficients of the 
associated trend line. Once the direction was determined, the loading values at each frequency were 
projected onto this unit vector, resulting in the one-dimensional spectrum. For trend analysis, each 
early log-phase point in the PC space was projected along the direction of the identified trend line. 
The projected points from the original dataset were averaged at each time point, with the 0-minute 
dataset as the origin. Given the relatively small sample size, a t-distribution was used to calculate the 
90% confidence interval and p-values for each time point. The fourth dataset was processed in the 
same way and used to validate these results.  

Linear Discriminant Analysis (LDA) was applied to the first 3 principal components of the 
dataset using skikit-learn’s discriminant analysis functions. This analysis aimed to test the statistical 
separability of the two classes: early and late log phase. Because the task involved two classes, the 
LDA produced a one-dimensional projection that maximizes class separation while minimizing intra-
class variance. Leave-one-out-cross-validation (LOOCV) was used to evaluate the performance of the 
model and the results were summarized in a confusion matrix. 

3. Results and Discussion 

3.1. Growth Phases over the Course of the Experiment 

Figure 1 shows the growth curve for SA6583 cells. The data is presented as a semi-log plot. The 
same data is plotted on a linear scale in Figure S12. In semi-log plots, log growth is evident as a 
straight line. Figure 1 demonstrates that the early growth of SA6538 cells occurs at two rates: growth 
is faster from 0 – 60 minutes (average doubling time td = 33 ± 11 min) and is consistently logarithmic 
at a slower rate from ~60 minutes after inoculation (average doubling time td = 132 ± 27 min). This 
pattern of growth is characteristic of bacteria growing in a medium containing multiple carbon 
sources such as LB broth. Simple sugars are the preferred energy source, and are consumed first, 
whereas secondary substrates including amino acids and complex carbohydrates are consumed later. 
The amount of glucose present in LB broth is estimated to be less than 100 mM and bacterial growth 
primarily derives from the available amino acids [17].  

The data in Figure 1 shows no lag phase, which is expected when inoculating overnight grown 
cells into fresh, identical media [18]. In contrast, Kochan et al claimed a lag phase of up to 120 minutes 
for similar cells grown under similar conditions. The terms “lag” and “log” phase were used in this 
previous work to differentiate cellular growth between 30 – 120 and 240 – 360 minutes, respectively. 
Based on the data in Figure 1 we will refer to “early” and “late” log phases of growth, rather than 
“lag” or “log” phases, respectively.  
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Figure 1. Semi-log plot displaying bacterial growth data over a six-hour period, for SA6538 cells grown in LB 
broth, obtained from measurements of the optical density at 600 nm. Dotted lines are linear curve fits for the 0 – 
60-minute period (orange) and 60 – 360-minute period (green). 

3.2. ATR-FTIR Absorption Spectra 

In the following narrative bands at various frequencies will be discussed. Bands at different 
frequencies have been associated with various subcellular biomolecular components. A listing of 
potential spectral band assignments is given in Table S1. The data in Table S1 is amalgamated from 
several sources [19–21]. 

Figure 2 shows ATR-FTIR absorption spectra for the cells collected at various times post 
inoculation, from 0 – 360 min. The absorption spectra were subjected to a min-max normalization in 
the 1800 – 1600 cm−1 region, with the maximum being near 1650 cm−1. 

The area under the amide II band near 1550 cm−1 is similar in all seven spectra (see also baseline 
corrected spectra in Figure S2), so we expect that this normalization will give a measure of cellular 
biomolecules relative to total protein concentration. There may be some broad baseline variations in 
the absorption spectra in Figure 2. Rather than apply a baseline correction procedure, which can lead 
to problems in spectral analysis [22], we simply remove these spectrally broad baseline features by 
taking the second derivative of the absorption spectra. Analysis of second derivative spectra in FTIR 
studies of bacteria is becoming standard [23–26]. In OPUS software from Bruker Optics a 9-point 
smoothing algorithm is automatically applied when calculating second derivative spectra. We 
deemed such a smoothing acceptable, leading to minimal information loss, especially below 1600 
cm−1. Note that no ATR correction was applied to the absorption spectra in Figure 2. This is our 
preferred approach as there may be issues or questions on the appropriateness of the ATR correction 
algorithms [27,28]. For completeness we show ATR corrected spectra in Figure S3, which can be 
compared to the data in Figure 2.  

Spectra were collected in triplicate, for three independently prepared samples, and the three 
spectra were averaged to produce the spectra in Figure 2. The standard error associated with the 
three absorption and second derivative spectra is represented for a typical time point (30 minutes) in 
Figure S4. The error bars shown in Figure S4 are typical for the spectra at all time points (not shown).  

The second derivative spectra in Figure 2A indicates that the amide I absorption band consists 
of at least two underlying peaks at ~1650 and ~1633 cm−1. The ratio of these two negative peaks in the 
second derivative spectra vary during growth, with the 1650/1633 cm-1 second derivative peak 
amplitude decreasing/increasing during growth, respectively. These two amide I peaks were not 
observed in previous ATR-FTIR studies of a similar S. aureus strain, possibly due to limited spectral 
resolution [24]. Supporting this notion, Figure S5 shows the second derivative spectra at lower 
spectral resolution, which indicate the two amide I peaks merge giving rise to a peak near 1641 cm−1. 
Note that in the ATR corrected spectra in Figure S3A the amide I band displays peaks at 1656 and 1640 
cm−1, ~6 cm−1 higher than that for the amide I peaks in Figure 2A. The intensity ratio of the two amide 
I peaks in the second derivative spectra in Figure S3A is considerably altered compared to that in 
Figure 2A, however. Consideration of the details/complications of the ATR correction algorithm are 
beyond the scope of this manuscript. 
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Figure 2. Average ATR-FTIR spectra (top curves) and second derivative spectra (bottom curves) in the (A) 1780–
1320 and (B) 1320-820 cm−1 range for bacteria taken at various times, from 0 to 360 min, after incubation. Color 
coding is indicated in (A) and is the same for absorption and second derivative spectra. Color coding is the same 
in both (A) and (B). Second derivative spectra are scaled by a factor of 400 for easy comparison to the absorption 
spectra. FTIR absorption spectra were min-max normalized with a min/max near 1800/1650 cm−1, respectively. 

The second derivative spectra in Figure 2 indicate other changes in both band intensities and 
frequencies as a function of cellular growth, most obviously near 1394, 1226, 1080-1020, and in the 
1000-800 cm−1 region. Changes in intensity of the negative bands in second derivative spectra can be 
somewhat difficult to analyze in terms of cellular biomolecular composition, as such intensity 
changes do not directly relate to absorption (intensities in the second derivative spectra are sensitive 
to the widths of the underlying absorption bands). Frequency shifts or disappearing/appearing bands 
(to be discussed below) on the other hand are of greater diagnostic value, especially for spectral 
discrimination using a variety of statistical methodologies.  

3.3. SpectraSpectral Alterations on Going From Early to Late Log Phase 

To compress the quantity of data to be analyzed and to provide a broader overview, we focus 
on spectra associated with cells that are mostly in the early or late exponential phase of growth. Figure 
3 shows a comparison between average ATR-FTIR spectra of bacteria in early (30–120 min) and late 
(240–360 min) log phases. Figure 3 indicates differences can be seen in the second derivative spectra 
between early and late log phases. These differences are more easily visualized in the “early minus 
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late” difference spectrum that is also shown in Figure 3. Corresponding spectra obtained from 
absorption spectra that have been ATR corrected are shown in Figure S6.  

The positive and negative bands in the early – late second derivative difference spectrum are 
low in intensity (relative to the bands in the second derivative spectra), and it is necessary to verify 
that any discussed bands have intensities that are above the noise level. The first approach to 
estimating the error is to calculate the standard error associated with the early and late phase spectra 
(average of four or two spectra, respectively). From this the propagated error in the early minus late 
difference spectrum can be calculated. The early minus late difference spectrum with the associated 
propagated error is shown in Figure S7. Any bands discussed in this manuscript have an intensity 
that is above that of the error bars (see Figure S7). We have also calculated an early minus late 
difference spectrum where the early phase spectrum is represented only by the spectrum collected at 
240 min (Figure S11). The results/observations derived for the main peaks discussed in this 
manuscript are the same when only the 240 min difference spectrum is used to represent cells in the 
late log phase, however.  

Much information can be gleaned from the early – late difference spectrum which shows features 
near 1658 and 1642 cm−1 disappearing in the early phase second derivative spectrum and features 
near 1628 and 1622 cm−1 appearing in the late phase second derivative spectrum (Figure 3A). Features 
at 1658 and 1642 cm−1 are usually associated with protein α-helix secondary structure elements, while 
features near 1628 and 1622 cm−1 are associated with protein β-sheet secondary structures (Table S1). 
Given the changes in the amide I band on going from early to late log phase, one might expect 
associated changes in the amide II region near 1550 cm−1. The early – late difference spectrum suggests 
a loss of absorption near 1553 cm−1 in the early log phase and increase in absorption near 1540 cm−1 in 
the late log phase, again suggesting a greater degree of α-helix protein subunits in the early log phase 
changing to β-sheet in the late log phase. The positive peak near 1540 cm−1 in the early – late difference 
spectrum is well above the noise level but a negative peak near 1553 cm−1 is less obvious (Figure S7A).  

In previous studies on a similar bacterial strain [24], no changes were observed in the amide I 
region on going from early to late log phase. This is in spite of the fact that amide II absorption 
changes were observed. 
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Figure 3. Average ATR-FTIR absorption and scaled second derivative spectra recorded for SA6358 cells in early 
(blue) and late (red) log phases in the (A) 1800–1350 and (B) 1350–850 cm−1 range. Analysis of the changes in the 
second derivative spectra of bacteria in the early and late log phases are also shown as an early - late difference 
spectrum. Early log phase spectra are the average of four spectra collected at 30, 60, 90 and 120 minutes. Late log 
phase spectra are the average of two spectra collected at 240 and 360 minutes. 

In the early – late difference spectrum obtained from the ATR corrected spectra (Figure S6A), 
two negative peaks are observed at 1657 and 1644 cm−1 indicating a loss of features at these 
frequencies on going from early to late log phase, while two positive peaks at 1632 and 1624 cm−1 are 
also observed, indicating appearance of peaks at these frequencies on going from early to late log 
phase. The interpretation of the amide I changes demonstrated in the early – late difference spectra 
are therefore similar, whether or not an ATR correction is applied. To further probe changes in the 
early – late difference spectrum that may relate to the ATR correction Figure S8 compares the early – 
late difference spectra obtained from spectra with and without an ATR correction. Although there 
are some frequency shifts and intensity differences in the early – late difference spectra obtained from 
the corrected and uncorrected spectra, for the most part the difference spectra share many 
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similarities, and similar conclusions follow from a consideration of either the corrected or uncorrected 
spectra. In this manuscript we focus on the uncorrected spectra.   

The second derivative spectra in Figure 3A indicate a band near 1394 cm−1 in spectra of late log 
phase cells, which is weaker in spectra of early log phase cells. These differences give rise to an intense 
positive feature at 1393 cm−1 in the early – late difference spectrum (Figure 3A). The band at 1393 cm−1 
may be due to CH bending vibrations of protein methyl groups (Table S1). It is of note that the 
difference features in the ~2920 cm−1 region (CH stretch region) are considerably weaker than those 
in Figure 3 and are of less diagnostic utility (not shown). An intense feature at ~1394 cm−1 in the late 
log phase that is diminished in the early log phase was also observed previously [24]. In the ATR 
corrected early – late difference spectrum a peak is found near 1397 cm−1 (Figure S6A).  

The late log phase second derivative spectrum in Figure 3B suggests absorption near 1308 and 
1282 cm−1 that is lacking in the lag phase spectrum. These features may be due to changing 
polysaccharide contributions within the cells in the different phases (Table S1) [29]. Amide III 
absorption may also occur in this spectral region [30]. 

The early – late difference spectrum in Figure 3B displays a negative band at 1247 cm−1, 
suggesting a feature near 1247 cm−1 in the early log phase second derivative spectrum that is not 
present (or is shifted) in the late log phase second derivative spectrum. In a reverse manner, the early 
– late difference spectrum shows a positive band near 1203 cm−1, suggesting a feature near 1203 cm−1 
in the late log phase second derivative spectrum that is not present (or is shifted) in the early log 
phase second derivative spectrum. Both the 1203 and 1247 cm−1 features are above the noise level in 
the early – late difference spectrum (Figure S7). Amide III vibrations, and antisymmetric phosphate 
vibrations, are known to occur near 1247 and 1203 cm−1, respectively (Table S1), and may account for 
these features. Given the opposite behavior of the features at 1247 and 1203 cm−1, if they can be 
assigned to amide III protein secondary structures [30], then the 1247 cm−1 feature would be due to 
α-helical segments while the 1215 cm−1 feature would be due to β-sheet segments. This hypothesis 
agrees with the changes in amide I and II spectral regions noted above on going from early to late log 
phase. 

A negative band is observed near 1028 cm−1 in the late log phase second derivative spectrum but 
is diminished in the early log phase second derivative spectrum (Figure 3B). This 1028 cm−1 band may 
be due to synthesis of polysaccharides (Table S1) in the late log phase. That is, an increase in the 
polysaccharide to protein ratio on going from early to late log phase. Similarly, negative bands are 
observed at 935 and 896 cm−1 in the late log phase second derivative spectrum but are diminished in 
the early log phase second derivative spectrum.  

In a previous study on similar samples [24] an intense feature was observed at 1032 cm−1 for 
early log phase cells and is diminished in the spectrum of late log phase cells. This behavior is 
opposite to our observations for the 1028 cm−1 feature (Figure 3B).  

Interestingly (for diagnostic purposes), an intense band is observed near 993 cm−1 in the early log 
phase second derivative spectrum but is diminished in the late log phase spectrum. A similar behavior 
is observed for a feature at 914 and 881 cm−1. This behavior is opposite to that of the 1028, 935 and 896 
cm−1 features on going from early to late log phase. The 993 cm−1 band may be due to polysaccharides 
or ribose sugars of nucleic acids (Table S1). 

3.3.1. Statistical Analysis to Discriminate Spectra of Cells During Log Phase Growth. 

The clear visual differences in the presence or absence of bands between the early and late log-
phase spectra suggest that a statistical analysis would readily distinguish between these two growth 
stages. Furthermore, statistical analysis can identify the specific frequencies that provide the highest 
diagnostic value in differentiating spectra of cells during growth. A 3D plot of the first three PC’s is 
shown in Figure 4A and demonstrates that spectra associated with cells in the early and late log 
phases of growth cluster separately and are distinguishable. The separation is particularly obvious 
in a 2D plot of PC1 and PC2 (Figure 4B1). In Figure 4 the early log phase data are shown as 
progressively darker shades of blue as time progresses. These data clearly demonstrate a temporal 
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trend. This trend is highlighted as progressing along the direction of the blue line in Figure 4. That is, 
the blue line indicates the direction of maximum variance of temporal changes in the early log phase. 
A similar trend is also evident for the late log phase (red dots). The orange line in Figure 4 indicates 
the direction of maximum variance between the spectra in early and late log phases. 

To connect the PCA data (Figure 4) with the early–late difference spectra in Figure 3, we analyze 
the PC loadings. These loadings, calculated as the elements of each eigenvector associated with each 
PC, are shown in Figure 5A. They highlight the frequencies that are important for each PC. The 
loadings together can help to assess frequencies of particular importance. The orange line in Figure 
4 represents the optimal combination of PCs for separating early and late log-phase spectra. This 
direction of maximum separation was determined by calculating the centroids of both classes and 
identifying the line in 3D PC space that connects the centroids. The so-called “spectral discriminator” 
in Figure 5B is a linear combination of the three loadings, indicating the frequencies most relevant for 
discriminating the two phases. This discriminator simplifies the identification of key frequencies and 
is more robust to small changes in the data compared to individual loadings. The peaks in the spectral 
discriminator largely align with those in the early–late difference spectrum, confirming that this 
statistical approach supports the visual distinctions observed in the spectra. 

Both PCA and visual inspection demonstrate that early and late log-phase spectra can be 
effectively separated. To quantify this separation, we performed Linear Discriminant Analysis 
(LDA). Figure 6A shows the LDA results, which provide a linear separator capable of classifying 
spectra as belonging to the early or late log phase. The confusion matrix in Figure 6B, generated using 
leave-one-out cross-validation, shows 100% classification accuracy, confirming the effectiveness of 
the LDA model.  

 

Figure 4. (A) PCA of 2nd-derivative spectra obtained in triplicate at 7 time points. Early and late log phases are 
shown in blue and red, respectively, with darkening shades indicating ever increasing time points. A 4th dataset 
(stars) was included. The orange line shows the direction of maximum separation between early and late log 
phases, while the blue line indicates the temporal trend in the early log phase data. (B) Data points and the blue 
and orange trend lines in the 3D plot projected onto each pair of PC axes. The PC 1 vs PC 2 plot demonstrates 
the best discrimination between early and late log phases. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 February 2025 doi:10.20944/preprints202502.0446.v1

https://doi.org/10.20944/preprints202502.0446.v1


 11 of 18 

 

 
Figure 5. (A) Loadings of PC1 (blue), 2 (red) and 3 (green), scaled so that their sum across all frequencies is 1. (B) 
The spectral discriminator (black), a linear combination of the PCs, is obtained by projecting the loadings onto 
the direction of maximum discrimination (orange line in Figure 4A). This spectral discriminator is overlaid with 
the inverted early-minus-late difference spectrum from Figure 3 for comparison. 

 

Figure 6. (A) LDA applied to the first 3 PCs, projecting data points from early (blue) to late (red) log phases onto 
a single dimension that maximizes inter-class separation while minimizing intra-class variance, showing a very 
obvious class separation. (B) Confusion matrix from leave-one-out cross-validation, indicating 100% accuracy in 
classifying spectra for cells in early or late log phases. 

3.4. Alterations of the Spectra for Cells During the Early Log Phase of Growth 

The second derivative spectra of cells at 30, 60, 90 and 120 min. after inoculation, within the early 
log phase, are shown in Figure 7. These are the four spectra that were averaged to produce the early 
log phase spectrum discussed above. Also shown are the difference spectra calculated by subtracting 
the 60 min from the 30 min spectrum, the 90 min from the 60 min spectrum and the 120 min from the 
90 min spectrum. These difference spectra allow one to focus on spectral features that change during 
the different time intervals. An expanded view of the difference spectra with error bars is shown in 
Figure S9. A magnified view of the difference spectra in the amide I and II regions is shown in Figure 
S10. 

The time-resolved difference spectra in Figure 7A demonstrate prominent changes in the amide 
I and II spectral regions, with the largest changes occurring in the 30 − 60 and 90 − 120 min time 
intervals (Figure S10). Amide I and II changes are minor in the 60 − 90 min. time interval. In fact, 
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Figure S9 demonstrates that the error bars in the 60 – 90 min difference spectrum are as large or larger 
than any of the difference features. So, the 60- and 90-minute second derivative spectra are identical 
within the limits set by the error bars in Figure S9.  

 
Figure 7. Comparison of averaged second derivative of the ATR-FTIR spectra recorded for bacterial cells within 
the lag phase, in the (A) 1800–1180 cm−1 and (B) 1250–790 cm−1 range. Also shown are three difference spectra 
obtained by subtracting the spectrum at one time point from the spectrum at the next nearest time point. 
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Figure 8. Time evolution of the intensity of second derivative features, averaged over a specified set of 
frequencies. Data was collected every 2 cm−1, so the 1658-1652 cm−1 kinetic in (A) is the average of three kinetics. 

The kinetics of the absorption changes in the amide I region averaged over the 1658 – 1652 and 
1633 – 1629 cm−1 region, are shown in Figure 8A. We will refer to these features (and subsequent 
features) as being in the middle of the range, so at 1655 and 1631 cm−1, respectively. It is clear from 
the data in Figure 8A that the 1655 and 1631 cm−1 features display opposite temporal behavior over 
the 30 – 120 min time interval, and that the changes are mostly occurring in the 30 – 60 and 90 – 120 
min time intervals, as also suggested by the data in Figure 7. As indicated earlier, the kinetics 
associated with the 1655 and 1631 cm−1 features are associated with the loss of a-helix absorption and 
concomitant rise in b-sheet absorption.  

Given the time-resolved data in the amide I region (Figure 8A), one might expect to observe 
corresponding types of temporal evolution of features in the amide II region. Figure 8B shows the 
kinetics of absorption changes in the amide II region at 1547 and 1533 cm–1. Comparing the data in 
Figure 8A/B indicates that features at 1655 and 1547 cm-1 evolved similarly. The features at 1631 and 
1533 cm−1 also evolve similarly. So, the 1655 and 1547 cm−1 features can be associated with a-helix, 
while changes at 1631 and 1533 cm−1 can be associated with b-sheet structures. 

For many of the negative bands in the second derivative spectra in Figure 7B, covering the 
~1250−800 cm−1 region, their amplitude increases continuously over the growth period considered 
(30-120 min). This manifests itself as many similarities in the three difference spectra in Figure 7B. 
The time evolution of the changes at 1056, 993 and 914 cm−1 are shown in Figure 8C and demonstrate 
a continuous absorption increase (increasing negative intensity in the second derivative) over the 30-
120 min period. This continuous increase over time is also seen in Figure S3. The time evolution of 
the feature at 1031 cm−1 clearly differs from the other features in Figure 8C. The altered kinetics near 
1031 cm−1 compared to the other features in Figure 8C can also be visualized in the data in Figure 7B. 
In this way the time evolution of the absorption changes can be a helpful tool to aid in spectral feature 
correlation and assignment. 

The time evolution of the features at 1395 and 1208 cm−1 are shown in Figure 8D. The time 
evolution of these features resembles the features in Figure 8B, suggesting the 1395 and 1208 cm−1 
features are related to a-helical and b-sheet protein structures.   
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The absorption or second derivative spectra indicate protein bands shifting in frequency as 
secondary structures are altered during growth. There is little change in the overall intensity of the 
broad amide I and II bands, however (Figure S3). This is not the case for non-protein bands which do 
increase continuously in intensity over the 30 – 120 min time interval (Figure 5C). Since the spectra 
are roughly normalized to the amide I and II peaks, the observed changes indicate that the ratio of 
cellular protein to other biomolecules is decreasing during early exponential growth. This change in 
biomolecular distributions relative to protein content is clear in the baseline corrected absorption 
spectra that are shown in Figure S2. 

Figure 9 compares 0 – 30 min and 90 – 120 min difference spectra in the 1700 – 1300 cm−1 region. 
Many of the peaks in the two difference spectra appear to be inversely correlated (anticorrelated), 
indicating that biomolecular adaptations in early log phase are reversed as the cells approach late log 
phase of growth. Further investigation using a multi omics strategy will be required to resolve the 
specific changes in cellular biochemistry and molecular genetics contributing to these substantial 
differences [16]. The differences correlate with both shifts in the availability of labile sugars in the 
growth medium to more complex substrates and also an increase in the S. aureus population density, 
which triggers density-dependent regulated adaptations via quorum sensing, i.e. bacterial cell-cell 
signaling by the exchange of post-translationally modified oligopeptides, or “pheromones” [31].  

 

Figure 9. Comparison of 0 – 30 min (blue) and 90 – 120 min (red) difference spectra in the 1700–1300 cm−1 
region. 

Since protein spectral features, such as Amide I and II, invert in each of the difference spectra, 
this suggests a method for qualitative identification of protein spectral features outside of the amide 
I and II regions (the time-resolved data in Figure 8 also indicate a method for distinguishing protein 
features from that of other cellular components). The most obvious or most intense inversion feature 
between the two difference spectra outside the amide I or II region, is observed at ~1390 cm−1. The 
absorption changes at 1395 cm−1 are shown in Figure 8D and demonstrate temporal features that are 
most similar to that of a-helical protein segments. Above it was suggested that a-helical protein 
segments could contribute near 1390 cm−1. Other inverted difference features in Figure 6 are observed 
at 1512, 1462, 1428 and 1339 cm−1, also suggesting a contribution from protein modes at these 
frequencies.   
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3.5. Statistical Analysis of Spectra for Cells During Early Log Phase Growth. 

In the 3D PC space with the first three PCs (Figure 4(a)), we project all the blue data points (cells 
during early log-phase) onto the blue trend line and measure their distance from the point at time 
zero. The result, shown in Figure 10(a), reflects how the spectra follow the temporal trend.  
Statistically significant differences are observed between the spectra at 0 and 60 minutes (p-values < 
0.05) and between 30 and 90 minutes (p-values < 0.1). However, no significant difference is detected 
between the spectra at 60 and 120 minutes. These results indicate that the most significant spectral 
(and likely biomolecular) changes occur within the first 60 to 90 minutes after inoculation. 
Additionally, no significant differences are found in spectral data from time points 30 minutes apart. 

To connect these findings with the biochemical changes in the cells we revisit the loading plot. 
In Figure 10(b), a different linear combination of loadings is used, corresponding to the direction of 
the trend (blue line in Figure 4(a)). This projection (thick black line in 10(c)) highlights new peaks, 
allowing us to identify the FTIR frequencies that drive the trend. 

 

Figure 10. (A) PCA plot from Figure 4A with the blue line highlighting the temporal trend of early log phase 
spectra over time (blue hues). (B) Visualization of the temporal trend in PC space for early log phase spectra. 
Vertical lines on each bar indicates the 90% confidence interval. P-values for comparisons between 30-minute 
and 60-minute intervals are shown as horizontal lines, with statistical significance denoted by stars (*, 0.05 < p < 
0.10; ** p < 0.05) and non-significance by circles (o, 0.2 > p > 0.1; oo; p > 0.2). (B) Combined PC loadings (black) 
projected onto the direction of the early log-phase trend (blue line in A). Higher loading values correspond to 
lower diagnostic significance of the respective wavenumbers in tracking early log phase changes. Overlaid 
inverted difference curves (light to dark blue) from Figure 7 represent spectral evolution in 30-minute increments, 
emphasizing temporal shifts in spectral features. 

4. Conclusions  

Dynamic ATR-FTIR difference spectroscopy is demonstrated to be a powerful tool to probe the 
changing biochemical composition of bacteria during cellular growth. Changes in molecular 
composition occurring during exponential growth are identified and we show that we can probe such 
changes in as little as 30 minutes.  

We show from statistical analysis of the spectral data that cells in the early or late exponential 
phase can be discriminated with 100% accuracy. The trend in the spectral data for cells within the 
early exponential phase can also be discriminated with high accuracy.  
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We show how spectral features associated with different protein secondary structural elements 
evolve over time. Different secondary structural elements evolve differently, indicating 
interconversion between secondary structures during growth. Protein spectral features are shown to 
evolve differently from carbohydrate or nucleic acid spectral features. These different types of time 
evolution can be used as an aid in spectral band assignment, and we suggest assignments for some 
of the bands in the spectra based on temporal evolution.  

Finally, with the current work in place, we pave the way for identifying growth abnormalities 
in studies of bacterial cells in the presence of antibiotics or other types of inhibitors or environmental 
perturbations. Such abnormalities will report on the susceptibility of the bacteria to the perturbation.  

Supplementary Materials: The following supporting information can be downloaded at: Prepints.org, A 
document containing all supplementary figures and tables. 
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Abbreviations 

The following abbreviations are used in this manuscript: 
ATR Attenuated total reflectance 
FTIR Fourier transform infrared 
LB broth Luria-Bertani broth 
LDA Linear Discriminant Analysis 
LOOCV Leave-one-out-cross-validation 
PCA Principle component analysis 
SA6538 Staphylococcus aureus ATCC 6538 
SVD Singular Value Decomposition 
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