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The use of infrared spectroscopy 
and chemometrics to investigate deterioration 
in vegetable tanned leather: potential 
applications in heritage science
Elizabeth Dickinson1* and Kirsty E. High2*   

Abstract 

Vegetable tanned leather presents a unique challenge to conservators and curators of heritage collections, as little is 
known about how its physical and chemical properties change upon deterioration. Developing a better understand-
ing of deterioration processes would be incredibly valuable in informing the conservation, storage, and restoration of 
leather objects. Fourier Transform infrared spectroscopy (FTIR) used with attenuated total reflectance (ATR) is increas-
ingly applied in the heritage sector due to its relative ease of application and potential to be non-destructive. How-
ever, whilst FTIR has been applied successfully to the understanding of deterioration in other protein-based materi-
als such as parchment, its application to the analysis of leather has been limited, largely due to the highly complex 
spectra obtained. Here, we have developed multivariate statistical methods for the analysis of FTIR data obtained 
from a time-series of leather samples artificially degraded at different pH values. Principal component analysis (PCA), 
Partial Least Squares Discriminant Analysis (PLS-DA) and k-means clustering, when used together, are demonstrated 
as powerful tools in identifying early subtle differences in the FTIR spectra as leather degrades, identifying differences 
occurring over time and between different environmental conditions. We show that k-means clustering of time series 
data was able to highlight some areas of the spectrum that might be indicative of degradation, which more com-
mon chemometric techniques could not. The methods we describe here have the potential to widen the application 
of FTIR as a fast, non-destructive and reliable tool for assessing the condition of archaeological and historical leather 
objects, ultimately leading to better informed conservation, storage and restoration of these objects.
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Introduction
Archaeological artefacts made of leather are considered 
highly significant due to their comparative rarity and will 
often need to be conserved to ensure their long-term 
survival. One of the earliest existing examples of leather 
use dates from around 5000 BP in the clothing of Otzi 

the Iceman, discovered in the Alps in the early 1990s 
[1], although the discovery of associated tools such as 
bone needles and scrapers indicate that large animals 
were exploited for their pelts as far back as the early Pal-
aeolithic [2]. However, as leather is both structurally and 
chemically complex, artefacts can present a unique con-
servation challenge and determining the degree of dete-
rioration in an artefact is a crucial step in identifying an 
appropriate conservation method [3, 4]. Leather present 
in historical artefacts such as books can also deteriorate 
in storage due to a variety of environmental factors (e.g. 
light, humidity and heat) [5]. Understanding degradation 
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processes is therefore also an important part of deter-
mining the stability of museum or archive collections, 
for example in identifying increased degradation caused 
by storage or exhibition conditions. Identifying risks to 
an object due to accelerated degradation may be able to 
inform decisions made regarding the most appropriate 
storage or conservation of these objects. More sensitive 
analytical methods may provide the ability to recognise 
these risks at an earlier stage, hence leading to faster 
decision making.

Leather is a highly complex material formed from the 
processing of skin, which is composed primarily of layers 
of type I collagen: a hierarchical structure with a charac-
teristic coil formed by bundles of right-handed protein 
triple helices hydrogen bonded together [6]. These tri-
ple helices self-assemble into a network of fibres through 
intra-molecular cross-linking to form a highly stable 
macro-structure (Fig. 1) [6]. Further molecular stability is 
gained by introducing cross-links between collagen mol-
ecules via the use of tanning agents; tanning also adds 
properties such as flexibility and softness to the leather, 
allowing it to be used for multiple purposes [7]. The exact 
nature and structure of the tanning agent present will 
vary depending on the date of origin of a sample, but in 
archaeological leather they will most commonly be plant-
based compounds known as vegetable tannins: a diverse 
group of polyphenolic organic compounds [8, 9].

The exact route of leather degradation depends on fac-
tors such as the identity of the tanning agents and the 

environmental conditions it has been subjected to [10, 
11]. However, two key degradation pathways in vegetable 
tanned leather have been identified through experimen-
tal studies as acid hydrolysis and oxidative breakdown. 
[11, 12] Both processes are largely driven by environ-
mental factors and cause breakdown of both the tanning 
agent and protein structure, reducing cross-linking [10]. 
Aside from protein cleavage, oxidative breakdown leads 
to deamination of the amino acid side chains, affecting 
hydrogen bonding between the protein strands. There-
fore together, acid hydrolysis and oxidative breakdown 
reduce the stabilising forces of attraction afforded both 
by the natural composition of collagen and the tanning 
agents. Thus, the collagen eventually becomes a dena-
tured random coil rather than an ordered triple helix 
[13]. These molecular changes manifest as changes in the 
mechanical physical properties of the leather (e.g. fray-
ing, brittleness and loss of strength [14]). Both processes 
are affected by changes in pH, with oxidative breakdown 
being driven by alkaline conditions, and hydrolysis being 
acid catalysed [15].

Many analytical methods typically used to examine 
these changes (e.g. thermal analysis [14] or amino acid 
analysis [12]) result in loss of the sample, even if this is a 
very small amount, which has obvious drawbacks when 
applied to heritage objects. Analytical techniques also 
often require specialist instrumentation (e.g. scanning 
electron microscopy [3] or pyrolysis gas chromatogra-
phy [16]) or involve lengthy preparation (e.g. amino acid 

Fig. 1 Schematic showing a simplified structure of leather and the two major pathways of collagen degradation: hydrolysis and oxidative 
breakdown [10]
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analysis [12]). Fourier Transform -Infrared spectros-
copy (FTIR) can be used to detect alterations in protein 
composition and has been shown to reveal changes to 
the hierarchical structure of collagen. [17] When used 
with an attenuated total reflectance (ATR) attachment it 
is fast and requires little or no sample preparation [18]. 
Although FTIR-ATR can leave a small imprint on a mal-
leable sample such as leather, the damage is minimal, 
and no sample is lost. These factors mean that multiple 
analyses can be carried out across an object, providing 
a better evaluation of the entire object on which to base 
conservation decisions and make it an ideal technique for 
the analysis of heritage objects. Advances in instrumen-
tation, for example portable instruments or FTIR micro-
scopes which do not require direct contact, increasingly 
provide the ability to analyse larger objects and remove 
risks of damage [19]. Despite this, whilst FTIR has been 
successfully applied to the analysis of many collagen-
based materials including historic parchments [20] its 
application to leather is less well explored. This is largely 
because FTIR spectra obtained from leather is compli-
cated by the presence of tanning agents, making it very 
difficult to accurately assign all peaks in the spectrum 
[21, 22]. However, peaks relating specifically to the col-
lagen backbone (amide I, amide II and amide II) can be 
identified, and changes in these peaks have been shown 
to change when conformational changes within the col-
lagen occur [21, 23]. The hydrolysis or oxidation break-
down pathways of leather will result in other changes to 
the functional groups present which will be represented 
by changes to the related peaks in the FTIR spectra, for 
example an increase in carboxylic acid and amine groups 
due to cleavage of the peptide chains (Fig. 1) [10].

The application of multivariate statistical methods to 
FTIR data has shown promise in recent years [17, 25, 26]. 
Principal component analysis (PCA) to explore data and 
methods such as partial least squares regression (PLS-R) 
or PCA-Linear Discriminant Analysis (PCA-LDA) for 
classification and prediction are customary techniques 
in metabolomic and analytical chemistry studies. These 
approaches provide a way of visualising change in a large 
series of samples, identifying spectral regions of interest, 
and allow the separation of samples displaying different 
chemical characteristics. However, although unsuper-
vised techniques such as PCA describe the greatest var-
iance in data this may not be of interest to a particular 
study; therefore alternative techniques need to be devel-
oped to identify subtle “of interest” differences between 
samples which may otherwise go undetected. We have 
recently demonstrated that k-means clustering is a pow-
erful tool in identifying these subtle differences between 
sample groups or conditions using time-course data [25], 
when standard exploratory techniques were unable to 

identify variance related to the problem in question. One 
other potential drawback of using PCA is that, when ana-
lytical samples are similar, and compositional variance 
between samples is low, small differences appear exag-
gerated by PCA scores plots. Points which would be 
expected to be grouped together on the plots (for exam-
ple, technical replicates) tend to spread out and appear to 
be very different. One solution to this is to calculate the 
repeatability (the intraclass correlation or ICC) [26, 27], 
to gain confidence in data quality:

where the σ 2

between is the variance between group means 
(e.g. groups of replicates, one sample is a group); the 
σ
2

within is the within-group variance (the pooled variance 
over all groups of replicates [26]) and gives an indica-
tion of technical measurement error. A score of 0–1 
is obtained where the closer to 1, the more reliable and 
repeatable the data: 1 corresponds to no measurement 
error and zero means that all the variability in the data is 
due to experimental measurement error [27].

Clustering of time series is often used and developed in 
-omics technologies [28], and works by clustering similar 
trends or profiles over time. In this case, we have adapted 
the technique to cluster similar trends in intensity of 
FTIR wavenumbers, clustering and highlighting regions 
of the spectrum that change in a similar way over the 
time course. Like PCA, k-means clustering is an unsu-
pervised technique, therefore it uses no classification 
variables to cluster, clustering only on the basis of simi-
larity or closest trends, whichever classification group the 
data may be from. This also has the benefit that an ‘over-
fit’ model (one that fits the investigation data only) will 
not be produced. Despite not using class characteristics 
to cluster, it is possible to identify and isolate time series 
trends which are in separate clusters and belong to dis-
tinct classes, for example different pH conditions.

The aim of this investigation was to combine fast, rela-
tively simple, and, most importantly, non-destructive 
FTIR analysis of leather with time-course multivariate 
statistics. This novel approach aimed to identify subtle 
compositional differences between leather samples arti-
ficially deteriorated at high temperature in the laboratory 
under different pH conditions (pH 3 and 5), replicating 
environmental conditions under which ancient leather 
may degrade, particularly via acid hydrolysis. By identi-
fying regions of the FTIR spectra which subtly change, 
we aim to investigate whether applying chemometric 
approaches to FTIR data strengthens its applicability as 
a suitable tool for the analysis of structural and chemi-
cal changes in vegetable tanned leather as it degrades. 

repeatability =
σ
2

between

σ
2

between + σ
2

within



Page 4 of 13Dickinson and High  Heritage Science           (2022) 10:65 

To the best of our knowledge, this is the first time that 
such statistical models have been successfully developed 
using FTIR time-course data from degrading leather. 
These models have the potential to facilitate the effective 
application of FTIR for the analysis of leather degrada-
tion more widely, broadening its use as a diagnostic tool 
within the heritage sector and furthering understanding 
of the breakdown mechanisms of leather.

Materials and methods
Controlled degradation experiments
In order to create a time-series of samples with increas-
ing levels of degradation over a short time-scale, high 
temperature degradation experiments were carried out 
over 28 days. Experiments were carried out at both pH 3 
and pH 5 to create two distinct groups of samples, since 
acid hydrolysis is known to be a major breakdown mech-
anism of leather [10, 23].

Modern vegetable tanned cow hide that had been 
drum-processed using mimosa as a tanning agent over 
a three-week period, was obtained from Thomas Ware 
and Sons LTD leather processors. The sample was cut 
into pieces approximately 2 × 2  mm using a scalpel and 
one piece per experiment placed in a 2 mL glass ampoule 
before adding 1.5  mL of either pH 3 or pH 5 solution 
(created by adjusting ultrapure water with sulfuric acid; 
Fisher Scientific; tested using a calibrated glass pH probe; 
Denver instrument) [17]. Ampoules were heat sealed 
then placed in a furnace set to 80 °C for time periods of 
1  h, 2  h, 3  h, 4  h, 7  h, 18  h, 1  day, 5  days, 14  days and 
28  days. Each experiment was run in triplicate lead-
ing to a total of 63 experiments (10 time points × 3 
replicates, × 2 different pH conditions, plus 3 control 
untreated replicates). At the end of the heating time, the 
liquid was immediately removed and samples left to air 
dry in laboratory conditions for at least 3 days.

Analysis by FTIR
FTIR spectroscopy was carried out using an Agilent 
Cary 630 instrument with an ATR attachment and dia-
mond window. Dry samples were placed directly onto 
the crystal window and pressure applied. All samples as 
well as the starting material were analysed at 4  cm−1 res-
olution between 400 and 4000   cm−1, using an averaged 
126 scans. Before chemometric analysis, all spectra were 
baseline corrected with no other data pre-processing.

Chemometric analysis of FTIR data
Analyses were conducted in R version 3.4.4 (R Core Team 
2018, R Foundation for Statistical Computing, Vienna, 
Austria). Data was normalised to mean sum of the spec-
tral integral, and initial data exploration was performed 
using PCA on all samples, then repeated with UV-scaled 

data to prevent larger peaks dominating the analysis [29]. 
These analyses were repeated with a smaller spectral 
width of 800–1800   cm−1, to remove the effect of possi-
ble varying humidity on the FTIR spectrum (as the later 
part of the spectra is dominated by peaks influenced by 
the presence of water). Regions of the spectrum with the 
greatest variance were identified from the PCA loadings, 
and a summary of results is shown in Table  2. PLS-DA 
was conducted (both full spectrum and wavenumbers 
800–1800  cm−1), using the plsR package [30] with leave-
one-out (LOO) cross validation, to identify regions spe-
cifically responsible for classifying data, and finding 
variance, according to pH i.e. pH3 or pH5. Repeatabil-
ity of the data was calculated using the scores from the 
first two principal components to ensure that data was of 
high quality. To investigate differences between leather 
in pH 3 conditions and pH 5 conditions, scaled data 
was transposed to produce scaled time-series profiles of 
each FTIR peak for both pH 3 and pH 5, and the median 
time-series of each peak was calculated from the three 
replicates for each time point. Following this data prepa-
ration, the Elbow method [31] was used to determine the 
number of clusters required (k = 8) for k-means cluster-
ing, performed using the Hartigan–Wong algorithm. 
These observations were then reduced further by remov-
ing any for which the two profiles corresponding to the 
same peak (one from each pH group) clustered together. 
The remaining time-series, representing peaks that differ 
between the pH 3 and pH 5 data, were then ranked—for 
each peak represented, the Euclidean distance between 
the pH 3 and pH 5 time series was calculated from the 
original data and used to rank the peaks, to determine 
the profiles that changed most over time as a result of 
pH [26]. This k-means clustering procedure was also 
repeated over a smaller spectral width of 800-1800  cm−1, 
which is expected to encompass the majority of collagen 
related peaks (Supplementary Information). To ensure 
robust results, the outcomes of some k-means and PLS-
DA analyses were verified after removal of noise peaks 
between 400 and 500  cm−1 to ensure that this noise was 
not incorporated into any modelling.

Results and discussion
Two replicates (5 days at pH 5 and 28 days at pH 5) failed 
due to drying out of the samples during the high temper-
ature experiments and were discarded, leading to 61 suc-
cessful experiments. Samples treated for the longest time 
points (14 and 28 days) at both pH values displayed obvi-
ous darkening and increase in brittleness, observed visu-
ally. These changes are reflected in FTIR analysis, where 
the spectra obtained from the most physically altered 
samples display substantial differences to the starting 
material (Fig.  2). These changes include a reduction in 
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intensity of peaks at between 2800 and 3000  cm−1 which 
are likely to relate to non-structural components such as 
lipids and therefore not diagnostic of structural modifica-
tions to the leather [32]. A reduction in intensity of peaks 
at 1540   cm−1 (amide II) and 1235   cm−1 (amide III) are 
also very evident, and likely to relate to conformational 
changes within the collagen structure. A decrease in 
intensity of the C=O stretch at 1740   cm−1 is also likely 
to relate to deterioration of the leather, either within the 

collagen fibrils or tannin structure. Changes in the shape 
of spectral peaks can also be observed (e.g. the O–H 
and N–H stretch between 3000 and 3600   cm−1). Differ-
ences in peaks which could be attributed to more than 
one component (including tannins and contaminants 
from the manufacturing or experimental processes) are 
also seen, although these are likely to be less diagnostic 
of structural changes due to the potential contribution 
from multiple components (Table  1). Changes in peak 

Fig. 2 FTIR spectrum of untreated leather compared to that of sample treated for 28 days at pH3, with key peaks highlighted (peak assignments 
based on Malae et al. [33]). Some differences between samples can be observed through visual inspection of the spectra, particularly in the amide 
related peaks

Table 1 Summary of characteristic peaks in the FTIR spectra of leather

Many of the peaks have possible contributions from more than one element of the leather [22, 24, 32]

Wavenumber (approx) Functional group Possible component

3600–3200 O–H stretch Adsorbed water

3100–2800 C–H stretch

3220 (broad) N–H stretching

2925 (broad) C–H3 stretching Protein chain, lipids

2900 C–H bending Protein chain, lipids

2830 O=C–H stretch Aldehyde from degradation

2350 (broad) Sulfur (possibly from contamination)

2360/2340 doublet Carbon dioxide

1740–1750 R–C=O Esters in collagen, lipids

1660 C=O stretching Amide I

1656–1500 C–N–H bending Amide II

1380 C–O–C Amino acid side chains

1490–1300 C–H bending Deformation of protein and lipids

1258–1273 Protein backbone Amide III

1150 C–O–C stretch Cyclic ethers in tannins

1033 C–O–C=O Esters in tannins

990 C–O stretch

976 C=C Amide III
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position are also observed, for example the large peak at 
1640  cm−1 (amide I) has shifted to a lower wavenumber 
in the degraded sample.

At shorter timepoints the differences between spec-
tra were much more subtle, emphasising the possible 
benefits of using chemometric analysis to differentiate 
between less severely degraded samples. Further investi-
gation using statistical methods aimed to evaluate these 
differences as well as highlight additional areas of the 
spectra that may be diagnostic of degradation.

PCA on the (unscaled) data resulted in identifying 
changes in intensity of the largest peaks of the spectrum 
some of which could be identified by eye, as expected—
changes around 2900 (C-H bending), 1520 (Amide II) 
and 1640  cm−1 (Amide II). However PCA of scaled data 

(to prevent domination of larger peaks) showed that the 
greatest variance between samples was due to structural 
changes increasingly occurring over longer artificial deg-
radation times; when looking at principal components 
1–3 (accounting for total variance of 91%), little distinc-
tion was observed between samples degraded at pH3 and 
those at pH5 when the timepoint was the same (Fig. 3A, 
B), with the exception of samples at 14 days, where pH 3 
samples appear somewhat apart from pH5 samples across 
PC2 (Fig. 3A). For PC3 the variance described is between 
untreated leather samples and those degraded (both 
at pH3 and pH5). When analysing this scaled data, the 
peaks changing were different to those visually identified, 
and were identified by the PCA loadings (summarised in 
Table 2). When focusing on the region of 800–1800  cm−1 

Fig. 3 A, B PCA scores plots of the full spectrum analysis showing changes over time across PC1 and PC2 (A) and between control and degraded 
samples across PC3 (B). C, D PCA scores plots of the analysis of the 800–1800  cm−1 region, showing changes over time across PC1 and PC2 (C) and 
between control and degraded samples across PC3 (D)
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the same pattern was observed when plotting PCA scores 
(Fig.  3C, D), though no real distinction was observed 
between pH3 or pH5 samples at 14  days. This analy-
sis gave much more informative peak assignments than 
the analysis of the full spectrum. Again, when looking at 
principal components 1–4 (accounting for total variance 
of 93%), no distinction was observed between samples 
degraded at pH 3 and those at pH 5 when the timepoint 
was the same. Both scores plots in Fig. 3A, C show that 
there is considerable overlap between samples from 0 to 
18  h, and that structural change appears to occur from 
18  h onwards, with the greatest change (across PC1) 
between 18 h and 14 days, with distinction between the 
groups of replicates, particularly between 24  h, 120  h, 
14 days and 28 days.

The regions of the full FTIR spectrum which varied 
most, identified from the PCA loadings, are summarised 
in Table 2. The greatest variance in the data across PC1 
was in the region of 2450  cm−1 which appeared to change 
most between samples at 18  h and later time samples 
at 14 days (early time point samples had lower intensity 
than late time point samples; Additional file  1: Fig.  S1). 
Although there is no specific peak assignment here, this 
area of the spectrum is within a much wider spectral fea-
ture for the late time point samples. Figure 4 shows that 
samples from 14 to 28 days have generally much higher 

intensity in the general region of 2600–1800  cm−1 com-
pared to all other samples. By scaling the data to prevent 
dominance of larger peaks, the region around 2450  cm−1 
has been shown to have much higher intensity than other 
parts of the spectrum within this spectral feature. A sec-
ond region which appeared to change most between 
samples at 18  h and later time samples at 14  days was 
3220   cm−1 (O–H/N–H stretch), increasing in intensity 
between 14 and 28  days (PC2). Although much of the 
variance in PC2 is from changes over time, some con-
tribution is also from differentiation between pH 3 and 
pH 5 at 14  days, with pH3 having higher intensity than 
pH 5 (Fig. 4). For any other time group, no difference can 
be observed between pH of experimental conditions. 
Changes between degraded samples (both pH 3 and pH 
5) and controls were in the region of 1480   cm−1 (C–H 
bend), which had higher intensity for degraded samples. 
PCA of region 800–1800  cm−1 identified peaks changing 
between 18 h to 14 days: C–O–C cyclic ether stretching 
(1150  cm−1) and C–N–H stretching (1530  cm−1), both of 
which reduced in intensity as time increased, whilst C–O 
stretching (990   cm−1) increased. Differences between 
controls and degraded leather samples (pH 3 and pH 
5) were observed across PC3 (Fig.  3D) and PC4 (Addi-
tional file 1: Fig. 2), and peaks changing in intensity were 
C=O stretch (1685   cm−1; higher for degraded samples), 

Table 2 A summary of regions of the FTIR spectrum of leather, found through PCA/PLS loadings and k-means clustering, which 
change as a result of time, degradation or pH of surrounding conditions [22, 24, 32]

Analysis Result observed Influential regions 
 (cm−1)

Possible peak assignment

PCA: full spectrum PC1: changes over time
PC2: changes over time

2441–2501
3209–3229

None: spectral feature
O–H stretch, N–H stretch

PC3: Differences between control and degraded 1474–1496 C–N–H bend

PLS-DA: full spectrum Differences between control and degraded
Differences between pH 3 and pH 5

1490–1525
1000–1080
2849–2933
2329–2370
1705–1753

C–N–H bend
C–O–C=O in tannin ester stretch
C–H stretch
Sulfur (possible contamination)
C=O stretch

k-means: full spectrum Differences between pH 3 and pH 5 2911–2925
1738–1746
1140–1160
1019–1034

C–H stretch
C=O stretch
C–O–C cyclic ether stretch
C–O–C=O in tannin ester stretch

PCA: 800–1800  cm−1 PC1: changes over time
PC2: changes over time

1151–1196
1526–1539
989–998

C–O–C cyclic ether stretch
C–N–H bend
Amide III, C-O stretch

PC3: Differences between control and degraded
PC4: Differences between control and degraded

1684–1686
1341–1343
1030–1086
1258–1273

C=O stretching
C–N stretch, C–O stretch
C-O stretch
Amide III

PLS-DA: 800–1800  cm−1 Differences between control and degraded 1630–1648
1503–1531
997–1061

C–N–H bend/Amide I
C–N–H bend
C–O–C=O in tannin ester stretch

k-means: 800–1800  cm−1 Differences between
pH 3 and pH 5

1023–1031
1490–1511

C–O–C = O in tannin ester stretch
C–N–H bend
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C–N and C–O stretch (1342 and 1050   cm−1; lower for 
degraded samples) and amide III (1260  cm−1; higher for 
degraded samples).

Despite the apparent “spread” of replicates on PCA 
plots, repeatability of replicates was calculated (using 
scores from PC1 and PC2) at 0.85, therefore demonstrat-
ing that the data was of high quality, but suggesting that 
FTIR spectral differences between time points are likely 
to be subtle.

As with PCA, PLS-DA was conducted on the full spec-
trum followed by the more focused approach of analys-
ing 800–1800  cm−1; this technique was used to establish 
peaks changing most which related to the class of sam-
ple i.e. pH 3, pH 5 or control. Using the full spectrum, 
it is clear from the PLS scores plots that controls were 
simple to differentiate from degraded samples, whilst 
there is considerable overlap of pH3 and pH5 samples. 
By plotting Component 2 by Component 4 (Fig. 5A), the 
difference between control and degraded is observed 
(across Component 2) as well as some differentiation 
between pH3 and pH5 samples (across Component 4). 
Peaks changing between degraded and control samples 
(Component 2) were similar to those found in PCA i.e. 
1490  cm−1 (C–N–H bend), as well as 1030  cm−1 (C–O–
C=O stretch). Peaks which changed between samples 
degraded in pH 3 vs pH 5 were from C–H stretch, sul-
fur (assumed to be contamination from the sulfuric acid) 
and C=O stretch, at 2900, 2350 and 1740  cm−1, respec-
tively (Fig.  5B). When PLS-DA was conducted between 
pH3 and pH5 samples alone (controls excluded), the 
same peaks as in earlier analysis Component 4 (Fig. 5B) 

were found as most important in differentiating between 
the pH conditions. These peak intensity changes had not 
been identified by eye or unsupervised PCA. In con-
trast, when analysing the region 800–1800   cm−1 only, 
this technique was much less successful in differentiating 
between pH 3 and pH 5 samples, with significant over-
lap of samples on the scores plots (Fig.  5C), even up to 
Component 4. Changes in FTIR peaks between degraded 
and control samples were identified by PLS loadings 
(Fig. 5D) as C–N–H bend/Amide I (1635  cm−1), C–N–H 
bend/Amide II (1530   cm−1) and C–O–C=O stretch 
(1030  cm−1), as discussed earlier.

PCA is therefore very useful in giving insight into 
structural changes over time, but unable to distinguish 
the more subtle structural differences occurring due to 
varying pH of experimental conditions. Only when ana-
lysing the full spectrum of day 14 samples were some 
differences highlighted between pH of experimental 
conditions. PLS-DA was only semi-successful, when the 
whole of the spectrum is considered.
k-means cluster analysis was successful in identify-

ing the subtle differences in composition of the leather 
over-time as a result of pH of experimental condi-
tions, which the more common techniques PCA and 
PLS-DA were unable to achieve adequately. Figure  6 
shows the results of the k-means cluster analysis, where 
every line in the plots in the figure represents an FTIR 
data point, and how that data point or peak changes 
in intensity over time. There are twice as many lines 
in the figure as there are FTIR peaks in the spectrum, 
due to two different pH of experimental conditions; 

Fig. 4 Plots of the FTIR spectra of all leather samples. (Left) All replicates, coloured by time group, and the region to be expanded as shown right. 
The intensity is highest here for samples from 14 to 28 days. (Right) Expanded region of greatest variance, with the pH3 having higher intensity than 
pH5 samples (within time group)
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the black time series represent every FTIR peak at pH 
3, and the red time series represent each FTIR peak 
at pH 5. The y-axis represents the scaled peak inten-
sity, so that larger peaks again do not dominate the 
analysis. The figure clearly shows that many time-
series of FTIR peaks cluster separately depending on 
the pH of the conditions, with some clusters contain-
ing time series of peaks from only one pH. The peaks/
regions of the FTIR spectrum which changed most can 
be observed in Fig.  7, where the distance between the 
pH 3 and pH 5 trends (for each peak) are plotted by 
wavenumber; the greater the distance, the more differ-
ent the pH 3 time series is from its corresponding pH 
5 time series. When analysing all wavenumbers in the 
full spectrum, the greatest differences in intensities 

between pH conditions were exhibited in the regions 
of 2911–2925   cm−1 and 1738–1746   cm−1, supporting 
the PLS-DA results obtained when analysing the full 
spectrum for changes between pH 3 and pH 5 samples. 
Other FTIR regions which changed depending on pH 
were also identified, including around 2350, 1150 and 
1020  cm−1: these regions were also identified as chang-
ing most over time in the PCA results, and showed the 
greatest changes between control and degraded sam-
ples in the PLS analysis. The same spectral difference 
in the region 1023–1031  cm−1 was found in the analy-
sis using wavenumbers 800–1800   cm−1 only, alongside 
a region around 1500   cm−1, most likely from C–N–H 
bend/Amide III peak. This subtle difference between 
pH 3 and pH 5 was not identified in the PLS-DA when 

Fig. 5 A, B PLS scores plots (A) of the full spectrum analysis, showing changes between control and degraded samples across Component 2 and 
subtle differences between pH3 and pH5 samples across Component 4. Component 4 loadings (B) show the peaks in the FTIR spectrum which are 
different between pH3 and pH5 samples. And between control and degraded samples across PC3. C, D PLS scores plots (C) of the analysis of the 
800–1800  cm−1 region, showing changes between degraded and control samples across Components 1 and 2. Component 1 loadings (D) show 
the FTIR peaks responsible for this distinction between control and degraded samples
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specifically modelling the data based on control vs pH 
3 and pH 5, and was only identified as a region which 
may change between control and degraded samples 
(figures of the clustering of the 800–1800   cm−1 subset 
is shown in the Additional file 1).

Importantly, as well as isolating pH-dependent trends 
over time, crucial information on specifically how indi-
vidual peak intensities change over the duration of the 

time series can be examined, and if peaks from func-
tional groups are clustering together. K-means clustering 
has confirmed the results found using other chemomet-
ric techniques and found additional differences between 
pH3 and pH5 degraded leather, but we are able to use a 
targeted approach to compare how the FTIR regions of 
interest change over time from Table 2, specifically bonds 
in the collagen, depend on the pH of the surrounding 

Fig. 6 Clusters obtained from the k-means clustering of the time series trends for each peak in the FTIR spectrum of leather samples degraded at 
pH 3 (black) and pH 5 (red). Peaks following the same trends are clustered together, regardless of pH group

Fig. 7 Plots of distance (Euclidean) between pH 3 and pH 5 trends—the greater the distance, the greater the change in FTIR peak depending on 
pH. The analysis of 800–1800  cm−1 is shown on the left, with the same important regions included when the full FTIR spectrum is analysed (right). 
Missing regions are where no change is observed in the FTIR region depending on pH i.e. these peaks are clustered together for both pH 3 and pH 
5
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conditions: this is summarised in Table 3. It is clear from 
Fig.  6 that many of the pH3 trends (in black) are more 
‘extreme’ with greater minima and maxima when com-
pared to the corresponding pH 5 trend (in red). For 
example, cluster 6 (predominantly pH 3) has a general 
downward trend over time, with much greater minimum 
intensity at 14  days, when compared to cluster 1 (pre-
dominantly pH 5): these clusters contain O–H stretch, 
Amide III and C–N–H, Amide II peaks. Similarly, clus-
ter 7 (predominantly pH 5) contains time series of the 
intensities of peaks from Amide I, Amide II and Amide 
III together, gradually lowering in intensity over time. 
The same trend is observed for cluster 8 with the same 
corresponding pH3 peaks, however, cluster 8 shows a 
later drop to much lower intensity for later time points 
at 14–28 days. The O–H stretch bonds at 3400  cm−1 and 
in clusters 2 (pH 5) and cluster 4 (pH 3) are clearly also 
affected differently depending on pH, with cluster 4/pH 
3 showing greater maxima and minima within the trend 
over time compared to the corresponding peaks for pH 5.

The application of chemometrics to FTIR data of 
leather has proven to be a powerful data analysis tool, in 
that subtle structural changes to collagen can be detected 
in the FTIR spectrum over a short time course of deg-
radation. The application of ‘standard techniques’ such 
as PCA and PLS-DA have shown promise in detecting 
changes in the FTIR spectrum over time, and between 
control leather samples and degraded samples. Many of 
the peaks in the FTIR spectra for leather contain contri-
butions from more than one element (e.g. collagen, tan-
nins, or non-structural components such as lipids) and 
many overlap. This makes it difficult to assign peaks, and 

more difficult yet to interpret differences in the peaks. 
We must therefore acknowledge that the changes we’ve 
demonstrated need to be investigated further before 
being used as indicative measures of deterioration. Cer-
tainly, some of the greatest changes in the FTIR spec-
tra appear to be in the C–H stretch, which likely relates 
primarily to non-structural lipids and tannins. However, 
this highlights that these are the first changes to occur 
under such acidic conditions, and further analysis may 
reveal further information either about the degrada-
tion of tannins themselves or the tannin-collagen inter-
face. We have nevertheless shown that subtle changes, 
depending on how acidic conditions are, can be detected 
using clustering of time series, and PLS-DA. The results 
of the k-means has supported some of the PCA and 
PLS-DA results, ensuring a more robust investiga-
tion. Undoubtedly, other statistical approaches or clas-
sification methods could be applied to or data, such as 
genetic algorithms, classification and regression trees 
(CART) [15] or neural networks, however, the k-means 
results of establishing differences between pH3 and pH5 
spectra are more reliable than those of supervised tech-
niques, including PLS-DA; k-means is an unsupervised 
technique, therefore there is no possibility of overfitting. 
The fact that the greatest changes were observed in the 
peaks assigned to C–H stretch of the lipids and C–O 
stretch of tannins (peaks outside the 800–1800   cm−1 
region) explains why PLS-DA was unable to differenti-
ate between pH 3 and pH 5 degradation when analysing 
the 800–1800   cm−1 region alone. The development of 
k-means clustering of time series to investigate differ-
ences based on pH has also circumvented the ‘problem’ 
or innate feature of PCA, that PCA finds the greatest vari-
ance within data, regardless of whether or not this may of 
interest: in this case, the greatest differences were based 
on time, rather than pH of conditions. These spectral dif-
ferences over time were obviously of interest, but PCA 
was unsuitable to compare more subtle spectral changes. 
Although k-means clustering of time series would not 
be suitable to study archaeological leather discovered at 
one time point, it has been a crucial technique to show 
that specific functional groups change over time in the 
same way by clustering peak trends together, i.e. those 
assigned to amides and C–N–H bonds from the collagen, 
and those assigned to phenolic groups of tannins. It has 
identified specific FTIR regions of interest, and therefore 
highlighted areas of the spectra which may be indicative 
of important changes in chemistry involved in the degra-
dation of leather in increasingly acidic conditions. It has 
also confirmed that the more acidic conditions show a 
much greater effect on the structure of collagen, as one 
might expect. Finally, a reduction in intensity of amide 
C–N–H bonds/amide over time confirms a breakdown 

Table 3 Regions of interest in the FTIR spectrum of degrading 
leather, and how differently the time series trends cluster, 
depending on the pH of the surroundings conditions

Peak region of 
interest  (cm−1)

Possible peak 
assignment

Cluster for 
pH 3 (see 
Fig. 6)

Cluster for pH 
5 (see Fig. 6)

3400–3600 O–H stretch 4 2

3200–3400 O–H stretch 6 1

2900–3100 C–H stretch (lipids) 4 2

1750 C=O stretch 1 7

1685 Amide I 8 7

1560–1590 C–N–H, Amide II 6 1

1490–1559 C–N–H, Amide II 7 8

1470–1490 Amide III 6 1

1257 Amide III 8 7

1030 Tannin ester
C–O–C=O stretch

8 7

990 Amide III 8 7

Other regions – 5 3
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of collagen structure rather than a breakdown of tannins 
or non-structural components such as lipids. Although 
it is impossible to resolve peaks OH peaks (around 
3400  cm−1) of tannins from those within collagen, O–H 
bonds are clearly affected by changes in pH by the differ-
ent clustering of these groups for pH 3 and pH 5—this 
spectral change could correspond to the breakdown of 
the tanning agent or the breakdown of hydrogen bonding 
within the collagen structure.

Conclusions
FTIR is not currently widely used to determine changes 
in leather structure with degradation, largely due to the 
complexity of the spectra obtained making it difficult to 
confidently assign peaks and establish regions indicative 
of degradation. However, we have demonstrated that the 
development and combination of time-series chemomet-
ric techniques applied to FTIR have the potential to be 
powerful tools. We do not suggest that this work alone be 
used as a predictive model to discern the age of degrading 
leather; what we show is that our untargeted approach 
has undoubtedly identified families of peaks that are 
affected in the same way over time, together showing 
structural changes of the collagen in leather caused by 
acid hydrolysis, rather than just the breakdown of tan-
nins. Moreover, we prove that these structural changes 
based on the pH of the surrounding conditions are very 
subtle, but clearly different and identifiable by combined 
FTIR and multivariate statistics. Our work supports that 
of Vyskočilová et  al. [17], who also used chemometrics 
and FTIR to monitor the breakdown of collagen and deg-
radation of leather. However, our study goes further, in 
that we are able to discern much more subtle changes in 
the leather structure earlier in the degradation process, 
and between different acidic conditions. Our work shows 
that there is significant promise in using FTIR to further 
investigate leather degradation, and this study could be 
used as a platform for targeted work aimed at under-
standing the deterioration of archaeological and histori-
cal leathers. Indeed, by acquiring FTIR data on leather 
samples of known age/environmental conditions and 
focusing on the most important peaks or spectral features 
reported in this work, it would be possible to build much 
simpler predictive models that could be used to predict 
the state of degradation of newly discovered archaeologi-
cal leather samples, crucial to determining appropriate 
conservation treatment. These models could then poten-
tially be applied effectively by heritage scientists who are 
not expert in the field of chemometrics. Furthermore, 
our k-means approach opens up the possibilities for FTIR 
to be used to assess and monitor degradation of other 

heritage materials over shorter timescales, for example, 
whilst changing storage conditions or moving archaeo-
logical materials, allowing the evaluation of subtle dif-
ferences. As such, potential risks to preservation may be 
noticed at an early stage, allowing appropriate action to 
be quickly taken and better safeguarding cultural heritage 
materials.
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