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Residues on unglazed Roman pottery:
extraction of organic spectral signatures
via ATR-FTIR and machine learning
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The study of organic residues on archaeological objects offers invaluable insights into past human
behaviours, including diet, trade, storage, and ritual practices. Here, we present an innovative
analytical approach that combines attenuated total reflectance Fourier transform infra-red
spectroscopy (ATR-FTIR) with machine learning techniques to extract spectral signatures for
identifying organic residues within complex inorganic matrix, primarily depositional materials in
archaeological contexts. Themethodology was applied to the study of six unglazed ceramic artefacts
coming from a sealed context of a taberna looking onto the Forum area of the archaeological site of
Peltuinum Roman city, central Italy. The probable commercial nature of the taberna and the porous,
unglazed pottery supported the high probability of organic residue preservation. The analysis
successfully identified lipidic residues in twoobjects: a fewAfrican typeDsealed earth plate fragments
with black staining and a few common pottery olla fragments. These residues were notable for the
absence of proteins and polysaccharides. Infra-red spectroscopy together with machine learning
extracts organic spectral features at 2921, 2853, 1737 cm−1, indicative of resins, suggesting its use in
food preparation or ritual activity. Furthermore, additional markers at 2951, 2918, 2852, 1701, 1558,
1462, 1247, and 1160 cm−1 were attributed to a degraded oil, likely associated with ancient culinary or
ritual practices. The findings underscore the value of a non-destructive methodology, enhanced by
machine learning, for the detection of organic residues in complex archaeological contexts, especially
where molecular signals are masked by interference from archaeological soils. This advanced
approach provides a reproducible and chemical-free strategy for the detection of organic spectral
features in ancient pottery, significantly enhancing the reliability and efficiency of archaeological
organic residue analysis.

Pottery is one of the most significant classes in archaeological findings,
offering crucial insights into daily practices, social organisation of past
populations1–3. As containers, they stored traces of their use, trapping resi-
dues of content materials which underwent to degradation process. The
analysis of residue traces allows for the identification of organic compounds
that may serve as markers of past cooking or storage activities, thus helping
to distinguish between functional and decorative vessels. Specifically, vessels
may retain organic matter in three distinct forms: (1) as loose or semi-aged
residues of the original contents that remain inside the vessel; (2) as visible
surface deposits or encrustations on the interior and exterior surfaces; and
(3) as organic compounds that have been absorbed into the ceramic matrix

through prolonged contactwith foodstuffs or liquids, and are not detectable
throughvisual inspection4.Therefore, the analytical investigationof residues
on vessels used for storage, cooking, and related functions plays a key role in
reconstructing ancient dietary practices, ritual behaviours, and trade
systems5,6.

Organic residue analysis (ORA) encompasses a range of analytical
techniques aimed at the identification and characterisationof archaeological
organic spectral features that serve as indicators for tracing back the former
presence of high-molecular-weight compounds such as lipids, proteins,
carbohydrates7. Lipids, inparticular, have been a focus of sustainedattention
because their relative chemical stability and hydrophobic nature often
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contribute to their excellent preservation in archaeological contexts8.
However, recent research has shown that proteins can also survive over
extended timescales under favourable conditions. Fats and oils were widely
used in antiquity, both in food preparation and in the production of
unguents, often for ritual or ceremonial purposes.

Lipids undergo physicochemical alterations that may compromise the
preservation of their original molecular signatures. Notably, the formation
of calcium fatty acid salts, promoted by calcium carbonate, and common
degradation processes such as oxidative cleavage of aliphatic double bonds
and ester hydrolysis, contribute to the generation of free fatty acids
(FFAs)9–13. Key lipid organic spectral features include FFAs, mono-
acylglycerols (MAGs), triacylglycerols (TAGs), diacylglycerols (DAGs), and
sterols9–13. Therefore, pinpointing specific organic molecules is crucial for
reconstructing the foods andmaterials storedor processed in the containers.

The detection and characterisation of these materials is commonly
carried out using analytical techniques including gas chromatography-mass
spectrometry (GC-MS), nuclear magnetic resonance (NMR) and Fourier-
Transform Infra-red Spectroscopy (FT-IR)14–18. Recent studies demonstrate
that machine learning algorithms effectively uncover hidden patterns in
complex, large-scale datasets through both supervised and unsupervised
approaches19–24.

In this study, unsupervised machine learning together with Fourier
transform infra-red spectroscopy (FTIR) was employed to detect traces
of organic residues on a set of unglazed pottery fragments excavated from
the Roman forum of Peltuinum (AQ, Italy)25, a non-permanent ancient
settlement in the Central Apennines (province of L’Aquila). Peltuinum
was founded in the mid-1st c. BC on a plateau, which, since pre-Roman
times, was a resting place for sheep moving from Central Italy to
Northern Puglia. The abandonment of Peltuinum is due to a sequence of
strong earthquakes that hit the region from the mid-4th c. to the mid-5th
c. AD. The final seismic event led to the spoiling of all structures and to
the reusing of the area for agricultural purposes. The Roman city had an
orthogonal layout with the major public buildings located in the most
suitable area. The main temple faced one of the short sides of the rec-
tangular square, the forum; on both long sides were public buildings with
different functions. On the eastern side, a row of rooms of equal size
housed tabernae, offices, workshops, etc. Despite agricultural works,
small parts of the rooms remained undamaged. The excavations docu-
ment many interesting situations. An intact collapse context inside a
probable commercial place (room 2) offered the opportunity to verify the
contents of some containers that remained crushed on the floor under
the roll fall.

Given the heterogeneity of the spectroscopic dataset and the potential
masking of organic residues by signals from archaeological soils, the iden-
tification of spectral bands is achieved through a computational extraction
method, thereby avoiding solvent-based chemical procedures. This study
aims to provide a preliminary investigation into the application of spec-
troscopic and chemometric techniques for the non-destructive analysis of
archaeological residues. Figure 1 shows the archaeological site of Peltuinum.

Results
The methodological details are provided in the “Materials and methods”
section.

Microscopic pre-screening analysis revealed a variety of traces dis-
tinguished by differingmorphologies and textures.Owing to the presence of
concretions and residues on both the interior and exterior surfaces of the
fragments, multiple internal and external areas were examined. Figure 2
shows six microscopic images corresponding to six areas of interest. While
visible spots in black andwhite-yellowhues are evident, the heterogeneity in
texture andmorphology prevents the identification of consistent similarities
among these spots across the examined areas. Figure 2a, c both show black
spots; however, Fig. 2a exhibits a diffuse, smooth and flat appearance,
suggesting the absorption of materials by the bulk of the object. In contrast,
Fig. 2c shows a dense, thick formation resembling a surface crust. Similar
distinctions are observed in the white-yellow staining. Figure 2d, e are
representativeofwhite-yellowcrusts foundondifferentportionsof the same
object, notably in Fig. 2d, where the crust exhibited a waxy consistency. In
comparison, Fig. 2b, f reveals heterogeneous spots, consisting of both white
deposits and darker areas in various shades of black, with a diffuse and
layered structure.

Preliminary microscopic screening revealed the heterogeneous and
multilayered nature of the observed traces, whose variability inmorphology
and texture does not allow any reliable classification based on images alone.
Although two dominant colours, white-yellow and black, were observed, no
consistent correlation with specific morphological features could be estab-
lished. To overcome this limitation and investigate their molecular com-
position, ATR-FTIR spectroscopy was employed. Figure 3 shows the FTIR
absorbance spectra acquired from the analysed residues, where three dis-
tinct ranges can be identified (Fig. 3a, b), corresponding to the presence of
organicmaterials, carbonates and silicates.Analysis of the spectral data from
all 72measurement points (MPs) reveals that the chemical heterogeneity of
the residues is reflected in the spectral features, which arise from the
coexistence of mixed materials with overlapping vibrational signals. Fur-
thermore, the slow degradation of the original materials over time has
resulted in the formation of secondary compounds and the alteration of
functional groups. A detailed examination of three representative spectra
(Fig. 3b) reveals significant differences in the functional group and finger-
print regions. The spectral region between 3000 and 2000 cm−1 is attributed
to organic materials, with variations in shape and intensity relating to the
vibrational bands of OH, CH₂ and CH₃26–28. It is interesting to note that at
least one spectrum, R12, does not display these vibrations. In the fingerprint
region, vibrations associated with silicates (1100–900 cm−1)29,30 and carbo-
nates (1500–1200 cm−1)31,32 are clearly identifiable. However, the
1800–900 cm−1 range shows significant variation in at least one sample, R8.
This sample exhibits a markedly different texture and morphology under
microscopic examination. Furthermore, compound assignment within this
range is difficult due to overlapping spectral contributions.

To identify individual spectral regions without interference or peak
overlap and,more importantly, to determinewhich compounds are specific

Fig. 1 | Archaeological site of Peltuinum. a Aerial view of Peltuinum. In the foreground, the main public area (oblique aerial photograph from east). b Forum schematic
drawing, north top. Yellow: road network; asterisk: location of the analysed artefacts. c Pottery crushed under the collapsed roof.

https://doi.org/10.1038/s41538-025-00665-8 Article

npj Science of Food |           (2026) 10:17 2

www.nature.com/npjscifood


to each object or fragment, a principal component analysis (PCA) was
computed. ATR-FTIR spectroscopic data were organised into a 72 × 13.486
matrix as variables on the entire spectral range. PCA, consisting of three
principal components (PCs), accounts for a total of 96% of the variance.

Figure 4 shows the loading plot for the first two PCs. Sixty-one percent
of the data (PC1) indicates the presence of inorganic materials, specifically
carbonates and silicates, which are associated with the archaeological con-
text of silt-lime-rich substrates. It is also noteworthy that the loading
highlights an overlap in the carbonate band, evidencing two bands at 1408
and 1394 cm−1, which are related to the asymmetric stretching mode of the

carbonate ion (CO₃²⁻)31,32. The overlapping in the carbonate band is
attributed to the coexistence of different polymorphs of calcium carbonate,
such as dolomite and calcite31, and the presence of silicates33, consistent with
the archaeological context.

Table 1 reports the relative wavenumber absorbances.
Lipid vibrations at 3000–2800 cm−1 (Fig. 4 and Table 1) are negative,

indicating their absence. Interestingly, the OH bending region is absent in
the total variance of PC1, indicating that this range is not related to inter-
stitial water from the surrounding soil. One-third of the data (PC2), on the
other hand, shows characteristic lipid vibrations, as well as a silicate region

Fig. 2 | Microscopic images of selected areas. a Black staining R8, inner surface of a
plate—PE 22 S.97_US 1773_3fr (B); b co-presence of black and white–yellow spots
R30, outer part of the olla fragment—PE 22 S.97_US 1773_10fr (H); c black spots
R27, inner part of the olla fragment—PE 22 S.97_US 1773_10fr (H); d yellow–white

spots with waxy appearance R18, outer part of the plate fragment—PE 22 S.97_US
1773_3fr (C); e white–yellow crusts R12, external area of the plate fragment—PE 22
S.97_US 1773_3fr (B); and f co-presence of both colours R24, outer part of a different
fragment of the olla—PE 22 S.97_US 1773_10fr (F).

Fig. 3 | ATR-FTIR of collected spectra.
a Vibrational bands of 72 collected samples, wave-
numbers are on X-axis, ranging from 3900 cm−1 to
650 cm−1. Spectra in bold emphasise recurring
absorption bands. bFTIR spectra of three points, R8,
R30, R12, selected for their different spectral profile
and observed microscopic variations.

Fig. 4 | Loading plot PC1 and PC2. The different
colour line of the absorption bands is due to the PC
they belong to, black for PC1 [61%] and red for PC2
[30%]. The figure highlights both specific bands and
spectral ranges of interest. Green shaded zones are
ascribed to organic contributions of lipids; red sha-
ded zones are the absorptions of carbonates, while
yellow stripes are silicates. The grey-shaded region
corresponds to the hydroxyl stretching band, which
is indicative of ageing.
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associated with the bulk material of the pottery. Furthermore, the loading
plot reveals the presence of different compounds, particularly at 1160 cm−1,
1701 cm−1, 1652 cm−1, 1740 cm−1 (Table 1) andwhere triglyceride esters can
be identified27,34,35, providing additional confirmation of the presence of
organicmaterials. PC2 shows that the intensity of theOHstretching band at
3380–3330 cm−1 is linked with the organic compounds. Indeed, the
occurrence of the hydroxyl group can be attributed to both the O–H group
in clay minerals26 and to the presence of FFAs35,36. In fact, certain organic
compounds related to lipids, such as oils, exhibit a broad band in the
hydroxyl stretching range upon ageing11,37. This is due to the chemical
reaction between the double bond of the aliphatic chain (C=C) and water,
which may lead to the formation of by-products such as alcohol and FFAs
throughpartial hydrolysis. In addition, absorption related to the carboxylate
group of fatty acids is evidenced by the absorption bands at 1558 cm−1,
confirming the presence of lipid-based organic materials in these MPs.

Signals attribution to organic resin–oil-based materials and spectral
regions of interest were compared withmodern resin and oil standards (see
Supplementary Fig. 7 and SupplementaryTable 3). The standard spectra are
pure, undegraded materials, while the loading profiles along PC2 and PC3
describe the features of chemically altered lipidic residues26–28. Moreover,
this comparison underscores the discriminative power of the technique,
clearly showing how the spectral profiles of pure compounds differ from
those of degraded archaeological materials.

Figure 5 shows the score plot, where theMPs are distributed according
to their multivariate profiles, reflecting similarities and differences asso-
ciated with the variables highlighted in the corresponding loading plot
previously discussed in Fig. 4. Approximately 60% of the MPs, including

Table 1 | Assignments of the IR absorption bands are
evidenced by the loading plot of PC1 vs PC2, as illustrated in
Fig. 4

Wavenumber [cm−1] Functional group Compound Reference

3380-3330 νOH Water/Lipids 26

2951 νCH3 Lipids 27

2920 νCH Lipids 26–28

2852 νCH2 Lipids 26–28

2515 2νCO3
2− Carbonates 26,34

1795 2δCO3
2− Carbonates 26,34

1740 νC=O Lipids 26,35

1701 νC=O Lipids 27,36

1652 δOH Water/lipids 34,51

1558 νCOO- Lipids 27

1462 scissoring CH2 Lipids 51

1408–1394 νCO3
2− Carbonates 31,32

1247 δ out of plane CH2 Lipids 51

1160 νC–O Lipids 28

1008–1040 νSiO Silicates 29

778 SiO Silicates 30

798 SiO Silicates 30

876 δCO3
2− Carbonates 31

713 δCO3
2− Carbonates 31

Fig. 5 | Score plot of all collected measurements. The gathered data are presented
with two different colours based on how the points have been sampled, more spe-
cifically, red dots stand for inner sampling and blue dots for external sampling. Soil
measurements are signed with black dots. Soil samples collected from the

containment bags of the objects were labelled as “S” (for more details, please see
SupplementaryMaterials). a Score plot of PC1 andPC2;b score plot of PC2 andPC3.
To better highlight the attribution of individual MPs to specific ceramic objects,
additional markers were used, see Supplementary Table 2.
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both interior and exterior surfaces, show a common molecular fingerprint,
suggesting a similar composition of the deposited material, likely resulting
from long-term interaction with the original depositional environment.
These points are distributed primarily along PC1, which corresponds to the
mineralogical gradient of the soil, particularly in terms of carbonate content.
Within this main group, a certain degree of dispersion is evident, likely due
to micro-variations in the depositional context or degradation dynamics.
However, two additional and distinct groups are detected: one still con-
nected to the original depositional environment context but with a slightly
modified profile, and another showing a divergent distribution dominated
by PC2, indicative of a different compositional phase. These findings
highlight the complexity of residue formation and the value of PCA in
distinguishing between overlapping yet compositionally distinct signatures.

In the score plot (Fig. 5a), the MPs are mainly distributed along PC1,
with low variance along PC2. The signal similarity along PC1, where both
theMPs and soil samples cluster, ismost likely attributable to thepresenceof
common soil-related contaminants, such as carbonates and silicates. These
are expectedgiven theoriginaldepositional environmentof the artefacts and
reflect shared inorganic components rather thanmolecular homogeneity in
organic residues (spectral differences described by PC2 and PC3). There-
fore, PC1suggests an overall spectral homogeneity due to a shared inorganic
background. By observing the distribution of the MPs along PC1, the
concentration of calcium carbonate increases from left to right, indicating a
higher abundance of inorganic compounds associated with the geological
matrix of the excavation site, as confirmed by the presence of soil, marked
with the letter ‘S’on theplot. Indeed, reference soil samples, S1, S2, S3, S4, S5,
and S6, all of which fall within the region of high positive variance of the
PC1 axis.

In contrast, PC2 is predominantly associated with lipid-related
absorption bands, as shown by the loading plot shown in Fig. 4. Conse-
quently, MPs projecting toward positive values along the PC2 axis are
primarily characterised by the presence of organic compounds, likely due to
lipid preservation. Along PC2, fiveMPs (R8, R9, R10, R11, and R17) exhibit
notably distinct variance, forming a cluster in the second quadrant. These
points were collected from different fragments of the same object, a plate
(see Supplementary Fig. 1), in areas where black staining had been pre-
viously observed during microscopic pre-screening (Fig. 2a). R9 and R10
overlap in the plot, as samplings were carried out at the same location to
investigate potential residue stratigraphy, which was ultimately not
observed.Within this cluster, lipid-related features appear consistent across
the MPs, except for R8, which shows significantly higher variance along
PC2. FTIR spectral data are indicative of an organic residue, with the
absence of protein-related bands (Amide I, II, and III)38, potentially pointing
to a vegetal origin and a partial hydrolysis of triglycerides. Additional MPs,
R1 and R2 (III quadrant), and R3 and R4 (IV quadrant), although sampled
from adjacent areas within the interior surface of the same ceramic vessel,
display differences in their spectral profiles. These variations are likely
attributable to differing amounts of soil-related contaminants,which appear
to increase progressively from left to right along PC1. Differences may also
relate to the depositional environment exposure across the sampled areas of

the same fragment. The clustering of R9, R10, and R17 further suggests
compositional similarity of the organic residues, corroborated by the pre-
sence of black stains (see Supplementary Fig. 1). This supports the inter-
pretation of residue homogeneity within the vessel, as R8, R9, R10, and R11,
sampled from one fragment, share comparable spectral features with R17,
obtained from a different fragment of the same plate. These groupings were
consistently observed across replicates, thereby confirming the reliability
and reproducibility of the analytical approach.

As a validation of the robustness of the model and its total cumulative
variance of 97%, score plots (PC1 vs PC2 and PC2 vs PC3) with 95%
confidence ellipses for each sample group were computed (see Supple-
mentary Fig. 8).

Figure 5 shows PC2 and PC3 variance, where the influence of carbo-
nates and silicates is reduced. Observing the residual variance (6%) is pos-
sible to observe another notable group that consists of threeMPs, R29, R30,
and R27, where organic traces are found both externally and internally.
These MPs are collected from a common pottery olla fragment (see Sup-
plementary Fig. 2). The FTIR spectra indicate the presence of specific
absorbance bands at 2920, 2852, 1740 cm−1 related to other vegetable
compounds such as resins PC3 is associated with the shape of the silicate
absorption band in the range 1008-1040 cm−1 and with the doublet
absorption bands of quartz at 778 cm−1, 798 cm−1. Moreover, in contrast to
the PC1 and PC2 curves, the PC3 loading shows two shoulder bands in the
silicate range, at 920 cm−1 and 1100 cm−1. Silicates are indeed associated
with the excavation soil (see Fig. 6). The shoulder bands can be attributed to
the presence of clay minerals39,40 and the additional presence of quartz
underscores the dominant influence of the geological matrix also in the
PC3 curve.

Figure 7 shows the spectra inwhich thePCA identifies organic traces in
theMPs located on the plate PE 22 S.97_US 1773_3fr (Fig. 7a) and theMPs
in the olla fragment H, PE 22 S.97_US 1773_10fr (Fig. 7b). Figure 7a shows
that a vegetable resin is present on the internal and external surfaces of the
olla, as indicated by the absorbance bands at 2921 cm−1, 2853 cm−1 and
1737 cm−1. The MPs presented in Fig. 7b, R30, R31, and R27, are part of a
broader group ofMPs collected from the external surface of olla fragmentH
(see Supplementary Fig. 4). This group includes MPs R28, R29, and R32,
which, despite being sampled in close spatial proximity to the others, did not
exhibit evidence of organic residues in the PCA score plot. Spectral analysis
of R28, R29, and R32 reveals that the absorbance profiles are dominated by
intense signals associated only with silicate and carbonate phases. These
findings highlight compositional differences through PCA even within
sampling areas that are macroscopically uniform. Moreover, this outcome
describes the spectral complexity of the dataset, in which inorganic matrix
components canmask low-intensity bands indicative of organic residues. By
contrast, Fig. 7b shows spectral features that are consistentwith an oil-based
compound found inside the plate, with characteristic absorbance bands at
2951 cm−1, 2918 cm−1, 2852 cm−1, 1701 cm−1, 1558 cm−1, 1462 cm−1,
1247 cm−1 and 1160 cm−134. These chemical differences highlight the dis-
tinct nature of the residues found in the two objects. Both figures exhibit
hydroxyl-related bands at 3360 cm−1 and 1647 cm−1, which are

Fig. 6 |Loading plot of PC1, PC2 andPC3. The black
curve is PC1, the red curve is PC2, and the green one
is PC3, the absorption IR bands are variables of the
loading plot.
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characteristic of degradationproducts suchas alcoholsorFFAs.Notably, the
MPs identified as oil-based exhibit a larger number of organic-related
absorbance bands, which also appear with significantly greater intensity
than those observed in resinous residues. This combination contributes
more substantially to the overall variance described by PC2 in the PCA
model, resulting in the clustering of oil-associated points at higher PC2
values in the score plot.

Discussion
This study demonstrates the efficacy of an integrated analytical approach
combining ATR-FTIR spectroscopy with machine learning techniques to
identify organic residues within complex inorganic archaeological matrices.
The molecular analysis of pottery fragments revealed a heterogeneous
composition dominated by silicates and carbonates, which makes the
detectionof organic spectral features challengingdue tooverlapping spectral
features. Nonetheless, specific spectral signatures in the functional group
region, supported by preliminary microscopic observations, indicate the
preservation of organic compounds. The application of unsupervised
methods, particularly PCA, facilitated the reduction of spectral complexity
and the identification of key absorption bands characteristic of both inor-
ganic and organic residues. Notably, residues containing FFAs associated
with degradation processes were identified on several MPs, suggesting
functional usage related to food storage, consumption, or ritual practices.
Inorganic residues were characterised by absorption bands at 2515 cm−1,
1795 cm−1, 1408–1394 cm−1, 876 cm−1, and 713 cm−1, associated with car-
bonates, and at 1100 cm−1, 1008–1040 cm−1, and 922 cm−1, attributed to
silicates. Distinctive spectral markers for organic residues were also identi-
fied at 3380–3330 cm−1, 2951 cm−1, 2920 cm−1, 2851 cm−1, 1701 cm−1,
1558 cm−1, and 1160 cm−1. These features may indicate the presence of
lipids, while the absence of signals typically associated with polysaccharides
and proteins could suggest that the organic residues are predominantly of
plant origin, such as oils or resins. Furthermore, the hydroxyl stretching
band within the 3380–3330 cm−1 range serves as a marker for degraded
material. FiveMPs (R8,R9,R10,R11, andR17, locatedon theAfrican typeD
sealed earth plate PE 22 S.97_US 1773_3fr) were identified as black stains
associated with degraded residues containing FFAs, which suggest ageing
processes of organic compounds originally stored within the artefact. The
spatial distribution and chemical nature of the residues suggest a functional
use of the object, linked to food storage, consumption, or ritualistic activities.
Organic residues were also detected in a second artefact, a common pottery
olla (PE 22 S.97_US1773_10fr) onR27,R9, andR30MPs.Notably, residues
were found on both the internal and external surfaces of the vessel, sug-
gesting a functional use of the object. The presence of the same molecular
signature in the external MP supports the hypothesis of an outward
migration of the organic content, possibly resulting from culinary or ritual
practices, or alternatively, the residues could be drips from pouring the
liquid into a different container. These findings underscore the potential of

combining ATR-FTIR spectroscopy with machine learning as a non-
destructive and effective strategy for reconstructing past human activities,
offering valuable insights into the functional and cultural significance of
ceramic artefacts within their archaeological context. As widely reported in
the literature, the combined use of PCA and ATR-FTIR spectroscopy is an
effective strategy for exploring similarities and compositional differences
among materials. This approach allows for the identification of dis-
crimination criteria based on spectral features, enabling unsupervised
clustering without relying on predefined classification models41–43. Building
on this established framework, the present study has applied this combined
methodology to the individuation of functional objects in a dataset. The
results of this study can be meaningfully compared to those from other
Roman sites. Notably, our findings are consistent with widespread
archaeological evidence indicating that amphorae were commonly
employed across the Roman Empire for the transport and trade of con-
sumable goods such as oil44,45. Moreover, the detection of resinous sub-
stances in the ollamay be associatedwith thewidespread practice of internal
sealing or resin coating of amphorae, a technique well documented in
Roman contexts, especially when the olla are used to trade wine46,47. This
suggests that the vessel PE 22 S.97_US 1773_10fr might have been used for
transporting liquid goods. These findings underscore the potential of inte-
grating spectroscopic techniques with machine learning for the study of
organic residues, laying the groundwork for future in-depth investigations.
While the results demonstrate the potential of the non-destructive and new
approach in providing insights into the material characteristics and func-
tional use of the objects, it is important to acknowledge the limitations
inherent in the absence of direct chemical validation. In this regard, com-
plementary techniques such as GC-MS could offer more definitive
molecular-level identification; however, their inherently destructive nature
poses a significant constraint, particularly when working with rare or
valuable archaeological materials.

Methods
The six objects under examination were discovered in the Roman forum
area of the Italian archaeological site of Peltuinum (AQ, Italy) and
encompassed different pottery classes and shapes, including anAfrican type
D sealed earth plate decorated with a wheel, a common pottery olla, and
amphorae decorated with engravings. The categorisation of the analysed
objects was based on their archaeological denominations. The object set
comprised six ceramic artefacts, including one fragmented plate (see Sup-
plementary Fig. 1), four fragmented amphorae (see Supplementary Figs. 2,
4, and 5 and Supplementary Tables 1 and 2), one of which was a decorated
amphora (see Supplementary Figs. 3 and Supplementary Tables 1 and 2),
and one unique intact decorated amphora (see Supplementary Fig. 6 and
Supplementary Tables 1 and 2).

The recovered objects were found within the same stratigraphic layer
associated with the collapse of the roof of a tabula. From a conservation

Fig. 7 | ATR-FTIR spectra of measurement points
with organic traces. a Spectra of MPs n. R8, R17,
R11, R10, R9, collected in the internal surfaces of two
fragments, B and C, of the plate PE 22 S.97_US
1773_3fr, absorption bands of lipid are highlighted
by green lines. For comparative purposes, the spec-
trum of S2 MP, representative of the archaeological
soil, is also shown. b Spectra of MPs: R30, R31,
gathered from the external surface and R27 sampled
on the internal surface of the fragment H of the olla
PE 22 S.97_US 1773_10fr, absorption bands of lipid
are highlighted by green lines. The spectrum of MP
S2, corresponding to the archaeological soil, is
included for comparison.
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perspective, the artefacts were effectively “sealed” by the overlying layer of
collapsed roofing material. Differences in the morphology of the deposits
were observed during both macroscopic and microscopic investigation of
the samples. It was thus possible to distinguish between visible surface
deposits (white and yellowish, of carbonate nature) and residues absorbed
within the porous ceramic matrix. The latter were sampled primarily
because they could be easily detached as compacted aggregates within the
ceramic fabric. In contrast, those present as thin blackish filmswere scraped
from the surface. Both types of residues yielded spectra exhibiting the same
spectral features in the lipid-associated regions. No chemical pretreatment
was applied to the samples prior to analysis, to preserve the original residue
composition.

A total of 66 measurement points were collected from a total of 37
archaeological fragments belonging to all the 6 different objects to investi-
gate the presence of inorganic and organic residues.

In addition, 6 samples of the archaeological soil were collected, one
corresponding to each container bag of the objects.

Optical microscopic observation
Microscopic inspection was executed with a Jiusion HD USB microscope
with a maximummagnification of 1000× and a resolution of 1920 × 1082p.

Therefore, some areas werewashedwith distilledwater to find possible
layering beneath the calcareous-siliceous crusts.

FTIR-ATR spectroscopic analysis
Collected samples were subsequently analysed with a Fourier Transform
Infra-red (FTIR) spectrometer in attenuated total reflectance (ATR) mode.
FTIR-ATR spectra were recorded with a Nicolet iS5 spectrometer (Thermo
Fisher Scientific,Waltham,MA,USA), equippedwith aDTGS detector and
aKBr beam splitter. InATRmode, the instrumentwas outfittedwith an iD5
ATR accessory featuring a diamond laminate crystal. Measurements were
performed in the 3900–650 cm−1 range, with 128 scans and a resolution of
2 cm−1, resulting in a total of 72 FTIR spectra.

No normalisation procedures were applied to the entire dataset
(mathematical correction, i.e. Kubelka–Munk transformations)48–50. Initi-
ally, all the spectra were visualised using the OMNIC and OriginPro® 2021
(OriginLab, 2023) software programs. The data were not pre-processed;
normalisation and window selection were not applied. This allowed us to
assess the minimal contribution of compounds in samples with different
mixtures and identify benchmark absorption bands without the imposition
of preconceived spectral region selections.

Unsupervised machine learning analysis
PCA is an unsupervised statistical technique used to reduce the dimen-
sionality of a dataset by transforming correlated variables into a new set of
linearly uncorrelated variables, known as PCs. These components are linear
combinations of the original features, ordered so that the first PC captures
the maximum variance in the data, followed by the second PC, which
captures the next highest variance, and so on.

In this study, mean-centred PCA was applied to experimental data
acquired via ATR-FTIR spectroscopy, with the objective of identifying
potential organic spectral features of organic residues and evaluating the
contribution of soil dust to the chemical composition of the samples. The
analysis was conducted on the full spectral range, without the application of
energy window selection48–50. PCA results are typically visualised through
score plots and loading plots. The score plot displays the projection of
samples onto the new coordinate system defined by the PCs, highlighting
inter-sample variance and grouping patterns. In contrast, the loading plot
reveals how much each original variable contributes to each PC, effectively
pinpointing which wavenumbers drive the variance observed among
samples.

Since constant or systematic signals, such as baseline offsets, signals
from the ceramic matrix, or consistent background soil contributions,
exhibit lowvariance, they arenaturally down-weightedor excluded from the
PCA space. In this sense, PCA acts as a mathematical filter, emphasising

directions of maximum variance while ignoring invariant or low-variance
features. Therefore, derivative preprocessing becomes unnecessary when
the goal is to assess inter-sample differences in the presence of consistent
background signals. PCA, through its loading structure, enables a mathe-
matical separation of variance sources within the dataset. This makes it
possible to isolate contributions from relatively fixed inorganic components
(e.g. depositional environment) from more variable signals, such as those
related to organic residues. Supporting the robustness of the PCA model,
95% confidence ellipses were included for each sample group (Inner MPs,
ExternalMPs, and Soil) to illustrate how the different groups are distributed
within the multidimensional space defined by the PCs. These ellipses
represent the multivariate spread of each group and allow a visual assess-
ment of group separation, overlap, and internal variability. Specifically, the
plots help highlight whether the sample types occupy distinct regions of the
PCA space, suggesting differences in their underlying features, or if sig-
nificant overlap occurs, implying similarity or shared characteristics.

The dataset, structured as a 72 × 13,486 matrix (samples ×
wavenumbers), wasmean-centred by subtracting themean of each variable.
Since all variables shared the same scale, no further scaling was performed.
PCA was implemented using singular value decomposition (SVD) via a
custom script executed in Google Colab (version 6.5.1, Jupyter Notebook
environment). The first three PCs were retained, explaining a cumulative
96% of the total variance (PC1: 61%, PC2: 30%, PC3: 6%).

Data availability
Data are available upon request from the corresponding author.
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