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- Introduction
- Materials and methods

❖ Figure S1…Optical image of the red lead sample;
❖ Figure S2…Optical image of the orpiment sample;
❖ Figure S3…Summary of the feature selection techniques used to decrease the red lead 

data to three features to compare the unaged and aged samples. (a) The ANOVA F-
values of the features found within the peak ranged at half maximum. (b) The variances 
of the features with the highest ANOVA value in each peak. The red line denotes the 
0.0018 cut-off. (c) The correlation heatmap of the 15 features above the variance cut-off. 
(d) The Extra Trees feature importance of the 15 features;

❖ Figure S4…Summary of the feature selection techniques to decrease the orpiment data to 
five features to compare the unaged and aged samples. (a) The ANOVA F-values of the 
features found within the peak ranges at half maximum. (b) The variances of the features 
with the highest ANOVA value in each peak. The red line denotes the 0.00048 cut-off. (c) 
The correlation heatmap of the 12 features above the variance cut-off. (d) The Extra 
Trees feature importance of the 12 features;

❖ Figure S5…Summary of the feature selection techniques used to decrease the red lead 
data to three features to compare the defocusing steps. (a) The ANOVA F-values of the 
features found within the peak ranges at half maximum. (b) The variances of the features 
with the highest ANOVA value in each peak. The red line denotes the 0.00135 cut-off;

❖ Figure S6…Summary of the feature selection techniques used to decrease the orpiment 
data to 21 features to compare the defocusing steps. (a) The ANOVA F-values of the 
features found within the peak ranges at half maximum. (b) The variances of the features 
with the highest ANOVA value in each peak. The red line denotes the 0.00044 cut-off;

❖ Equation S1
❖ Equation S2
❖ Equation S3
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- Results and discussion
❖ Red lead 

❖ Figure S7…Reference spectra of the red lead sample;
❖ Figure S8…Example spectra of the aged sample, both raw (red one) and 

baselined (blue one), and of the unaged sample after baseline (green one);
❖ Figure S9…Full sets of spectra of the a) 75 μm, b) 150 μm, c) 225 μm and d) 300 

μm defocusing steps of red lead;
❖ Figure S10…Full sets of a) non-subtracted and b) subtracted spectra of the 

surface level of red lead;
❖ Figure S11…Raman maps of the unaged (left panels) and aged (right panels) red 

lead. The values of the colorbars indicate the maximum and minimum of each 
individual level with respect to the general scale;

❖ Figure S12…The average red lead unaged and aged spectra with the three 
selected features denoted as yellow stars;

❖ Figure S13…Summary of the red lead unaged vs aged Extra Trees model results. 
(a) SHAP beeswarm plot showing the selected three features. A positive SHAP 
value explains whether features with intensities that increase (magenta) or 
decrease (blue) are more aged. (b) The confusion matrix of the ten unseen 
unaged and ten unseen aged spectra;

❖ Figure S14…a) The average spectra of the eleven clusters using the red lead 
unaged and aged samples with the three selected features; b) The distribution of 
the unaged (0) and aged (1) red lead samples into eleven clusters. Orange 
represents a high number of spectra in a cluster, and yellow represents a low 
number of spectra in a cluster;

❖ Figure S15…The percent degradation of the unaged and aged red lead samples 
using feature 1052. A more degraded area of the sample is represented by white, 
and a more intact area of the sample is represented by dark red.

❖ Figure S16…The percent degradation of the unaged and aged red lead samples 
using features 147 (a) and 561 (b). A more degraded area of the sample is 
represented by white, and a more intact area is represented by dark red.

❖ Figure S17…Summary of the clusters using the red lead unaged and aged 
samples with the three selected features. (a) Average spectrum of cluster 1, which 
represents the majority of the unaged spectra. (b) Average spectrum of cluster 6, 
which contains the unaged spectra in the 7x25 and 11x19 positions in the feature 
1052 unaged heatmap. (c) Average spectrum of cluster 7, which contains the 
unaged spectrum in the 3x10 position in the feature 1052 unaged heatmap. (d-f) 
Unaged spectra that were not placed into cluster 1. The yellow star denotes the 
position of feature 1052;

❖ Figure S18…Raman spectra of the selected three red (intact) and three white 
(degraded) cells from the feature 1051.89 aged heatmap. (a-c) Raman spectra of 
the intact cells. (d-f) Raman spectra of the degraded cells;

❖ Figure S19…Comparison of the experimental and machine learning unaged and 
aged red lead heatmaps. Areas that agree between the two heatmaps are 
represented by dark red, and areas that differ are white;

❖ Figure S20…The average aged defocusing steps for the five defocusing steps 
(classes 0-4) with the 3 selected features denoted as yellow stars. Class 0 



corresponds to the surface and class 4 corresponds to the deepest defocusing 
step;

❖ Figure S21…SHAP summary plot of the red lead defocusing steps using the 
Linear Regression model;

❖ Figure S22…The red lead defocusing steps Linear Regression model outputs 
using the ten spectra from each class of the holdout set. Each red line represents 
how far away the true and predicted values are from each other;

❖ Figure S23…The distribution of the five red lead defocusing steps into twelve 
clusters. Orange represents a high number of spectra in a cluster, and yellow 
represents a low number of spectra in a cluster;

❖ Figure S24…Summary of the unsupervised clusters using the red lead defocusing 
steps with the three selected figures. (a) Average spectra of each of the 12 
clusters. (b) Cluster 1 showing the high intensity on average for feature 1050. (c) 
Cluster 7 showing the low intensity on average for feature 1050;

❖ Figure S25… The percent degradation of the red lead defocusing steps using 
feature 1050. A more degraded area of the sample is represented by white, and a 
more intact area is represented by dark red;

❖ Figure S26…a) The percent degradation of the red lead defocusing steps using 
feature 550. A more degraded area of the sample is represented by white, and a 
more intact area is represented by dark red; b) The overall percent degradation 
of the red lead defocusing steps using features 550 and 1050. A more degraded 
area of the sample is represented by white, and a more intact area is represented 
by dark red;

❖ Figure S27…Raman spectra of two highly degraded (white) cells in the class 0 
red lead defocusing step heatmap showing how the spectra change as the 
defocusing steps (classes) increase. (a-e) The Raman spectra in each defocusing 
step corresponding to the 0x37 cell in the heatmap. (f-j) The Raman spectra in 
each defocusing step corresponding to the 9x33 cell in the heatmap. The yellow 
star denotes the position of feature 1050;

❖ Figure S28…Summary of the selected cells in the red lead defocusing step 
heatmaps to show the intensity (and degradation) patterns. (a-b) The selected 
degraded (white) cells in the heatmaps. (c-d) The selected intact (red) cells in the 
heatmaps;

❖ Figure S29…Raman spectra of two highly intact (red) cells in the class 0 red 
lead defocusing step heatmap showing how the spectra change as the defocusing 
steps (classes) increase. (a-e) The Raman spectra in each defocusing step 
corresponding to the 7x6 cell in the heatmap. (f-j) The Raman spectra in each 
defocusing step corresponding to the 1x0 cell in the heatmap. The yellow star 
denotes the position of feature 1050;

❖ Figure S30… Comparison of the experimental and machine learning red lead 
defocusing steps heatmaps. Areas that agree between the two heatmaps are 
represented by dark red, and areas that differ are white.

❖ Orpiment
❖ Figure S31…Full sets of spectra of the a) 100 μm, b) 200 μm, c) 300 μm and d) 

400 μm defocusing steps of orpiment;
❖ Figure S32…Raman maps of the unaged (left panels) and aged (right panels) 

orpiment, plotting pararealgar vs orpiment. The values of the colorbars indicate 



the maximum and minimum of each individual level with respect to the general 
scale;

❖ Figure S33…Raman maps of the unaged (left panels) and aged (right panels) 
orpiment, plotting realgar vs orpiment. The values of the colorbars indicate the 
maximum and minimum of each individual level with respect to the general 
scale;

❖ Figure S34…Superimposition of the pararealgar and arsenolite Raman maps of 
orpiment. Red pixels show only pararealgar presence, green pixels indicate 
arsenolite, brown the presence of both, and yellow complete absence;

❖ Figure S35…Summary of the orpiment unaged vs aged Extra Trees model 
results. (a) SHAP beeswarm plot showing the selected five features. A positive 
SHAP value explains whether features with intensities that increase (magenta) or 
decrease (blue) are more aged. (b) The confusion matrix of the ten unseen 
unaged and ten unseen aged spectra;

❖ Figure S36…a) The average spectra of the nine clusters using the unaged and 
aged orpiment samples with the five selected features; b) The distribution of the 
unaged and aged orpiment lead samples into nine clusters. Orange represents a 
high number of spectra in a cluster, and yellow represents a low number of 
spectra in a cluster.

❖ Figure S37…Summary of the orpiment unaged vs aged unsupervised clusters that 
only contain unaged labelled spectra. (a) Spectra from cluster 4, which contains 
realgar. (b) Spectra from cluster 5, which contains realgar. (c) Spectra from 
cluster 8, which contains orpiment.

❖ Figure S38…Summary of cluster 9 from the orpiment unaged vs aged 
unsupervised learning. (a) Spectra from cluster 9, which contains aged and 
unaged labelled spectra. The spectra contain realgar and possibly traces of 
pararealgar but no arsenolite. (b) The aged labelled spectra from cluster 9 
showing the possible traces of pararealgar;

❖ Figure S39…Summary of cluster 9 from the orpiment unaged vs aged 
unsupervised learning. (a) Spectra from cluster 9, which contains aged and 
unaged labelled spectra. The spectra contain realgar and possibly traces of 
pararealgar but no arsenolite. (b) The aged labelled spectra from cluster 9 
showing the possible traces of pararealgar;

❖ Figure S40…Summary of cluster 7 from the orpiment unaged vs aged 
unsupervised learning. (a) Spectra from cluster 7, which contains unaged and 
aged spectra. The spectra contain orpiment and very small arsenolite peaks. (b) 
The unaged spectra from cluster 7 showing no presence of arsenolite. (c) The 
aged spectra from cluster 7 showing very small arsenolite peaks;

❖ Figure S41…The percent degradation of the unaged and aged orpiment samples 
using features 368 (a), 330 (b), 292 (c), and 192 (d). A more degraded area of 
the sample is represented by white, and a more intact area is represented by dark 
red;

❖ Figure S42…Raman spectra of the selected three red (intact) and three white 
(degraded) cells from the feature 269 aged orpiment heatmap. (a-c) Raman 
spectra of the intact cells. (d-f) Raman spectra of the degraded cells;



❖ Figure S43…Comparison of the experimental and machine learning unaged and 
aged orpiment heatmaps. Areas that agree between the two heatmaps are 
represented by dark red, and areas that differ are white;

❖ Figure S44…The distribution of the five defocusing steps into nine clusters. 
Orange represents a high number of spectra in a cluster, and yellow represents a 
low number of spectra in a cluster;

❖ Figure S45…Summary of the unsupervised clusters using the orpiment 
defocusing steps with the 21 selected features. (a) Average spectra of each of the 
nine clusters. (b)  Cluster 5 showing the possible presence of pararealgar. (c) 
Cluster 9 showing the presence of realgar. (d) Cluster 8 showing spectra with 
possible traces of pararealgar and realgar;

❖ Figure S46…The percent degradation of the orpiment defocusing steps using 
features 155 (a) and 157 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S47…The percent degradation of the orpiment defocusing steps using 
features 186 (a) and 204 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S48…The percent degradation of the orpiment defocusing steps using 
features 232 (a) and 238 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S49…The percent degradation of the orpiment defocusing steps using 
features 240 (a) and 269 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S50…The percent degradation of the orpiment defocusing steps using 
features 270 (a) and 273 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S51…The percent degradation of the orpiment defocusing steps using 
features 274 (a) and 278 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S52…The percent degradation of the orpiment defocusing steps using 
features 294 (a) and 295 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S53…The percent degradation of the orpiment defocusing steps using 
features 312 (a) and 313 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S54…The percent degradation of the orpiment defocusing steps using 
features 368 (a) and 384 (b). A more degraded area of the sample is represented 
by white, and a more intact area is represented by dark red;

❖ Figure S55…The percent degradation of the orpiment defocusing steps using (a) 
feature 385 or (b) all features. A more degraded area of the sample is 
represented by white, and a more intact area is represented by dark red;

❖ Figure S56…Raman spectra of two degraded (white) cells in the class 0 orpiment 
defocusing step heatmap showing how the spectra change as the defocusing steps 
(classes) increase. (a-e) The Raman spectra in each defocusing step 
corresponding to the 9x12 cell in the heatmap. (f-j) The Raman spectra in each 
defocusing step corresponding to the 0x10 cell in the heatmap. The yellow star 
denotes the position of feature 268;



❖ Figure S57…Summary of the selected cells in the orpiment defocusing step 
heatmaps to show the intensity (and degradation) patterns. (a-b) The selected 
degraded (white) cells in the heatmaps. (c-d) The selected intact (red) cells in the 
heatmaps. The star denotes the position of feature 268;

❖ Figure S58…Raman spectra of two intact (dark red) cells in the class 0 orpiment 
defocusing step heatmap showing how the spectra change as the defocusing steps 
(classes) increase. (a-e) The Raman spectra in each defocusing step 
corresponding to the 6x10 cell in the heatmap. (f-j) The Raman spectra in each 
defocusing step corresponding to the 4x25 cell in the heatmap. The yellow star 
denotes the position of feature 268;

❖ Figure S59…Summary of the very white 6x36 cell in class 1 of the feature 238 
heatmap. (a-e) The Raman spectra in each defocusing step corresponding to the 
6x36 cell in the heatmap. (f) The Raman spectra for each class. The stars denote 
the position of feature 238;

❖ Figure S60…Comparison of the experimental and machine learning orpiment 
defocusing steps heatmaps. Areas that agree between the two heatmaps are 
represented by dark red, and areas that differ are white.



Materials and methods

The number of features was reduced using the following feature selection methods for part 2: first, each 
sample’s spectra were averaged to calculate the average width at half maximum of each peak using 
Scipy1. Secondly, the wavenumbers within the average width at half maximum of each peak were 
extracted to calculate Analysis of Variance (ANOVA) F-values. The feature, or wavenumber, from each 
peak that had the highest ANOVA value was extracted, reducing the dataset to 294 features for red lead 
and 48 for orpiment. After calculating the variance and dropping the features with variances less than 
0.0018 for red lead and 0.00048 for orpiment, correlation and feature importance were calculated on the 
remaining 15 and 12 features for red lead and orpiment, respectively. The variance thresholds were 
selected to extract the features with relatively large variances. Only features that had high importance 
using the Extra Trees Classifier and that had low correlation coefficients (< 0.7) were kept, where the cut-
off was chosen to reduce the number of features below six. The ANOVA, variance, correlation, and 
feature importance plots that were used to select the red lead and orpiment features can be found in Figure 
S3 and S4.

Figure 1. Optical image of the red lead sample.

Figure 2. Optical image of the orpiment sample.



Using the selected features, 14 classifiers using stratified 10-fold cross-validation and a 70/30 train/test 
split were assessed by their accuracy and AUC scores (PyCarat package 3.3.2), which are common 
metrics used to evaluate the performance of a binary classification model. Accuracy represents the 
proportion of correctly labelled observations, and AUC explains how well the model is able to distinguish 
between the unaged and aged samples at all classification thresholds2. The hyperparameters of the top five 
classifiers based on AUC were tuned for AUC using RandomGridSearch with 100 iterations. If the tuned 
model had higher AUC than the original model, then it was chosen for comparison; if not, the original 
model was kept. The classifier with the highest AUC was chosen as the final model to distinguish 
between the unaged and aged spectra. The tuned and original Extra Trees Classifiers were chosen for 
samples A and B with an average AUC of 1.0000 and 1.0000 and an accuracy of 0.9971 and 0.9885, 
respectively. 

Figure S3. Summary of the feature selection techniques used to decrease the red lead data to three features to compare the unaged 
and aged samples. (a) The ANOVA F-values of the features found within the peak ranged at half maximum. (b) The variances of 
the features with the highest ANOVA value in each peak. The red line denotes the 0.0018 cut-off. (c) The correlation heatmap of 
the 15 features above the variance cut-off. (d) The Extra Trees feature importance of the 15 features.



The ANOVA and variance plots that were used to select the part 3 red lead and orpiment features can be 

Figure S5. Summary of the feature selection techniques to decrease the orpiment data to five features to compare the unaged and 
aged samples. (a) The ANOVA F-values of the features found within the peak ranges at half maximum. (b) The variances of the 
features with the highest ANOVA value in each peak. The red line denotes the 0.00048 cut-off. (c) The correlation heatmap of the 
12 features above the variance cut-off. (d) The Extra Trees feature importance of the 12 features.

Figure S4. Summary of the feature selection techniques used to decrease the red lead data to three features to compare the 
defocusing steps. (a) The ANOVA F-values of the features found within the peak ranges at half maximum. (b) The variances of the 
features with the highest ANOVA value in each peak. The red line denotes the 0.00135 cut-off.



found in Figure S5 and S6. After calculating the variance for feature selection, the 3 features from red 
lead with variances below 0.00135 and the 21 features from orpiment with variances below 0.00044 were 
selected to create the model using stratified 10-fold cross-validation and a 70/30 train/test split. A smaller 
feature set was selected using orpiment, but the 21 features were chosen to prevent poor model 

performance. Less features needed to be used with red lead to eliminate features corresponding to 
fluorescent noise. The top five of 14 classifiers were tuned for accuracy and compared using accuracy and 
precision scores, which are common metrics used to evaluate the performance of a multiclassification 
model. Precision represents the fraction of positive results that were correctly predicted3. Tuned Linear 
Regression was chosen for red lead and tuned Light Gradient Boosting Machine classifier was chosen for 
orpiment since they outperformed the other models with an average accuracy of 0.3950 and 0.5440 and 
precision of  0.3786 and 0.5377, respectively.
To calculate the relative percent degradation for part 2, either Eq. (S1) or Eq. (S2) was used. If the 
intensity of the feature decreased in the unaged sample, then Eq. (S1) was used, while if the intensity of 
the feature increased in the unaged sample, then Eq. (S2) was used. By combining the percent of relative 
degradation for each feature, an overall relative percent degradation was calculated for each spectrum 
using Eq. (S3). The overall relative percent degradations were scaled between 0 and 1 using max-min 
normalization.

For part 3 unsupervised learning, Euclidean and ward were selected with 12 clusters for read lead and 9 
clusters for orpiment. The features in the peak used to normalize the data were removed, which included 
feature 119.89 for red lead and feature 355.52 for orpiment. If the intensity of the feature decreased as the 
class number increased, then Eq. (S1) was used to calculate relative percent degradation, while if the 
intensity of the feature increased as the class number increased, then Eq. (S2) was used to calculate 
relative percent degradation. The overall relative percent degradation was calculated as discussed 
previously. To compare the experimental and machine learning heatmaps, the machine learning heatmaps 
were subtracted from the experimental heatmaps. The absolute value of the difference represents the 
similarity between the results.

Equation S1. The equation used to calculate the relative percent degradation of a feature that decreases in 
the unaged sample in part 2 or as the class number increases in part 3. Here, Ix is the intensity of feature x, 
min( c) is the minimum average cluster intensity, and max( c) is the maximum average cluster intensity.𝐼 𝐼

Figure S6. Summary of the feature selection techniques used to decrease the orpiment data to 21 features to compare the defocusing 
steps. (a) The ANOVA F-values of the features found within the peak ranges at half maximum. (b) The variances of the features 
with the highest ANOVA value in each peak. The red line denotes the 0.00044 cut-off.



%𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛 =
𝐼𝑥 ‒ min (𝐼̅𝑐)

𝑚𝑎𝑥(𝐼̅𝑐) ‒ min (𝐼̅𝑐)
× 100

Equation S2. The equation used to calculate the relative percent degradation of a feature that increases in 
the unaged sample in part 2 or as the class number increases in part 3.

%𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛 =
max (𝐼̅𝑐) ‒ 𝐼𝑥

𝑚𝑎𝑥(𝐼̅𝑐) ‒ min (𝐼̅𝑐)
× 100

Equation S3. The equation used to calculate the overall relative percent degradation for each spectrum in 
the sample matrix. Here,  is the total number of features and is the degradation of value :𝑥 𝑑𝑖 𝑖

𝑜𝑣𝑒𝑟𝑎𝑙𝑙 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 % 𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛 =  
𝑥

∑
𝑖 = 1

(𝑑𝑖)

Results and discussion

Red lead

Red lead exhibits the most characteristic Raman 
bands at 550, 392, and 122 cm-1 (Figure S7)4–9. 
The low wavenumber band, around 122 cm-1, 
corresponds to bending vibration of the Pb-O 
bond angle, whereas 392 and 550 cm-1 are both 
related to the symmetric stretching mode of the 
Pb(IV)-O bond. The effect of the aging process 
leads to the formation of white areas, easily 
recognizable in the whitish parts of the optical 
image of the sample in Figure S1. The 
compound is identified as hydrocerussite 
(Pb3(CO3)2(OH)2), or ‘lead white’, thanks to the 
1050 cm-1 band (Figure S7)10–13, stemming from 
the symmetric stretching vibration of the 
carbonate group. The chosen characteristic bands 
for mapping the distribution of these compounds 
are 122 cm-1 and 1050 cm-1 for red lead and lead 
white, respectively.

An interesting aspect can be observed by looking 
at three random micro-SORS spectra of red lead 
in Figure S8 (full micro-SORS series is shown in 
Figure S9): the unaged spectra show an excellent 
signal-to-noise ratio, whereas the aged red lead 
sample is dramatically more fluorescent, 
indicating that the aging process had a huge 
impact on the sample. In fact, the aging process 
induced the formation of fluorescing species, 
most likely stemming from the aged linseed oil. 

Figure S7. Reference spectra of the red lead sample.

Figure S8. Example spectra of the aged sample, both raw (red 
one) and baselined (blue one), and of the unaged sample after 
baseline (green one).



Therefore, in order to be able to analyse these spectra, baseline correction was necessary (performed with 



Python, exploiting the SNIP algorithm14), and it unavoidably retained noise in the final spectra, brought 



about by fluorescence and photon shot noise, as can be seen from Figure S8. Moreover, the amount of 



fluorescence varied from spectrum to spectrum, rendering the noise interference very heterogeneous 



among the different acquisitions, with some spectra presenting extremely low signal-to-noise ratio. This 



became an issue for the normalization step, since for the noisiest spectra the average value was not 
centred around zero and thus the algorithm would have picked up features as important even though they 
were just exaggerated by the noise (see Figure S10 for clarity). Therefore, we decided to subtract from 

each spectrum its own average intensity, in order to centre the baseline around zero and have comparable 
features with the unaged dataset. Even though this is not ideal, it was the most practical solution to be 
able to compare the aged and unaged datasets.

Figure S9. Full set of a) non-subtracted and b) subtracted spectra of the surface level of red lead.

Figure S10. Full sets of spectra of the a) 75 μm, b) 150 μm, c) 225 μm and d) 300 μm defocusing steps of red lead.



Red Lead - Part 1. Micro-SORS measurements and experimental maps

If on one hand the raw spectra of the aged red lead can be challenging to analyse at first due to the strong 
fluorescence background, the degradation process produces only one new compound, lead white. In 
Figure S11 we report the maps acquired on the unaged and aged samples at different defocusing steps. As 
mentioned above, the ratio between the two selected Raman bands of lead white and red lead is plotted. 

By comparing Figure S1 and the right panels in Figure S11, it is straightforward to notice the similar 
pattern between the whitish portions in the optical image and the white pixels in the reconstructed map. It 
is worth noting that the unaged sample shows a substantial homogeneity in the distribution of the 
pigment, both on the plane and in depth. The intensity ratio values are very low, demonstrating a scarce or 
negligible amount of hydrocerussite, and these values decrease as the defocusing steps increase, 
confirming the presence of a weak natural degradation process. On the other hand, the aged maps show an 

Figure S11. Raman maps of the unaged (left panels) and aged (right panels) red lead. The values of the colorbars indicate the 
maximum and minimum of each individual level with respect to the general scale.



appreciable amount of lead white, demonstrating the effect of the aging process. In particular, the right 
part of this sample is the most degraded, indicating a possible difference in thickness or in exposure to the 
aging radiation that accelerated the degradation process on that side. Intensity ratios decrease as the 
defocusing increases, as expected: moreover, the evolution of the pattern of degradation is appreciable 
also below the surface. The very bright pixel on the surface of the unaged sample does not correspond to 
an actual band, it is an artefact created by the extremely poor signal-to-noise ratio presented in that 
specific spectrum (possibly occurred by the signal collection from an impurity). 

Red Lead - Part 2. Unaged versus Aged Red Lead 
(Surface)
Machine Learning
The three features selected using machine learning 
to compare the unaged and aged spectra are 
displayed in Figure S12. Using the feature selection 
methods, feature 1052 is automatically selected and 
present in the only visible peak that represents lead 
white, which shows that the feature selection 
method is able to automatically capture the 
degradation peak. Additionally, the SHAP plot in 
Figure S13a shows that the lead white feature has 
the second greatest impact on the model. The other 
two features are on the edge of peaks found in both 
the intact and degraded samples, and they appear to 
be capturing peak width (feature 561) and peak 
position (feature 147) differences among the spectra. These differences appear to be present due to 
fluorescent noise and the samples being created separately. Using the three features, the Extra Trees 
model is able to correctly predict the 10 spectra from the unaged and aged samples in the holdout set as 
shown in Figure S13b. Therefore, feature selection with machine learning can be used to identify 
differences and degradation peaks among unaged and aged red lead spectra, even when fluorescent noise 
is present. 

Figure S12. The average red lead unaged and aged spectra with 
the three selected features denoted as yellow stars.

Figure S13. Summary of the red lead unaged vs aged Extra Trees model results. (a) SHAP beeswarm plot showing the selected 
three features. A positive SHAP value explains whether features with intensities that increase (magenta) or decrease (blue) are 
more aged. (b) The confusion matrix of the ten unseen unaged and ten unseen aged spectra.



Unsupervised Learning
Using the selected features, unsupervised learning clusters the data based on their intensities to 
quantitatively calculate the relative percent degradation across the surface of each sample, and it solves a 
problem when creating the relative percent degradation heatmaps. By clustering the spectra to obtain 
average minimum and maximum intensities for each feature in each cluster, the heatmaps are normalized 
and created using Equations S1-S2. The average intensities for each sample cannot be used to represent 
the degradation since each sample is heterogeneous and represents multiple intact and degraded pigments. 
Additionally, the minimum and maximum intensity values for each feature cannot be used since they may 
be high due to noise or low due to a peak shift. By using the average minimum and maximum intensities 
from the clusters that are grouped based on their intensities rather than on their defocusing step, the 
heatmaps are made with greater confidence. Figure S14a shows the average spectra for each cluster. 
Cluster 1 contains the majority of the unaged spectra as shown in Figure S14b, with only one aged 
spectrum being placed in cluster 1 and three unaged spectra being placed in other clusters.

Figure S14. a) The average spectra of the eleven clusters using the red lead unaged and aged samples with the three selected 
features; b) The distribution of the unaged (0) and aged (1) red lead samples into eleven clusters. Orange represents a high number 
of spectra in a cluster, and yellow represents a low number of spectra in a cluster.

a) b)



Calculating Degradation
Three unaged spectra being placed in aged clusters 
corresponds to what is seen in the relative percent 
degradation heatmap calculated using feature 1052 
in Figure S15, which represents lead white. The 
quantitative heatmaps created using features 561 
and 147 are displayed in Figure S16, but they are 
not used as a main reference for relative percent 
degradation since they do not correspond to an 
explicit red or lead white peak. Still, these features 
are required by the model to accurately predict the 
outcome. As observed in Part 1, the heatmap 
created using feature 1052 displays the 
heterogeneity in the aged sample and the 
uniformity in the unaged sample.

As shown in Figure S15, there appears to be three cells in the unaged heatmap that are lighter than the 
others (3x10, 7x25, 11x19). These three light cells in the red lead unaged heatmap correspond to the three 
unaged spectra being placed in clusters 6 and 7 and not cluster 1 (Figure S14b). The spectra of the three 
cells are shown in Figure S17 along with the average spectra for clusters 1, 6, and 7, and they appear to be 
placed in clusters 6 and 7 due to the presence of noise giving the features higher intensities, as discussed 
in Part 1.

Figure S15. The percent degradation of the unaged and aged red 
lead samples using feature 1052. A more degraded area of the 
sample is represented by white, and a more intact area of the 
sample is represented by dark red.

Figure S16. The percent degradation of the unaged and aged red lead samples using features 147 (a) and 561 (b). A more degraded 
area of the sample is represented by white, and a more intact area is represented by dark red.



Figure S17. Summary of the clusters using the red lead unaged and aged samples with the three selected features. (a) Average 
spectrum of cluster 1, which represents the majority of the unaged spectra. (b) Average spectrum of cluster 6, which contains the 
unaged spectra in the 7x25 and 11x19 positions in the feature 1052 unaged heatmap. (c) Average spectrum of cluster 7, which 
contains the unaged spectrum in the 3x10 position in the feature 1052 unaged heatmap. (d-f) Unaged spectra that were not placed 
into cluster 1. The yellow star denotes the position of feature 1052.



The aged sample also appears to be more degraded in the upper right corner of the bottom heatmap in 
Figure S15, which corresponds with the sample thickness and radiation exposure discussed in the 
experimental section. To further ensure the method is correctly assigning cells with high and low 
degradation in the aged sample, three red (intact) cells (4x1, 2x10, and 0x18) and three white (degraded) 
cells (8x14, 10x37, and 2x36) from the aged heatmap were analysed. The three red (intact) cells (4x1, 
2x10, and 0x18) and three white (degraded) cells (8x14, 10x37, and 2x36) from the aged heatmap were 
compared. As shown in Figure S18a-c, the Raman spectra for the white cells have low intensities (about 
0.0) for the degradation peak except for cell 0x18. Cell 0x18 does have a slightly higher intensity (slightly 
below 0.2) due to feature 1051.89 not capturing the peak maximum. The red cells have high intensities 
(Figure S18d-f) for the degradation peak (around 0.2), which shows that most cells are correctly labelled 
as intact or degraded. 

The experimental heatmaps were also compared to the 
heatmaps in Figure S11 using feature 1052. As shown 
in Figure S19 the heatmaps appear very similar with 
only one cell (5x19) in the experimental unaged 
heatmap having a much higher intensity. Therefore, 
unsupervised learning using the selected features is 
successful in separating spectra based on their 
degradation without prior knowledge of unaged and 
aged labels, so that degradation can be mapped along 
the surface of each sample. However, it is important to 
note that noise and peak shifts can affect the feature 
selection and level of degradation calculated. Figure S19. Comparison of the experimental and machine 

learning unaged and aged red lead heatmaps. Areas that 
agree between the two heatmaps are represented by dark 
red, and areas that differ are white.

Figure S18. Raman spectra of the selected three red (intact) and three white (degraded) cells from the feature 1051.89 aged 
heatmap. (a-c) Raman spectra of the intact cells. (d-f) Raman spectra of the degraded cells.



Red Lead - Part 3. Aged Red Lead 
Subsurface Study
Machine Learning
Next we investigated whether feature 
selection with machine learning could 
distinguish between the five different 
aged red lead defocusing steps, which 
vary in degradation. The three features 
used to make the Linear Regression 
model with the five defocusing steps are 
displayed in Figure S20. The features in 
the SHAP plot in Figure S21 correspond 
to either the red or lead white, and most 
features contribute to the prediction of 
each class. The two most important 
features—120 and 550—correspond to 
red lead, and the least important feature 
1050 corresponds to the lead white. The 
feature selection process is still able to 
identify a lead white feature as in Part 2 
even when more spectra and defocusing 
steps are analysed. As shown in the 
SHAP plot, feature 1050 does not 
contribute to the class 1 predictions, most 
likely due to the large variation of its 
intensity in class 1, which overlaps with 
the other classes. Feature 1050 also 
contributes very little to class 4 
predictions since it represents the degraded peak, which has too little intensity variance in classes 3 and 4. 
Even though classes 3 and 4 are similar, the intact pigments help distinguish class 4 better than class 3, 
which causes feature 1050 to contribute 
more to class 3. Feature 120 contributes 
the most to the class 4 predictions since it 
varies the most among the five classes. 
However, since feature 120 is present in 
the pea k used to normalize the data, it is 
removed when calculating degradation. 

The model predicted the defocusing steps 
of the holdout dataset in Figure S22. Less 
than half of the spectra were labelled the 
same as their true label, with classes 1 
and 2 having the most mislabelled 
spectra. Most of the class 2 spectra were 

Figure S20. The average aged defocusing steps for the five defocusing steps 
(classes 0-4) with the 3 selected features denoted as yellow stars. Class 0 
corresponds to the surface and class 4 corresponds to the deepest defocusing 
step.

Figure S22. The red lead defocusing steps Linear Regression model 
outputs using the ten spectra from each class of the holdout set. Each red 
line represents how far away the true and predicted values are from each 
other.

Figure S21. SHAP summary plot of the red lead defocusing steps using the 
Linear Regression model.



predicted to be in class 3 or 4, which shows that classes 2-3 are similar to each other and the change in 
degradation may be starting to plateau in class 2. Furthermore, at least one spectrum in each class is 
predicted to be in class 0, with less being labelled as class 0 as the classes increase, which shows that 
there is still some degradation present in each class that may decrease with an increase in classes. Since 
the machine learning model predictions and the experimental Raman maps show great variability among 
each defocusing step, unsupervised learning was used to create a quantitative heatmap to gain a better 
understanding of how the red lead is degrading.

Unsupervised Learning
Agreeing with the Linear Regression model 
predictions in Figure S22, each of the 12 clusters 
contains spectra from each class (Figure S23), 
which we believe occurs due to the simplicity of the 
sample. Red lead only has one possible degradation 
product, which would cause the spectra in the 
different classes to have peaks that look very 
similar and only differ by their intensity values. The 
clustering confirms this as it separates the spectra 
based on the intensity values of the red and lead 
white features. The average spectrum for each of 
the 12 clusters is shown in Figure S24a. Cluster 1 
contains spectra that have high intensity values for 
feature 1050 on average, while cluster 7 contains 
spectra that have low intensity values for feature 
1050 on average, as shown in Figure S24b-c. 
Therefore, unsupervised learning using clustering 
can be combined with supervised machine learning to analyse the degradation of the defocusing steps of 
samples with fluorescent noise such as red lead. 

Figure S23. The distribution of the five red lead defocusing 
steps into twelve clusters. Orange represents a high number of 
spectra in a cluster, and yellow represents a low number of 
spectra in a cluster.



Figure S24. Summary of the unsupervised clusters using the red lead defocusing steps with the three selected figures. (a) Average 
spectra of each of the 12 clusters. (b) Cluster 1 showing the high intensity on average for feature 1050. (c) Cluster 7 showing the 
low intensity on average for feature 1050.



Calculating Degradation 
The percent degradation was calculated using feature 
1050 intensity values, which represents lead white, as 
shown in Figure S25. The heatmap created using 
feature 550 and the overall percent degradation are 
displayed in Figure S26. The degradation plot using 
feature 1050 captures the heterogeneity in each 
defocusing step, and it shows that the degradation 
decreases as the defocusing step increases, which 
confirms the Linear Regression model predictions. 
Similar to the aged sample in Part 2, the upper right 
corner of the surface of the sample (class 0) appears 
more degraded. The degradation is present in each 
class, which corresponds with the predictions of the 
Linear Regression model. As the defocusing steps get 
farther away from the light source, they should 
degrade less, which correlates with the degradation in 
the upper right corner decreasing with an increase in 
defocusing steps. Feature 1050 does have a slight 
increase in degradation in the last class compared to 
the first class. 

Figure S25. The percent degradation of the red lead 
defocusing steps using feature 1050. A more degraded area 
of the sample is represented by white, and a more intact area 
is represented by dark red.



Figure S26. a) The percent degradation of the red lead defocusing steps using feature 550. A more degraded area of the sample 
is represented by white, and a more intact area is represented by dark red; b) The overall percent degradation of the red lead 
defocusing steps using features 550 and 1050. A more degraded area of the sample is represented by white, and a more intact 
area is represented by dark red.

a) b)



To further investigate the 
degradation pattern, two very 
degraded (white) cells (0x37 and 
9x33) in class 0 were selected. 
The Raman spectra of the cells 
(0x37 and 9x33) in each 
defocusing step are shown in 
Figure S27. Since these cells are 
highly degraded on the surface, 
they should decrease in 
degradation (and feature 1049.65 
decrease in intensity) as the 
defocusing steps increase. Cell 
9x33 shows this pattern as shown 
in Figure S28, but cell 0x37 
shows classes 1 and 2 having 
lower intensities than classes 3 
and 4. Due to noise and a slight 
shift in the peak maximum, 
feature 1049.65 is not able to 
represent the maximum intensity 
in the degradation peak in every 
defocusing step, which makes the 
higher defocusing steps appear 
more degraded. Even though the 
degradation may not steadily 
decrease as the defocusing steps 
increase for each cell, it is still 
important to note that the highly 
degraded (white) cells have 
almost double the intensity for the 
degradation peak compared to the 
very intact (red) cells. The 
degraded and intact cells are still 
being correctly labelled. Two 
intact (red) cells (7x6 and 1x0) in 
class 0 were also selected for 
further analysis. Since the 7x6 
and 1x0 cells are intact, they 
should not change much as the 
defocusing steps increase. As 
shown in Figure S29, the intensity 
of feature 1049.65 is very close in 
all the classes, but some higher 
classes have higher intensities due 
to noise and a shift in the peak 
maximum.

Figure S27. Raman spectra of two highly degraded (white) cells in the class 0 red 
lead defocusing step heatmap showing how the spectra change as the defocusing steps 
(classes) increase. (a-e) The Raman spectra in each defocusing step corresponding 
to the 0x37 cell in the heatmap. (f-j) The Raman spectra in each defocusing step 
corresponding to the 9x33 cell in the heatmap. The yellow star denotes the position 
of feature 1050.



Figure S28. Summary of the selected cells in the red lead defocusing step heatmaps to show the intensity (and degradation) patterns. 
(a-b) The selected degraded (white) cells in the heatmaps. (c-d) The selected intact (red) cells in the heatmaps.



Figure S29. Raman spectra of two highly intact (red) cells in the class 0 red lead 
defocusing step heatmap showing how the spectra change as the defocusing steps 
(classes) increase. (a-e) The Raman spectra in each defocusing step corresponding 
to the 7x6 cell in the heatmap. (f-j) The Raman spectra in each defocusing step 
corresponding to the 1x0 cell in the heatmap. The yellow star denotes the position 
of feature 1050.



The experimental heatmap and the heatmap 
created using feature 1050 in Figure S25 are 
comparable with small differences, as shown 
in Figure S30. Therefore, even when using 
defocusing steps and increasing the number of 
spectra, a feature corresponding to the 
degradation peak is still automatically 
selected, which can be used to map the 
degradation in each defocusing step and 
determine which areas of the sample are more 
degraded. However, similar to Part 2, noise 
and peak shifts can affect the degradation 
calculation.

Figure S30. Comparison of the experimental and machine learning red 
lead defocusing steps heatmaps. Areas that agree between the two 
heatmaps are represented by dark red, and areas that differ are white.



Orpiment 

Figure S31. Full sets of spectra of the a) 100 μm, b) 200 μm, c) 300 μm and d) 400 μm defocusing steps of orpiment.



An important consideration can be made about these maps: when the signal is particularly low, like in the 

Figure S32. Raman maps of the unaged (left panels) and aged (right panels) orpiment, plotting pararealgar vs orpiment. The values 
of the colorbars indicate the maximum and minimum of each individual level with respect to the general scale.



case of pararealgar and realgar due to their very low amount in the sample (Figure S32 and S33), the 



Raman maps introduce an instrumental effect when the defocusing steps increase. In fact, since the 
overall signal-to-noise ratio decreases at larger defocusing steps, the noise amount has a greater influence 
over the intensity ratios since it gets closer in the order of magnitude. That means that when bands are not 

strong enough to be easily distinguished from noise, a lighter background can be observed at higher 
defocusing steps, as it can be seen in the figures below showing the aged Raman maps of orpiment, 
plotting pararealgar vs orpiment. Moreover, we can again observe the outlier pixel at the second 
defocusing step, belonging to the pararealgar signal, already discussed above. The other bright pixel 
present at all defocusing steps is not related to pararealgar, as it can be observed by a closer look at the 
specific spectrum, but to the realgar pigment, whose band at 221 cm-1  influences the value found by the 
algorithm to the assigned pararealgar band (231 cm-1). Since removing it would mean showing an almost 
completely dark map, we decided to keep it as an example of how cross interpretation is key when 
dealing with Raman maps of compounds possessing multiple degradation products. Another interesting 
information arises here: pararealgar is basically absent in the unaged sample, and realgar is limited to very 
small portions, whereas the aged sample shows only traces of pararealgar when compared to orpiment. Of 
course, as mentioned above, the spatial distribution of the aged and unaged samples cannot be compared, 
but this fact still indicates a probability that pararealgar does not form only as a degradation product of 
realgar but of orpiment as well.  

Figure S33. Raman maps of the unaged (left panels) and aged (right panels) orpiment, plotting realgar vs orpiment. The values of 
the colorbars indicate the maximum and minimum of each individual level with respect to the general scale.



As expected, the realgar vs orpiment map (Figure S33) did not have relevant evidence of the realgar 
pigment, as it is not a degradation product of orpiment (although traces can be found). The average brighter 
colour in the last defocusing steps is due to the decreasing orpiment signal, which becomes more 
comparable to the average noise. Given the particularity of the sudden bright pixel in Figure S32, we 
investigated further the specific spectrum belonging to that pixel, and we found out that such intensity ratio 
was generated by the script selecting the rising slope of pararealgar secondary band (274 cm-1) rather than 
the arsenolite band. Since any manipulation of the data (narrower range selection for the arsenolite band or 
map subtraction) would’ve only partially fixed the issue, we decided that the best visualization would be a 
superimposition of the two maps, in order to differentiate whether a bright pixel is due to arsenolite or 
pararealgar. The result can be observed in Figure S34. Thanks to this visualization, it is much simpler to 
evaluate the contribution of each degradation product: if a pixel is green or one of its shades, it means that 
arsenolite presence is greater, and vice versa for red pixels; then, there could be cases where both 
compounds are basically absent (yellow pixels) or present (brown pixels). In the case of the unaged sample, 
it is interesting to notice that on the surface there is not much superimposition of the two signals, whereas 
starting from the second defocusing step we have one spectrum that possesses intense bands of both 
compounds. On the other hand, the aged sample seems to have a more homogeneous distribution of the 
degradation products, with little superimposition. 

Figure S34. Superimposition of the pararealgar and arsenolite Raman maps of orpiment. Red pixels show only pararealgar 
presence, green pixels indicate arsenolite, brown the presence of both, and yellow complete absence.



Orpiment - Part 2. Unaged vs Aged Orpiment (surface)

Supervised Machine Learning: Unaged vs Aged Orpiment Spectra

Unsupervised Learning: Unaged vs Aged Orpiment Spectra  

Figure S35. Summary of the orpiment unaged vs aged Extra Trees model results. (a) SHAP beeswarm plot showing the selected 
five features. A positive SHAP value explains whether features with intensities that increase (magenta) or decrease (blue) are more 
aged. (b) The confusion matrix of the ten unseen unaged and ten unseen aged spectra.

a) b)

Figure S36. a) The average spectra of the nine clusters using the unaged and aged orpiment samples with the five selected features; 
b) The distribution of the unaged and aged orpiment lead samples into nine clusters. Orange represents a high number of spectra 
in a cluster, and yellow represents a low number of spectra in a cluster.



Clusters 4, 5, and 8 (Figure S37a-c) only contain unaged spectra. The spectra in cluster 8 are noisy, but 
they appear to only contain orpiment. Clusters 4 and 5 contain realgar, with cluster 4 having higher 
realgar peaks.

 

Figure S37. Summary of the orpiment unaged vs aged unsupervised clusters that only contain unaged labelled spectra. (a) Spectra 
from cluster 4, which contains realgar. (b) Spectra from cluster 5, which contains realgar. (c) Spectra from cluster 8, which 
contains orpiment.



Cluster 9 contains the most unaged spectra and four aged spectra. As shown in Figure S38a, cluster 9 
appears to contain little to no arsenolite but many spectra with realgar present and possibly traces of 
pararealgar. The four aged spectra in cluster 9 are plotted in Figure S38b, which shows that the aged 

spectra may contain pararealgar but no realgar. 

Clusters 1, 2, 3, and 6 (Figure S39a-d) only contain aged spectra. Clusters 1 and 2 are noisy, but they 
appear to only contain orpiment and arsenolite. Clusters 3 and 6 mostly contain orpiment and arsenolite 
with a few spectra containing realgar and possibly traces of pararealgar. 

Cluster 7 (Figure S40a) contains 
both unaged and aged spectra. 
Cluster 7 appears to contain mostly 
orpiment with very little arsenolite 
peaks, which could be a result of 
both samples (unaged and aged) 
being placed in this cluster. The 
aged spectra have such little 
arsenolite that they are grouped 
with the unaged orpiment spectra. 
In Figure S40b-c, the unaged and 
aged spectra in cluster 7 are plotted 
separately, which confirms the lack 
of arsenolite in the unaged spectra 
and the small presence of arsenolite 
in the aged spectra.

Figure S39. Summary of the orpiment unaged vs aged unsupervised clusters that 
only contain aged labelled spectra. (a) Spectra from cluster 1, which contains 
arsenolite. (b) Spectra from cluster 2, which contains arsenolite. (c) Spectra from 
cluster 3, which contains arsenolite and realgar and/or pararealgar. (d) Spectra 
from cluster 6, which contains arsenolite and few realgar and/or pararealgar.

Figure S38. Summary of cluster 9 from the orpiment unaged vs aged unsupervised learning. (a) Spectra from cluster 9, which 
contains aged and unaged labelled spectra. The spectra contain realgar and possibly traces of pararealgar but no arsenolite. (b) 
The aged labelled spectra from cluster 9 showing the possible traces of pararealgar.

b)



Figure S40. Summary of cluster 7 from the orpiment unaged vs aged unsupervised learning. (a) Spectra from cluster 7, which 
contains unaged and aged spectra. The spectra contain orpiment and very small arsenolite peaks. (b) The unaged spectra from 
cluster 7 showing no presence of arsenolite. (c) The aged spectra from cluster 7 showing very small arsenolite peaks.



Calculating Degradation: Unaged versus Aged Orpiment Spectra

Figure S41. The percent degradation of the unaged and aged orpiment samples using features 368 (a), 330 (b), 292 (c), and 192 
(d). A more degraded area of the sample is represented by white, and a more intact area is represented by dark red.



The spectra of the three red cells (Figure S42a-c) show no arsenolite peak, and the spectra of the three 
white/yellow cells (Figure S42d-f) show very high arsenolite peaks. The cell that appears more yellow has 
a lower arsenolite peak than the more white cells, which confirms that the method is correctly labelling 
the cells as intact or degraded. Therefore, the heatmap is able to accurately show areas of high and low 

degradation without prior knowledge of sample labels (unaged or aged).

Figure S42. Raman spectra of the selected three red (intact) and three white (degraded) cells from the feature 269 aged orpiment 
heatmap. (a-c) Raman spectra of the intact cells. (d-f) Raman spectra of the degraded cells.

Figure S43. Comparison of the experimental and machine learning unaged and aged 
orpiment heatmaps. Areas that agree between the two heatmaps are represented by dark 
red, and areas that differ are white.



Orpiment - Part 3. Aged Orpiment Subsurface Study

Unsupervised Learning: Aged Orpiment Subsurface Study

Each class was placed into more than one 
cluster, which verifies the heterogeneity among 
each defocusing step. As shown in Figure S44, 
class 1 has spectra in clusters that contain spectra 
from class 0 (clusters 4, 6, and 8) and classes 2-4 
(clusters 1-3), which confirms the high 
variability in classes 1 and 0. Spectra from class 
0 appear similar to spectra found on the surface 
as well as in the deeper defocusing steps. The 
three deepest defocusing steps appear very 
similar, with all of the spectra except one being 
placed in clusters 1-3. As shown in Figure S23, 
the defocusing steps have less overlap compared 
to red lead, which is most likely due to the 
presence of multiple distinct degradation 
products. The clustering results (Figure S44) 
confirm the plateau observed when the Light 
Gradient Boosting Machine regression model 
predicted the outputs of the ten spectra from each 
class of the holdout set in Figure 10. It also suggests that all the degradation is captured, meaning that the 
degradation stops below the third defocusing step and more defocusing steps are not needed to further 
investigate the degradation. When unsupervised learning is used, some of the pararealgar and realgar 
spectra are placed in their own cluster, which makes their presence easier to identify, such as for clusters 
5 and 9, respectively, in Figure S45b-c. However, these spectra are noisy and hard to distinguish the 
pigments present. The average spectra for each of the 9 clusters are also shown in Figure S45a. Cluster 8 

Figure S45. Summary of the unsupervised clusters using the orpiment defocusing steps with the 21 selected features. (a) Average 
spectra of each of the nine clusters. (b)  Cluster 5 showing the possible presence of pararealgar. (c) Cluster 9 showing the presence 
of realgar. (d) Cluster 8 showing spectra with possible traces of pararealgar and realgar. 

Figure 44. The distribution of the five defocusing steps into nine 
clusters. Orange represents a high number of spectra in a cluster, 
and yellow represents a low number of spectra in a cluster.



shows spectra with realgar and possibly traces of pararealgar present, as indicated by the peaks around 
190 cm-1 and 230 cm-1.

Calculating Degradation: Aged Orpiment Defocusing Steps

Figure S46. The percent degradation of the orpiment defocusing steps using features 155 (a) and 157 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S47. The percent degradation of the orpiment defocusing steps using features 186 (a) and 204 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S48. The percent degradation of the orpiment defocusing steps using features 232 (a) and 238 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S49. The percent degradation of the orpiment defocusing steps using features 240 (a) and 269 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S50. The percent degradation of the orpiment defocusing steps using features 270 (a) and 273 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S51. The percent degradation of the orpiment defocusing steps using features 274 (a) and 278 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S52. The percent degradation of the orpiment defocusing steps using features 294 (a) and 295 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S53. The percent degradation of the orpiment defocusing steps using features 312 (a) and 313 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



Figure S54. The percent degradation of the orpiment defocusing steps using features 368 (a) and 384 (b). A more degraded area 
of the sample is represented by white, and a more intact area is represented by dark red.



 

The Raman spectra of the degraded cells (9x12 and 0x10) in each defocusing step are shown in Figure 
SX. In both cases, the arsenolite peak in class 0 is the highest, and it decreases significantly in class 1. 
After class 1, the arsenolite either decreases slightly with an increase in classes (9x12) or barely changes 
(0x10) as shown in Figure SX. For the intact cells (6x10 and 4x25) in Figure SX, the intensities should 
barely change as the classes increase. Cell 6x10 shows very similar intensities for all five classes, but 
class 0 in cell 4x25 has the lowest intensity for feature 267.73. Class 1 has the highest intensity, which 
appears to be due to noise. As the defocusing steps increase, the spectra appear to be picking up more 
noise, which makes feature 267.73 have a higher intensity. Therefore, similar to red lead, noise may affect 
the degradation calculation. However, the heatmaps are still able to show areas of high and low 
degradation denoted by white and dark red areas.

Figure S55. The percent degradation of the orpiment defocusing steps using (a) feature 385 or (b) all features. A more degraded 
area of the sample is represented by white, and a more intact area is represented by dark red.

a) b)



Figure S56. Raman spectra of two degraded (white) cells in the class 0 orpiment 
defocusing step heatmap showing how the spectra change as the defocusing steps 
(classes) increase. (a-e) The Raman spectra in each defocusing step corresponding 
to the 9x12 cell in the heatmap. (f-j) The Raman spectra in each defocusing step 
corresponding to the 0x10 cell in the heatmap. The yellow star denotes the position 
of feature 268.



Figure S57. Summary of the selected cells in the orpiment defocusing step heatmaps to show the intensity (and degradation) 
patterns. (a-b) The selected degraded (white) cells in the heatmaps. (c-d) The selected intact (red) cells in the heatmaps. The star 
denotes the position of feature 268.



Figure S58. Raman spectra of two intact (dark red) cells in the class 0 orpiment 
defocusing step heatmap showing how the spectra change as the defocusing steps 
(classes) increase. (a-e) The Raman spectra in each defocusing step corresponding 
to the 6x10 cell in the heatmap. (f-j) The Raman spectra in each defocusing step 
corresponding to the 4x25 cell in the heatmap. The yellow star denotes the position 
of feature 268.



Another area of interest on 
the heatmaps in Figure 11 
and S48b is cell 6x36, 
which appears very 
degraded in the heatmaps in 
class 1 for features 267.73 
and 237.71. Interestingly, 
the heatmaps for classes 0-4 
created using feature 
237.71, which represents 

pararealgar, look uniform besides this very white cell. It is a light 
pink in class 0, becomes very white in class 1, and then becomes 
darker as the defocusing steps increase in the feature 237.71 
heatmap. Additionally, the experimental heatmaps (Figure 5) and 
the heatmaps shown in Figure 11 using feature 267.73 are very 
similar but the 6x36 cell is more white in the machine learning 
heatmap. Cell 6x36 is further explored in Figure S59, where the 
Raman spectra for each class is shown. Pararealgar appears to be 
present in most of the spectra, which causes the high intensity for 
feature 237.71. Pararealgar is not present in class 0 but has a very 
large peak in class 1. This could be due to the same instrumental 
phenomenon described in the Part 1 analysis of the orpiment 
sample. 

Figure S59. Summary of the very white 6x36 
cell in class 1 of the feature 238 heatmap. 
(a-e) The Raman spectra in each defocusing 
step corresponding to the 6x36 cell in the 
heatmap. (f) The Raman spectra for each 
class. The stars denote the position of 
feature 238. 



Figure S60. Comparison of the experimental and machine learning orpiment 
defocusing steps heatmaps. Areas that agree between the two heatmaps are 
represented by dark red, and areas that differ are white.
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