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Abstract: In this study, a chemometrics-assisted calibration method was developed for the
7-903 SciAps handheld Laser-Induced Breakdown Spectroscopy (h-LIBS) device. For this
purpose, seventeen silica-based standard samples with known chemical composition were
collected, pelleted, and analyzed using h-LIBS. Spectral data were pre-processed using
a Whittaker filter and normalized via Standard Normal Variate (SNV). The dataset was
divided into calibration and validation sets using the Kennard-Stone algorithm. Partial
Least Square (PLS) regression was employed for multivariate regression analysis, and a
variable selection method (i.e., Variable Importance in Projection, VIP) was applied to
reduce the number of predictors. Results from the PLS-VIP approach demonstrated that
this device is suitable for the quantitative measurement of nineteen chemical elements,
including major and minor elements, achieving significant R? values for major elements
including Na (R? = 0.91), Mg (R? = 0.95), and Si (R? = 0.89). The limits of detection reached
are satisfying, being, for example, 0.24%, 0.41%, 0.43%, 1.5%, and 1.7% for Na, Al, Ca, Si,
and Fe, respectively, among major elements, and 189 ppm, 165 ppm, 203 ppm, and 1 ppm
for Ba, Cu, Mn, and Rb, respectively, among minor elements. Uncertainties in prediction
of the element concentrations were compared with data from the literature, and the effect
of another baseline pretreatment algorithm, airPLS (adaptive iteratively reweighted PLS),
was also tested. The method was then applied to nine silica-based artifacts of different
typologies sampled from the Archaeological Park of Tindari (Italy), including bricks from
the theatre, archaeological glasses, and volcanic rocks.

Keywords: archaeometry; Laser-Induced Breakdown Spectroscopy (LIBS); handheld
instrumentation; elemental analysis; PLS-VIP; multivariate calibration

1. Introduction

Determining the chemical composition of archaeological materials provides essential
insights into provenance, manufacturing techniques, and trade routes, as well as supporting
the design and development of effective conservation strategies [1-6]. Traditionally, such
analyses have been conducted in laboratory settings, often requiring the transport of
artifacts and, in some cases, the use of invasive or destructive techniques [7]. However,
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this approach may not be suitable due to the inherent fragility and cultural significance of
many archaeological objects, which include natural stones, ceramics, metals, glass, wood,
and other organic or inorganic materials [8,9].

Recent advancements in portable instrumentation have allowed for non-destructive
or micro-destructive analyses, enabling fast, reliable measurements in situ with minimal
impact on the objects, and reducing both sampling risks and costs [10]. Consequently,
portable equipment has become essential in the field of Cultural Heritage [11-18]. In this
context, Laser-Induced Breakdown Spectroscopy (LIBS) has gained increased attention over
the past two decades [19-33]. Its appeal in the analysis of Cultural Heritage materials lies
in the minimal sample preparation, broad elemental coverage across the periodic table, and
flexibility regarding sample geometry or size [34-37]. Moreover, laser pulses can effectively
remove dust coatings, thus facilitating the investigation of weathering layers, either by
exposing them directly or through layer-by-layer analysis [38,39].

Despite these advantages, LIBS faces several methodological challenges, most notably
the matrix effect, which can cause variability in ablation and emission processes depending
on the material. In the context of LIBS applied to archaeological artifacts, the matrix effect
refers to the influence exerted by the sample’s chemical composition and physico-structural
properties on laser ablation, plasma formation, and spectral emission processes. Variations
in the matrix (e.g., silica-based, calcareous), even at constant elemental concentrations, can
significantly alter the intensity and shape of spectral lines, thus compromising the accuracy
of quantitative analysis. This effect is particularly relevant in archaeological materials,
which are often heterogeneous and altered, and requires compensation strategies such as
matrix-matched calibration, the use of internal standards, or multivariate data processing
(see, e.g., [40,41]). LIBS spectra are also complex, with overlapping emission lines from
many elements, making untargeted analysis difficult. Additionally, being a laser-based
technique, temperature plays a critical role; the optimal operating range is around 30 °C,
which requires careful temperature control during in-situ use.

Thus, while h-LIBS is well-suited for qualitative analysis, achieving accurate quanti-
tative results is more complex. As with other analytical techniques, reliable quantitative
LIBS analysis requires proper calibration, typically achieved through calibration curves
generated using established standards [42—48]. Successful quantitative LIBS applications
using bench-top instruments have been reported in Cultural Heritage studies [49-54]. For
instance, Lasheras et al. quantified Fe, Ca, and Mg in archaeological ceramics, using specific
calibration standards and selected emission lines [55], while Tankova et al. examined
prehistoric bronze artifacts from a Bulgarian site, applying both surface and cross-section
analysis to determine Sn and Pb concentrations [56]. However, these studies rely on uni-
variate calibration approaches, which utilize limited spectral information and are more
susceptible to fluctuations in plasma conditions.

To overcome these limitations, multivariate calibration methods, particularly those
based on chemometrics, are increasingly adopted. For instance, Guan et al. used Dou-
ble Spectral Correction-Partial Least Squares (DSC-PLS) to determine carbon content in
powdered coal with bench-top LIBS [57]. Nardecchia et al. [58] combined LIBS and plasma-
induced luminescence hyperspectral imaging using a data fusion strategy to analyze het-
erogeneous kyanite mineral samples, applying Multivariate Curve Resolution-Alternating
Least Squares (MCR-ALS) on compressed datasets to extract chemical features. Dyar
et al. [47] employed multivariate regression to analyze geochemical standards obtaining
quantitative information about major, minor, and trace elements.

An alternative strategy for quantitative analysis without external calibration is pro-
vided by Calibration Free Laser-Induced Breakdown Spectroscopy (CF-LIBS) [59-61], which
assumes stoichiometric ablation, local thermodynamic equilibrium (LTE), and optically
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thin plasma. The CF-LIBS approach was used by Senesi et al. [62] in the diagnostic of stone
monuments. Despite its theoretical rigor, this method is often complex and case-specific,
limiting its widespread application.

Overall, the current literature [37,42,63-65] indicates that LIBS for quantitative analysis
is still an emerging field, largely limited to a few elements and typically performed with
bench-top systems.

Given this context, the aim of this work is twofold: first, to perform a Partial Least
Squares-Variable Importance in Prediction (PLS-VIP) chemometrics assisted calibration
of the h-LIBS SciAps Z-903 device (see Figure 1), and, secondly, to take advantage of this
test to determine the concentration of nineteen elements in silica-based artifacts from the
Archaeological Park of Tindari in Sicily, Italy [66-70].
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Figure 1. Diagram of the SciAps Z-903 h-LIBS device used in this work (credit: SciAps Inc. [71]).

This study is part of a wider research activity at the Archaeological Park of Tindari,
conducted both in situ and ex situ, by means of a multi-disciplinary and multi-technique
approach, to assess the conservation state of different materials stored in various envi-
ronments, i.e., a micro-indoor showcase, a warehouse, and outdoor settings, within the
framework of the MUR-PNRR Ecosystem SAMOTHRACE (SiciliAn MicronanOTecH Re-
search And innovation CEnter) project.

2. Experimental Section

2.1. Materials and Methods
2.1.1. Standard Samples

To calibrate the h-LIBS device, seventeen silica-based standard samples were selected.
These included eight geological certified reference materials (CRMs) and nine geochemical
(GEO) samples. The chemical compositions of the CRMs are known and certified, while the
GEO samples were quantitatively analyzed at Activation Laboratories using the analytical
packages Code 4E and Code 4E-XRF. The Code 4E package involves acid digestion followed
by Inductively Coupled Plasma Mass Spectrometry (ICP-MS) analysis for trace elements
determination. The Code 4E-XRF package uses lithium tetraborate fusion followed by
X-ray fluorescence (XRF) analysis for the quantification of major oxides. Details about
CRMs and GEO are provided in Section 3.1.

2.1.2. Archaeological Samples

Nine samples were collected from the Archaeological Park of Tindari (Italy) (Figure 2),
including two bricks of uncertain age from the theatre, five archaeological glass sherds
excavated from the Cercadenari area during various excavation campaigns, a millstone
made of volcanic rock, and an obsidian fragment (Figure 3). Specifically, TY_MA_7 is a
colorless thin glass fragment, while TY_MA_8 and TY_MA_9 are green glass fragments.
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These three samples, together with the obsidian fragment (TY_MA_51), were recovered
during the August 1970 excavation campaign in the Cercadenari area, specifically from the
decumanus, quadrants P19-20-21, layer II. In addition, two further glass fragments were
analyzed: TY_MA_15, a base fragment of a glass container discovered in the same area
during the July 1993 excavation, and TY_MA_20, a wall fragment of a glass vessel uncov-
ered in the 2023 excavation campaign conducted by the University of Torino (Excavation
XVIII-US 667). A fragment of a millstone (TY_MA_52) was sampled from near the main
entrance of the Archaeological Park, but no information about the excavation context is
available. Finally, TY_OU_14 and TY_OU_15 are bricks located at the central niche in the
ring corridor in the theatre orchestra.

: Archaeolog_ical Park of Tindari
3
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Figure 2. Map of Italy (top left), location of the Archaeological Park of Tindari in Sicily
(Italy) (top right), and detailed map of the Archaeological Park of Tindari (bottom).

Except for the brick fragments and the millstone, all other samples are currently
stored in the warehouse of the archaeological park. It is worth mentioning that the sample
nomenclature adopted here reflects a broader sampling strategy implemented as part of
the aforementioned MUR-PNRR SAMOTHRACE project, which aims to ensure traceability
across the extensive dataset generated by the multi-disciplinary investigations currently
ongoing on the entire collection of samples.
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Figure 3. Archaeological samples collected from the Archaeological Park of Tindari (Italy) along

with photographic scale. Each colored segment represents 1 cm length x 0.5 cm height, providing a
reference for size. (F): front side, (B): back side.

2.1.3. Data Collection with the h-LIBS Device

All standard samples, except NIST612 which is a glass and can be analyzed directly,
were in powder form and thus required pressing, using a RETSCH PP 25 press (Dusseldorf,
Germany), into pellets prior to being analyzed by h-LIBS (see Supporting Information for
further experimental details). Archaeological samples were analyzed in selected areas of the
artifacts to minimize problems related to surface roughness or microstructural variations.

Spectral data were collected from both standard and archaeological samples using a
Z-903 h-LIBS analyzer (SciAps Inc., Andover, MA, USA) equipped with a 1064 nm Nd:YAg
laser covering the 180-950 nm spectral range. In order to enhance the signal-to-noise
ratio, spectra were acquired under argon gas (~12 atm) using an argon purge included
in the system. For each sample, the LIBS spectrum was obtained, averaging 96 spectral
profiles recorded on 6 different locations (16 profiles per location) with a spot size of about
100 um. The penetration depth was not measured, but the literature reports that it is
material-dependent, being around 10 pm for a laser shot [31,38]. If required by the operator,
averaging of the spectral profiles was automatically performed by the acquisition software
of the equipment. Some random checks were performed to evaluate the repeatability of the
spectral profiles. The laser pulsed at a frequency of 1 Hz, and each pulse lasted for 1 ns,
delivering 5-6 m] to the sample. The delay time was 650 ns over a 3 ms integration time.
The collected spectra were arranged in a matrix (S0 23401) with 23,401 variable columns
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(emissions in arbitrary units as a function of wavelength) and 40 rows. This matrix is

composed of two sub-matrices:

e Xj723401, containing 17 spectra collected from standard samples (i.e., one for each
standard sample) for model calibration and validation;

®  Aj33401, consisting of the 23 spectra collected from 9 archaeological samples (being some
spectra collected in replicates, see Table 1) with unknown elemental concentration.

Table 1. Number of replicates collected for each investigated archaeological sample.

Sample Name Material Replicates
TY_MA_7 Colorless glass 1
TY MA_8 Green glass 1
TY _MA_9 Green glass 3
TY_MA_15 Glass 3
TY_MA_20 Glass 3
TY _MA_51 Obsidian 2
TY _MA_52 Volcanic rock 7
TY_OU_14 Brick 1
TY_OU_15 Brick 1

2.1.4. Data Processing

The matrix X, containing the spectra of the standard samples, was pre-processed first
with the Weighted Least Squares (WLS) algorithm based on the Whittaker filter (A = 100,
p = 0.001) to establish a baseline, followed by a Standard Normal Variate (SNV) normaliza-
tion. The adaptive iteratively reweighted Penalized Least Squares (airPLS) algorithm [72]
was also tested for the baseline treatment. The matrix containing the concentration of nine-
teen elements, including major and minor components, in the seventeen standard samples
(Y17,19) was column-wise autoscaled. The instrument was calibrated through the sequential
selection of individual elements (i.e., one column vector at a time). The Kennard-Stone
algorithm [73] was used to split the X spectral matrix and the Y concentration matrix into
calibration (X a1 and Y1, 9 samples) and validation (Xy, and Yy,;, 8 samples) sets. Accord-
ing to Lopez et al. [74], the validation step performed with a subset never used during
the calibration and cross-validation steps can be regarded as an external test. However, to
enable a more general assessment of the model’s predictive capabilities, another validation
step obtained using a strict external test set, namely, a distinct dataset differing not only in
composition but also originating from a separate sampling campaign, would be desirable.

The initial calibrated PLS regression model (X, vs. Y¢q1) was input to a VIP analy-
sis [75]. Since the average of squared VIP scores equals 1, a spectral variable with a VIP
score equal or greater than 1 (one) was considered important in the model, whereas vari-
ables with VIP scores significantly lower than 1 (one) were excluded from the model. The
performance of this step was assessed using the leave-one-out cross-validation approach.
The output of the VIP analysis was a reduced spectral matrix (i.e., X.,") that was further
independently fitted against each Y, column vector, corresponding to an element, to build
the final PLS-VIP regression model. The optimal number of latent variables for the PLS-VIP
analysis was selected by minimizing the Root Mean Squared Error (RMSE) in leave-one-out
cross-validation. Then, the model was validated using the Xy, and Yy, subsets. After the
validation step, the model was applied to the spectral matrix of the archaeological samples
(i.e., A) to obtain unknown element concentration, together with the uncertainty associated
with the prediction.

In all steps, namely, calibration (cal), cross-validation (CV), and validation (val), the
quality of the results was assessed by evaluating the RMSE (see Equation (1)), bias, and
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correlation coefficient (R?, see Equation (2)). The subscripts “cal”, “CV”, and “val” were
added to RMSE and R? to define to which phase it refers (e.g., RMSE,,). The Limit of
Detection (LOD) and Limit of Quantification (LOQ) were assessed in the calibration phase
by Equations (3) and (4).

N _ o2
RMSE = W (1)
RZ_1_ Residual sum of squares _ ., _ Zﬁil(yi - %) @)
Total sum of squares YN (v — )
LoD — 20 _ RMSEq vNeal )
s S v/Nga — 1
LOQ = 3.3-.LOD (4)

where y;, §;, and . are the ith experimental, calculated from the calibration curve and aver-
age concentration, respectively; s is the slope of the predicted vs. measured concentrations
values in the calibration phase; and N, is the amount of data in the calibration set. The
RMSE and bias are expressed in the same unit as the concentration (ppm, in this case),
whereas the correlation coefficient is a pure number.

All data pre-processing, variable selection, and regression analysis steps were per-
formed in a Matlab environment version 2023b (The MathWorks Inc., Natick, MA, USA)
using PLS toolbox version 8.7.1 (Eigenvector Research, Inc., Manson, WA, USA).

3. Results and Discussion
3.1. Calibration and Validation

Although the number of available standard samples (seventeen) was relatively limited,
it was sulfficient to calibrate the h-LIBS device. However, not every standard sample
contained all elements of the periodic table at concentrations exceeding the declared
limit of detection (LOD) [76-78]. Consequently, the calibration of the h-LIBS device was
performed only for those nineteen elements that surpassed the LOD across all seventeen
standard samples.

Selected elements for the CRMs and GEO standard samples, together with their
concentrations in parts per million (ppm), are listed in Table 2. A specific portion of this
table—comprising the complete set of element concentrations measured in the standard
samples—constitutes the previously mentioned Y matrix. Additionally, the table includes
descriptive statistical parameters, namely, the mean value (), standard deviation (s), range
(r), minimum value (min.), and maximum value (max.). The elements Na, Mg, Al, Si, K, Ca,
and Fe can be regarded as major elements, since their mean concentration () is equal or
greater than 10,000 ppm (i.e., 1%); P, Ti, Mn, Sr, and Ba can be regarded as minor elements,
with an average concentration between 100 and 10,000 ppm, whereas Be, Cu, Zn, Rb, Y, Mo,
and Pb are considered as trace elements, since their average concentration is equal to or
less than 100 ppm.
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Table 2. Concentrations (in parts per million, ppm) of the nineteen chemical elements in the certified reference materials (CRMs) and geological samples (GEO) used

for the calibration of the h-LIBS device, with some descriptive statistics.

Stlf;;ﬁf;d Type Na Mg Al Si P K Ca Ti Mn Fe Be Cu Zn Rb Sr Y Mo Ba Pb Ref.
BCR2 CRM 23,148 21,701 71,365 252479 1569 14720 50814 13567 1522 96286 2 20 130 46 337 36 251 684 1 a
BIR1A CRM 13592 58423 82,112 223444 131 241 94929 5743 1340 79,714 1 121 70 10 109 16 1 7 3 a
GSP2 CRM 20,626 5789 78882 311,391 1266 44,643 15000 3953 320 34,263 2 43 120 245 240 28 2 2 42 a
MK1 CRM 24113 11276 81,265 299,609 995 33026 28,071 3097 1239 36571 4 57 120 160 480 1 3 1400 160 b

NIST612 CRM 97,639 1 12,282 337,434 44 83 86,357 39 77 140 35 34 34 32 10 37 37 36 1 c

GBWO07312  CRM 2839 2834 49235 361373 235 24147 8286 1510 1400 34,123 8 1230 498 270 24 29 8 206 285 d
GB07103 CRM 23223 2533 70941 340520 405 41572 11,071 1720 463 14,964 12 3 28 466 106 62 4 343 31 e
NCSZC71024 CRM 14,765 7778 70200 312,794 613 22072 11,929 4310 820 30,907 2 63 100 99 19 23 14 783 182 f
CAL1 GEO 4340 241 39771 263,087 164 11,249 572 3386 39 420 1 87 37 10 373 4 2 619 10 g
CAL9 GEO 2819 905 45540 234473 382 6641 1001 519 39 17,767 1 36 9 10 841 13 23 1027 16 g
CALII-BIS  GEO 3042 543 38925 276458 458 7513 1644 6299 39 2973 1 24 10 10 856 15 32 1023 23 g
iAL%lOl' GEO 964 9410 51,388 245367 240 2739 4646 3704 287 21,369 1 259 188 10 385 18 3 514 13 g
CAL13 GEO 3005 6575 42,629 248,172 164 6973 4145 3488 62 17,242 1 41 42 10 348 10 1 561 14 g

CAL14-2 GEO 2003 7178 45117 215,631 262 4151 500 3848 54 42,144 1 16 24 10 437 7 9 641 19 g

CALI5 GEO 1150 11,039 45910 246,816 175 3155 2859 4124 39 23,013 1 24 34 20 349 13 14 576 8 g

CALI5-SUP  GEO 5564 12,487 46519 231,434 207 5479 2573 3716 54 28,714 1 27 24 10 364 9 15 562 16 g
CAL16 GEO 259 1086 44799 272,905 229 9298 2501 5934 54 5421 1 65 28 30 608 11 1 1100 59 g
m 12418 9139 52421 272380 416 12,284 16649 4309 413 27,708 4 127 87 74 355 19 23 578 46
s 21,806 12,802 17910 41910 403 13,629 28040 2639 532 24,440 8 271 113 122 227 14 54 369 75
r 97,008 58423 69,829 145742 1525 44560 94428 13529 1483 96,147 35 1227 489 466 856 62 251 1399 285
Min 631 1 12,282 215631 44 83 500 39 39 140 1 3 9 10 10 10 1 2 1
Max 97,639 58423 82112 361,373 1569 44643 94929 13567 1522 96,286 35 1230 498 466 856 62 251 1400 285

a[76]; b [77], also known as VS2125-81; ¢ [76]; new name is NISTSRM 612; 4 [76]; new name is GSD-12; © [76]; new name is GSD-3; f [78]; 8 determined in this work.
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Spectral data acquired from the standard samples, allocated in the X matrix, were
pre-processed prior to performing multivariate regression vs. the Y concentration ma-
trix. As was previously stated, common issues for LIBS spectra analysis include baseline
fluctuations and varying sensitivity among elements. To address these issues, the most
commonly adopted approach involves baseline correction and spectral normalization. To
this end, a pre-processing step based on the Whittaker filter, followed by a SNV, was carried
out. The parameters of the Whittaker filter were chosen to effectively model the baseline
while minimizing low-frequency oscillations. A regularization parameter of A = 100 was
selected to impose sufficient smoothness on the estimated baseline without excessively
flattening relevant spectral features. The penalty factor p = 0.001 was chosen to allow a
degree of sensitivity to subtle baseline variations, improving the separation of weak peaks
from the background. This combination enhances the signal-to-noise ratio, particularly for
low-intensity spectral lines, which is critical for accurate elemental identification in LIBS
analysis. The parameters were initially based on values reported by Nardecchia et al. [58],
and subsequently adjusted to optimize performance on the specific dataset used in this
work. The impact of such pre-treatments on the LIBS spectra of standard samples, shown
in different colors, is illustrated in Figure 4. In parallel, the airPLS algorithm [72] was also
tested as an alternative method to the Whittaker filter for baseline correction, offering an
adaptive, data-driven approach to suppress background noise while preserving peak in-
tegrity. Also, in this case, after baseline correction, the pre-treated spectra were normalized
with a SNV transformation. Parameters for the airPLS algorithm were: A = 10°, order of
the difference of penalties = 2, Weight of Exception Proportion (WEP) = 0.1, asymmetry
p = 0.5, maximum number of iterations = 20. The impact of the use of two different baseline
pre-treatments on the calibration and validation performance is discussed later.

x104 Raw data Preprocessed Data
v T T v v 40 v v T
—~ 25} | 135]
.‘é 30t
5 2 | 125t
Ko} L 4
@ 1.5 20+
> 1 1IN {15} ‘
= ‘ I ‘
e Ml 9 '
LY EIFEIR N R T A ) S NN WLl “ i Ly M b 0 il
-0.5 L. . . s . . . — K . . ‘ . . . ‘
200 300 400 500 600 700 800 900 200 300 400 500 600 700 800 900
Wavelength (nm) Wavelength (nm)

Figure 4. Effect of the pre-treatments on the LIBS spectra of standard samples along the entire spectral
range. Each color represents the spectral profile of a standard sample.

The X and Y matrices were split into calibration and validation subsets using the
Kennard-Stone algorithm [73], which was chosen because it generates subsets with similar
sample density, being a distance-based splitting method. This approach ensures that both
subsets maintain a comparable range of element concentration, leading to a more reliable
internal validation process.

The calibration phase started with a PLS multivariate regression between the X 4 vs.
Y a1 matrices, performed sequentially for each individual element. This approach generated
19 distinct models, one for each element. Subsequently, a VIP analysis was conducted
on each PLS model to identify the most correlated variables (i.e., emissions at a specific
wavelength) with the column response (i.e., element by element concentration in the Y
matrix) using VIP scores [75]. This analysis facilitated variable selection, enabling a refined
PLS regression using only the significant variables. The performances of the VIP analysis
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and the number of Latent Variables (LV) to be retained in the PLS-VIP models were assessed
by RMSEC\/.

After this calibration step, the validation step consisted of projecting Xy, and Yy,
matrices of the standard samples, never used across calibration and cross-validation steps,
onto the PLS-VIP models to test its prediction capabilities in terms of element concentration.

A graphical representation of the agreement between predicted and measured concen-
tration of Na, Si, K, and Al is provided in Figure 5. These elements were selected because
they are among the major constituents of the standard samples and the corresponding
predictive models reflect different performance conditions. Sodium (Na) was included
because its model demonstrated the best overall performance, in terms of RMSE and R.
Potassium (K) and Silicon (Si) were selected due to their strong performance in the cali-
bration phase, although a decline was observed during validation step. Aluminum (Al),
on the other hand, showed satisfactory calibration results, but exhibited a low correlation
coefficient in the validation phase.
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Figure 5. Plot of predicted (obtained from the PLS-VIP model) vs. measured concentration for Na,
Si, K, and Al. Grey circles: standard samples used in the calibration step; red diamonds: standard
samples used for validation; red lines: fitting of predicted vs. measured concentrations values during
validation; green lines: ideal fitting.

In each plot, the standard samples used during the calibration phase are represented
by grey circles, whereas those employed for validation are depicted as red diamonds.
Moreover, the red line represents the regression slope of the predicted vs. measured
concentrations during the validation phase, while the green line denotes the ideal 1:1
relationship, indicating perfect accuracy.
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Regarding Na, the fitted line (red) and the ideal line (green) are nearly superimposed,
revealing excellent predictive capability. Furthermore, reliable predictions are achieved
across the entire Na concentration range, as evidenced by the distribution of test samples
(i.e., red diamonds) throughout the graph. A similar observation applies to Si, where the
fitting line closely follows the ideal one, reflecting satisfying concentration predictions. This
indicates the absence of bias (i.e., no systematic deviation from the expected value) during
the validation phase. However, in this case, while the samples of validation set cover the
full range of Si concentrations, their distribution is skewed towards lower values, with only
one validation sample (GB07103) exceeding a Si concentration of 3-10° ppm.

As far as K and Al are concerned, red line and green line are not fully superimposed,
indicating the presence of bias. However, if, for K, the validation samples are spread
in a manner that traces Si, with more data points at low concentration and one at high
concentration (GB07103), in the case of Al validation, the samples are clustered within
a narrow concentration range (4 to 7-10* ppm). Such a range corresponds to where the
calibration is more reliable but indicates that the model provides less robust concentration
estimation for values below 4-10* ppm and above than 7-10* ppm.

The diagrams reporting predicted vs. measured concentration for all elements are
given as Supporting Information together with the variables selected (i.e., emission wave-
lengths) through VIP analysis.

In Table 3, the quality parameters for each individual PLS-VIP model, corresponding
to a different element, are reported. Specifically, the table provides RMSE, bias, and R?
for each step of the multivariate regression (i.e., calibration, cross-validation, validation),
as well as the number of variables selected after the VIP analysis, the number of retained
latent variables (LV), and the limit of detection (LOD).

Table 3. Summary of the results obtained for the calibration (cal), cross-validation (CV), and validation
(val) phases of the PLS-VIP model. Correlation coefficients greater than 0.8 are reported in bold.

cal Ccv val
Number of
Element Selected n. LvV? RMSE,, Bias R%.. RMSEcy Bias R’cy RMSE, Bias R2,a LOD
Variables

Na 196 2 2270 0 0.91 2630 —24 0.88 2314 870 0.95 2427
Mg 87 5 3925 —82 0.95 16,807 —5000 0.25 6581 —2583 0.90 4196
Al 180 3 3852 11 0.97 43,307 7771 0.04 16,112 2062 0.01 4118

Si 3893 3 14,261 —-110 0.89 22,349 —2465 0.73 29,520 —1545 0.69 15,246

P 1406 4 207 -8 0.81 475 —46 0.18 289 135 0.47 221

K 616 3 6145 15 0.83 13,842 3783 0.21 6072 2747 0.79 6569
Ca 106 3 4034 —309 0.99 13,730 —1875 0.84 3296 —259 0.67 4313
Tib 356 2 1115 -10 0.67 1566 -3 0.38 801 303 0.63 1192
Mn 30 6 190 0.1 0.89 871 —206 0.01 307 199 0.02 203
Fe 622 3 15,902 —182 0.72 46,406 —10,000 0.20 14,742 8350 0.73 17,000
Be 21,584 2 6 0 0.67 13 -2 0.07 7 -7 0.63 6
Cu 266 3 154 —4 0.53 423 —87 0.05 465 300 0.63 165
Zn 3739 6 14 0 0.99 116 —11 0.32 306 256 0.18 15
Rb 445 5 14 0 0.99 32 2 0.90 68 -9 0.96 1
Sr 12,871 6 11 0 0.99 200 —0.37 0.39 134 19 0.60 12
Ye© 22 4 24 0 0.95 7 -1 0.62 8.9 3.9 0.43 3
Mo 3893 6 10 0 0.98 90 27 0.01 110 —51 0.05 11
Ba 21 4 177 8 0.86 246 -21 0.75 503 —287 0.01 189
Pb 328 5 39 0 0.84 125 -7 0.05 106 51 0.02 42

a number of Latent Variables retained; P BCR2 CRM was eliminated, ¢ GB07103 CRM was eliminated.

As for the calibration step, the bias is close to zero in all cases, and the correlation
coefficients are generally high (>0.8, reported in bold), particularly for the major elements
(Na: 0.91; Mg: 0.95, Al: 0.97; Si: 0.89; Ca: 0.99). However, some elements exhibit correlation
coefficients in calibration lower than 0.7, including Be (R2 = 0.67), Cu (R2 =0.53), and Ti
(R? = 0.67), for which a standard sample (BCR2) was determined to be an outlier. For Y, the
calibration phase resulted quite satisfactory (R?, = 0.95), although one standard sample
(GB07103) was excluded.
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In the validation step, the quality parameters indicate that the models obtained for Na,
Mg, and Rb, are featured by the highest R?,,; values, being 0.95, 0.90, and 0.96, respectively.

Overall, it can be inferred that among the major elements, the predictive capabilities
of the models are highly satisfactory for both the calibration and validation steps for Na,
Ca, Fe, K, Mg, and Si. However, the validation performance for Al could be improved by
including additional samples that cover the entire concentration range (see Figure 5 and
the low correlation coefficient in Table 3).

For the minor elements (i.e., P, Ti, Mn, Sr, and Ba), the results are generally satisfactory
in the calibration phase, whereas the validation phase shows less consistent performance.
Notably, Ti and Sr achieved relatively high correlation coefficients (R%,,; = 0.63 and 0.60,
respectively), and the performance for P (R%,, = 0.47) can be considered moderately
acceptable. In contrast, Mn exhibited a low correlation coefficient (R, = 0.02), which
can be attributed to the clustering of validation samples within a narrow region at low
concentration (see Supporting Information), similar to what was observed for Al

For trace elements, the correlation coefficient is excellent for Rb (R?,,; = 0.96) and rea-
sonably satisfactory for Be (R, = 0.63), Cu (R?,1 = 0.63), and Y (R?,, = 0.43). Conversely,
poor correlation was found for Zn (R?,,; = 0.18), Mo (R?,, = 0.05), and Pb (R?,,; = 0.02). As
was observed in the case of Al above, low R?, values featured by the models obtained for
these elements can be interpreted considering the tight concentration range in which the
validation samples fall. In the case of Pb, validation samples comprised between 20 and
60 ppm, which is a much narrower range compared to that of the calibration samples (i.e.,
1-300 ppm). However, a comprehensive assessment of the predictive capabilities requires
considering all quality parameters, as the evaluation of the correlation coefficient alone
does not always provide the complete picture. For example, despite the relatively high
correlation coefficient for Be (R2,, = 0.63) in the validation phase, the PLS-VIP model can-
not be considered fully validated because only two samples in the validation set exhibited
concentrations significantly above 1 ppm. As a general result, the models obtained for trace
elements must be regarded as tentative.

Regarding the number of variables selected, it is worth noting that for Be, 92% of
the total spectral variables (21,584 out of 23,401) were identified as significant in the PLS
model. This is another indication that the spectra obtained from the standard samples
poorly correlates with the Be concentration.

The referenced scientific literature on PLS regression models (see, e.g., [79,80]) states
that the number of samples in a dataset should be sufficiently large in relation to the number
of predictor variables to ensure the stability of the model. Although no specific values have
been universally defined (apart from the obvious requirement that the number of samples
must exceed the number of predictors), this is a crucial aspect that must be carefully
considered. In the case presented in this study, the number of standard samples was
seventeen, a statistically meaningful quantity, yet not sufficient to build stable models with
an excessive number of predictor variables (i.e., latent variables). In Table 3, the number
of latent variables retained in each VIP-PLS model is reported. Based on the analysis of
these values, it can be stated that the dataset size was adequate to build stable models in
all cases where fewer than six latent variables were retained. For those elements where
more than five latent variables were retained (i.e., Mn, Zn, Sr, Mo), the dataset size is just
sufficient to consider the model reliable. However, in order to increase model robustness,
cross-validation was applied during the calibration step. The models that appeared to be
less stable—those including six latent variables—are precisely those developed for trace
elements, suggesting that the calibration of the h-LIBS device to quantitatively determine
the concentration of trace elements with a sufficient precision level must be performed
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with more than twenty standard samples. The poor predictive ability obtained for trace
elements also depended on this aspect.

The LOD values, estimated during the calibration phase, are consistently below
10,000 ppm (1%), with the exception of Si (15,246 ppm, ~1.5%), which is the most abundant
element in the standard samples, and Fe (17,000 ppm, ~1.7%). Notably, the LOD for Fe is
relatively high and not fully satisfying.

As was previously mentioned above, two different baseline pre-treatments were tested
in combination with a SNV normalization, namely, the Whittaker filter (later indicated as
Whittaker+SNV) and airPLS (later airPLS+SNV). A numerical comparison of the fitting
results, in terms of RMSE and R?, both in the calibration and validation phases, is provided
in Table 4 for the four elements taken as example (i.e., Na, Si, Al, K). Relative diagrams re-
porting predicted vs. measured concentration are reported as Supporting Information. The
comparison indicates that Whittaker+SNV generally provides better performance across
the calibration and validation phases. In particular, where the model for Na is concerned, all
the parameters considered perform better in the case of Whittaker+SNV (i.e., lower RMSE
and higher R?). In the case of Si, the model obtained with a Whittaker+SNV pre-treatment
achieved lower RMSE and higher R? values for the calibration phase compared to airPLS,
while the contrary is observed for the validation step. A reversed pattern is shown for K
and Al, for which airPLS+SNV performed better in the calibration step, while the opposite
was observed for the validation step. The selection of the optimal preprocessing strategy
appeared to be element-dependent. In general, the Whittaker baseline treatment followed
by SNV offers a conservative and stable approach, while airPLS combined with SNV can be
beneficial when dealing with more complex or noisy signals, as observed in the case of Si.

Table 4. Comparison of quality parameters (RMSE and R?) for the calibration and validation phases
using a Whittaker filter followed by a SNV normalization (Wittaker + SNV) and an airPLS algorithm
followed by a SNV normalization (airPLS + SNV).

Whittaker + SNV airPLS + SNV
Element = RMSE, R?., RMSE, R?, RMSE_, R?., RMSE, R?,,
Na 2270 0.91 2314 0.95 2301 0.90 2554 0.94
Si 14,261 0.89 29,520 0.69 17,087 0.84 26,189 0.85
Al 3852 0.97 16,112 0.01 3700 0.97 16,329 0.19
K 6145 0.83 6072 0.79 3942 0.93 8616 0.69

The usefulness of soft data-driven models lies in their predictive ability; specifically,
in the case of the PLS-VIP approach proposed here, the estimation of the concentration
of an element in a sample using h-LIBS. In this context, a critical aspect is the interplay
between expected concentration in the sample and the limit of quantification (LOQ). Ideally,
the LOQ should be significantly lower than the concentration in the sample, allowing for
precise compositional differentiation. On the contrary, when the LOQ exceeds the sample
concentration values, the predictions are not sufficiently accurate for practical application.

To provide a clearer understanding of the PLS-VIP model’s applicability, Figure 6
illustrates the LOQ, expressed as a percentage of average and maximum concentration in
standard samples, for all the elements studied herein.

For Ca, K, Si, Al, and Na among the major elements, as well as for Ti and Sr among the
minor elements and for Rb, Zn, and Y among the trace elements, the LOQ is substantially
lower than both the mean and maximum concentrations in the standard samples. This
indicates that the model can reliably work when the concentration in a sample is near the
mean values of the standard samples (see Table 2). However, for Fe, Mg, and K, despite the
model’s good predictive capabilities, the LOQ remains relatively high, making the model
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practical only when the element concentration exceeds the LOQ. Similar considerations
apply to Pb, Cu, Be, Mn, and P. However, in all cases, the LOQ values are well below the
maximum element concentration.
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Figure 6. LOQ (%) of each element as percentages of the mean (blue bar) and maximum (red bar)
concentration, for the standard samples.

From all of the above, despite the relatively limited number of standard samples
available in this study, the proposed approach demonstrated satisfactory performance for
a significant number of elements, highlighting the effectiveness of PLS-VIP calibration
for h-LIBS devices. This outcome is particularly significant, because the calibration of
h-LIBS instruments is a difficult, though desirable, task due to the rapidity of the mea-
surements. Moreover, the importance of these finding is further emphasized when one
considers that similar calibration strategies reported in the literature are mainly applied
to bench-top instruments, often utilizing extensive sets of standard samples [45-48]. A
direct comparison of the uncertainties in prediction determined in this work and those
reported in the literature by Dyar et al. [47] is proposed in Table 5. The authors published
a reference article for the elemental quantification by means of LIBS analysis and trained
a PLS model on a multi-matrix dataset containing more than 2000 standard geochemical
samples including igneous, sedimentary, and metamorphic rocks. The literature RMSE in
prediction, originally reported as oxide percentages, were converted to element percentage
to match the concentration scale used in this work.

The uncertain values are highly comparable for all the major elements (i.e., those
expressed in%). In particular, the value reported in this work for Si (1.5%) is slightly
lower than literature value (1.7%), which is understandable because this work is focused
on silica-based materials. Values reported for Ti, Na, and K are not essentially different
between the two reports, whereas data listed for Al, Mg, Ca, and Fe are higher than the
literature’s values. This latter element, in particular, evidenced some inconsistencies, as the
experimental value (2.5%) doubles the literature’s value (1.2%). As minor or trace elements
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are concerned, uncertainties reported for P, Rb, Sr, and Y are very similar between this work
and Dyar et al., who obtained lower RMSE values for the other minor elements, namely, Ba,
Be, Cu, Mn, Mo, Pb, and Zn.

Table 5. Comparison of prediction uncertainties obtained in this work and reported in the literature
by Dyar et al. [47].

Element This Work Dyar et al. [47]
Si 1.5% 1.7%

Ti 0.2% 0.2%

Al 1.2% 0.9%

Fe 2.5% 1.2%
Mg 1.2% 0.7%

Ca 1.0% 0.7%

Na 0.5% 0.4%

K 0.5% 0.6%

p 300 ppm 350 ppm
Ba 450 ppm 232 ppm
Be 9 ppm 0.7 ppm
Cu 400 ppm 26 ppm
Mn 400 ppm 282 ppm
Mo 20 ppm 0.8 ppm
Pb 65 ppm 7 ppm
Rb 50 ppm 52 ppm
Sr 120 ppm 85 ppm
Y 25 ppm 10 ppm
Zn 150 ppm 26 ppm

3.2. Archaeological Samples

Once the PLS-VIP model was calibrated and validated, it was applied to determine
the concentration of 19 elements in the aforementioned archaeological samples (Figure 3)
from the Archaeological Park of Tindari. These samples were selected as part of the
SAMOTHRACE project, due to their silica-based matrix being compatible with that of the
standard samples. The results are presented in Table 6. For samples with multiple replicates,
the average concentration values are reported. From a methodological perspective, non-
invasive or micro-destructive approaches are preferred when analyzing archaeological
materials. In the case of h-LIBS devices, the laser leaves microscopic ablation marks on
the sample surface. To minimize any visual or structural impact, measurements were
taken on pre-existing fractures or in non-critical areas, following standard archaeometric
practices. Visual inspection under magnification confirmed that the laser-induced marks
were minimal and did not compromise the integrity or legibility of the artifacts. For fragile
or particularly valuable samples, such as some of the glass fragments, measurements were
performed on edges or undecorated surfaces to minimize any potential visual impact.
When feasible, multiple replicates were collected from different areas of each sample to
account for material heterogeneity and improve statistical robustness. However, in certain
cases, such as very thin, uneven, or particularly fragile samples, only one representative
measurement was acquired. It should be noted that even when a single replicate was
reported, this does not correspond to a single laser shot, as already stated in Section 2.1.3.
In the case of brick samples, for example, a single acquisition was considered sufficient
due to the samples” uniformity at the analyzed scale. Currently, no comparative data are
available to evaluate whether this experimental protocol provides superior performance
compared to other analytical techniques (e.g., XRF or ICP-MS).
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Table 6. Quantitative elemental composition of the samples collected in the Archaeological Park

of Tindari.

Element TY MA 7 TY MA 8 TY_MA 9 TY_MA_15 TY MA_20 TY MA_51 TY_MA_52 TY_OU_14 TY_OU_15
Na (%) 2.0 23 23 22 2.7 1.0 1.5 1.1 0.9
Mg (%) <LOQ <LOQ <LOQ <LOQ 1.3 <LOQ 3.6 4.8 6.3
Al (%) 7.6 7.5 6.9 6.5 34 3.6 8.8 5.9 5.5
Si (%) 29.4 29.5 29.7 29.8 30.5 30.6 26.2 29.1 30.1
K (%) <LOQ <LOQ <LOQ 0.5 0.8 1.7 1.1 <LOQ <LOQ
Ca (%) 10.0 10.4 9.8 10.1 8.9 24 9.8 10.3 10.8
Ti (%) <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ 0.3
Mn (%) 0.06 0.11 <LOQ <LOQ 0.09 <LOQ 0.11 0.17 047
Fe (%) <LOQ <LOQ <LOQ 5.8 9.8 <LOQ 6.6 8.3 11.5

P (ppm) <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ

Be (ppm) <LOQ <LOQ <LOQ 10 13 19 11 25 29

Cu (ppm) <LOQ 464 545 <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ
Zn (ppm) <LOQ <LOQ <LOQ <LOQ <LOQ 153 <LOQ <LOQ <LOQ

Rb (ppm) <LOQ <LOQ <LOQ <LOQ <LOQ 77 <LOQ <LOQ <LOQ

Sr (ppm) 634 610 609 627 708 181 639 724 635

Y (ppm) <LOQ <LOQ 31 <LOQ <LOQ <LOQ <LOQ <LOQ <LOQ

Mo (ppm) 46 34 63 54 60 <LOQ 43 22 <LOQ

Ba (ppm) 539 <LOQ <LOQ 527 1622 589 547 513 646

Pb (ppm) <LOQ <LOQ <LOQ 73 104 98 <LOQ <LOQ <LOQ

In detail, the glass samples TY_MA_7 and TY_MA_8 are green glass sherds, while
TY_MA_9, TY_MA_15, and TY_MA_20 appear slightly whitish, although they were likely
originally transparent. All exhibit a thin, iridescent surface layer indicative of glass degra-
dation [81]. Elemental analysis revealed a primary composition of Si (29-35%), Al (6-8%,
except for TY_MA_20), and Ca (9-10%), with consistently low Na (2-3%) and undetectable
Ti levels. K remained below 1%. Fe was only detected in TY_MA_15 (5.8%) and TY_MA_20
(9.8%), while Mg and Mn were exclusive to TY_MA_20 (1.3% and 0.1%, respectively).
These findings contrast with typical silica-soda-lime Roman glasses, which generally ex-
hibit higher Na contents (ca. 15-17%). The significantly lower Na levels (ca. 2-3%) in
these samples are consistent with degradation via alkali leaching, resulting in a hydrated,
alkali-depleted surface [6,82,83]. Notably, TY_MA_20 differed from the other samples by
showing high levels of Fe, Mn, K, Mg, Pb, and Ba, alongside reduced Al content. Although
excavated from the same area as the others, TY_MA_20 was recovered in 2023, about
30 years after the others. This temporal difference, although short from an archaeological
perspective, may be relevant due to the Cercadenari area’s agricultural use in recent decades,
which may have disturbed the surface and introduced contaminants, particularly K, from
fertilizers. The Pb level in TY_MA_20 (104 ppm) may suggest the intentional addition of
lead oxide (PbO) as a flux to lower quartz melting temperature [84]: However, the level
remains well below the >1% typically found in lead-rich glasses. Another relevant observa-
tion is the uniformity of Sr concentrations (ca. 0.1% across all samples, Table 6), supporting
the hypothesis of a common sand source, likely coastal sands rich in shell fragments and
feldspar impurities (i.e., Al, Ti, Fe, and Mn) [85,86], known for their higher Sr content.
Additionally, TY_MA_8 and TY_MA_9, the green glass samples, contain relevant Cu levels
(ca. 500 ppm), which likely accounts for their coloration. Overall, the elemental profiles
and weathering features are consistent with a silica-soda-lime glass made using natron as
a flux and lime as a stabilizer. The results also suggest the use of calcareous sands with
feldspar impurities as raw materials [87].

Moreover, the composition of the millstone (TY_MA_52) and obsidian (TY_MA_51)
aligns, within experimental errors, with volcanic rocks from Aeolian Islands rather than
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Mount Etna [88]. This is consistent with the relative geographical proximity of the Aeolian
archipelago to the study area.

Concerning the two brick samples, TY_OU_14 is presumed Roman, while TY_OU_15
is believed to be modern. TY_OU_15 exhibits higher Mg and Fe levels and lower Na and
Al than TY_OU_14, supporting a distinction in provenance or manufacturing technique.
However, conclusive classification requires additional reference samples, including bricks
with proven Roman origin. Furthermore, powder X-ray diffraction could help identify high-
temperature crystalline phases, potentially distinguishing modern production technologies.

4. Conclusions

In this study, a chemometrics-assisted calibration of a Z-903 h-LIBS device was de-
veloped. Spectral data collected on seventeen silica-based standard samples were pre-
processed using a Whittaker filter, which performed better than the airPLS algorithm,
for baseline correction and normalized via SNV. The Kennard-Stone algorithm was em-
ployed to split the dataset into calibration and validation subsets to allow for an internal
validation step. Multivariate regression analysis was then carried out by PLS regression,
supported by a VIP variable selection routine. The proposed PLS-VIP method proved to be
highly promising, achieving limits of quantification (LOQ) comparable with those reported
for bench-top LIBS systems. Moreover, the performances in prediction across nineteen
elements, encompassing major and minor components, were critically compared to the
literature and resulted in satisfactory findings, enabling rapid quantitative determination
in situ. However, measurements performed from real artifacts require further optimization
to address issues related to surface roughness or microstructural variations, which can
affect spectral quality and accuracy.

The calibrated h-LIBS device was then used to analyze nine silica-based samples from
the Archaeological Park of Tindari (Italy). The composition of obsidian and millstone
fragments suggested a strong similarity to volcanic materials from the nearby Aeolian
Islands. For the glass samples, elemental composition revealed consistency with Roman-era
glass artifacts found in another Sicilian archaeological area (i.e., Roman Domus of Villa San
Pancrazio in Taormina), suggesting a glass-making technology using natron as a flux, lime
as stabilizer, and calcareous sands as the primary raw material. The two brick samples
exhibited slightly different elemental profiles, potentially indicating varied production
techniques. However, definitive classification of these ceramic samples requires additional
comparative materials and further analyses, such as powder XRD, to identify specific
high-temperature crystalline phases.

While the results highlight the potential of using h-LIBS devices for archaeological
materials analysis, the study is limited by the relatively narrow sample diversity, as the
calibration was developed using silica-based standards. This restricts the generalizability of
the model to other material matrices, such as carbonates or metals. Furthermore, environ-
mental factors such as humidity and temperature fluctuations during measurements were
not systematically evaluated, which may influence calibration stability. Another limitation
is the absence of a comparative evaluation with other established techniques like pXRF,
which is commonly used in the field. Future research will focus on expanding the reference
dataset to include a broader range of materials and elemental compositions, including
trace and rare-earth elements, to enhance the calibration robustness. This expansion will
encompass additional archaeological material typologies, such as mortars, plasters, and
alloys from the Tindari site, in alignment with the ongoing SAMOTHRACE project. Fur-
thermore, systematic studies will be conducted to assess the influence of the environmental
variables on instrument performance and to benchmark h-LIBS against state-of-the-art
techniques like pXRF. Finally, efforts will be made to optimize measurement protocols for
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real artifact surfaces, addressing surface roughness and microstructural heterogeneity to
improve accuracy and reproducibility in situ.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/app15126929/s1, Figure S1: Predicted by the PLS-VIP
model vs. measured Al concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S2: Predicted by the PLS-VIP model vs. measured Ba concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S3: Predicted by the PLS-VIP
model vs. measured Be concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S4: Predicted by the PLS-VIP model vs. measured Ca concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S5: Predicted by the PLS-VIP
model vs. measured Cu concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S6: Predicted by the PLS-VIP model vs. measured Fe concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S7: Predicted by the PLS-VIP
model vs. measured Pb concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S8: Predicted by the PLS-VIP model vs. measured Mg concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S9: Predicted by the PLS-VIP
model vs. measured Mn concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure 510: Predicted by the PLS-VIP model vs. measured Mo concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S11: Predicted by the PLS-VIP
model vs. measured P concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S12: Predicted by the PLS-VIP model vs. measured K concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S13: Predicted by the PLS-VIP
model vs. measured Rb concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S14: Predicted by the PLS-VIP model vs. measured Si concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S15: Predicted by the PLS-VIP
model vs. measured Na concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S16: Predicted by the PLS-VIP model vs. measured Sr concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S17: Predicted by the PLS-VIP
model vs. measured Ti concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S18: Predicted by the PLS-VIP model vs. measured Y concentration comprising
both validation (red diamonds) and calibration (grey circles); Figure S19: Predicted by the PLS-VIP
model vs. measured Zn concentration comprising both validation (red diamonds) and calibration
(grey circles); Figure S20: Plot of predicted (obtained from the PLS-VIP model with airPLS baseline
pre-treatment) vs. measured concentration for Na, Si, K, and Al. Grey circles: standard samples
used in the calibration step; red diamonds: standard samples used for validation; red lines: fitting of
predicted vs. measured concentrations values during validation; green lines: ideal fitting.
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