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Palm-leaf manuscripts are cultural artifacts from South and Southeast Asia, yet diverse preparation
methods and degradation histories complicate material characterization and comparison. We use a
multimodal synchrotron approach combining small- and wide-angle X-ray scattering with X-ray
fluorescence to extract structural and compositional descriptors from unprocessed leaves, writing
supports, and manuscripts. Supervised learning evaluates differences related to genus, processing
stage, and geographical origin. The processing stage is classified reliably, whereas genus separation
is clearer in processed materials than in unprocessed leaves. Origin classification shows partial
separability, with distinct regional profiles and overlaps reflecting shared preparation traditions, class
imbalance, and botanical and degradation-related factors. Classification relies on multivariate
combinations of crystallinity, fibril orientation, and elemental descriptors. This scalable, non-
destructive framework supports comparison of collections and investigation of material similarities
among traditions. The classifications represent comparative material profiles rather than definitive
provenance assignments and must be combined with codicological and historical evidence.

Palm-leaf manuscripts (PLM) are written artifacts that constitute an integral
part of the cultural and material heritage of South and Southeast Asia. This
writing support was used for centuries to preserve religious, belletristic, legal,
and scientific knowledge. Although paper later replaced palm leaf as the
dominant writing support, manuscript production survives in some reli-
gious and craft contexts. These surviving practices provide valuable infor-
mation about the tradition, although historical records documenting them
are scarce”’.

Palm leaves are lignocellulosic composites containing cellulose
microfibrils embedded in hemicellulose and lignin, with surface waxes and
variation related to botanical identity and leaf maturity. The principal
genera used for manuscript production are Corypha L. and Borassus L.,
both of which belong to the family Arecaceae, subfamily Coryphoideae.
Preparation commonly involves cutting, boiling, drying, polishing, and the
application of surface treatments', which can alter cellulose crystallinity,
porosity, composition, mechanical behavior, and stability*. In inscribed

manuscripts, incision and the application of carbon-based ink introduce
further structural and compositional modifications’.

The diversity in the preparation methods of palm leaves” is expected to
impact the physical and chemical properties of the manuscripts. Extensive
efforts are focused at the moment to document these practicesh'13 ,as well as
to classify the plants used for manuscript preparation and conservation'.
However, the available evidence remains incomplete. Historical accounts of
production are scarce, and detailed technical descriptions are largely limited
to sources from the twentieth century onward, leaving the earlier develop-
ment and regional diversification of these practices poorly understood'.
Moreover, modern accounts often describe only the general sequence of
operations and omit parameters such as treatment duration, temperature,
vessel material, ingredient quantities, or the composition of boiling and
preservation mixtures™ .

Relating the physicochemical properties of a manuscript to a specific
production method is further complicated by changes occurring after
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manufacture. Material properties are affected by natural ageing, environ-
mental exposure, handling, and conservation treatments. Multiscale studies
of historical manuscripts have identified changes in anatomy, chemical
composition, and mechanical properties, including cell-wall damage,
microbial erosion, degradation of polysaccharides, and loss of tensile
strength"”. Preservation practices may introduce further modifications
through the application of oils, botanical extracts, arsenic-containing
compounds, or modern consolidants'®. Consequently, the measured
properties of a manuscript may reflect several overlapping influences rather
than one identifiable production recipe.

A range of analytical approaches has been applied to investigate these
different aspects of PLM materiality. Microscopic, spectroscopic, diffrac-
tion, elemental, and mechanical methods have been used to characterize
palm-leaf anatomy, deterioration, composition, and writing materials'>""~".
These studies provide detailed information on individual material compo-
nents and degradation mechanisms, but comparatively few combine
structural and compositional information across multiple length scales.

Spectroscopic and compositional measurements have also been used to
differentiate palm-leaf materials. FTIR, vibrational microspectroscopy,
XRF, and other techniques can capture variation related to botanical origin,
preparation, preservation, and environmental exposure”*. They can often
be applied non-invasively, although detailed measurements of large col-
lections may remain time-consuming. FTIR and related vibrational meth-
ods are also primarily sensitive to near-surface functional groups and are
rarely combined with structural measurements that probe several length
scales.

Because the contributions of botanical origin, manufacture, ageing, and
conservation are difficult to separate using individual parameters, multi-
variate and statistical methods have increasingly been applied to palm-leaf
materials. Principal component analysis and other multivariate approaches
have been used to identify patterns in spectroscopic, elemental, or mor-
phological datasets and to explore distinctions among manuscript groups®
> These studies show that material groups can be differentiated even
when the contributions of individual underlying mechanisms cannot be
resolved. However, analyses are often based on unsupervised dimensionality
reduction and do not necessarily evaluate the predictive performance or
robustness of different classification models. These limitations motivate an
approach that combines complementary structural and compositional
measurements with a supervised framework for evaluating classification
performance.

Synchrotron X-ray techniques offer several advantages for the study of
heritage materials because they enable rapid, spatially resolved, and non-
destructive measurements. Raster scanning enables evaluation of local
heterogeneity and derivation of representative values by averaging over
selected material regions. Compared with predominantly surface-sensitive
spectroscopic methods, small- and wide-angle X-ray scattering provide
complementary information on the internal organization of the substrate.
WAXS probes cellulose crystallinity and crystallite dimensions, whereas
SAXS is sensitive to larger-scale fibrillar organization and anisotropy. When
combined with XRF, structural and elemental information can be collected
simultaneously from the same region. Although X-ray scattering and
fluorescence have been applied to a range of cultural-heritage materials,
structural  studies of lignocellulosic objects frequently require
microsampling” ™, and comparatively few studies combine SAXS, WAXS,
and XRF entirely non-destructively”*".

Here, we combine simultaneous SAXS, WAXS, and XRF measure-
ments with supervised machine learning to compare unprocessed palm
leaves, modern writing supports, and historical manuscripts. Physically
interpretable descriptors of cellulose crystallinity, crystallite dimensions,
amorphous scattering, fibrillar orientation, and elemental composition were
extracted from raster-scan measurements. We evaluate the extent to which
these descriptors distinguish botanical genus, processing stage, and geo-
graphical origin, and use feature importance and stratified analyses to
identify the material properties underlying these classifications. The pri-
mary objective is not definitive botanical or provenance assignment, but the

identification of structural and compositional similarities among manu-
script groups and their possible relationships to material selection, pre-
paration, ageing, and conservation history.

Methods

The dataset comprised selected folios from the CSMC collection and private
collections, together with manuscript fragments, dried leaves, and partially
or fully prepared writing supports obtained from institutions, collectors,
production centers, archives, and botanical gardens. These include the State
and University Library (Carl von Ossietzky Staats- und Uni-
versitatsbibliothek Hamburg); the manuscripts collection of the Ecole
Frangaise D’extreme-Orient (EFEO) in Puducherry, India; the collection of
the Department of Indology, French Institute (IFP) in Puducherry, India;
the Kerala Manuscript Preservation Center and the Vedic Research Center
(VRC), Vadakke Madham Brahmaswam (VMB) in Thrissur (Keralam,
India). Some manuscript fragments had detached naturally from degraded
objects and were made available for scientific analysis. Sample metadata,
including the documented origin, botanical identification, processing stage,
estimated manuscript age (when applicable), and holding institution, are
provided in Supplementary Data 1. A list of measurements and experi-
mental details is provided in Supplementary Data 2. Palm leaf and palm-leaf
manuscript samples were collected with permission for scientific study. To
the best of our knowledge, all necessary permissions for their analysis were
obtained at the time of collection.

Because many objects have incomplete collection histories, these
metadata have different levels of certainty. Labels were assigned from catalog
records, donor documentation, fieldwork information, botanical examina-
tion, and expert assessment, where available. They should therefore be
understood as the best available classifications rather than independently
verified ground truth. In particular, the historical geographical origin, exact
preparation procedure, age, and degradation history are unknown or only
approximately known for part of the dataset.

Synchrotron measurements

All measurements were performed non-destructively. Synchrotron X-ray
measurements were performed at two facilities: the P62 beamline at PETRA
111, DESY™, during two beamtimes™*, and the BM02 beamline at the ESRF
during one beamtime, where only manuscript fragments and reference
materials were measured™. At both beamlines, small-angle X-ray scattering
(SAXS), wide-angle X-ray scattering (WAXS), and X-ray fluorescence
(XRF) were recorded simultaneously, as illustrated in Fig. 1.

Because the measurements were acquired using different experimental
configurations and detector systems, the comparability of the extracted
structural and compositional descriptors was evaluated before combining
the datasets. This included a direct comparison of measurements taken on
the same reference material, along with additional statistical tests based on
the classification framework described below. The distribution of sample
classes across campaigns and the beamtime-classification results are pre-
sented in Supplementary Section S1 and Supplementary Figs. 1 and 2. Direct
comparisons of matched samples measured at BM02 and P62 are provided
in Supplementary Section S2 and Supplementary Fig. 3.

All samples were measured over raster-scan areas of a few millimeters,
with the scan dimensions determined mainly by the size and geometry of the
available object or fragment. When sufficient material was available, mea-
surement regions were selected to capture spatial variability within the
palm-leaf material, including areas near inscriptions, leaf edges, binding
holes, and different anatomical regions. For small fragments, the choice of
position was restricted by the available sample area. A standardized position
could therefore not be used for all objects.

In the statistical analysis, each measurement corresponds to a single
raster-scan region from which a single set of SAXS, WAXS, and XRF
descriptors was extracted. Each scan contained multiple spatial points, and
the descriptors were calculated by averaging over the relevant writing-
support pixels rather than from individual points. Inscriptions were iden-
tified using elemental maps (see “Methods” section) and excluded because
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Fig. 1 | Multimodal synchrotron-radiation X-ray analytics of a palm-leaf
manuscript. Setup combining X-ray fluorescence (XRF) (a), wide-angle X-ray
scattering (WAXS) (b) and small-angle X-ray scattering (SAXS) (c) as arranged at
the beamlines P62 and BMO02 of the PETRA III synchrotron and ESRF, respectively.
The incident synchrotron X-ray beam goes in the z-direction through the manu-
script, positioned at an angle o with respect to the normal plane of the beam (xy). The
manuscript folio scatters X-rays detected by the WAXS detector near the sample and
by the SAXS detector, away from the sample, to capture smaller scattering angles.
Black lines were added in the detector images to indicate the integration from the

X

6.32 mm

Scan region

beam center towards growing g. An inset is included for the SAXS detector to
illustrate the direction of the angle y, used in the azimuthal integration of the
intensity. Incoming X-rays also trigger X-ray fluorescence in the sample. The XRF
detector captures the spectral fingerprints (elemental lines) that were later identified
and fitted using pyMCA. The sample is moved in the dashed lines directions in the
sketch, allowing the performance of raster scans; the scan region in this measure-
ment is included on the right. Properties can be mapped in the scan region; for
example, the iron K-line intensity distribution is shown.
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Fig. 2 | SAXS azimuthal intensity distribution analysis for manuscript 10_15,
folio 7, measured at P62. a Normalized azimuthal intensity distribution across the
analyzed g-band. In light blue, the azimuthal intensity distributions (normalized to
1) for q in the range 0.14 nm ' to 0.22 nm . In black, the average intensity dis-
tribution, displaying maxima at approximately 0°and + 180°, and + 90°, one of them
coinciding with a blind spot of the detector. b Probability density distribution
function P(x) (light blue) as calculated from the average intensity distributions over

25 50

X®)
the writing support. As peaks are symmetrical (two orientations for the same
direction), the interval is limited to 180" indicated in panel (a) by two gray vertical
dashed lines. P(y) is then fitted using four different Voigt contributions: halo and
core in the longitudinal direction (LD), represented in dark and light brown,
respectively; and core and halo contributions in the orthogonal direction (OD),
represented by dark and light green, respectively. Global fit is represented by a black
dashed line.

they may alter the local structure and elemental composition. They typically
showed increased iron and reduced calcium relative to the surrounding
support. Calcium maps were also used to exclude points corresponding to
the sample holder or air. This masking reduces the contribution of the
incised regions but cannot remove diffuse ink residues or substances dis-
tributed over the wider leaf surface.

Separate scan regions, including measurements from different folios of
the same manuscript, were retained as individual observations rather than
combined into an object-level average. Some objects are therefore repre-
sented by more than one measurement, and location-dependent variability
remains part of the dataset.

The wavevector g-ranges used for both SAXS and WAXS detectors
differed from beamtime to beamtime, as well as the angle a between the
samples and the incident beam. Two beamtimes were realized at & = 0",
with the exception of a few samples used for the study of the general
structure of the leaf, which were measured in a range from 0 to 50°. In the
remaining beamtime, measurements were taken for every sample at 32°
and 45°. The influence of sample rotation on the extracted WAXS
descriptors is evaluated in Supplementary Section S3 and Supplementary
Fig. 4. While the effects of rotation are in general not very relevant,
deviations tend to arise at larger rotation angles; hence, for those samples
measured at different rotation angles, the lower rotation was kept, and
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Fig. 3 | Radially integrated WAXS intensity aver- — 400 I —— Mean integrate d intensity
aged over the scan region (light blue) for sample £ . ~ 7
ms41, measured at P62. The three cellulose reflec- g 300 I i — Global fit
tions, (110), (200), (004), observable in this g-range .L; I
are indicated by vertical black dashed lines. They = I
were fitted using Voigt functions. An amorphous 22000, p I
background contribution was also considered. Glo- z =
bal fit is represented in red. g I o ~
= 110] 200] 004] MA~AN
10.0 12.5 15.0 17.5 20.0 22.5 25.0 27.5 30.0
g (nm™)

the rest were discarded for the training. Data were converted and cali-
brated using standard beamline-specific workflows. Detector
calibration included geometric calibration and conversion to scattering
vector q using reference standards. Detector artifacts, including masked
regions (e.g, beamstop and bad pixels), were excluded prior to
integration.

For all scans, WAXS detector images were radially integrated to obtain
one-dimensional intensity profiles I(g). SAXS detector images were azi-
muthally integrated for orientation analysis.

Raster scans of empty sample holders were acquired under identical
conditions, and the resulting background signal, after smoothing, was
subtracted from the data. Where applicable, intensities were normalized to
account for variations in acquisition conditions.

XREF spectra were fitted at each scan point using pyMCA. Subsequent
preprocessing in Python included masking of holder/air points, identifica-
tion of inscription regions from elemental maps, and averaging over the
writing-support region prior to feature extraction.

All extracted parameters were collected in a master table together with
metadata, including sample name, beamtime, rotation angle &, and pro-
cessing stage (unprocessed, writing support, manuscript). Additional
metadata (origin, genus, species, age) was only partially available, as the
history of some of the measured manuscripts is unknown (see Supple-
mentary Data 3).

From the SAXS patterns, anisotropy was quantified by azimuthal
(sector y) integration, see Fig. 1c. The intensity is a function of the position in
the manuscripts determined by the coordinates x and vy, as illustrated in
Fig. 1. The intensity was integrated in 1° azimuthal sector and analyzed at
constant g. To improve signal-to-noise ratio, intensities were averaged over
alow-gband Aq = q,,. — q,..,» Whereq, ;. = 0.14nm'and g, = 0.22
nm™":

Imax

I(x,y, %) =Aiq > Iy, (1)

4=min

Averaging over Aq yields stable peak shapes while preserving the
anisotropy signal, see Fig. 2a.

Because inscriptions may alter local fiber orientation, they were
masked before computing the scan-averaged orientation distribution. The
resulting writing-support intensity was:

1 —
IWS(X) = I’l— Z I(x7y7X)7 (2)
WS x,yews

being #,,, the number of measurement points. The probability density
distribution function in an angular sector y; was defined as:

_ st(Xi)
P(Xl) B ZjIWS(Xj)’ (3)

where j takes values in the selected 180" range.

Using P() instead of raw intensity makes the fits scale-invariant and
facilitates comparison between scans and beamtimes.

The peaks in P(y) were fitted using Voigt functions (Fig. 2b). For each
principal direction, longitudinal (LD) and orthogonal (OD), a two-
component model consisting of a narrower core contribution and a
broader halo contribution, together with a constant baseline, was applied to
all measurements.

The extracted features include the total full width at half maximum in
each direction (FWHM'", FWHM®P), the widths of the halo and core
contributions (FWHM .10, FWHM,.,.), the relative area of the core con-
tribution with respect to the halo (f->_, fO°

core> f core)> and the peak-to-baseline
ratios (I/b).

The core and halo terms provide an empirical description of nar-
rower and broader orientational contributions within each peak. They
may reflect differences in the degree of organization among the structural
components of the leaf, but they cannot be directly assigned to specific
tissues based on the present measurements. Accordingly, for is inter-
preted as the relative contribution of the narrower fitted component
rather than as a direct measure of tissue thickness. For the statistics, the
difference between the total FWHM of the peaks was also considered
AFWHM = [FWHM®® — FWHM"™).

The position y of the intensity maximum is related to the orientation
direction in real space y, depending on the incidence angle « of the beam on
the sample:

tan
tany = o fé. (4)

The relative orientation (Au) was also extracted as a descriptor and
considered in the statistics.

WAXS diffractograms were obtained by radial integration of 2D dif-
fraction images and then averaged over the sample scan region, excluding
the inscriptions when present. The resulting curves were fitted using Voigt
functions for cellulose Bragg reflections (110), (200), and (004) together with
a broad amorphous contribution and a piecewise linear background,
see Fig. 3.

While a quantification of amorphous material is also not possible, we
defined an amorphous contribution A to enable comparison between
samples:

o Ln(9), dg

Jio Ton(@). dg
where I,,(g) is the fitted amorphous contribution and I, _(q) is the

corr
positive part of the background-corrected WAXS intensity within the
range 10 — 22 nm™". The descriptor, therefore, represents the area of
the fitted amorphous peak relative to the total positive scattering
intensity. It should be interpreted as a relative measure of the
prominence of the amorphous scattering contribution rather than as

an absolute amorphous fraction.

©)
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Fig‘ 4 | XRF speCtrum averaged over the scan area — ZlVCl'IlgC SpL’Ctl‘lllTl writing Sllpp()l'[
for sample Lookwa (black line). Vertical dashed 10 Z — fit by pyMCA )
gray lines are placed at relevant peaks, and the text %J 4 continutm fit by pyMCA
next to them shows the elemental lines contributing ~ — “z 4 i % %L 2 ]
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Crystallinity indices were computed for each reflection using the areas
method:

Shkl

= 6
St + Sam ©

Chkl

where Sy, is the area of the crystalline peak, and S,,, is the amorphous/
background contribution in the corresponding region. Crystallite sizes were
estimated using the Scherrer equation:

KA

Pkt = FWHM cos 0 @
with K = 0.9 for rod-like crystallites and 6 being the diffraction angle.
Because the measured peak width also contains a contribution from
instrumental broadening, the calculated Dy, values may underestimate the
true crystallite size and are therefore interpreted as approximate lower
bounds. Accordingly, they are used primarily as relative descriptors for
comparison between samples rather than as absolute crystallite-size
measurements.

XRF spectra were analyzed using pyMCA™. After identifying all ele-
mental lines in the scan (see Fig. 4), pyMCA performs per-point fitting and
returns concentration-like intensity maps. For each element e, mean
intensities were computed in the inscription region I'™¢ and in the rest of
the manuscript region I, . Since absolute concentrations require
detailed knowledge of the sample matrix and thickness, we work with
relative, composition-based descriptors. Hence, centered log-ratios (clr)
were computed as:

. Iink /support
Clrslk/ support _ [, _"e

g(I'mk/support)" (8)

where g(I"**"*") is the geometric mean of detected elements in the ink/
support region.

Machine learning-based statistical analysis

Machine-learning (ML) classification models provide a practical way to test
whether measured physical descriptors ("features”) contain enough infor-
mation to discriminate between sample categories ("labels”), such as origin,
genus, or processing stage. Since different ML algorithms impose different
assumptions about the structure of the decision boundary (linear vs. non-
linear, parametric vs. non-parametric, ensemble-based vs. kernel-based),
comparing multiple models is informative in itself: strong performance
across several model families suggests that the separation is robust, whereas

performance restricted to a single model type can indicate a more specific
structure in the data (e.g., non-linear separations, feature interactions, or
strong collinearity). Comparing different models also allows us to select the
most appropriate model for our problem.

A data frame was built in Python with all the measurements’ metadata
together with the physical parameters extracted from SAXS, WAXS and
XRF. Missing feature values were imputed using the feature-wise mean
calculated independently within each training fold. Across the complete
feature table, missingness ranged from approximately 4-5% for the ele-
mental clr descriptors to 12-15% for the SAXS and WAXS descriptors.
Missingness was not distributed uniformly among sample groups; detailed
proportions by feature family are provided in Supplementary Section S6 and
Supplementary Table S1, while the complete pattern of available and
missing values is provided in Supplementary Data 3. The data frame can be
filtered for the analysis of specific groups of samples, for example, only
manuscripts or only from one beamtime. For each analysis, a target property
(e.g., origin, stage or genus) is selected, and the dataset is divided into
measurements with known and unknown labels. Labels for genus, origin,
and processing stage were assigned from the best available catalog infor-
mation, donor documentation, botanical analysis, fieldwork records, and
expert assessment. Measurements without an assignable label were excluded
from the corresponding supervised task. However, the reliability of the
available labels is not uniform, and some included metadata, particularly
geographical origin, manuscript age, and historical processing, remain
approximate. Possible label uncertainty, therefore, constitutes an additional
source of error that is not represented by the cross-validation scores.

Known labels are encoded into integer classes. A minimum of nine
measurements per class was used as a pragmatic inclusion threshold. This
retained the smallest origin group while excluding classes with still fewer
observations, for which stratified cross-validation would be highly unstable.
The threshold should not be interpreted as an optimal minimum sample
size, and results for classes close to this limit are considered exploratory. For
each classification task, the number of samples per class is summarized in
Table 1. Origin classification was performed on processed samples only.

Six different algorithms were considered for the classification of the
samples: Random Forest (RF), Support Vector Machine (SVM), Logistic
Regression (LR), Principal Component Analysis followed by Logistic
Regression (PCA+LR), Gradient Boosting (GB) and Gaussian Process
Classifier (GP). These models were imported from the scikit-learn 1.8. 0
module in python”. The main properties of each model are summarized in
Table 2.

No external hyperparameter optimization was performed. Fixed
model settings were used for all classification tasks: RF used 200 trees and a
maximum depth of 10; SVM used an RBF kernel with C = 1 and
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Table 1| Number of measurements per class used for the main
classification tasks

Classification task Class Number of measurements
Genus Corypha 100
Borassus 83
Processing stage Manuscript 154
Unprocessed 43
Writing support 41
Origin India 78
Indonesia 62
Thailand 21
Sri Lanka 14
Myanmar 12

Origin classification was performed using processed measurements only.

gamma="gscale"; LR used C = 1 and the 1bfgs solver; PCA retained
95% of the explained variance; and GB used 300 estimators, a learning rate of
0.05, and a maximum depth of 3. The GPC used a constant-times-RBF
kernel with an added white-noise component, whose kernel parameters
were optimized internally during each model fit.

To compare the algorithms, stratified 5-fold cross-validation was
applied to the labeled dataset for each classification task. The measurements
were divided into five folds while preserving the class proportions as closely
as possible. In each iteration, four folds were used for model training, with
the remaining fold used for validation, ensuring that each labeled mea-
surement served once as validation data. No separate held-out test set was
used; all reported performance values were obtained from cross-validation
of the complete labeled dataset. For algorithms sensitive to feature scaling,
standardization was performed independently within each training fold to
avoid information leakage:

_ X — Mtrain
- )

O'train

z

©)

where X is the original feature value, and prin and Oy, are the mean and
standard deviation estimated exclusively from the training portion of the
corresponding fold. The resulting transformation was then applied to the
validation portion of that fold.

Cross-validation was performed at the measurement level. Because
separate scan regions or folios from the same object were retained as indi-
vidual measurements, observations from one object could occur in both the
training and validation folds. The reported scores, therefore, quantify
classification of measurement-level descriptors and may overestimate per-
formance for entirely unseen objects.

Model performance was quantified using the mean cross-validated
balanced accuracy (CV-mean), with fold-to-fold variability reported as the
standard deviation (CV std). Balanced accuracy was chosen because the
class sizes were imbalanced, and this metric averages recall across classes,
thereby reducing bias toward the majority class. For each target property, the
best-performing model was selected as the one with the highest CV-mean.

To assess whether the observed performance reflected informative
structure rather than trivial class imbalance, the best-performing model was
compared with two dummy classifiers implemented in scikit-learn™:
most_frequent, which always predicts the majority class of the training
fold, and stratified, which predicts randomly according to the class
proportions of the training fold. Both dummy classifiers were evaluated
using the same cross-validation splits as the trained models. In addition,
permutation feature importance was computed by randomly shuffling the
class labels while keeping the features unchanged, and the full cross-
validation evaluation was repeated 50 times. A model was considered

informative when its performance exceeded both the strongest dummy
baseline and the 95th percentile of the permutation-null distribution.

To visualize classification behavior across classes, confusion matrices
were computed from out-of-fold (OOF) cross-validation predictions. These
matrices summarize the correspondence between true and predicted classes
and were reported in normalized form, with each row representing the
fraction of measurements in a true class assigned to each predicted class.

In parallel with multivariate classification, the distributions of indivi-
dual features across classes were examined using box plots. For each feature,
the statistical test was selected based on tests of normality and homogeneity
of variance. When these assumptions were satisfied, differences among
classes were evaluated using one-way analysis of variance followed by
Tukey’s honestly significant difference test for pairwise comparisons.
Otherwise, the Kruskal-Wallis test was used, followed by Dunn’s pairwise
tests with Holm adjustment for multiple comparisons. Global p-values
obtained across the evaluated features were additionally adjusted using the
Benjamini-Hochberg false-discovery-rate procedure. Pairwise differences
were considered statistically significant when p,q; 5 0.05.

Some algorithms, including logistic regression, random forests, and
gradient boosting, provide native measures of feature importance based on
model coefficients or impurity-based splits learned during training. For
these models, both native and permutation-based feature importances were
evaluated, as they do not necessarily rank variables in the same way. Per-
mutation feature importance was calculated by randomly shuffling a fea-
ture's values across samples while keeping all other features unchanged and
measuring the resulting decrease in model performance. Features showing
high native importance but low permutation importance may contribute to
the definition of decision boundaries without being strongly discriminative
on their own, or may encode information already captured by correlated
variables. Because correlated descriptors can share predictive information
and influence feature-importance rankings, relationships among descriptor
families and individual features were additionally evaluated using Spearman
correlations (Supplementary Section S5 and Supplementary Figs. 6 and 7).

After model comparison and validation, the best-performing model for
each property was retrained using 100% of the available labeled data after
applying the minimum class-size filter. The trained classifier was then used
to estimate the similarity of unlabeled measurements to each class. When
supported by the classifier, class membership probabilities were extracted
using predict proba. The highest class probability was used as a
confidence estimate, while the full probability vector was used to visualize
how similar each unlabeled measurement was to each class.

This design provides a framework for assessing whether the extracted
physical descriptors contain sufficient information to discriminate between
sample classes, while controlling for class imbalance and spurious
correlations.

Even when automatic labeling is not the primary goal, these probability
outputs provide a representation of sample similarity. Samples assigned to a
class with high confidence can be interpreted as strongly aligned with that
class’s feature profile. In contrast, low-confidence or ambiguous samples
may indicate a lack of similar samples in the training set or greater sample
complexity, for example, due to poor preservation or unusual preparation.
In this way, the supervised models serve both as predictors and as structured
similarity probes to support interpretation and guide targeted follow-up
analyses.

Results

We evaluate the performance of the models described in Table 2 according
to three kinds of classification properties: according to origin, genus and
stage. Origin refers to the modern country associated with the manuscript.
Genus refers to the botanical genera Borassus and Corypha, and stage refers
to the processing of the sample. We distinguish unprocessed samples (raw,
dry leaves), writing support (modern reference samples, with no writing or
ink), and manuscripts, which include measurements on fragments as well as
on folios belonging to manuscripts. Class distributions for each classification
task are reported in Table 1 and are taken into account in the interpretation
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of the results, particularly for origin classification, where class imbalance is
more pronounced, see Table 1. Because cross-validation was not grouped by
object, the reported performance should be interpreted as measurement-
level rather than independent object-level classification.

The groups under the classification properties are characterized by
different physical features that may or may not have more or less complex
correlations, hence the best model to describe classification is not necessarily
the same in every case, obtaining indeed comparable cv-mean for Gradient
Boosting (GB) and Random Forest (RF) for the genus classification, and RF
for classifications according to stage and origin, see cv-mean values in
Table 3. Figure 5 illustrates the difference in the performance of the algo-
rithms. In the graph, we see that the differences between the algorithms for
genus classifications tend to be small and within the standard deviation. GB
and RF yield the same cv-mean, but GB was selected because it provides
more balanced OOF predictions across the genera. In the case of the stage
and origin classifications, we observe a difference between the top two
performing models: tree models GB and RF, versus the rest of the models.
This suggests that non-linear decision boundaries and feature interactions
may be particularly relevant for these tasks.

To make sure the best performing models for each group are not doing
a trivial classification based on class imbalance, we compare the cv-mean
values with the performance obtained for the dummy classifiers and by the
permutation null distribution. The values obtained are presented in Table 3.
For all three classification tasks, the trained models passed the predefined
informativeness criterion: their performance exceeded both dummy base-
lines and the 95th percentile of the corresponding permutation-null
distribution.

Genus differentiation: intrinsic properties vs. processing effects
Two palm genera are mainly used for the production of palm-leaf manu-
scripts: Borassus and Corypha. From Corypha, the species Corypha

Probabilistic model with principled uncertainty; flexible decision functions. Computationally expensive; may

Reduces dimensionality and collinearity; can improve stability when features are correlated. Interpretation
be unstable with many samples/features.

Interpretable and stable; good when classes are close to linearly separable in feature space. Can underfit if
shifts from physical features to principal components.

Learns complex boundaries; often strong with limited samples. Sensitive to hyperparameters and scaling;
separations are strongly non-linear.

Robust for heterogeneous tabular features; captures interactions automatically. Can be less interpretable
training cost increases with dataset size.

and may bias importance toward some feature types.
Strong performance on structured/tabular data; captures subtle non-linearities. More sensitive to

Typical strengths/weaknesses in this context
hyperparameters and can overfit if not controlled.

) & umbraculifera L. (talipot palm) is the most commonly used, although
> |g E Corypha utan Lam. is also common in some areas, and some cases have been
é 8 § recorded for Corypha taliera™. From the Borassus genus, the species Bor-
S | £ assus flabellifer L. (palmyra palm) is employed"*. The leaves of both genera
m % g 2 are differentiated among other features by their venation, Corypha species
2 - g exhibiting continuously distributed transverse veins and minor veins within
% £ 2 ° the mesophyll for extra mechanical support, as leaves are larger. The
8 S g 8 venation in Borassus is brick-like. Additionally, Corypha leaves are dorsi-
2535 ° ventral (sides of the leaves are different), while Borassus leaves are generally
3 gg s = isolateral (both sides of the leaves look the same). The size and type of the
2 :::'i § 5 5’3 § é ;"’3 5’3 H stomata (pores for gas exchange) are also a discriminating feature, being
® < kidney-shaped and double the size in Borassus, and tetracytic in Corypha™.
% 2 g Even in processed stages, the palm genus used for the manufacture can
2 § é usually be determined by the naked eye based on the thickness, stiffness, and
@ |\ = g venation architecture that is normally distinguishable on the foliage.
E £ o However, the classification is not trivial when only fragments are available or
£ |8 o 3 |8 8 o |8 |8 . . : :
5 82 |> | |5 |2 |5 |z when the degradation stage is advanced, and venation cannot be dis-
k=] 8 tinguished anymore. In these cases, microscopic inspection can be used to
g £ examine the stomata®. Nevertheless, a single measurement at the syn-
8 _ . . _ ] chrotron may provide information simultaneously on genus and prove-
8 § § c § § § _ g nance. As different areas use different palm species, genus or species
% g £ | g g3l |z 8 3 determination already offers clues to geographical origin or dissemination
8 15/ ¢ |5 |52|5 |sg|8 routes”.
© E In Fig. 6, the confusion matrix is built using the out-of-fold (cross-
2 s E validated) predictions of each class: Borassus and Corypha. The results
%’ > c 2 illustrate the categorization performance of the algorithm depending on the
> o |g -% . S specific class. The numbers indicate the fraction of samples classified into
] = K = | & 3 é the predicted category.
E < S -% e |2 g |2 Both genera show a high fraction of samples correctly classified into
a 3 g g % 2 |8R g their categories. While the aim was to achieve classification based on
~ e (2 (@ ?E j'clj = e e intrinsic genus-specific physico-chemical properties, the contribution of
o |3 § ‘é_ 2 [ ol I -g ;% “g processing-related effects cannot be excluded and is examined in more
2 85 |5 |2 |8 S|8 |28|= detail below.
L = (%) a allo ONON
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Table 3 | Model performance and baseline tests for each target property group.

Property Best model CV bal. acc. Dummy MF Dummy strat. Perm. null Perm. 95th
Genus GB 0.75 +0.09 0.500 0.468 0.500 + 0.051 0.583
Stage RF 0.82 +0.04 0.333 0.339 0.335+0.018 0.366
Origin RF 0.68 +0.05 0.200 0.193 0.199 + 0.024 0.237

Reported scores are balanced accuracy (mean =+ standard deviation across cross-validation folds). Dummy baselines use DummyClassifier with most_frequent and stratified strategies. The
permutation null distribution is obtained by shuffling labels and recomputing cross-validation scores (50 repeats).

Fig. 5 | Comparison of the mean cross-validated
(CV) balanced accuracy achieved by the classifi-
cation algorithms for the different target proper-
ties. The cv-mean is displayed above each bar.
Standard deviation is represented by horizontal
black dashed lines. On top, the measurements con-
sidered for every classification are displayed: All
samples for species and stage classification, and only
processed samples for origin classification. The fol-
lowing color code is used for the bars: dark green,
random forest; orange, support vector machine
(SVM); purple, logistic regression; pink, principal
component analysis plus logistic regression (PCA
+LR); light green, gradient boosting; yellow, Gaus-
sian process.
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Fig. 6 | Confusion matrix calculated from cross-validated out-of-fold (OOF)
predictions of genus using the gradient boosting (GB) algorithm. Rows represent
the true genus and columns the predicted genus (Borassus or Corypha). Each cell
shows the fraction of predictions within the corresponding true class, with darker
blue indicating a higher fraction.

In Fig. 7, the top important features according to the permutation
feature importance (a) and the assigned weights (b) are visualized. In
Fig. 7b the features that were not ranked as important in the permutation
feature importance have bars in a lighter orange color. Both rankings place
the crystallinity index Cypo and the elemental-centered log ratio clrk as the
most important features for classification. In the native importance chart,
these features are followed by other elemental features: clrc, and clrz,, while
in the permutation chart, the cellulose crystallite size in the (004) direction,
Dyo4 occupies third place. The elemental clrg, is also graded with high
importance in both charts. Orientation parameters also play a role, but their
importance is comparatively lower.

Box plots of some of the most important features are shown in Fig. 8,
revealing overlapping distributions among genera that suggest that the
model is relying on complex feature interactions rather than direct differ-
ences. Cyq is the only feature displaying markedly different distributions
between the genera, being slightly higher and broader in Corypha. The
remaining features show largely overlapping distributions. Differences
between processed and unprocessed groups can be seen in Cygo and clr of
chromium, copper and calcium. Corypha and Borassus both belong to the
palm family, so it is not surprising that they show similar composition and
structural properties, and a classification based on structural features is only
achieved based on the combination of these. The classification is probably
not achieved solely by intrinsic taxonomic markers; the effects of processing
history and subsequent alterations are likely genus-specific and may also
play a role in the classification.

Among the elemental descriptors, potassium and calcium may partly
reflect the natural composition of the leaf substrate. However, none of the
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Fig. 7 | Feature importance for genus classifica-
tion. In (a) feature importance is calculated using

a. Permutation importance

b. Native Importance
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centered log-ratio-transformed intensity of element X; Cyy; and Dy denote,
respectively, the cellulose crystallinity index and crystallite size associated with the
(hkl) Bragg reflection.

measured elemental signals can be assigned unambiguously to a single
source. Although inscription regions were masked, carbon-based ink was
spread across the folio and residues may remain outside the incised lines.
The XRF descriptors may therefore contain contributions from the original
leaf, preparation residues, ink, handling, environmental contamination, and
later conservation treatments. This is particularly relevant for elements such
as iron, manganese, calcium, and copper, while chromium, zing, titanium,
nickel, and arsenic are also difficult to interpret unequivocally. The box plots
in Fig. 8 further show that several elemental descriptors vary with both genus
and processing stage. Their importance in the classifier should therefore be
interpreted as reflecting differences in the overall material history rather
than as direct markers of botanical origin or a specific preparation step.

In an attempt to disentangle these contributions, the training and
evaluation workflow described for genus classification was tested by training
on different subgroups of samples based on their processing stage. One
subset includes unprocessed samples (dry leaves) and the other contains
processed samples (writing support and manuscripts). A comparison
summary between the trainings is shown in Fig. 9. First, the training was
repeated in exclusively processed samples, yielding similar results, achieving
0.78 cv-mean for the Gaussian Process classifier, similar top permutation-
important features, and a similar confusion matrix, indicating that this
sample group is informative enough for sample classification and even
yields lower confusion coefficients Borassus-Corypha.

Then the workflow was repeated using only the unprocessed sample
subset, achieving the best cv-mean of 0.65 for the Random Forest classifier,

sitting only slightly over the permutation 95th percentile mark. The asso-
ciated confusion matrix (Fig. 9c) reveals strongly asymmetric behavior, with
Corypha being classified much more successfully than Borassus. Therefore,
the trained classifier is weakly informative but comparatively less robust,
especially for Borassus. The permutation importance plots (Fig. 9d-f) fur-
ther reveal that while full set and processed subset trainings rely on crys-
tallinity-related, elemental, and orientational descriptors, the unprocessed
subset training is driven entirely by C,o. This is consistent with the box plots
in Fig. 8, where Cyyy shows partial genus-dependent separation in the
unprocessed group but with substantial overlap between Borassus and
Corypha, which would lead to high confusion coefficients.

The strong discrepancy between processed and unprocessed subsets
indicates that the classification is not primarily driven by intrinsic genus-
specific differences. Instead, the results suggest that processing and degra-
dation introduce changes from which the algorithms learn. The full-dataset
classification should therefore not be interpreted as botanical identification
independent of the material history.

The full-sample model was retained because it provided the most
comprehensive classification framework, maintained high cross-validated
performance, and remained applicable to samples from all processing
stages. After model evaluation, the selected classifier was refitted using all
available labeled measurements and then applied to samples with missing
genus labels, as shown in Fig. 10.

For objects measured more than once, the predicted class probabilities
were averaged across measurements, and the corresponding standard
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Fig. 9 | Genus-classification results for the full dataset and the processed and
unprocessed subsets. a Maximum cross-validated (CV) balanced accuracy obtained
for each dataset using Gradient Boosting (GB) for the full dataset (light green),
Gaussian Process (GP) classification for the processed subset (yellow), and Random
Forest (RF) for the unprocessed subset (dark green). b, c show the confusion matrices
(CM) obtained from out-of-fold predictions for the processed and unprocessed
subsets, respectively. d—f show the corresponding permutation feature importances

(PI) for the full, processed, and unprocessed datasets. Here, clrx denotes the centered
log-ratio-transformed intensity of element X; Cyx and Dy, denote, respectively, the
cellulose crystallinity index and crystallite size associated with the (hkl) Bragg

reflection; FWHMg?e//Lh]il , denotes the full width at half maximum of the core or halo
component in the orthogonal direction (OD) or longitudinal direction (LD); I, bOD/ Lo
denotes the intensity relative to the fitted baseline, b, in the OD or LD; and fgfe/ b

denotes the the relative area of the core contribution with respect to the halo.

deviations were used to represent within-object variability. Multiple mea-
surements were included intentionally to sample different regions of the
same object. In manuscripts, these regions could correspond to different
folios or to distinct areas of a folio, such as text regions, edges, or locations
near the binding hole. In the case of fragments, repeated measurements were
sometimes acquired in comparable areas to assess consistency between
beamlines or measurement campaigns.

Because the extracted descriptors can vary spatially within an object,
identical predictions across repeated measurements are not necessarily
expected. The averaged probabilities and their standard deviations never-
theless show that the variability is generally moderate and that repeated
measurements usually lead to the same final genus assignment, differing
mainly in confidence. This variability may reflect local differences in pre-
servation, handling, or material accumulation. Edges, binding holes, first
folios, and inscribed regions may be more strongly affected by use, exposure,
inking, or conservation treatments, although inscription-related contribu-
tions were reduced as far as possible through the masking procedure
described in the Methods.

Structural and compositional features across processing stages
A classification by processing stage of the sample is conducted tolearn about
the evolution of structural and compositional properties during the leaf’s
life. We compare, therefore, unprocessed leaves, reference writing supports
(processed, modern), and manuscripts (processed and possibly affected by
preservation strategies and degradation).

The confusion matrix for the palm leaf stage classification, obtained
using the best-performing algorithm (RF), is shown in Fig. 11. It shows that
most manuscripts are correctly categorized as manuscripts, with a fraction
of 0.97. Unprocessed samples follow with 0.74, and last are the writing
support samples with 0.73 correct classifications. Manuscripts are the most
complex class evaluated, as they include measurements performed on a very
heterogeneous group of palm leaves treated with different processes and of
different ages, in contrast to unprocessed and writing-support samples,
which are all modern. Of the writing supports, 15% were classified as
manuscripts. This may reflect structural and compositional similarities
associated with their shared status as processed leaves, although it does not
imply that the same preparation methods were used. A further 12% were
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classified as unprocessed, possibly because some writing supports under-
went comparatively mild treatments.

Figure 12 shows the feature importance as calculated both using the
permutation feature importance (a) and the native importance (b) of the RF
algorithm. Only 3 features have a relevant effect on the permutation feature
importance, and these are also among the top weighted features by the
algorithm (native). The native important features of lighter colors have very
small permutation importance, which may indicate that they are relevant to
build decision boundaries or in combination with other features.

We see that the model is sensitive to centered log-ratio clr elemental
concentrations of copper and nickel, as well as crystallinity index in the (200)
crystallographic plane C200. Native importance also grades with high values
other elemental clr such as chromium, titanium, potassium or chlorine, and
the amorphous contribution A. Box plots for feature distributions according
to stage for selected top features are shown in Fig. 13.

Among the structural descriptors, Cyo shows the clearest progression
across processing stages. Unprocessed leaves exhibit the broadest distribu-
tion, writing supports display lower and more narrowly distributed values,
and manuscripts are shifted further toward lower values. This pattern
indicates that Cy is influenced not only by material preparation, but also by
later ageing and degradation. C,gy should therefore be interpreted as a
combined descriptor of botanical origin, processing history, and subsequent
material alteration.

The amorphous contribution A also changes with processing stage, but
follows a non-monotonic trend. Values increase from unprocessed leaves to
writing supports and then decrease again in manuscripts. This behavior
suggests that A does not represent a simple progression toward greater or
lower disorder, but instead reflects the combined influence of treatment-
induced structural changes and longer-term ageing processes, which may
have opposite effects.

The elemental variables require more cautious interpretation. clry;
shows a pronounced stage dependence, with lower values in manuscripts
than in unprocessed leaves and writing supports, but this trend cannot be
assigned unambiguously to a specific preparation or degradation mechan-
ism. Similar uncertainty applies to other highly ranked elemental descrip-
tors, such as clrg, clrag, and clr,. These variables clearly contribute to
classification, but their chemical origin may involve overlapping effects of
intrinsic composition, preparation practices, environmental exposure, and
conservation history.

Copper remains particularly relevant because clrc, generally increases
in processed material, see Fig. 8. One possible source is the use of copper
vessels during boiling, which has been reported in palm-leaf preparation
and may facilitate metal transfer to the leaf substrate*’. Metal uptake can also
depend on vessel composition and solution pH*'. However, the XRF mea-
surements do not allow copper originating from cookware, ink residues,
conservation treatments, environmental contamination, or the intrinsic leaf
composition to be distinguished. The observed increase, therefore, indicates

that copper may be introduced or redistributed during manuscript pro-
duction or later material history, but its specific source cannot be identified
from the present data.

Material similarities and differences across geographic origins
While genus and processing stage are absolute categories, origin categor-
ization is a more relative concept that is based on modern geographical
divisions and can reflect on different traditions shared across modern
borders. In the same way, a single country like India may include many
different traditions that we summarize in a single label. This is therefore an
intrinsic limitation of our classification model. The objective of this analysis
is not to establish a practical provenance-assignment tool, but to examine
similarities and differences among the material profiles associated with the
available origin labels, ideally based on the impact on the material of the
different preparation methods and conservation strategies followed by
different traditions. At the same time, some contribution from ageing-
related processes can be expected, as suggested by the stage-dependent
differences shown in Fig. 13. For this training, we reduced the measurement
set by masking out unprocessed samples. This was decided because (i)
Classification of samples according to genus was already difficult on
unprocessed samples, implying that structural and compositional infor-
mation may be less clear due to possible contaminants or lower contrast due
to the higher amount of amorphous substances in the leaves. (i) Most
importantly, because we want the learning curve to be based on manuscript
traditions rather than possible taxonomic or compositional differences
between the same species coming from different regions. Still, genus-
dependent processing traditions and material selection remain indirectly
encoded in the dataset and may contribute to the observed separations.
Stratified genus- and origin-classification performance is shown in Sup-
plementary Fig. 8, while the corresponding genus-separated feature dis-
tributions are shown in Supplementary Fig. 9. These analyses show that
some origin-related differences remain within a single genus, but several
genus—origin combinations are absent or represented by very few mea-
surements, preventing complete separation of the two effects. The following
interpretation distinguishes between patterns directly observed in the
measured descriptors and possible historical or technological explanations,
which cannot be resolved independently within the present dataset.
Figure 14 shows the confusion matrix built from the OOF predictions.
The results show that the descriptors contain origin-related information, but
the degree of separation differs among countries. For Myanmar and Sri
Lanka, the low recall may reflect genuine overlap with other material groups,
limited available measurements or both. Their class-specific confusion
patterns should therefore be regarded as exploratory. Repeating the origin
classification with class-weighted models did not improve the recall of the
smallest classes, indicating that their lower performance cannot be attrib-
uted solely to the absence of class weighting; the corresponding robustness
analysis is presented in Supplementary Section $4 and Supplementary Fig. 5.
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Within the present dataset, India, Indonesia, and Thailand show the
highest class-specific recall values (>0.80), whereas Sri Lanka and Myanmar
are correctly classified in only 0.43 and 0.42 of cases, respectively. Thai
samples are correctly classified in 81% of the cases, but 19% of the samples
were also classified as Indian. Myanmar is correctly classified in 42% of the
cases, and tends to be confused with the rest of the countries except Sri
Lanka. Resemblances between the classes may originate from similarities in
the raw material (plant species and their specific taxonomy) as well as from
similarities in the production methods of the manuscripts. These results are
compatible with a recent review that analyzes published preparation recipes,
focusing on the plants employed during the processing and later pre-
servation strategies'. Here, they report similar plant use between Indonesia
and India, which could explain the India-Indonesia and Indonesia-India
confusion coefficients. The impact of plant use extends beyond composi-
tional differences, as substances introduced by these plants may determine
material chemical response during boiling and favor specific degradation
pathways. Based on plant use, Poliakova et al. also report high similarity
coefficients between Tamil Nadu (India) and Sri Lanka', where they found
that plants used in Sri Lanka for manuscript production are identical to
those of Tamil Nadu, with the exception of two plant species used for
preservation exclusively in the latter region. Since most of the measured and
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Fig. 11 | Confusion matrix calculated from out-of-fold (OOF) cross-validated
predictions of stage with the Random Forest (RF) algorithm. True stage class

shows fraction of predicted class: unprocessed, writing support, and manuscript,
with darker blue indicating a higher fraction.

evaluated Indian samples in this work are from Tamil Nadu and Kerala, this
could explain the high confusion coefficient between India and Sri Lanka
that we also obtained. Since Sri Lanka is close to Tamil Nadu and Kerala, it is
also plausible that some of their manuscript-preparation recipes and pre-
servation strategies are similar, which could also contribute to the high
confusion coefficient. While descriptions of these processes are not detailed,
Subramaniam reports two different recipes for tender and mature leaves in
Tamil Nadu®, both of them involving boiling in water. Different sources
describe different Sri Lankan recipes demonstrating variability*>*,
although all of them agree that leaves need to be boiled. It is plausible that
some of these recipes result in manuscripts more similar to Indian, while
some other recipes may include specific Sri Lankan traditions or plant use,
leaving a distinctive print that allows differentiation from Indian manu-
scripts, thereby being correctly classified by our algorithm (43% of cases).

Myanmar’s confusion coefficients are difficult to interpret, as the lit-
erature on the manuscript production in this area is very scarce. Similarities
to Indian and Sri Lankan preparation recipes are acknowledged’. While the
Myanmar-India coefficient is indeed 0.25, the Myanmar-Sri Lanka coeffi-
cient is zero. Since Myanmar is the smallest class, it is plausible that our
sample set does not include specific examples reflecting high similarity to Sri
Lankan manuscripts. It could also be the case that these similarities are
eclipsed by the stronger similarities to India and Indonesia. The distribution
of out-of-fold predictions over different origins could be an indication of
high diversity in the production methods, but it could also mean that the
production methods result in average properties of all structural and
compositional parameters, thus complicating the categorization of these
manuscripts.

Figure 15 shows the top important features as calculated using the
permutation method (a), and as established by the native weights imposed
by the random forest algorithm (b). The features driving classification are
compositional and crystalline structure-related, while fiber orientation-
associated features do not appear among the top graded features. All features
in the permutation importance chart also appear in the native importance
chart in a different order. However, the native importance chart contains
additional features in light orange that are not present in the permutation
importance chart. These may contribute to the construction of internal
decision boundaries. The top common important features in both panels
include the crystallinity index of the Bragg (200) reflection, as well as
compositional centered-log ratios clr of zinc, manganese, potassium and
calcium. Figure 16 shows box plots for some of the top important features,
where clear distinctions are observed between regions.

The clr elemental distributions of the displayed elements are, in gen-
eral, similar across manuscripts of different origins and probably acted in the
classifier to build decision boundaries or in combination with other features.
Exceptions are manganese and potassium clr concentrations, which show
distinctive ranges in the box plots according to the origin of the samples. For
manganese, the differences are especially important between India/Sri
Lanka/Myanmar and Indonesia/Thailand. The clr concentration of potas-
sium distributions for different origins results in high differentiation of

Fig. 12 | Feature importance for processing stage
classification. In (a) feature importance was calcu-

a. Permutation importance

b. Native Importance

- o e Coo P |-, I
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. - clrc. [ clr, |

and in (b) the native importance (orange) on the best 4 Ni
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Bragg reflection; A denotes the amorphous clryi Coo4 |
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Fig. 13 | Box plots of the most important features driving processing-stage
classification: the cellulose crystallinity index associated with the (200) Bragg
reflection (C,g), the amorphous contribution A, and the centered log-ratio-
transformed intensity of nickel (clry;). Adjusted global p-values (p,4j) shown above

the box plots were obtained using the Kruskal-Wallis test, with
Benjamini-Hochberg adjustment across the evaluated features. Boxes representing
unprocessed samples are shown in green, writing supports in orange, and manu-
scripts in purple.
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Fig. 14 | Confusion matrix calculated from out-of-fold (OOF) predictions during
cross-validation of origin classification, using the Random Forest (RF) algo-
rithm. True stage class shows a fraction of the predicted class: India, Indonesia,
Myanmar, Sri Lanka and Thailand. Each cell shows the fraction of predictions, with
darker blue indicating a higher fraction.

Indonesian samples from the other classes due to its lower values, but all
distributions are actually quite different and a very low adjusted coefficient
Pagj Was obtained, denoting high statistical reliability of the data. Elemental
differences between samples of different origin can be due to both the origin
of the palm and the composition of the soil, as well as the elements intro-
duced over time.

Several facts may have an influence on the amorphous and crystalline
contents of the manuscripts. Preparation methods have a direct impact on
cellulose crystalline structure but also an indirect influence, as the resulting
material may be more or less prone to certain degradation mechanisms.
These features were already investigated in previous sections (see
Figs. 8 and 13), where we observed that the crystallinity index moves in a
smaller range for Borassus, meaning that differences between regions may
be partially determined by the raw material species used in every region.

The crystallinity index C,q, is especially distinctive for Thai samples,
that show very high values in Fig. 16. This is consistent with the more
extended use of Corypha in this area, which shows higher crystallinity
indices than Borassus, see Fig. 8. However, the distribution reveals an
average value of = 0.025 for Corypha, and the average crystallinity index for
Thai samples would sit right at the top of the Corypha box over = 0.05, hence
additional factors may play a role.

While the specific preparation of the measured Thai manuscript
samples is unknown, some Thai preparation recipes are reported to be very
unique, using a kiln to bake the leaves instead of the usual boiling method
and resulting in the exudation of a black substance by the leaves'. The
chemical nature of this substance is, to our knowledge, not identified, but we
hypothesize that it may correspond to a non-cellulosic amorphous sub-
stance, which could influence the apparent crystallinity. Additionally, the
leaves are exposed to fire after baking. Both treatments could contribute to
structural rearrangement during drying, thereby increasing the measured
crystallinity index, although this mechanism is not directly tested in the
present work and needs further investigation.

The amorphous contribution A (Fig. 16) also stays low for Thai
samples. This descriptor is not an amorphous-to-crystalline ratio, but is
calculated from the fitted area of the broad amorphous scattering con-
tribution relative to the total positive scattering intensity within the
selected g-range. The amorphous contribution A is also comparatively
low for the Thai group. Because this descriptor represents the relative
prominence of a fitted broad scattering contribution rather than a che-
mically identified amorphous fraction, its low value cannot be linked
directly to a potential exudation of material during kiln treatment.
Botanical composition, sample age, preparation, and preservation history
may all contribute to the observed distribution. A also presents
high values for Myanmar and Sri Lanka. This feature may be key for the
cases in which Sri Lankan and Myanmar manuscripts are correctly
classified.

As discussed in the previous section, the smaller difference between
unprocessed leaves and writing supports suggests that manuscript ageing
may have a larger impact on crystallinity than the processing methods
themselves, which may contribute to the high crystallinity observed in the
Thai group, as many of the measured samples correspond to modern
writing supports. Nevertheless, preparation methods are expected to
influence the degradation pathways experienced by manuscripts over time.
The selection of leaves at different maturity stages may also contribute to
differences in amorphous and crystalline content, thereby influencing
provenance determination. The crystalline and amorphous contributions,
which strongly influence origin classification, are therefore complex and
multifactorial, likely reflecting a combination of processing history, material
selection, and degradation effects that cannot be resolved individually
within the present dataset.

Ageing and degradation could not be included as independent vari-
ables in the statistical analysis. The age of many manuscripts is unknown, or
only approximately assigned, and chronological age does not necessarily
represent their degradation state, which also depends on environmental
exposure, handling, storage, and conservation history. Because no con-
sistent degradation indicator was available across the full dataset, these
effects could not be corrected for or evaluated as a separate classification
target.
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Fig. 16 | Box plots for the top important feature driving origin classification with
the random forest algorithm. Boxes have assigned colors: India, dark green;
Indonesia, orange; Thailand, purple; Sri Lanka, pink; Myanmar, light green.

Adjusted pairwise p-values (p,qj) shown above the box plots were obtained using the
Kruskal-Wallis test, with Benjamini-Hochberg adjustments across the evaluated
features.

Despite this complexity, the Random Forest origin classifier performs
well for some countries but remains unreliable for the smallest groups,
especially Myanmar and Sri Lanka. Their confusion with other classes may
reflect genuine similarities in material composition or preparation practices.
Such similarities are partly supported by the work of Poliakova et al.', and
plausible historical or technological explanations are proposed above.
However, these interpretations remain hypotheses that cannot be confirmed
with the present data. Moreover, the limited number of measurements
available for these groups is likely to affect their classification performance,
although its contribution cannot be separated from genuine material
similarities.

The classification results are further constrained by the dataset's
observational nature. The measured groups differ in botanical material,
processing history, age, degradation, storage, handling, and conservation,
while the associated metadata vary in completeness and certainty. Cross-
validation evaluates reproducibility relative to the assigned labels but cannot
establish that these labels are historically exact or separate the contributions
of correlated variables. The reported performances and feature associations

should therefore be interpreted as patterns within the present reference
dataset rather than as universally transferable causal relationships.

The model should therefore be used mainly to identify material simi-
larities between groups rather than to assign provenance with certainty.
Larger and more balanced datasets will be needed to determine whether the
observed confusion patterns represent shared manuscript traditions or
insufficient class representation.

Discussion

In this work, we presented a non-invasive multimodal synchrotron
approach for the characterization of palm leaves and palm-leaf manuscripts.
Physical descriptors derived from SAXS, WAXS, and XRF measurements
were combined with supervised machine learning to investigate differences
among samples. Genus-related distinctions were most clearly expressed in
processed materials and reflected a combination of intrinsic botanical
properties, processing-induced modifications, and subsequent material
alteration. The analysis highlights that both structural markers (crystal-
linity- and fibril-related parameters) and compositional markers (in
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particular selected elemental signatures) contribute to the classification and
provide interpretable links to material properties.

Beyond predictive performance, the workflow enables a comparative
assessment of manuscript traditions by quantifying similarities among
labeled samples. Within the present dataset, the results reveal regional
similarities, including overlap between Sri Lankan and South Indian
material profiles. Thai samples show a comparatively distinct and consistent
feature profile. This separation may be related to reported preparation
practices, such as kiln treatment, although the underlying mechanisms
remain to be verified directly.

The Myanmar group shows a more heterogeneous classification pat-
tern. This may reflect genuine variability in preparation practices, but the
limited number of measurements prevents a firm interpretation. More
generally, when applied to manuscripts of unknown origin or production
history, the classifier provides a probability-based similarity profile across
the learned classes. Such outputs should not be interpreted as definitive
provenance assignments, but can support further analysis when combined
with codicological, historical, and technological evidence.

These findings demonstrate the potential of non-destructive syn-
chrotron methods for comparing heritage materials and for identifying
material patterns potentially related to production, use, ageing, and con-
servation history.

The present dataset is diverse but does not capture the full variability of
palm-leaf manuscript traditions, and some geographic classes remain
underrepresented. This limits the generalizability of the results and may
contribute to differences in classification performance among groups.
Future work should therefore expand the reference dataset by including
objects from additional collections and manuscript traditions. Further
measurements on controlled reference materials are also needed to clarify
how specific treatments influence the structural and compositional evolu-
tion of palm leaves over time.

Data availability

The raw, corrected, and integrated data of the synchrotron X-ray mea-
surements at the ESRF are available in the ESRF data repository after the
embargo period (April 2027)”. DESY datasets, including raw, corrected,
and integrated data, as well as background-subtracted data, are listed in the
DESY data repositories and are available upon request’ . The DESY
repositories also contain photos of the manuscript folios and the rough
measurement area considered in each scan. Sample metadata and mea-
surement information are provided in Supplementary Data 1 and 2, and the
master table containing the extracted descriptors used in the statistical
analysis is provided in Supplementary Data 3. Additional details on the fits
performed and the machine learning outputs are available in TORE®.

Code availability
Custom Python scripts and Jupyter notebooks used for data processing and
analysis are available in ref. 45.
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