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Abstract. Understanding the taxonomic placement of Paleozoic gymnosperm woods remains a complex task largely due to the frequent
absence of attached reproductive or foliar structures. Machine-assisted analyses based on wood anatomy can support this task by suggesting
plausible affinities between fossil genera and taxonomic orders for paleobotanists to further explore. In this context, we developed a support
vector classifier employing a soft-margin, which achieved a maximum estimated accuracy of 71.4% and a macro-averaged F1-Score of 61%
across four evaluated regularization values, representing an improvement over previously proposed models. The null hypothesis of the
permutation test by label shuffling was rejected (p < 0.001), indicating that the model effectively learned the underlying structure linking
anatomical features to taxonomic orders. To evaluate its applicability, six genera from western Gondwana were selected as input to test the
classifier, with predicted affinities either aligning with previous literature or offering new perspectives for future paleobotanical research.
The model proposed is data-driven and capable of learning from patterns in anatomical characters, operating through statistical generalization
across examples. While the model’s main limitations are rooted in biological and taphonomical constraints, its overall performance
demonstrates the usefulness of machine learning approaches as an additional aid to fossil wood taxonomy.

Key words. Supervised learning. Wood anatomy. Taxonomy. Computational paleontology. Paleobotany.

Resumen. CLASIFICACION DE MADERAS DE GIMNOSPERMAS PALEQZOICAS BASADA EN MAQUINAS DE SOPORTE VECTORIAL. Comprender
la ubicacién taxonémica de las maderas de gimnospermas paleozoicas sigue siendo una tarea compleja, en gran parte debido a la frecuente
ausencia de estructuras reproductivas o foliares asociadas. Los analisis asistidos por computadora basados en la anatomia de la madera
pueden apovar esta tarea al sugerir afinidades plausibles entre géneros fosiles y 6rdenes taxonémicos que los paleobotanicos pueden explorar
mas a fondo. En este contexto, desarrollamos un clasificador de soporte vectorial utilizando un margen suave, que alcanz6 una exactitud
estimada maxima del 71,4% y un F1-Score macro-promediado del 61% entre los cuatro valores de regularizacion evaluados, lo cual representa
una mejora respecto a los modelos previamente propuestos. La hipétesis nula de la prueba de permutacion mediante el reordenamiento de
etiquetas fue rechazada (p < 0.001), lo que indica que el modelo efectivamente aprendié la estructura subyacente que vincula las caracteristicas
anatémicas con los 6rdenes taxonémicos. Para evaluar su aplicabilidad, se seleccionaron seis géneros de Gondwana occidental como entrada
para probar el clasificador, cuyas afinidades predichas coincidieron con la literatura previa o bien ofrecieron nuevas perspectivas para futuras
investigaciones paleobotanicas. EI modelo propuesto esta basado en datos y es capaz de aprender a partir de patrones en los caracteres
anatémicos, operando mediante generalizacion estadistica a partir de ejemplos. Si bien las principales limitaciones del modelo tienen su
origen en restricciones biologicas y tafonomicas, su desempeno general demuestra la utilidad del aprendizaje automatico como una ayuda
complementaria para la taxonomia de maderas fosiles.

Palabras clave. Aprendizaje supervisado. Anatomia de la madera. Taxonomia. Paleontologia computacional. Paleobotanica.

INTRODUCTION issue often associated with macrofossils is the discon-

Fossil plants have been applied in numerous studies to  nection between organs during the life cycle or due to the
understand the evolution of the plant kingdom, interpret  transport or incorporation of bioclasts, as well as the se-
ancient environments and climates, determine relationships  lective preservation of parts with different compositions
with other organisms, and aid in the dating and correlation ~ and resistance. Consequently, fossil assemblages com-

of rocks (lannuzzi & Vieira, 2005; Taylor et al., 2009). An  monly consist of similar types of remains rather than com-
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plete individuals, reflecting both biological and taphonomic
biases (Simoes et al., 2010). The case of plants is not an
exception, highlighting the inherent complexity involved in
reconstructing whole organisms and accurately assigning
them to taxonomic groups (Greenwood, 1991; Spicer, 1991;
Ferguson, 2005). In the study of fossil woods, the frag-
mentary nature of the material is a recurrent feature
throughout the geological record. In most instances, preser-
vation is restricted to fragments of secondary xylem, which
considerably constrains taxonomic resolution at higher
hierarchical levels (RoBler et al., 2014; Philippe et al., 2019;
Conceicao et al., 2023). This limitation is particularly evident
in Paleozoic plant assemblages from the Gondwanan
floristic realm, where specimens are abundant but often
have poorly understood taxonomic resolution (e.g., Guerra-
Sommer, 1977; Mussa, 1978, 1986a, 1986b; Crisafulli,
1998, 2001; Merlotti, 2002, 2009; Kurzawe et al., 2013;
Decombeix et al., 2019; Wan et al., 2020; Conceicao et al.,
20203, 2022).

In recent decades, artificial intelligence has gained in-
creasing attention from the paleontological community as
a tool for problem-solving and decision-making. While arti-
ficial neural networks and deep learning techniques have
become more widespread in recent applications, tradi-
tional algorithms — such as k-nearest neighbors, random
forests, and support vector machines — continue to fulfill a
significant role in studies involving fossils (Martin-Perea
et al.,, 2020; Yu et al., 2024; Liu et al., 2026; Silvestro &
Pimiento, 2025; Yaqoob et al., 2025; MacFadden et al,,
2026). Given the challenges associated with Paleozoic
gymnosperm woods, Conceicao et al. (2023) proposed a
machine learning classifier based on stem anatomy (Paleo
Wood), offering new perspectives despite the limitations
observed in the models. The performance of the three
tested algorithms was similar, that is, k-nearest neighbors,
logistic regression, and linear discriminant. Reported issues
were mainly related to the limited sample size and the high
variability within some classes (Conceicao et al,, 2023).
Therefore, to reduce misclassifications in this type of
dataset, the selected models should be able to better han-
dle class imbalance and intraclass variability.

In this context, support vector classifiers have shown

potential for improving classification accuracy while

.
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maintaining model interpretability. Beyond classification,
support vector machines have been applied to a wide range
of tasks, with increasing adoption in recent decades,
including regression, outlier detection, and prediction of
complex structures (Tsochantaridis et al., 2005). Notable
applications include text categorization, handwritten
character recognition, image and audio processing, video
analysis, object and face recognition, speaker identification,
bioinformatics tasks and medical diagnosis, as well as
computer vision and security (Burges, 1998; Hearst et al.,
1998; Moguerza & Munoz, 2006; Lorena & De Carvalho,
2007; Cristianini & Ricci, 2008; Ma & Guo, 2014; Awad &
Khanna, 2015; Cervantes et al., 2020). The goal of this
learning algorithm is to project the data into a higher-
dimensional space, enabling class separation through
hyperplanes with margins determined by the greatest
possible distance. In practice, this is achieved through kernel
functions, which transform the input data while operating
in a reduced subspace defined by the support vectors,
where the data points that lie closest to the hyperplane
contain all the information necessary to reconstruct it
(Mammone et al., 2009; James et al., 2013). Such models
are supported by a solid theoretical foundation in com-
putational learning theory and, when properly tuned,
typically exhibit strong generalization performance while
being less sensitive to input biases. They yield a unique
global solution, unlike some learning algorithms that may
converge to different local optima (Hearst et al.,1998;
Burbidge & Buxton, 2001; Karamizadeh et al.,, 2014).
Building on these insights, we propose herein a support
vector classifier, which tends to be more robust for ana-
lyzing the wood anatomy of ancient seed plants for their
subsequent classification within higher hierarchical cate-
gories, as previously explored using other algorithms by
Conceicao et al. (2023). The main objective is to link
Paleozoic gymnosperms woods to their corresponding
taxonomic orders, and it is not our goal to automate the
classification process. Additionally, we compare this new
approach with that previously presented in PaleolWood
and apply the model to certain genera from the western

Gondwanan floristic realm.
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MATERIALS AND METHODS
Materials and Data

In order to develop a model with a potentially better
performance than PaleolWood, we used the anatomical
dataset from Paleozoic gymnosperm woods compiled by
Conceicao et al. (2023). This dataset consists of 16 input
characters recorded for 42 plant-wood genera (Supple-
mentary Material, Table S1), each associated with one of 11
taxonomic gymnosperm orders as output. All the selected
samples have a complete set of described characters, with
no missing values. The input variables are binary or ordinal
and represent anatomical features of the inner core of
plant, including the presence or absence of tissues and
cells, maturation pattern of the primary xylem, characteris-
tics of the rays and pits, as well as the wood type (Tab. 1).
Features related to the bark, phyllotaxis or leaf traces
were not included, given their infrequent preservation in the
fossil record and challenges in reliable detection, although

useful in determining higher taxonomic groups (Dunn,
2006). The output classes are categorical and fall within
either the pteridospem group — Buteoxylonales, Calamo-
pityales, Callistophytales, Gigantopteridales, Glossopteri-
dales, Lyginopteridales, and Medullosales — or other
gymnosperms, named Cordaitales, Cycadales, Ginkgoales,
and Voltziales. Output labels are remarkably imbalanced.
Further details on the variables are provided by Conceicao
etal. (2023).

Additionally, six other genera from western Gondwana
were set aside for application of the final model. These
include Amosioxylon Césari et al., 2005, Eoguptioxylon
Crisafulli et Lutz, 2007, Iratinia Spiekermann et al., 2021,
Parnaiboxylon Kurzawe et Merlotti, 2013, Paulistoxylon
Mussa, 1986, and Teresinoxylon Mussa, 1989 (see Mussa,
19864a; Caldas et al., 1989; Césari et al., 2005; Crisafulli &
Lutz, 2007; Kurzawe et al., 2013; Spiekermann et al., 2021).
To classify these genera and evaluate model performance,

TABLE 1 - Input variables as in Table S1 (Supplementary Material), according to Conceigao et al. (2023).

Variable Type Meaning

Tracheid Binary Presence of tracheids in the central core

Parench Binary Presence of parenchyma in the central core

Resin Binary Presence of resiniferous cells, channels or ducts in the central core
Scleren Binary Presence of sclerenchyma in the central core

Septa Binary Presence of septations in the central core

Trilob Binary Presence of trilobate or triribbed stele or petioles
Endarch Binary Presence of endarch maturation of the primary xylem
Mesarch Binary Presence of mesarch maturation of the primary xylem
Exarch Binary Presence of exarch maturation of the primary xylem
MixPit Binary Presence of mixed pits on the radial walls of tracheids
PitSeriat Ordinal Seriation of pits on the radial walls of tracheids
TangPit Binary Presence of pits on the tangential walls of tracheids
AxialPar Binary Presence of axial parenchyma in the secondary xylem
RayWidth Ordinal Width of rays

RayHeight Ordinal Average rays height

WoodType Ordinal Type of wood




given the limited sample size and the high-dimensional
nature of the dataset, we implemented a support vector
machine approach. Prior to the model training, a data
processing step was applied to emphasize anatomical
traits considered particularly informative for classification
purposes.

Data Processing. To account for the relative importance of
certain structural attributes, a weight of 2 was assigned
to the variable Tracheid, which indicates the presence or
absence of these cells in the central core of stems. This
decision was based on the relevance of this feature to the
evolutionary development of the axis (Beck et al., 1982) and,
on the observation that models tend to underestimate
its contribution during training, as previously reported by
Conceicao et al. (2023). The increased weight was imple-
mented during model fitting, effectively amplifying the
contribution of this variable in the decision function. All
other input features were assigned a weight of 1. Additio-
nally, feature scaling was not applied, so no normalization
or standardization was performed on the input data. This
choice aimed to preserve the explainability of the original
variable encodings, which are binary or ordinal in nature.
These adjustments aimed to enhance the sensitivity of
the classifier to biologically meaningful distinctions, while
preserving overall model interpretability. The processed da-
taset was then used to train the support vector models ana-
lyzed in the following section, with the methodological
framework and theoretical formulation adopted are detailed

below.

Methods

Support Vector Machines Principles and Formulation.
Support vector machines (SVM) classifiers aim to optimize
the following primal formulation (Eg. 1), minimizing the
norm of the weight vector w, while penalizing misclas-
sifications through slack variables & > 0, scaled by the
regularization term C. The vector w is orthogonal to the
optimal decision hyperplane, defining its orientation and
thus contributing to the distinction of the z training samples
into two classes y € {-1, +1}, based on the input x and a
bias b (Eq. 1). The inner product between the weight vector
and the input is used directly herein, with no data trans-

formation (Eq. 1), that is the linear kernel. Accordingly, this
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kernel represents the simplest formulation with no feature
mapping induced, being the model fitted in the original
feature space, a technique often appropriate and compu-
tationally efficient in small-sample, high-dimensional
settings (Hsu et al.,, 2003). These expressions represent
the soft-margin version of the linear SVM algorithm (Cortes
& Vapnik, 1995), in which lower values of C favor model
generalization at the cost of increased classification error,
whereas higher values of C result in improved fit to the

training data but may lead to overfitting.

T;nf%\\w\\z ~ CZH;EI. subjectto y,(w'x,+b) > 1-& (1)

Notably, data that effectively contribute to model
training are associated with non-zero slack variables §&;
which is the case for points that violate the margins lying
close to the decision hyperplane, including misclassified
samples — the so-called support vectors. This is a key
advantage of this learning algorithm as it fits the model
based primarily on the samples that require more attention.

Although the primal formulation of SVM consists of min-
imizing the norm of the weight vector with penalties (Eq. 1),
the problem is typically numerically solved using its dual
formulation involving the Lagrangian multipliers a (Eq. 2)
and performed via the Sequential Minimal Optimization al-
gorithm (see Platt, 1998). In this study, the implementation
was carried out using the e1071 package (Meyer et al.,
2024), which serves as an interface to the LIBSVM library
(Chang & Lin, 2011). This solution is subject to constraints
on the optimization variables, maintaining C > @ > 0 and
ensuring that the sum of the Lagrangians is equal between

both classes.

n non
maxzaf'%zzasam}’;le - X;) (2)
a =1 i=1 j=1

In this sense, the Lagrangian multipliers can be inter-
preted as weights applied to the training set, being zero for
samples that do not affect the decision boundary, and
positive for the support vectors. Therefore, the vector w and
the bias term b can be estimated, defining the decision
function for the model. The weight vector w is obtained by
summing the product of the Lagrangian multiplier «, the

class label y, and the input vector x for all support vectors.
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The bias term b is typically estimated by solving it in the
constraint of Eq. 1, assuming equality and & = 0, and then
averaging the result over all support vectors. The decision
function is based on the relative position with respect to the
hyperplane w - x; + b; that is, a positive result classifies a
new sample as belonging to class +1 while a negative result
assigns it to class -1 and, a zero value would indicate a
sample lying exactly on the hyperplane. While this
formulation applies to binary classification, in fact, it must
be emphasized that many real-world problems involve
more than two classes.

The present study addresses such a multiclass scenario.
In this case, the one-against-one strategy was adopted, in
which hyperplanes are constructed for each pair of classes,
excluding the others. The final classification is determined
by a voting mechanism involving all possible pairs, with the
class receiving the majority of votes being selected.
Validation Strategy and Comparative Analysis. The SVM
model’s predictive performance was evaluated analytically
through confusion matrices, by comparing the actual and
predicted classes for four values of the regularization
parameter C: 0.1, 1, 10, and 100. The values on the main
diagonal of the confusion matrix represent the correct
classifications (true positives), while results for each class
located outside the main diagonal correspond to false
positives (in the columns) or false negatives (in the rows).
The generalizability of these models was assessed through
leave-one-out cross validation (LOOCV), a technique in
which a single sample is removed from the training set and
then used as a test input. After each iteration, the sample is
returned to the training set, and the procedure is repeated
until every sample has been tested exactly once (James et
al., 2013). The adopted strategy is justified by the small
sample size relative to the number of classes, a common
challenge when dealing with macrofossils (Yu et al., 2024).

Accuracy and macro-averaged F1-Score were estimated
based on results obtained through LOOCV. Accuracy
provides an overall metric for each model and is calculated
as the ratio of true positives to the total number of
predictions. In contrast, F1-Score is the harmonic mean
between precision and recall for each class individually;
precision being the proportion of true positives among all

predicted positives (including false positives), and recall

being the proportion of true positives among all actual
positives (including false negatives). The macro-averaged
F1-Score corresponds to the unweighted average across
all classes, thus offering a fairer evaluation in the presence
of class imbalance (Sokolova & Lapalme, 2009).

Additionally, a permutation test was conducted to
assess whether the performance of the SVM classifier was
statistically significant, that is, to determine whether the
association between classes and features in the dataset
reflects a true relationship or could have arisen by chance.
The test was performed by comparing the original model
accuracy with those obtained under label shuffling. In each
iteration, the class labels were randomly permuted across
all samples, followed by model training and evaluation using
LOOCV to generate a new accuracy value. This procedure
was repeated 1000 times, resulting in an empirical distri-
bution of accuracies and an empirical p-value. The null
hypothesis, that class labels are unrelated to the feature
set, was rejected if the original accuracy exceeded the vast
majority of the permuted values, indicating that the ob-
served performance is unlikely to have occurred by chance.
This suggests that the model successfully learned the un-
derlying structure that relates the data to their correspon-
ding classes (Ojala & Garriga, 2010).

All analyses were performed using RStudio.Version
2024.9.1.394 (Posit Team, 2024). The R script and addi-
tional data used in our analysis can be accessed at
https://github.com/marioesperancajr/SVMwood. Additional
accuracy values for models using more complex kernels are

available in Appendix 1.

RESULTS
Model Analysis and Comparison

Through the methodology described, the SVM classifiers
were trained using the anatomical dataset compiled by
Conceicao et al. (2023) to associate Paleozoic axes with
gymnosperm orders. Four values of the regularization
parameter C were tested and validated using leave-one-
out cross-validation (LOOCV), with the results summarized
in the confusion matrices (Fig. 1).

When C = 0.1, the model was clearly underfitted, as
predictions were concentrated primarily in two groups:
Lyginopteridales and Voltziales (Fig. 1). Although this model
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is unsuitable for classification purposes, its predictions
appear to reflect a broader division into two wood types,
corresponding to distinct anatomical features observed
among manoxylic pteridosperms and basal conifers or
pycnoxylic seed ferns. This pattern had already been
identified by Conceicdo et al. (2023) through dimensionality
reduction techniques and has also been noted by several
anatomists (e.g., Lacey, 1953; Galtier & Meyer-Berthaud,
2006; Decombeix et al., 2011). Thus, despite its low
classification performance, the model demonstrated a
certain ability to generalize broader anatomical groupings,
even though it failed to distinguish among the specific
taxonomic orders within each group.

Using higher values of the regularization parameter
led to more realistic predictions (Fig. 1). Misclassifications
tended to occur between classes with similar anatomical
characteristics, for instance, Cordaitales and Voltziales or
Lyginopteridales and Medullosales, as also observed in
the PaleoWood study (Conceicao et al., 2023). Even so, the
model’'s performance improved substantially with SVM,
reaching an accuracy of 71.4% for C = 1, in contrast to a
maximum of 61.9% achieved using the linear discriminant
algorithm (Tab. 2). When analyzing performance more
equitably across classes, the highest macro-averaged F1-
Score was obtained with C = 10, approximately 61%,
compared to a maximum of 55.3% for logistic regression
(Tab. 2).

On the other hand, for C = 100, the highest regulariza-
tion value tested, there is some evidence of overfitting, as
the performance metrics did not improve compared to other
SVM models (Tab. 2). From the perspective of the primal
formulation (Eg. 1), a high regularization parameter imposes
a greater penalty on slack variables, severely punishing
misclassifications and margin violations. In the dual for-
mulation (Eg. 2), this corresponds to a weaker constraint on
the Lagrangian multipliers. As a result, the model begins to
learn beyond its true capacity, partially fitting to noise and

reducing its generalization ability.

Figure 1. Heatmaps of confusion matrices for the four regularization
tested parameters. Values represent the number of classifications ob-
tained through LOOCV. Color intensity corresponds to the proportion
of instances, with darker shades indicating higher values of class-wise
recall (REC) and pairwise misclassification rates (MCR).
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TABLE 2 — Accuracy and macro-averaged F1-Score for different
models, including the SVM developed in this study and the
PaleolWood models’.

Algorithm Accuracy F1-Score (Macro)
SVM (C=1) 0.714 0.608
SVM (C=10) 0.690 0.610
SVM (C = 100) 0.667 0.601
LDA 0.619 0.501
LR 0.547 0.553
KNN 0.476 0.440
SVM (C=0.1) 0.333 0.089

'LDA = linear discriminant analysis; LR = logistic regression; KNN = k-
nearest neighbors.

The performance of SVM-based classifiers can be
sensitive to class imbalance, potentially disadvantaging
underrepresented groups by shifting the hyperplanes
toward the minority classes, thereby expanding the decision
region of the majority class and increasing the rate of
misclassification (Akbani et al., 2004; Batuwita & Palade,
2013). This is particularly significant when class imbalance
alters the set of support vectors, thereby influencing the
slack variables (Eqg. 1) and the Lagrange multipliers (Eq. 2).
However, the cross-validation results indicate that this
effect is not pronounced in the models developed here
(Fig. 1). Two minority groups, each represented by at most
two samples, did not exhibit false negatives (Buteoxylonales
and Cycadales). The single misclassification observed for
Glossopteridales should be interpreted with caution due
to limitations of LOOCV, as the class is not represented in
the training set when that sample is left out. Consequently,
the accuracy for minority classes is 0.6 for C > 1, which
is comparable to the overall model performance (Tab. 2).
Given that several of these groups exhibit clear anatomical
distinctions (Conceicdo et al., 2023), the impact of class
imbalance is likely mitigated by good separability.

To further verify whether the model's performance
was meaningful or the result of random associations, a
permutation test was conducted by shuffling the class
labels and cross-validating the resulting models (Fig. 2).

Accuracies equal to or greater than the original were

obtained in only 1% of iterations when C = 0.1; and for
higher values of C, no permuted accuracy surpassed or
matched the original result (p < 0.001). Therefore, the null
hypothesis of the permutation test is rejected, providing
strong evidence that the model effectively captures the

underlying data structure associated with each class and

200
C=01
0
200
wil c=1
100 “—‘»_ —I—h—’_‘—v—;
0

200
_—_ c=10
100
0 —}_I_l—\,
200
] C =100

0

Accuracies

14%
19%

4.7%
9.5%
23%
29%
33%

Figure 2. Histograms resulting from the label-shuffling test. Bar
length indicate the frequency of cross-validated accuracies across
1000 iterations for each model.
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TABLE 3 - Predictions generated by the SVM model for six genera from the western Gondwanan floristic realm.

Genus Prediction for C =1 Prediction for C = 10 Affinities previously suggested

Amosioxylon Medullosales Medullosales CaJamppltyaIes, Medullosales, Progymnospermopsida
(Césari et al., 2005)

Eoguptioxylon Cordaitales \oltziales Medullosales, Pentoxylales (Crisafulli & Lutz, 2007)

Iratinia Cycadales Cycadales Cycadales (Spiekermann et al., 2021)

Parnaiboxylon Voltziales Cordaitales ?

Paulistoxylon Cordaitales Voltziales Cordaitales (Crisafulli, 1998)

Teresinoxylon Lyginopteridales Lyginopteridales Cycadales, Lyginopteridales (Caldas et al., 1989)

that the true positives are not due to random chance. These
results support the robustness of the proposed SVM
approach, confirming its reliability in classifying Paleozoic
gymnosperm woods based on anatomical features. Given
these promising outcomes, we proceeded to apply the
trained model to six additional genera from the western
Gondwanan floristic realm, which were not included in the
initial training dataset, using the configurations for which
there was no evidence of underfitting or overfitting.

Model application

Comparing predictions from the most suitable models
(Tab. 3), three genera yielded consistent results (Amosioxylon,
Iratinia, and Teresinoxylon), while the remaining three did
not show full agreement among predictions (Eoguptioxylon,
Parnaiboxylon, and Paulistoxylon). This variability under-
scores the importance of analyzing the implications of these

predictions in the broader paleobotanical context.

DISCUSSION
Implications of Predictions

The results obtained from the predictions (Tab. 3) can be
considered positive, as they align with previous anatomical
interpretations. Starting with the genus Amosioxylon, as-
signed to a stem from the Pennsylvanian of Argentina, it
displays several vascular strands surrounded by ribbed
centrifugal primary xylem and pycnoxylic wood (Césari et al.,
2005). The authors suggested affinities with the Devonian
progymnospem Callixylon, due to its pycnoxylic wood, as

well as with the seed fern Bostonia (Calamopityales), based
on similarities in their central axis, also recognizing a re-
semblance to the anatomy of Medullosa (Medullosales).
These overlapping anatomical traits underscore the taxo-
nomic complexity of Amosioxylon, which exhibits features
shared across distinct lineages. Nonetheless, the model's
prediction aligns with one plausible hypothesis, that is, a link
to Medullosales (Tab. 3), which is particularly supported by
the presence of medullosan-like central vascular segments.
This is a strongly characteristic feature of this group, thus
reinforcing the potential of SVM-based approaches to
support paleobotanical interpretations.

Eoguptioxylon is a trunk from the late Permian of
Argentina that exhibits an unusual combination of fea-
tures. It presents a polystelic wood, with steles surrounded
by sclerenchyma and irregularly arranged in ground
parenchyma, in addition to a central diaphragm and pyc-
noxylic xylem (Crisafulli & Lutz, 2007). The authors sug-
gested a possible affinity with the Paleozoic Medullosales
or even the Mesozoic Pentoxylales. Classifications from
PaleolWoodindicated affinities with Cordaitales or Cycadales
(Conceicao et al., 2023), while the SVM model suggested
either Cordaitales or Voltziales (Tab. 3). Although Cordaitales
appears as the prevailing assignment, attributing a
definitive taxonomic group to Eoguptioxylon remains
challenging, given the lack of similar stems for confident
comparison. This issue will likely remain unresolved until
further knowledge on the anatomy of ancient seed plants
becomes available.
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Iratinia is an anatomically preserved axis with affinities
to Cycadales, originating from the early Permian of south-
ern Brazil (Spiekermann et al., 2021). This rare specimen
preserves vascular cambium, phloem, cortex, and leaf
bases, providing robust evidence for its connection to
cycads. Remarkably, even when considering only the
anatomical characters of the pith, besides primary and
secondary xylem, the SVM model correctly predicted its
taxonomic order (Tab. 3), demonstrating its effectiveness
in generalizing from limited input data.

Parnaiboxylon currently includes three known speci-
mens: Parnaiboxylon sp. 1 and P. rohnae from the early
Permian of northern Brazil, and P. wangi from the
Pennsylvanian of China (Kurzawe et al., 2013; Wang et al.,
2023). The main features of the genus are the endarch
to mesarch primary xylem and the solenoid pith. The
computational models identified this taxon as belonging
to either Voltziales or Cordaitales (Tab. 3). These non-
consensual predictions reflect the scarcity of voltzialean
woods exhibiting mesarch primary xylem, a feature more
commonly associated with cordaitaleans, such as Mesoxylon
stem and the leaf traces of Shanxioxylon (Trivett & Rothwell,
1985; Wang et al., 2025). At the same time, the general
stem anatomy resembles the walchian Thucydia (see
Hernandez-Castillo et al., 2001; Shi-Jun et al., 2003). Stems
and roots attributed to Cordaitales have already been
reported from the region (Coimbra & Mussa, 1984;
Conceicdo et al., 2020b), providing further support for the
presence of this group. However, additional data are
required to confirm the precise taxonomic placement of
Parnaiboxylon within the coniferophytes.

Paulistoxylon was originally described from early Permian
(Kungurian) deposits in southeastern Brazil (Mussa, 1986a).
Subsequently, Crisafulli (1998) associated the genus with
Cordaitales, based on its diaphragmed pith, as well as the
dimensions and radial pitting patterns of the tracheids. All
models previously trained in PaleoWood indicated the
same taxonomic affinity consensually, further supporting
this classification (Conceicdo et al., 2023). The SVM models,
in contrast, were inconclusive, suggesting potential links
to both Cordaitales or Voltziales (Tab. 3). Despite this am-
biguity, the recurring association with Cordaitales across

multiple analyses points to a prevailing affinity with this

order. Nonetheless, the alternative prediction involving
Voltziales may be of interest, as it could reflect shared
anatomical traits or convergent features worthy of further
investigation.

Teresinoxylonis a stem from the early Permian of north-
western Brazil, described as having a morphology inter-
mediate between a mixed protostele and an eustele. It
displays unorganized bundles of tracheids within the pith,
both mesarch and endarch primary xylem, tall and wide
parenchymatous rays, podocarpoid cross-field pits, and
manoxylic wood (Caldas et al., 1989). According to Caldas
et al. (1989), its anatomical features suggest affinities with
Cycadoxylon and Ptychoxylon, which at the time were con-
sidered pteridosperms due to similarities with lyginopterids.
Teresinoxylon indeed shares a set of characters comparable
to several pteridosperms, such as Diichnia (Calamopityales)
and Heterangium (Lyginopteridales) (see Read, 1936; Pigg
et al., 1987). The SVM predictions support this hypothesis,
suggesting an affinity with Lyginopteridales, a plausible
taxonomic placement that is both morphologically consis-
tent and reinforced by computational modeling (Tab. 3).

Overall, the application of the SVM classifier to
Gondwanan fossil genera demonstrated its effectiveness
in recovering well-supported taxonomic affinities, even in
the absence of complete anatomical information. In cases
such as Amosioxylon, Iratinia, and Teresinoxylon, the pre-
dictions were consistent with previously suggested
affinities and supported by anatomical features recog-
nized in the literature. For Eoguptioxylon, Parnaiboxylon and
Paulistoxylon, although the results were not fully con-
vergent, the suggested classifications remained within
reasonable phylogenetic bounds, reflecting known
anatomical complexities and gaps in current taxonomic
resolution. These outcomes reinforce the potential of SVM
as a valuable tool for assisting paleobotanical interpre-
tations.

Model Improvements and Limitations

Compared to the original PaleolWood models, the SVM
classifier demonstrated substantial improvements in both
predictive accuracy and overall model performance (Tab. 2).
Validation results indicate a better model fit and a more ro-

bust understanding of the relationship between anatomical



characters and taxonomic groups, even when working
with limited and unbalanced fossil data. Moreover, the SVM
exhibited stronger generalization capacity, accurately pre-
dicting complex cases and reflecting established anatomical
groupings, as well as providing insights into the affinities of
certain fossil genera (Tab. 3). Even so, challenges remain in
the classification of fossil plants, which directly affect the
performance of computational models that rely on such
data.

The situation is even more complex for the Paleozoic
flora of Gondwana, where whole-plant reconstructions are
rare. Establishing precise taxonomic relationships among
these organisms has proven difficult, often relying solely
on morphological and anatomical comparisons with fossils
of better-established phylogenetic placement. Clear affili-
ations between wood-derived taxa and their original
mother plants are often missing (e.g., Guerra-Sommer,
1977; Mussa, 1978, 1986a, 1986b; Crisafulli, 1998, 2001;
Merlotti, 2002, 2009; Kurzawe et al., 2013; Decombeix et
al., 2019; Wan et al., 2020; Conceicdo et al., 20203, 2022).
In this context, machine-assisted analyses may offer valu-
able contributions by delivering classifications that are
less prone to subjective bias. Although the methodological
approach has shown considerable improvement, as evi-
denced by the SVM's performance compared to PaleolWood,
the limited availability of well-resolved taxonomic data
continues to constrain further advances in classification.

Entering more specifically into the field of applied
artificial intelligence, recent reviews have demonstrated the
advancement of its use in paleontology (see Yu et al., 2024;
Liu et al., 2026). Among the proposed artificial intelligence
models, expert systems were the first to be used in studies
involving fossils. By definition, an expert system, as a case
of a knowledge-based system, simulates expert decision-
making by relying on structured domain knowledge and
predefined rules. While useful for processing known
inputs, they lack adaptability, struggle with unfamiliar data,
and require manual updates as knowledge evolves. These
limitations have reduced their use in favor of more flexible,
data-driven approaches in artificial intelligence (Yu et al.,
2024; Liu et al.,, 2026). Significant examples of expert
systems include if-then structured models based on logical

rules, which encode expert knowledge into decision
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pathways for automated reasoning (Russell & Norvig,
1995), such as computerized taxonomic tables and iden-
tification keys.

Notably, these reviews have compared PaleolWWood to
an expert system or a knowledge-based system (Yu et al.,
2024; Liu et al.,, 2026), likely due to its limitations and
unresolved issues. However, we argue that this comparison
is not entirely appropriate, as both the data and algorithms
employed herein and previously by Conceicao et al. (2023)
rely on machine learning and generalization, rather than on
predefined rule-based logic. The selected input variables are
relevant to plant taxonomy, though they are not necessarily
ideal for distinguishing higher-level taxonomic groups, as
they often reflect intrageneric variation. Although there are
observable trends in character states across taxonomic
orders and similarities in the anatomy, no single diagnostic
trait used allows for a straightforward assignment to a
specific group. There is no simple logic in the classification
of axes and, complex comparisons are required, as done
through SVM.

Another important issue is the limited dataset size,
which results in a small number of training samples. As a
consequence, the model may not be adequately fitted
across the full vector space, requiring a high degree of
generalization when confronted with atypical or previously
unseen samples. This challenge is further compounded by
the substantial anatomical variability within certain taxo-
nomic orders, as well as by evolutionary convergences that
produce character overlaps among phylogenetically distant
groups. For instance, the voting mechanism occasionally
adopted in multiclass problems, which includes SVM, is di-
rectly affected by the high similarity and internal variability
of classes. When comparing pairs of classes in the one-
against-one strategy, votes among anatomically similar
groups may result in near ties, potentially leading to the
selection of an incorrect category. Alternative strategies
also face their own intricate limitations.

Taken together, these factors suggest that some
inherent complexities of the dataset may not be fully
resolved, regardless of algorithmic sophistication, although
identifying these challenges guides the most appropriate
choice of techniques. In such contexts, even advanced

models like SVMs may reach a performance ceiling, not
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necessarily due to computational limitations, but because
of the biological and taphonomical constraints embedded in
the data itself. Even so, such models can be highly valuable
in detecting underlying patterns among plant groups and in
supporting the delimitation of taxonomic and evolutionary
hypotheses. By highlighting consistent character asso-
ciations and revealing non-obvious affinities, computational
approaches offer a complementary perspective to tradi-
tional paleobotanical analyses, which remain an irrepla-
ceable basis in the study of fossil plants.

CONCLUSION

The SVM-based classifier successfully linked the
anatomical features of Paleozoic gymnosperm axes to their
respective taxonomical order. Compared to Paleowood, it
showed improved overall performance, achieving a maxi-
mum accuracy of 71.4% and a maximum macro-averaged
F1-Score of 61%, with regularization parameter C = 1 and
C =10, respectively. Cross-validation results suggest un-
derfitting when C < 0.1, and overfitting if C = 100. Fur-
thermore, the permutation test confirmed that the accuracy
values reflect the model’s learned structure rather than
random associations. Together, these findings indicate that
the SVM classifier offers a robust and reliable approach for
extracting taxonomic information from anatomical data in
fossil axes.

Building on these results, the classifier was applied to
six fossil genera from western Gondwana, leading to in-
sightful taxonomic predictions. For both Amosioxylon and
Teresinoxylon, the model associated them with pteri-
dosperms, a plausible hypothesis also discussed in their
original descriptions. In contrast, Eoguptioxylon, Parnaiboxylon,
and Paulistoxylon were linked to coniferophytes, although
without a clear consensus on the specific taxonomic order
to which they may belong. The predictions for Parnaiboxylon
and Paulistoxylon align with prior literature, whereas the
enigmatic Eoguptioxylon appears to diverge from currently
known forms. Finally, /ratinia, previously suggested to be
related to cycads, matches the SVM classification. These
outcomes demonstrate the potential of the model to gen-
erate meaningful hypotheses and support paleobotanical
interpretations, especially in cases where traditional classi-

fication remains uncertain.

The proposed classifier is grounded in machine learning
and capable of generalizing beyond explicit logic, in contrast
to expert systems. Even so, assigning affinities of fossil
gymnosperm axes remains inherently difficult, as the
variables used often capture variation at the genus or
species level rather than providing clear distinctions among
higher-level taxonomic groups. Even sophisticated methods
like SVM face limitations when the available data are scarce
or overlapping. Despite these obstacles, machine learning
models still prove powerful in uncovering subtle patterns
and supporting paleobotanical investigation. They do not
replace researcher interpretation, but when well-applied,

they can reveal latent patterns in the fossil record.
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APPENDIX 1

.
APA ‘ Publicacion Electronica - 2026 - Volumen 26(3): 1-14

Testing more complex kernels using default parameter settings of e1071 package in R. This was implemented by replacing "linear" with
radial" and "sigmoid" in L. 40 of the script (https://github.com/marioesperancajr/SVMwood).

1 10 50 85 100 150
0.14 0.38 0.69 0.71 0.71 0.67
0.1 1 5 30 50 100
0.21 0.36 0.50 0.64 0.64 0.64

1 5 10 100 500 1000
0.33 0.48 0.45 0.67 0.64 0.67
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