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Abstract 

Marine ecosystems are increasingly threatened by overfishing and human-induced pressures that compromise stock assessments 
through species misidentification. In this study, we evaluate the efficacy of portable X-ray fluorescence (pXRF) as a rapid, non- 
destructive tool for species identification in fisheries monitoring, using marlin (Istiophoridae) as a model system. Anal fin spine sam- 
ples from black, blue, and striped marlin were collected at recreational tournaments and processed for elemental analysis. Multivari- 
ate analyses, including permutational multivariate analysis of variance, non-metric multidimensional scaling, and similarity percent- 
age analysis, revealed significant interspecies differences in elemental composition. Notably, blue marlin exhibited distinct elemental 
profiles—potentially reflecting unique habitat use and trophic interactions—compared to black and striped marlin. Classification us- 
ing canonical analysis of principal coordinates achieved correct classification rates of 68.0% for concentration data and 81.3% for raw 

spectral counts, while machine learning achieved classification rates of 51.5% ± 1.73% for concentration data and 62.6% ± 1.44% for 
raw spectral counts—each substantially exceeding the null hypothesis expectation of 33% accuracy for random guessing among three 
classes. These results underscore the ability of pXRF to discriminate species based on their elemental signatures and highlight the 
potential of pXRF as a cost-effective, field-deployable complement to traditional genetic methods in improving fisheries monitoring 

and conservation strategies. 
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Introduction 

Marine ecosystems are facing unprecedented challenges un- 
der current human-induced pressures, leading to significant 
declines in biodiversity and ecological integrity (Storch et al.
2022 ). These declines pose not only ecological but also so- 
cioeconomic risks, as marine biodiversity underpins food se- 
curity, livelihoods, and climate resilience globally (FAO 2024 ).
Among these pressures, overfishing is a substantial contrib- 
utor to biodiversity declines in the oceans, with an esti- 
mated 37.7% of fish stocks now fished at unsustainable levels 
(FAO 2024 ). The status of many stocks, particularly pelagic 
species and those caught in the high seas remain poorly un- 
derstood (McWhinnie 2009 , Campana 2016 ). This status is 
further complicated in instances where species are likely to be 
misidentified or misreported, masking the true numbers of in- 
dividual species being caught and leading to inaccurate assess- 
ments of stock health (Williams et al. 2018 ). In some instances,
species within the same genus or family exhibit remarkable 
resemblances in external morphology, making accurate iden- 
tification solely based on visual inspection a daunting task,
particularly after truncating or post-catch processing of fish 

(Williams et al. 2018 ). This inherent similarity underscores 
the necessity for more sophisticated and reliable identifica- 
tion techniques for effective fisheries monitoring and accurate 
stock assessments. 

Mislabelling of seafood, intentional or incidental, is 
widespread across international markets with 30% of seafood 
© The Author(s) 2025. Published by Oxford University Press on behalf of Interna
article distributed under the terms of the Creative Commons Attribution License 
reuse, distribution, and reproduction in any medium, provided the original work 
stimated to be misidentified or mislabelled (Pardo et al. 2016 ,
undy et al. 2023 , Ahles et al. 2025 ). Current fisheries moni-

oring relies heavily on genetic techniques to identify fish when
orphological traits are unable to discern species (Teletchea 
009 , Myun Park et al. 2020 ). While effective, these genetic
ethods have limitations: they are time-consuming, costly,

nd require specialized laboratory facilities and expertise.
hese constraints reduce their utility as rapid deterrents or 

orensic tools in real-time monitoring scenarios. This gap un- 
erscores the need to expand the forensic conservation tool- 
ox for fisheries monitoring, complementing and enhancing 
xisting genetic approaches with faster, more accessible tech- 
iques. 
One promising alternative is elemental profiling using 

ortable X-ray fluorescence (pXRF), an analytical technique 
hat is rapidly emerging as a tool in wildlife forensics (Bud-
hachat et al. 2016 , Nganvongpanit et al. 2016 , Brandis et al.
024 ). pXRF offers a rapid, non-destructive approach to mea-
uring elemental concentrations in tissues, generating elemen- 
al profiles within minutes (Brandis et al. 2023 , 2024 ). Elemen-
al profiles vary not only among species but also within them,
eflecting differences in diet and environmental exposure that 
hape each organism’s unique elemental signature (Duarte et 
l. 2022 ). In the context of fisheries monitoring, pXRF of-
ers the unique opportunity to equip researchers and regula- 
ory bodies with an ‘elemental fingerprint’ that could identify 
pecies, based on the elemental composition of wildlife spec- 
tional Council for the Exploration of the Sea. This is an Open Access 
( https:// creativecommons.org/ licenses/ by/ 4.0/ ), which permits unrestricted 
is properly cited. 
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Figure 1. Illustration of the three different sampling areas for pXRF on a 
cleaned and dried marlin anal fin spine. Locations include one condyles 
width from the base (C1), the length of three condyles width from the 
base (C3), and the tip of the spine. 
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mens. This elemental fingerprint can be combined with clas-
ification algorithms to identify species and provenance via
onsistent yet subtle differences in elemental composition of
nert tissues and has shown promise in the terrestrial realm
Benedet et al. 2021 , Gil-Delgado et al. 2025 ). 

The marlins (Istiophoridae)—a charismatic and economi-
ally valuable group of species in recreational and commer-
ial fisheries—exemplify the identification challenges faced in
sheries management. In Australia, black ( Istiompax indica ),
lue ( Makaira nigricans ), and striped ( Kajikia audax ) marlin
epresent a valuable sector of recreational fisheries (Kalish et
l. 2002 , Bromhead et al. 2004 ). While black and blue marlin
re no-take species in commercial fisheries, striped marlin are
 targeted species in the longline fisheries and are currently
onsidered overfished in the southwestern Pacific (Ducharme-
arth et al. 2019 , Butler et al. 2023 ). Distinguishing between

hese species can be challenging due to their morphologi-
al similarities, especially at younger life stages or following
runcating and post-catch processing (Williams et al. 2018 ,
uillemin et al. 2025 ). Even in cases by trained fisheries ob-

ervers, errors up to 77% in identification have been observed
ue to similarities between black and blue marlin (Williams et
l. 2018 ). Such high rates of error have resulted in instances
f no-take species being landed and sold in commercial mar-
ets (NSW Department of Primary Industries 2021 ), compli-
ating fisheries management and obscuring our understanding
f species-specific catch rates. Despite the morphological simi-
arities among these three sympatric marlin species, they have
nique ecologies, use different habitats and exploit different
rey species (Guillemin et al. 2022 ). 
Thus, there is a clear need for efficient, cost-effective moni-

oring tools that can reliably identify marlin landings and sup-
ort sustainable fisheries management. To address these chal-
enges, this study evaluates the efficacy of elemental profiling
sing pXRF as a tool for species identification in eastern Aus-
ralian marlin. We hypothesize that (i) different marlin species
ossess distinct elemental profiles and that (ii) elemental pro-
ling of the first anal fin spines alone can reliably identify these
pecies. Collectively, these hypotheses aim to validate elemen-
al profiling as a rapid, accessible, and complementary tech-
ique for fisheries monitoring and species conservation. 

ethods 

ample collection and preparation 

amples of black, blue, and striped marlin were opportunis-
ically obtained from catch associated with game fishing
ournaments conducted from 2005 to 2024. All tournaments
ere organized by clubs affiliated with the New South Wales
ame Fishing Association and took place along the New

outh Wales coastline. For each sampled fish, sex and ‘short
ength’ (measured from the tip of the lower jaw to the fork
f the tail, the standard-length measurement in Istiophorid
esearch) were recorded when available. Fish were weighed
hole by the tournament weighmaster before any sample

xtractions. The largest anal fin spines were removed using
 knife, transported to the laboratory, and stored at −20 

◦C.
n the laboratory, anal fin spines were manually cleaned
y carefully removing all adherent muscle tissue, skin, and
onnective tissue. This process was performed using a sterile
calpel and a clean cloth, ensuring meticulous removal of
ny extraneous biological material until only clean bone
emained. Once thoroughly cleaned, the spines were placed
n a drying oven set at a constant temperature of 50 

◦C.
orphometric measurements, including condyle width and
idths at three distinct intervals, were recorded to assess site
ariation and determine infinite thickness (overpenetration
f the X-rays) ( Fig. 1 ). A total of 25 spines from each species
ere processed and analysed ( Table 1 ). 

XRF data collection 

n Olympus Vanta M-Series pXRF instrument [4-watt X-ray
ube with rhodium (Rh) anode, 8–50 keV, silicon drift detec-
or], with three beam energies (10, 40, and 50 keV) was used
o analyse all samples. The GeoChem3 method that uses a fun-
amental parameters algorithm to correct for inter-element
ffects was used for each scan. Calibration checks were con-
ucted regularly using onboard calibration software, with a
etector calibration check performed using a milled quartz
SiO 2 ) blank. 

The pXRF instrument provided two output data types: raw
eam spectra across 2048 keV bands and elemental concen-
rations as percentages for 42 elements, calculated via Olym-
us’ onboard algorithms. To identify the optimal sampling lo-
ation on the anal spine and to assess infinite thickness, a sub-
et of samples was analysed in three different locations: the
ength of one condyles width from the base (C1), the length of
hree condyles width from the base (C3), and the tip ( Fig. 1 ).
ach spine was analysed once using a 30-s beam time at 10,
0, and 50 keV, totalling 90 s per location with a backing of
iO 2 to test for infinite thickness. Upon identifying the ideal
ocation, all spines were analysed and compared using only
ne sampling location and one sampling interval. 
To ensure that reported elements analysed were actually

resent in the samples and not an artifact of using non-
iological algorithms on biological samples, we checked for
iagnostic peaks in the beam spectra data using 90 s scans
er beam (total 270 s scanning time) for each species group.
e excluded any elements that did not match their K α1 and
 β2 peaks (Brandis et al. 2024 ). This approach allowed us to

emove false positives from the concentration data. Ninety-
econd beam times were chosen to provide the greatest possi-
ility of detecting the element if present. Elements below the

imits of detection were not included in analyses. 
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Table 1. Summary of marlin samples used in the study by species and sex. 

Species 
Average short 
length (cm) 

Average 
weight (kg) Males Females Sex unknown 

Black marlin 202.9 ± 16.1 73.6 ± 25.5 15 4 6 
Blue marlin 237.5 ± 19.8 148.7 ± 41.7 2 16 7 
Striped marlin 225.6 ± 9.5 76.3 ± 10.4 8 7 10 
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Initial analyses compared elemental profiles obtained from 

three sampling locations along the fin spine: one condyle’s 
width from the base (C1), three condyles’ width from the 
base (C3), and the spine tip. Our results showed that the 
C1 location produced the most consistent and reliable data,
as evidenced by the stable levels of silica detected in these 
sample locations, indicating that infinite thickness was be- 
ing met, and X-rays were not penetrating through the sam- 
ple ( Supplementary Fig. 1 ). As such, all fin spines were anal- 
ysed and statistically compared using data from the C1 sam- 
pling location. Furthermore, we excluded 22 elements from 

our analyses (Ag, Au, Bi, Ce, Co, Cr, In, La, Nb, Ne, Pb, Pd,
Pt, Sb, Si, Ta, Te, Th, U, V , W , and Y) due to absences in their 
K α1 or K β2 peaks during the extended diagnostic analysis 
(90 s per beam, 270 s total), ensuring only diagnostically and 

biologically relevant elements were considered in subsequent 
analyses. 

Statistical analysis 

Elemental profiles were compared among species by us- 
ing a permutational multivariate analysis of variance (PER- 
MANOVA) with Monte Carlo simulations. This was run on 

the Euclidean distances of the square-root transformed ele- 
mental concentration data and counts-per-second data. PER- 
MANOVA tests were used to assess the effects of species,
sex, and short-length as a proxy for age, on elemental pro- 
files. When PERMANOVA main tests showed significant dif- 
ferences for a factor, pairwise tests were performed to identify 
significant differences between factor levels. The average dis- 
tance among species and the elements driving the separation 

between species was determined using a similarity percentage 
(SIMPER) test on the square-root transformed elemental pro- 
files. 

Non-metric multidimensional scaling (nMDS) was applied 

to the Euclidean distances of the square-root transformed ele- 
mental data to visualize patterns, groupings, and dispersion 

within and among species. This technique was chosen for 
its ability to effectively represent multi-dimensional data in 

a two-dimensional space while preserving the relative rela- 
tionships between data points (Couturier et al. 2020 ). The ef- 
fectiveness of the nMDS ordination was evaluated using the 
stress value, with values below 0.2 indicating a reliable rep- 
resentation of the data structure in two-dimensional space 
(Clarke 1993 ). 

Classification analysis 

Random forest classification was applied to predict marlin 

species based on elemental composition and to identify key 
elements contributing to classification. This method was se- 
lected for its ability to model complex, non-linear relation- 
ships and its resilience to overfitting (Moradi et al. 2024 ).
The data were randomly split into training (70%) and test- 
ing (30%) sets and each random forest model was trained us- 
ing 5000 trees and 10 variables per split. The trained model 
as then applied to the independent test set, and classifica-
ion performance was evaluated using a confusion matrix,
hich provided key metrics, including accuracy , sensitivity ,

pecificity, and precision. To account for variability in data 
artitioning and ensure robustness, we repeated the process 
5 times, aggregating per-species classification metrics across 
uns. The final model performance was summarized as the 
ean and standard deviation of accuracy , sensitivity , speci-
city, and precision across iterations. This approach allowed 

or a rigorous evaluation of elemental data in species classi-
cation and enabled a direct comparison between elemental 
oncentration data and counts-per-second data in distinguish- 
ng marlin species. 

Canonical analysis of principal coordinates (CAP) was used 

o assess the ability of elemental composition data to distin-
uish between species and to test for classification accuracy.
AP is a constrained ordination technique that maximizes the 

eparation between groups by finding axes that best discrimi- 
ate predefined categories while preserving the underlying dis- 
imilarity structure of the data (Anderson and Willis 2003 ).
or this analysis, Euclidean distances were used as the dissim-

larity measure to ensure that differences in elemental concen- 
rations were accurately represented. The analysis was con- 
ucted using the PRIMER software package, which provides 
 robust framework for multivariate analysis of ecological 
ata. The significance of the group separation was tested using
ermutation tests (4999 permutations) to evaluate whether 
he observed classification was better than random chance at 
 α-level of 0.01 (Anderson 2001 ). The resulting CAP plot
rovided a visual representation of the separation between 

roups, with samples projected onto the constrained principal 
oordinate axes. Classification accuracy was further assessed 

y examining the assignment of samples to their respective 
roups, helping to determine the robustness of the elemental 
omposition in distinguishing species. 

esults 

esults summary 

ur analyses revealed significant differences in elemental pro- 
les among marlin species (PERMANOVA, P < 0.05), with 

lue marlin showing the most distinct elemental signatures.
nalysis of Principal Coordinates demonstrated considerable 
lassification potential, achieving 68.0% accuracy for con- 
entration data and 81.3% accuracy for counts-per-second 

ata. Random forest models further supported species dif- 
erentiation, with overall classification accuracies of 51.5% 

1.73% for concentration data and 62.6% ± 1.44% for 
ounts-per-second data—both substantial improvements over 
he naïve classifier’s 33% accuracy, with blue marlin con- 
istently achieving the highest classification success. Sensitiv- 
ty and precision metrics highlighted robust classification for 
lue marlin and black marlin, though striped marlin showed 

reater misclassification rates. 

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsaf092#supplementary-data
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Table 2. PERMANO V A results showing pairwise comparisons of elemental concentration data and count-per-second data between marlin species, includ- 
ing t -values, P -values, and Monte Carlo P -values. 

Groups t P (perm) P (MC) 

Concentration data Black marlin, blue marlin 3 .41 0.01 0.01 
Black marlin, striped marlin 1 0.33 0.32 
Blue marlin, striped marlin 2 .76 0.01 0.01 

Counts-per-second data Black marlin, blue marlin 2 .26 0.02 0.02 
Black marlin, striped marlin 1 .3 0.18 0.17 
Blue marlin, striped marlin 2 .03 0.03 0.03 
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Figure 2. nMDS plot illustrating the multivariate distribution of elemental concentration data (a) and counts-per-second data (b), with points representing 
samples positioned based on their compositional similarity in reduced-dimensional space and specified by species. 
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dentifying species-specific elemental profiles 

he elemental profiles of the different marlin species were
nalysed using a PERMANOVA. Elemental profiles were sig-
ificantly different between species for both concentration
ata (Pseudo-F = 7.33, perm = 4999, p(MC) = 0.01) and
or counts-per-second data (Pseudo-F = 3.72, perm = 4999,
(MC) = 0.02). Pairwise comparisons of both elemental con-
entration data and counts-per-second data revealed that blue
arlin were significantly different from black and striped mar-

in, while black and striped were not significantly different
rom each other ( Table 2 ). PERMANOVAs did not reveal any
ignificant differences in elemental profiles for sex or length,
egardless of data type. 

ontributions to group differences 
o further explore the differences in elemental profiles be-
ween species, a similarity percentage (SIMPER) analysis
as conducted. In concentration data, P, Ca, and S con-

ributed the most to the observed dissimilarities, account-
ng for the majority of the overall variance between groups
 Supplementary Table 1 ). In count-per-second data, Ca_K_10,
_K_10, and Sn_L_10 contributed the most to the observed
issimilarities, accounting for the majority of the overall vari-
nce between groups ( Supplementary Table 2 ). 

ultidimensional Scaling 
he nMDS plot provided a visual representation of the differ-
nces in elemental profiles between species for elemental con-
entration data and counts-per-second data. Clustering was
imited by species, with some general trends suggesting differ-
nces in elemental profiles in multi-dimensional space ( Fig. 2 ,
tress value = 0.05). 

pecies identification using elemental profiles 

anonical analysis for species differentiation 

 canonical analysis of principal coordinates (CAP) was
sed to evaluate whether elemental profiles could reliably
ifferentiate between marlin species. For elemental concen-
ration data, a cross-validation using leave-one-out alloca-
ion of observations to groups was performed, resulting

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsaf092#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsaf092#supplementary-data
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Table 3. Assignment tables showing the percentage of correct and incorrect classifications for each marlin species based on random forest and canonical 
analysis of principal coordinates (CAP) models applied to elemental concentration and counts-per-second data. 

Predicted species 

Random forest assignment table—concentration data 
Black marlin Blue marlin Striped marlin Correct 

classification 

T
ru

e 
Sp

ec
ie

s 

Black marlin 55.0 18.5 26.5 55.0 ± 4.5 
Blue marlin 10.8 72.7 16.5 72.7 ± 3.5 

Striped marlin 47.4 26.0 26.6 26.6 ± 3.3 
Random forest assignment table—counts-per-second data 

Black marlin Blue marlin Striped marlin Correct 
classification 

Black marlin 55.2 15.5 29.4 55.2 ± 3.6 
Blue marlin 7.0 81.7 11.3 81.7 ± 2.9 

Striped marlin 28.7 19.5 51.8 51.8 ± 3.1 
CAP assignment table—concentration data 

Black marlin Blue marlin Striped marlin Correct 
classification 

Black marlin 55.0 18.5 26.5 55.0 
Blue marlin 10.8 72.7 16.5 72.7 

Striped marlin 47.4 26.0 26.6 26.6 
CAP assignment table—counts-per-second data 

Black marlin Blue marlin Striped marlin Correct 
classification 

Black marlin 55.2 15.5 29.4 55.2 
Blue marlin 7.0 81.7 11.3 81.7 

Striped marlin 28.7 19.5 51.8 51.8 

Values represent the mean percentage of predictions across 25 iterations. For random forest models, the correct classification column includes the mean ±
standard error of classification accuracy per species. CAP values represent single-run outcomes without error estimates. 
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in an overall correct classification of 68.0%, far exceed- 
ing the null hypothesis expectation of roughly 33% accu- 
racy for random guessing in a three-class problem (i.e. 100/3 

classes = 33.33%; Table 3 ). The CAP analysis using concen- 
tration data demonstrated partial separation among species,
with the first two canonical axes explaining 75.7% and 61.8% 

of the variance, respectively ( Fig. 3 ). Cross-validation results 
showed that black marlin had a correct classification rate of 
68.0%, blue marlin of 68.0%, and striped marlin of 68.0%,
indicating good classification performance for all species. For 
counts-per-second data, leave-one-out cross-validation pro- 
duced an overall classification accuracy of 81.3%. The CAP 

analysis using counts-per-second data demonstrated improved 

separation among species compared to concentration data,
with the first two canonical axes explaining 86.9% and 81.7% 

of the variance, respectively ( Fig. 3 ). Cross-validation results 
showed that black marlin had a correct classification rate of 
76.0%, blue marlin had 88.0%, and striped marlin had 80.0% 

indicating good classification performance for all species. 

Machine learning classification 

Random forest models were used to classify species based 

on elemental profiles for concentration and counts-per-second 

data. For elemental concentration data, the random forest 
model achieved an overall accuracy of 51.5% ± 1.73% in 

classifying the species, with blue marlin having the highest 
classification accuracy and black marlin the lowest, improv- 
ing on the null hypothesis expectation of roughly 33% ac- 
curacy for random guessing in a three-class problem. Sensi- 
tivity and specificity metrics varied among species, with blue 
marlin showing the highest mean ( ±standard deviation) val- 
ues (sensitivity = 0.65 ± 0.23, specificity = 0.76 ± 0.11, pre- 
cision = 0.53 ± 0.18), indicating a significant classification 

performance. The precision and sensitivity values also high- 
lighted the robustness of the model for blue marlin and black 
arlin, while striped marlin had lower precision and sensi- 
ivity ( Fig. 4 ). For counts-per-second data, the random for-
st model achieved an overall accuracy of 62.6% ± 1.44% 

n classifying the species, with blue marlin having the highest
lassification accuracy and striped marlin the lowest ( Fig. 4 ).
ensitivity and specificity metrics varied among species, with 

lue marlin showing the highest mean ( ±standard deviation) 
alues (sensitivity = 0.88 ± 0.12, specificity = 0.85 ± 0.07,
recision = 0.75 ± 0.12), indicating a significant classification 

erformance. The precision and recall values also highlighted 

he robustness of the model for blue marlin and black mar-
in, while striped marlin had lower precision and recall. The
onfusion matrix showed that black marlin and striped marlin
ere most often confused, while blue marlin had fewer mis-

lassifications ( Table 3 ). These results suggest that elemental
rofiles of both elemental concentration data and counts-per- 
econd data have potential for species identification, with par- 
icularly high success for blue marlin. 

iscussion 

his study provides evidence for the potential of pXRF as
 rapid, accessible tool for species identification in fisheries 
onitoring. By demonstrating significant differences in the el- 

mental profiles of marlin species, particularly between those 
f blue marlin and the other two species, this work high-
ights the potential of elemental profiling to address critical
aps in species monitoring. While the classification success 
chieved here does not yet match the accuracy of some ge-
etic approaches, such as > 90% rates reported for Pacific
almon (Robinson et al. 2024 ), it represents a substantial im-
rovement over current practices in Australian marlin fish- 
ries, where trained observers have demonstrated only ∼33% 

ccuracy based on genetic validation (Williams et al. 2018 ).
hese findings contribute to the growing body of research em-
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phasizing the importance of developing cost-effective, field- 
deployable techniques to complement existing genetic meth- 
ods, ultimately supporting fisheries management and conser- 
vation. 

The differences observed in elemental profiles, particularly 
for blue marlin compared to black and striped marlin, likely 
reflect distinct ecological and physiological traits among these 
species (Guillemin et al. 2022 ). The clearer separation of blue 
marlin in the ordination analyses aligns with their prefer- 
ence for oceanic habitats and prey types distinct from those 
of black and striped marlin, at least in certain geographic 
contexts (Guillemin et al. 2022 ). Key elements such as phos- 
phorus, calcium, and sulphur—which vary based on dietary 
sources and environmental availability—appear to drive these 
observed patterns (Duarte et al. 2022 ). Specifically, phospho- 
rus and sulphur are typically limited in pelagic ecosystems,
suggesting their presence in tissues could indicate adaptations 
related to foraging strategies or habitat use in nutrient-poor 
offshore waters (Campana 1999 , Walther and Limburg 2012 ,
Bristow et al. 2017 ). 

Although the nMDS analysis showed limited species sepa- 
ration, this outcome is expected given that nMDS is an unsu- 
pervised method, designed to visualize general patterns of dis- 
similarity without directly considering group identities (An- 
derson and Willis 2003 ). In contrast, the supervised CAP anal- 
ysis explicitly optimizes ordination to distinguish predefined 

groups—here, species—by selecting axes that maximize inter- 
group differences (Anderson and Willis 2003 ). This method- 
ological distinction explains why CAP more clearly differen- 
tiated blue marlin from the others, underscoring the comple- 
mentary value of combining supervised and unsupervised ap- 
proaches to interpreting elemental profile data. To strengthen 

interpretations further, future research should employ region- 
ally stratified sampling strategies to examine how geographic 
origin, prey availability, and environmental factors shape el- 
emental signatures at both the species and population levels.
Such targeted studies would help validate and extend the ap- 
plicability of elemental profiling methods across diverse fish- 
eries contexts. 

The ability of pXRF to classify species using elemental pro- 
files was further evaluated using canonical analysis of prin- 
cipal coordinates (CAP) and machine learning approaches.
CAP analysis achieved a correct classification rate of 68.0% 

for concentration data and 81.3% for count-per-second data,
indicating that raw spectral data may better capture inter- 
species differences. This is likely because raw data retain the 
full complexity of elemental signals, including subtle varia- 
tions in peak intensities and inter-element relationships, that 
can be lost during conversion to concentration values. Simi- 
lar approaches have been successfully applied in soil science,
where pXRF-derived spectral data combined with machine 
learning algorithms have yielded high accuracy in predicting 
soil properties (Silva et al. 2017 , Benedet et al. 2021 ). How- 
ever, the observed variation in classification accuracy across 
species—with blue marlin showing the highest rates and black 

marlin the lowest—may reflect differences in ecological plas- 
ticity or variations in sampling conditions that influence ele- 
mental incorporation. These findings underscore the potential 
capacity of pXRF for species discrimination and suggest that 
optimizing data processing and model development may fur- 
ther enhance its utility in fisheries monitoring. 

The random forest model achieved significant overall accu- 
racy of 51.5% ± 1.73% for concentration data, and 62.6% 
1.44% for counts-per-second data. Considering that a naïve 
lassifier for a three-class problem would yield an accuracy of
round 33%, our machine learning results represent a sub- 
tantial improvement. Moreover, the random forest model 
rovided valuable insights into the importance of specific 
lements—such as Zn, S, Sr, P, and Fe—that are likely linked
o critical physiological and ecological differences among the 
arlin species (Guillemin et al. 2022 ). For instance, varia-

ions in elemental composition have been linked to differences 
n species and geographic origin, as demonstrated in studies 
n farmed fish (Davis et al. 2022 ). Similarly, changes in ele-
ental deposition in strontium bands in vertebrae of sharks 
ave been attributed to changes in the salinity of the waters
hat the animals inhabit (Raoult et al. 2016 ), whereas changes
n zinc concentrations in shark vertebrae are more related to
hysiology and ontogeny (Raoult et al. 2018 ). While machine
earning algorithms show promise, further optimization—
uch as testing more advanced models or including additional 
ariables—may enhance their predictive power. While further 
ptimization—such as exploring more advanced models or 
ncorporating additional variables—may enhance predictive 
ower even further, these results underscore the strong po- 
ential of integrating elemental profiling with computational 
ethods to achieve precise and reliable species identification 

n fisheries monitoring. 
Recent genetic investigations by Williams et al. (2018) have 

nderscored the pervasive challenge of species misidentifica- 
ion among Istiophorid billfishes, with misidentification rates 
eaching up to 80% in observer-reported data. These findings 
ighlight how traditional morphological assessments, partic- 
larly when specimens are processed or partially damaged,
an lead to significant errors in species assignment, thereby 
ompromising stock assessments. Our study’s application of 
XRF-based elemental profiling provides a promising comple- 
entary approach by capturing subtle yet diagnostically rele- 

ant differences in elemental composition that correlate with 

pecies-specific ecological and physiological traits. In doing so,
his technique theoretically offers a rapid, non-destructive al- 
ernative that could help reconcile observer data with genetic 
ndings, ultimately enhancing the accuracy of catch reports 
nd supporting more robust management decisions. Integrat- 
ng such innovative methods into routine fisheries monitoring 
ould mitigate the uncertainties arising from misidentification,
s reported by Williams et al. (2018) , and pave the way for im-
roved conservation outcomes. 
From a conservation and management standpoint, accu- 

ate species identification is critical—especially for high-value,
onservation-sensitive marlin (Collette et al. 2011 ). Misla- 
elling in fisheries observer programs, commercial fishery log- 
ooks, and commercial markets underscores the need for in- 
ovative and efficient methods to verify catch composition 

Walsh et al. 2005 , Williams et al. 2018 , Blanco-Fernandez
t al. 2022 ). By offering a rapid, field-ready approach, pXRF
an complement genetic methods that are often hindered by 
ost, time, and the requirement for specialized laboratory fa- 
ilities. More immediate on-site identification can strengthen 

nforcement of no-take regulations and improve compli- 
nce with fisheries policies. This is especially relevant for 
lack and blue marlin, where accurate species recognition 

an mitigate inadvertent harvest and sale, thus contribut- 
ng directly to conservation objectives. Moreover, implement- 
ng pXRF-based elemental profiling in real-time can bolster 
fforts to combat illegal, unreported, and unregulated fish- 
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ng by enhancing traceability and accountability in fisheries
andings. 

Despite its promise, the use of pXRF for species identi-
cation faces several challenges. Overlap in elemental pro-
les between black and striped marlin complicates their dif-
erentiation, possibly due to shared ecological niches or di-
ts (Guillemin et al. 2022 ), though increasing the number of
eplicates may help reveal subtle differences. While our mod-
ls here are accurate, they are trained on cleaned fin spines
nd therefore cannot be directly converted to fully intact spec-
mens. Expanding pXRF assessments to in situ applications
nd fully intact specimens is crucial for better delineating its
echnical constraints—such as matrix effects, reduced sensi-
ivity to trace elements, and the challenge of infinite thick-
ess. Notably, we scanned all specimens on a SiO 2 block
o avoid background signals and maintain consistency. This
pproach underscores the necessity for standardized proto-
ols in sample preparation and data acquisition to ensure
eproducibility. 

Building on these initial findings, future research should
ocus on validating pXRF’s utility across a wider range of
pecies, regions, and environmental contexts. Enlarging the
ataset to incorporate additional marlin samples or other
elagic fishes would provide deeper insights into the eco-

ogical and physiological factors driving elemental variation
nd refine model performance (Osisanwo et al. 2017 ). While
his study represents the first application of pXRF for fish
pecies identification, we recognize that the approach re-
ains in its early stages and will require further develop-
ent and benchmarking—particularly in comparison to well-

stablished genetic methods. Rather than replacing genetics,
e envision pXRF as a complementary tool that could add

alue in scenarios where genetic approaches are impractical
ue to cost, turnaround time, or infrastructure constraints.
ombining pXRF with other techniques could form a robust
ulti-modal framework, especially in cases where elemental
verlap exists between species. Machine learning offers ad-
itional opportunities to extract meaningful patterns from
igh-dimensional pXRF data, and incorporating environmen-
al metadata may further improve predictive accuracy. Field-
ased validation using portable instruments will be essential
o assess feasibility and guide method optimization. With con-
inued refinement, pXRF holds promise as an accessible and
calable technique to enhance fisheries monitoring, particu-
arly for high-value, data-poor, or visually unidentifiable spec-
mens. 

onclusion 

his study underscores the promising potential of pXRF as a
omplementary tool for species identification in fisheries mon-
toring, representing an important first step in demonstrating
ts utility. By providing a rapid, non-destructive method for
easuring elemental profiles, pXRF addresses critical chal-

enges in current monitoring practices, including the need for
ost-effective, field-deployable solutions. These findings serve
s an initial proof-of-concept, however, further research is es-
ential to validate its effectiveness in in-situ environments. Fu-
ure studies should focus on testing pXRF on live or more in-
act specimens to refine its discriminatory power and explore
ts applicability across diverse field applications. Ultimately,
ntegrating pXRF into fisheries management could enhance
pecies traceability, reduce misidentification, and support the
ustainable management of marine resources, paving the way
or the development of advanced forensic conservation tools.
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