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A B S T R A C T

This study explores the feasibility of Wavelength Dispersive X-ray Fluorescence (WDXRF) to distinguish between 
healthy and carcinoma tongue tissues based on elemental concentration profiles. The concentrations of six 
chemical elements (phosphorus, sulphur, calcium, iron, zinc and copper) were determined in formalin-fixed and 
paraffin-embedded tissue samples from both tumour regions and histologically validated healthy margins in 31 
patients with tongue squamous cell carcinoma. Mean concentrations for every sample were calculated from three 
replicate measurements and analysed using discriminant analysis and mixed linear models. Although the 
discriminant model lacked statistical relevance, the structural matrix suggested iron, copper and zinc contributed 
the most to the differentiation between tissue types. These elements were subsequently investigated further by 
using mixed linear models, which confirmed they had significantly reduced concentrations in carcinoma tissues 
(p < 0.001), having maintained significant results after Bonferroni correction. Furthermore, a decreased iron 
concentration in carcinoma tissue of patients who reported frequent alcohol consumption was observed 
(p = 0.003), while tobacco use showed no significant effect on the element’s concentrations. Although explor
atory, our results show changes in specific elemental concentrations, something that may help define oral cancer 
and support the incorporation of X-ray fluorescence into complementary diagnostic means.

1. Introduction

Oral squamous cell carcinoma accounts for over 90 % of all malig
nant lesions in the oral cavity and remains a significant global health 
concern due to its increasing incidence, high morbidity, and substantial 
mortality [1]. Among the various subsites in the oral region, the lateral 
border of the tongue is particularly vulnerable, making it one of the most 
frequently affected locations [2]. According to global cancer statistics, 
more than 377,000 new cases of lip and oral cavity cancer were reported 
in 2020, with a large share involving the mobile tongue [3]. In Portugal, 
according to the National Oncology Register (2021), 1851 new cases of 
oral cavity and pharyngeal cancers were diagnosed, corresponding to an 
overall incidence rate of 17.9 per 100,000 inhabitants (27.9 per 100,000 
in males and 8.9 per 100,000 in females). [4]

Although considerable progress has been made in surgical tech
niques and adjuvant treatment options, survival rates for tongue carci
noma have not improved markedly over recent decades [5]. One major 
obstacle to better clinical outcomes is the late detection of the disease, 
which often limits therapeutic possibilities. Histopathological evalua
tion remains the diagnostic gold standard, but it may not fully reflect the 
underlying biological and biochemical heterogeneity of malignant tis
sues. This has led to growing interest in identifying complementary 
diagnostic tools that could enhance current practices.

In recent years, there has been a growing interest in biochemical and 
elemental markers that could complement conventional histopatholog
ical assessment [6]. Essential trace elements such as calcium, zinc and 
iron play key roles in cell signalling, redox balance, immune regulation 
and metabolic control, all of which are processes frequently altered 
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during malignant transformation [7–9]. Calcium participates in intra
cellular signalling pathways and plays a structural role in cell–cell 
adhesion [10], while zinc supports genome stability and contributes to 
immune defence [9]. Iron is closely associated with oxidative meta
bolism, cellular proliferation and the adaptation to hypoxic conditions, 
often observed in tumour microenvironments [8]. Phosphorus and 
sulphur, largely reflecting nucleic acid and protein content, may mirror 
proliferative and metabolic activity within tumour tissue [11], whereas 
copper promotes angiogenesis and extracellular matrix remodelling, 
favouring tumour invasion [16]. Dysregulation of these elements has 
been reported in several cancers, including head and neck squamous cell 
carcinomas [7].

The tongue tissue represents a biologically and clinically relevant 
matrix for studying elemental alterations in oral carcinogenesis. As a 
highly vascularised, muscular, and metabolically active organ, the 
tongue is continuously exposed to chemical, mechanical, and microbial 
stressors. Its epithelial turnover and direct contact with potential car
cinogens such as tobacco and alcohol make it particularly susceptible to 
squamous cell carcinoma development [4,5]. From an analytical 
standpoint, studying the elemental composition of the tongue provides 
valuable insight into local metabolic and redox processes that may differ 
from systemic circulation. Trace elements accumulate or deplete within 
the tissue, reflecting oxidative stress, angiogenesis, and inflammatory 
responses associated with tumour progression [8,16]. Therefore, the 
tongue acts not only as a target organ for carcinogenesis but also as a 
representative matrix for investigating elemental dysregulation at the 
interface between local exposure and systemic metabolism.

To investigate these elemental dynamics in tissue, Wavelength 
Dispersive X-ray Fluorescence (WDXRF) offers a valuable analytical 
platform. This non-destructive technique allows for precise quantifica
tion of multiple elements in solid biological samples with minimal 
preparation [12]. One of its key advantages is its compatibility with 
formalin-fixed, paraffin-embedded (FFPE) tissues, enabling retrospec
tive studies using archival clinical specimens [13]. Although fixation 
and paraffin embedding can alter the absolute elemental content of 
tissues, X-ray fluorescence quantification methods that incorporate 
matrix correction, such as the Fundamental Parameters approach, which 
mathematically compensates for matrix absorption and secondary 
fluorescence effects, have been shown to yield consistent and reliable 
results when applied to biological samples [13]. Even though 
Total-Reflection XRF and Energy-Dispersive techniques are more 
commonly used in biological applications, WDXRF has also shown 
strong potential for characterising elemental profiles in tissue samples 
[14]. Furthermore, previous work involving carcinoma tissues has 
demonstrated that elemental analysis, when combined with advanced 
analytical strategies, may help uncover biochemical features relevant to 
disease progression [15].

The aim of the present study was to evaluate whether WDXRF can 
detect differences in elemental concentrations between healthy and 
carcinoma tongue tissues. By measuring the concentrations of six bio
logically relevant elements, phosphorus, sulphur, calcium, iron, zinc and 
copper, in paired samples from tumour and healthy margins, the study 
seeks to determine whether distinct elemental patterns exist and 
whether these could contribute to a better understanding of the 
biochemical environment associated with tongue carcinoma. To date, 
there are no published reports worldwide describing the use of WDXRF 
to characterise elemental profiles in tongue carcinoma tissue, high
lighting the originality and exploratory nature of the present work.

2. Materials and methods

2.1. Sample collection and ethics

This study was conducted using archival samples obtained from the 
Pathology Department of the Portuguese Institute of Oncology (IPO) in 
Lisbon. The sample comprised tissue specimens from 31 patients with 

histologically confirmed squamous cell carcinoma of the tongue by 
certified pathologists. For each patient, two samples were selected: one 
from the tumour region and one from a histologically validated healthy 
surgical margin. Only cases with available paired tumour and healthy 
margin tissues and adequate preservation were included in the study; 
samples lacking histological confirmation or sufficient material were 
excluded. All samples were anonymised prior to analysis. The study 
protocol was approved by the Ethics and Clinical Research Committee of 
the Portuguese Institute of Oncology, Lisbon, Portugal (134/2018).

Demographic and clinical characteristics of the patients included in 
the study are summarised in Table 1. Variables include age, sex, tumour 
stage, alcohol and tobacco habits, and comorbidities such as diabetes, 
hypertension, and anaemia.

The study included 31 patients diagnosed with tongue squamous cell 
carcinoma (SCC). The majority were male (71 %), consistent with the 
well-established male predominance of oral cancers [1–3]. Patient ages 
ranged from 18 to 88 years (mean 56.1), reflecting the typical presen
tation of SCC in middle-aged and older adults.

Regarding lifestyle factors, 41.9 % were smokers and 58.1 % re
ported alcohol consumption, both of which are recognised risk factors 
for oral carcinoma [4,5]. The prevalence of comorbidities was moderate, 
with 22.6 % presenting diabetes and 32.3 % hypertension, aligning with 
expected population trends.

Most tumours were classified as Stage III (35.5 %) or Stage IV 
(32.3 %), indicating that diagnosis often occurs at an advanced stage. 
The mean BMI of 25.2 kg/m² suggests that, on average, patients were 
within the upper normal to overweight range, showing no evidence of 
significant weight loss at diagnosis.

2.2. Sample preparation

This study compared tumour and healthy tissue samples from the 
same subjects, processed identically through fixation, embedding, and 
measurement. This design ensures that any constant background intro
duced by reagents or instrumentation affects all samples equally and 
does not bias group comparisons. To quantify potential systematic 
background, the intercepts of the calibration lines for elements of in
terest (intensity vs. concentration) were estimated, yielding background 
equivalent concentrations. These were compared with the elemental 
concentration ranges estimated by the WDXRF method, to assess the 
magnitude of the background contributions.

All selected specimens had been previously formalin-fixed and 
paraffin-embedded (FFPE) according to standard histopathological 
procedures. Each FFPE block was subsequently deparaffinised with 
xylene and rehydrated through a graded ethanol series. Sample prepa
ration was performed in a clean laboratory environment to minimise the 
risk of trace element contamination.

For calibration purposes, high-purity microcrystalline cellulose was 
used as a base matrix. This matrix was doped with certified aqueous 
standard solutions of phosphorus, sulphur, calcium, iron, zinc, and 

Table 1 
Demographic and clinical characteristics of the patients included in the study. 
Values are expressed as mean ± standard deviation or as number (percentage). Y 
= yes; N = no.

Parameter Value

Age (years) 54.0 ± 21.0
Weight (kg) 68.1 ± 14.5
Height (cm) 164.7 ± 8.8
Sex Male: 22 (71.0 %), Female: 9 (29.0 %)
Smokers Y: 13 (41.9 %), N: 18 (58.1 %)
Alcohol 

consumption
Y: 16 (51.6 %), N: 15 (48.4 %)

Diabetes Y: 3 (9.7 %), N: 28 (90.3 %)
Hypertension Y: 8 (25.8 %), N: 23 (74.2 %)
Anemia Y: 2 (6.5 %), N: 29 (93.5 %)
Tumour stage (I–IV) I: 6 (19.4 %); II: 4 (12.9 %); III: 13 (41.9 %); IV: 8 (25.8 %)
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copper at different concentration levels to reproduce the expected 
elemental range in biological tissues. For WDXRF pellet preparation, the 
only material added was high-purity microcrystalline cellulose, used as 
an inert binder to ensure pellet stability and homogeneity. All reagents 
employed in sample preparation and calibration were of analytical 
grade and obtained from certified laboratory suppliers. High-purity 
microcrystalline cellulose was used as the base matrix, and certified 
aqueous standard solutions of phosphorus, sulphur, calcium, iron, zinc, 
and copper were used for calibration. All materials were used without 
further purification.

Following rehydration, the tissue sections were finely ground, 
weighed and homogenised. Each sample was then mixed with ultrapure 
cellulose to achieve a total mass of 1 g. The resulting mixtures were 
compressed into rigid pellets, 2 cm in diameter, using a hydraulic press. 
All pellets were stored under refrigeration until elemental analysis was 
performed.

Each sample was analysed in triplicate under identical conditions to 
ensure reproducibility. The mean value of the three measurements was 
used as the representative concentration for each element in the sub
sequent statistical analysis. This approach allowed for the use of average 
values in multivariate analysis while preserving the repeated-measure 
structure for more complex modelling.

All WDXRF analyses were performed at WDXRFLab, CiiEM, (Monte 
da Caparica, Portugal).

2.3. Calibration standards and instrumental setup

For instrument calibration, matrix-matched standards were prepared 
to reflect the analytical conditions of the biological material. Calibration 
pellets were produced using seven synthetic standards containing 
known concentrations of phosphorus, sulphur, calcium, iron, zinc and 
copper. These standards were prepared by dissolving high-purity salts in 
Millipore water. The resulting solutions were mixed with ultrapure 
cellulose until reaching a final mass of 5 g. From each mixture, three 1 g 
portions were compressed into calibration pellets identical in format to 
the biological samples. This method ensured that the calibration curve 
was optimised for the sample matrix and analytical geometry.

Elemental quantification was performed using a high-resolution, 
4 kW wavelength dispersive X-ray fluorescence spectrometer (S4 
Pioneer, Bruker AXS). The instrument was equipped with a rhodium 
(Rh) X-ray tube, a 75 mm beryllium (Be) end-window, and an 8 mm 
collimator mask. The analysis focused on six elements: phosphorus (P), 
sulphur (S), calcium (Ca), iron (Fe), zinc (Zn), and copper (Cu). These 
were selected based on their biological relevance and consistent 
detectability in all samples. Quantification was achieved using the 
fundamental parameters method, and all acquisition settings were kept 
constant throughout the analysis to ensure comparability across 
samples.

Tube voltage, tube current, measurement times, collimator aperture, 
and detector type were recorded; these parameters define the analytical 
geometry and sensitivity of the system, while R² values indicate cali
bration quality (Table 2).

2.4. Method validation

The analytical procedure was characterized according to standard 
validation parameters. Linearity was demonstrated for all six elements, 
with coefficients of determination (R²) consistently above 0.95. Speci
ficity was confirmed by the clear separation of spectral peaks for the 
elements of interest from those of other matrix constituents. Precision 
was established, with coefficients of variation (CV) below 10 % across 
repeated measurements. Limits of detection (LOD) were estimated from 
replicate blank measurements obtained during calibration, using the 
standard deviation of blank intensities scaled by a conventional multi
plier (k = 3) and converted to concentration via the calibration slope. 
Background equivalent concentrations (BECs) were also calculated as 
the ratio of the regression intercept to the slope, with uncertainty 
propagated from the standard errors of both coefficients. For Zn, Ca, Fe, 
and Cu, the intercepts were not statistically different from zero, and the 
corresponding BECs were compatible with the absence of systematic 
background signal: Zn (− 3.17 ppm ± 2.08), Ca (10.27 ppm ± 12.85), Fe 
(− 3.96 ppm ± 6.26), and Cu (− 1.86 ppm ± 1.80). The blank-based 
LODs were 1.30 ppm for Zn, 2.59 ppm for Ca, 37.8 ppm for Fe, and 
2.23 ppm for Cu. These results confirm that the method is capable of 
detecting each element well above its respective noise threshold, and 
that no correction for systematic background is warranted. Accuracy, 
defined as agreement with certified reference materials or gold standard 
methods, was not assessed in this study and remains a limitation to be 
addressed in future work.

2.5. Statistical analysis

All statistical analyses were performed using SPSS version 27.0 (IBM 
Corp., Armonk, NY). Normality of data distribution was assessed using 
the Shapiro–Wilk test for each variable within each tissue group. Based 
on the structure of the data and the study’s exploratory objectives, two 
complementary statistical approaches were adopted.

2.6. Discriminant analysis

To explore whether tissue type (healthy or carcinoma) could be 
predicted from the elemental profiles, a linear discriminant analysis 
(LDA) was conducted. The independent variables were the mean con
centrations of phosphorus, sulphur, calcium, iron, zinc and copper ob
tained from the triplicate measurements. Prior to analysis, the Kaiser- 
Meyer-Olkin (KMO) test was applied to assess sampling adequacy for 
multivariate modelling. The resulting value of 0.643 indicated a mod
erate level of suitability for LDA. Although assumptions of multivariate 
normality and homogeneity of covariance matrices were not fully met, 
the method was considered acceptable in this context, as the sample size 
in each group exceeded the number of independent variables, and there 
was no evidence of proportionality between the means and variances of 
the variables. The function’s structure matrix was used to evaluate the 
relative contribution of each element to group separation. Statistical 
significance of the discriminant function was assessed using Wilks’ 
Lambda.

In view of the study aims and design, and to quantify potential sys
tematic background, the intercepts of the calibration lines for Ca, Fe, Zn 

Table 2 
Instrumental operating conditions for WDXRF analysis. FC: Flow Counter. SC: Scintillation Counter.

Element Line Voltage (kV) Current (mA) Filter Measurement time (s) Collimator aperture (º) Detector type R²

P Kα1 27 111 none 180 0.46 FC 0.975
S Kα1 27 111 none 100 0.46 FC 0.984
Ca Kα1 50 60 none 60 0.46 FC 0.994
Fe Kα1 60 50 none 60 0.46 SC 0.955
Zn Kα1 60 50 none 60 0.46 SC 0.982
Cu Kα1 60 50 none 60 0.46 SC 0.978
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and Cu (intensity vs. concentration) were estimated, yielding back
ground equivalent concentrations of − 3.17 ppm (±2.08) for Zn, 
10.27 ppm (±12.85) for Ca, − 3.96 ppm (±6.26) for Fe, and − 1.86 ppm 
(±1.80) for Cu. In contrast, tissue concentrations estimated by the 
WDXRF method ranged from 250 to 670 ppm, showing that background 
contributions are minor (<5 % for those elements). Because all samples 
were processed under identical conditions, this background is consistent 
across groups and does not affect the results of our Discriminant Analysis 
or Linear Mixed Models. These estimates are reported to support 
transparency and reproducibility.

2.7. Mixed linear models (MLM)

To account for repeated measurements and evaluate element-specific 
differences between tissue types, mixed linear models (MLM) were 
applied to the concentration data for iron, copper and zinc, which were 
the elements identified as most discriminative in the LDA structure 
matrix.

A series of candidate models was tested using different covariance 
structures. Model fit was assessed using several information criteria, 
including the Akaike Information Criterion (AIC), the corrected AIC 
(AICC), Bozdogan’s Consistent AIC (CAIC), and Schwarz’s Bayesian 
Criterion (BIC). For all three elements, the best fit was achieved with an 
unstructured covariance matrix that allowed for heterogeneous vari
ances and correlations.

To correct for multiple testing, a Bonferroni-adjusted alpha level of 
0.017 (0.05 divided by three comparisons) was applied. Additionally, 
the potential influence of two categorical variables (tobacco and alcohol 
use) was evaluated. These factors were selected based on their clinical 
relevance and the frequency distribution of responses in the dataset. 
Interaction terms between each of these variables and tissue type were 
included in the final models to assess whether lifestyle-related factors 
modulated elemental concentrations differently across healthy and 
carcinoma tissues.

3. Results

3.1. Descriptive and exploratory analysis

Table 3 presents the mean concentrations and standard deviations 
for the six chemical elements analysed in healthy and carcinoma tongue 
tissues. In general, mean concentrations of each element were lower in 
carcinoma tissues compared to their healthy counterparts, apart from 
sulphur, which remained approximately stable between groups.

Pearson correlation coefficients between elemental concentrations 
were estimated separately for both tissues. The obtained results show 
that all significant corelations observed in healthy samples have 
emerged stronger in the carcinoma samples, as are the cases of corre
lations between P and S, Fe with Zn and Cu, and Zn with Cu. Moreover, 
some unobserved corelations in healthy samples have emerged signifi
cant in carcinoma tissues, as are the cases of P with Ca, S with Ca and Ca 
with Fe and Zn.

Normality tests using the Shapiro–Wilk method indicated that 
several variables deviated from a normal distribution in both tissue 

types. Nonetheless, the data were considered suitable for exploratory 
multivariate and mixed model analysis, as previously outlined in the 
methodology.

Intra individual precision was assessed by calculating the coefficient 
of variation (CV) from three replicate measurements per subject. 
Descriptive statistics of CVs for healthy and carcinoma tissues are re
ported in Table 4. Replicate CVs demonstrated acceptable intra indi
vidual precision, with median values generally ≤ 10 % across elements 
and narrow interquartile ranges. Occasional high CVs were confined to a 
few samples and do not affect overall reproducibility.

3.2. Discriminant analysis

To assess whether the combined elemental profile could separate 
healthy from carcinoma tissues, a linear discriminant analysis was per
formed using the mean concentrations of the six elements. The Kaiser- 
Meyer-Olkin (KMO) measure yielded a value of 0.643, confirming the 
adequacy of the data for multivariate analysis.

Although the discriminant function did not achieve statistical sig
nificance (Wilks’ Lambda = 0.925; χ²(6) = 4.440; p = 0.617), the 
structure matrix indicated that iron, copper and zinc were the most 
influential variables in defining the discriminant function, each with 
loadings above 0.7. The other elements contributed minimally to group 
separation.

These findings were used to guide further analysis with mixed linear 
models, focusing specifically on iron, copper and zinc.

3.3. Mixed linear models

To assess the effect of tissue type on elemental concentrations while 
accounting for repeated measurements within each sample, mixed linear 
models (MLMs) were applied to the elements that contributed most to 
group separation in the discriminant structure matrix: iron (Fe), copper 
(Cu) and zinc (Zn).

Given the repeated nature of the data, several covariance structures 
were tested to determine which model best accounted for intra-sample 
variability. Before final model selection, the distribution of the 
repeated measurements was visualised to assess the degree of vari
ability. As shown in Graph 1, the dispersion of values, especially for iron, 

Table 3 
Values are mean ± SD across 31 subjects; SD reflects inter individual variability. 
Intra individual precision is reported separately as CV statistics.

Element Healthy Tissue (Mean ± 
SD)

Carcinoma Tissue (Mean ± 
SD)

Phosphorus (P) 3700 ± 5300 3100 ± 3000
Sulphur (S) 3000 ± 3300 3000 ± 2900
Calcium (Ca) 680 ± 1400 520 ± 350
Iron (Fe) 470 ± 460 310 ± 260
Zinc (Zn) 350 ± 200 250 ± 270
Copper (Cu) 380 ± 280 250 ± 310

Table 4 
Pearson correlation coefficient (r) between elemental concentrations and its 
significance.in healthy and carcinoma samples from 31 subjects.

Healthy tissue (n = 31)

​ ​ P S Ca Fe Zn
S r 0.731** ​ ​ ​ ​

p < 0.001 ​ ​ ​ ​
Ca r 0.204 0.131 ​ ​ ​

p 0.271 0.483 ​ ​ ​
Fe r 0.148 0.188 -0.085 ​ ​

p 0.426 0.311 0.650 ​ ​
Zn r 0.238 0.235 -0.145 0.674** ​

p 0.197 0.203 0.435 < 0.001 ​
Cu r 0.197 0.122 -0.118 0.564** 0.859**

p 0.289 0.513 0.529 0.001 < 0.001
​ ​ P S Ca Fe Zn
Carcinoma tissue (n = 31)
S r 0.905** ​ ​ ​ ​

p < 0.001 ​ ​ ​ ​
Ca r 0.663** 0.749** ​ ​ ​

p < 0.001 < 0.001 ​ ​ ​
Fe r 0.522** 0.564** 0.591** ​ ​

p 0.003 0.001 < 0.001 ​ ​
Zn r 0.293 0.321 0.398* 0.942** ​

p 0.109 0.078 0.027 < 0.001 ​
Cu r 0.223 0.213 0.296 0.846** 0.930**

p 0.227 0.251 0.105 < 0.001 < 0.001

**. Correlation is significant at the 0.01 level.
*. Correlation is significant at the 0.05 level.
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was substantial and included several high outliers. This justified the 
adoption of a more flexible structure for modelling variance and 
correlation.

Model fit was then evaluated using four standard information 
criteria: Akaike’s Information Criterion (AIC), Hurvich and Tsai’s cor
rected AIC (AICC), Bozdogan’s Consistent AIC (CAIC), and Schwarz’s 
Bayesian Information Criterion (BIC). For all three elements, the model 
with an unstructured covariance matrix, allowing for heterogeneous 
variances and correlations, provided the best fit. These results are 
summarised in Table 6.

The final models confirmed significantly lower concentrations of Fe, 
Cu and Zn in carcinoma tissues compared to histologically validated 
healthy margins. These differences were statistically significant 
(p < 0.001 for all three elements) and remained so after Bonferroni 
correction (adjusted α = 0.017).

3.4. Interaction with alcohol and tobacco exposure

To explore whether lifestyle-related variables influenced the 
observed elemental differences, alcohol and tobacco consumption were 
included as additional fixed factors in the final mixed linear models. 
These variables were selected based on their clinical relevance and the 
distribution of responses within the sample.

No significant effects or interactions were observed for tobacco use in 

any of the three elements analysed. Neither the main effect of tobacco 
nor its interaction with tissue type reached statistical significance.

In contrast, a statistically significant interaction was identified be
tween alcohol consumption and tissue type for iron (p = 0.003). Among 
alcohol consumers, the difference in iron concentration between healthy 
and carcinoma tissues was more pronounced than in non-drinkers. 
Specifically, iron levels were substantially lower in carcinoma tissues 
than in healthy margins among those who consumed alcohol, while no 
such reduction was observed in non-drinkers.

This interaction is illustrated in Graph 2, which shows estimated 
marginal means for iron concentrations by tissue type (code 0 = healthy, 
1 = carcinoma) and alcohol consumption status. In individuals who 
reported alcohol consumption (coded “S”), iron concentrations dropped 
markedly in carcinoma tissues. In contrast, among non-drinkers (“N”), 
iron levels remained more stable across tissue types.

Regarding copper, although the main effect of tissue type remained 
significant (p < 0.001), alcohol consumption was associated with lower 
copper concentrations in carcinoma tissues compared to non-drinkers. 
However, this interaction did not reach statistical significance after 
Bonferroni correction (p = 0.044) and should therefore be interpreted 
with caution.

4. Discussion

This study investigated whether the elemental composition of human 

Table 5 
Structure matrix of the linear discriminant function based on elemental con
centrations (P, S, Ca, Fe, Zn, Cu).

Structure Matrix

Element Function
1

Fe 0,787
Cu 0,767
Zn 0,724
Ca 0,265
P 0,219
S -0,019

Graph 1. Distribution of repeated concentration measurements for iron (Fe), zinc (Zn), and copper (Cu). Red circles represent Fe, crosses represent Zn, and blue 
circles represent Cu. The high variability (particularly in iron, where several outliers exceed 2500 ppm) supports the use of unstructured covariance modelling in the 
MLM approach. X-axis: Repeated measurements per subject, in healthy and carcinoma samples. Y-axis: concentration (ppm).

Table 6 
Model fit statistics for the mixed linear models applied to Fe, Cu and Zn con
centrations. All models used unstructured covariance matrices. Selection was 
based on the lowest values across multiple fit criteria.

Fe Cu Zn

-2 Restricted Log Likelihood 1995,579 1897,225 1808,036
Akaike’s Information Criterion (AIC) 2151,579 2053,225 1964,036
Hurvich and Tsai’s Criterion (AICC) 2268,950 2170,596 2081,408
Bozdogan’s Criterion (CAIC) 2480,344 2381,990 2292,801
Schwarz’s Bayesian Criterion (BIC) 2402,344 2303,990 2214,801
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tongue tissues, assessed using Wavelength Dispersive X-ray Fluores
cence (WDXRF), differs significantly between healthy and carcinoma 
tissues. Linear discriminant analysis was performed to evaluate the po
tential of elemental profiles in distinguishing between tissue types, but 
the resulting classification function was not statistically significant. 
Nevertheless, the structure matrix suggested that iron, copper and zinc 
were the most relevant contributors to group separation. These findings 
supported their focused evaluation using mixed linear models, which 
allowed for a more nuanced assessment by incorporating repeated 
measurements and accounting for intra-sample variability.

The results of the mixed linear models confirmed that concentrations 
of iron, copper and zinc were significantly reduced in carcinoma tissues 
when compared to matched histologically healthy margins. These dif
ferences remained robust after Bonferroni correction, reinforcing the 
notion that malignant transformation is associated with a consistent 
pattern of trace element depletion. The clear differences between 
healthy and carcinoma tissues in what concerns the patterns of corre
lations between elemental concentrations, support the use of profiles of 
elemental concentrations to distinguish between those tissues and sup
port the hypothesis of marked metabolic differences induced by the 
disease. Given the biological relevance of these elements in redox 
regulation, immune function, and metabolic activity, their altered levels 
may reflect underlying metabolic reprogramming, inflammatory re
sponses, or oxidative stress within the tumour microenvironment.

Iron, for instance, plays a well-documented dual role in cancer, 
promoting both cellular proliferation and oxidative DNA damage. The 
observed reduction in iron concentrations within tumour samples may 
be the result of increased efflux, sequestration by tumour-associated 
macrophages, or systemic redistribution patterns typically associated 
with malignancy [8]. Zinc, which is known to support genome stability 
and immune surveillance [9], was also significantly reduced, in line with 
its tumour-suppressive properties. Copper, which plays a critical role in 
angiogenesis and extracellular matrix remodelling, may similarly be 
affected by tumour-driven dysregulation of cellular uptake and storage 
mechanisms [16].

On another note, a particularly remarkable finding was the statisti
cally significant interaction between alcohol consumption and iron 
concentrations. In patients who reported alcohol use, iron levels were 

significantly more reduced in carcinoma tissues compared to their 
healthy counterparts, whereas this pattern was not observed in non- 
drinkers. These findings are consistent with prior studies demon
strating that chronic alcohol exposure suppresses hepatic hepcidin 
expression, thereby increasing intestinal iron absorption and altering 
systemic iron distribution [17]. In the context of carcinoma, such 
redistribution may result in reduced tissue retention or elevated meta
bolic turnover of iron within the tumour. A similar, though statistically 
non-significant, trend was observed for copper, where alcohol con
sumption also appeared to be associated with lower concentrations in 
carcinoma tissues. However, since this effect did not remain significant 
after Bonferroni correction, it should be interpreted cautiously.

Additionally, alcohol metabolism leads to the generation of reactive 
oxygen species (ROS), which can interact with labile iron to amplify 
oxidative stress, lipid peroxidation, and DNA damage, all of which are 
well-recognised contributors to carcinogenesis [18]. The more pro
nounced depletion of iron observed in tumour tissues of alcohol con
sumers may therefore reflect a combination of systemic dysregulation 
and intensified oxidative activity within the tumour microenvironment.

By contrast, tobacco exposure was not significantly associated with 
elemental concentrations in this cohort. Neither the main effect of to
bacco nor its interaction with tissue type reached statistical significance 
in any of the mixed models. While tobacco is a well-established risk 
factor for oral squamous cell carcinoma [5], its impact on local trace 
element levels may be indirect, or potentially masked by other con
founding variables, and future studies with larger and more heteroge
neous samples may be necessary to explore this aspect further.

From a methodological perspective, the use of WDXRF in combina
tion with mixed linear modelling provided a robust framework for the 
quantitative assessment of elemental profiles in these tissues. The non- 
destructive nature of WDXRF, coupled with its capacity to analyse 
several elements at the same time, made it particularly suitable for 
retrospective clinical investigations. Compared with destructive 
analytical methods such as atomic absorption spectrometry or induc
tively coupled plasma spectrometry, X-ray fluorescence offers several 
advantages, including minimal sample preparation, non-destructive 
analysis, and simultaneous multi-element quantification. These fea
tures make it particularly suitable for the examination of valuable or 

Graph 2. Interaction between tissue type (0 = healthy, 1 = carcinoma) and alcohol consumption for iron concentrations. Among alcohol consumers (“S”), iron levels 
were significantly lower in carcinoma tissues, while no substantial difference was observed in non-drinkers (“N”). Bars represent estimated marginal means (Fe in 
ppm) from the final mixed linear model.
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limited biological samples, such as formalin-fixed paraffin-embedded 
tissues, and facilitate reproducibility and longitudinal investigations 
[12,13,15]. The statistical flexibility of mixed models, particularly those 
employing unstructured covariance matrices, allowed for accurate 
modelling of biological variability and measurement dependence, which 
are often present in tissue-based studies.

Despite these strengths, this study has several limitations. The sam
ple size, although sufficient for exploratory modelling, limits the po
tential for generalization of the findings and reduces the statistical 
power of multivariate approaches such as discriminant analysis. 
Furthermore, clinical variables such as tumour staging, histological 
grading, and survival outcomes were not incorporated, which could 
have possibly allowed for a more comprehensive evaluation of the 
prognostic relevance of the elemental alterations observed. Future 
studies should address these aspects and explore the integration of 
elemental data with molecular, genetic and transcriptomic profiles to 
enhance diagnostic precision and uncover novel prognostic biomarkers.

Taken together, these observations support the potential role of 
elemental profiling in the characterisation of oral squamous cell carci
noma and illustrate the feasibility of applying WDXRF to human tissue 
for the study of tumour-related biochemical alterations.

5. Conclusion

This study provides evidence that the elemental composition of 
human tongue tissues differs significantly between healthy and carci
noma regions, with notably reduced concentrations of iron, copper and 
zinc in malignant samples. By combining Wavelength Dispersive X-ray 
Fluorescence (WDXRF) with robust statistical modelling, it was possible 
to detect subtle but consistent alterations in trace element profiles, 
which may reflect underlying metabolic, inflammatory and oxidative 
processes associated with tumour development.

The observed interaction between alcohol consumption and iron 
concentrations further underscores the complexity of systemic in
fluences on local tumour biochemistry and highlights the need to 
consider environmental and behavioural factors in the interpretation of 
elemental data. Correlation analyses also revealed associations between 
essential elements within each tissue type, suggesting that disruptions in 
elemental balance may reflect coordinated metabolic dysregulation 
during malignant transformation.

This work opens new options for the integration of elemental anal
ysis into translational oncology by proving the viability of WDXRF on 
human tissues and identifying biologically significant elemental alter
ations. These findings lay a foundation for coming research aimed at 
refining diagnostic criteria, improving risk stratification, and deepening 
our understanding of the metabolic landscape of oral cancers. Future 
investigations should expand the sample size, validate these findings 
through complementary analytical approaches, and further explore the 
integration of elemental correlation patterns with clinical and molecular 
biomarkers to strengthen diagnostic and prognostic accuracy in oral 
oncology.
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