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Abstract
Introduction: Saliva contains local and systemic molecular signals that may support 
non-invasive cancer detection, but the diagnostic value of integrated salivary profiles 
across anatomically distinct malignancies remains unclear. 
Objective: This study evaluates whether multivariable salivary signatures could 
distinguish controls, ovarian cancer, and oral cavity cancer. 
Methods: Saliva samples from 75 controls, 89 patients with ovarian cancer, and 
49 patients with oral cavity cancer were analyzed for amino acids and nitrogen 
metabolites, inorganic ions, cytokines, growth factors, tumor-associated markers, 
lipid peroxidation products, and Fourier-transform infrared (FTIR) features. Results 
from regularized multinomial logistic regression, random forest, and XGBoost 
models were compared using repeated stratified five-fold cross-validation within 
the training set. Final model performance was then evaluated on a held-out test set 
using accuracy, Cohen’s κ, balanced accuracy, macro-F1, multiclass receiver operating 
characteristic–area under the curve, and log loss. Permutation testing, bootstrap 
uncertainty estimation, SHapley Additive exPlanations (SHAP) analysis, and decision 
curve analysis were additionally performed.
Results: XGBoost showed the strongest performance and correctly classified all 
ovarian and oral cavity cancer cases in the held-out test set. Permutation testing 
confirmed that performance exceeded that of randomly assigned class labels. 
SHAP analysis indicated that mainly cytokine and tumor-associated markers drove 
ovarian cancer predictions, whereas lipid-related FTIR features dominated oral cavity 
cancer predictions. Decision curve analysis demonstrated positive net benefit across 
threshold ranges.
Conclusion: Integrated salivary profiling enabled accurate internal differentiation 
of local and distant malignancies. The findings support biologically distinct salivary 
signatures, but external validation is required.
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1. Introduction
Malignant transformation is a multilevel and biologically heterogeneous process 
accompanied by interconnected changes in cellular metabolism, inflammatory and 
redox regulation, intercellular communication, and extracellular matrix remodeling.1,2 
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Consequently, the molecular profile of biological fluids 
during tumor progression, as a rule, cannot be adequately 
characterized by a single biomarker.3-5 Concentrations of 
individual analytes often overlap in malignant, benign, 
and physiological conditions, whereas diagnostically 
significant information may be contained in a set of 
interconnected features and the nature of their combined 
changes.6-8 Multivariate statistical methods allow 
simultaneous analysis of correlated parameters, and 
machine learning algorithms can identify nonlinear 
dependencies and interfeature interactions that may 
remain invisible in traditional univariate analysis. In this 
regard, complex biomarker panels are considered a more 
promising approach to the differential diagnosis of cancer 
than assessing individual indicators.9-12

The application of artificial intelligence in biomarker 
research thus offers the opportunity to transform 
multivariate molecular measurements into clinically 
interpretable diagnostic models.13,14 Algorithms such as 
regularized logistic regression, random forest, and extreme 
gradient boosting (XGBoost) vary in their ability to model 
linear effects, complex interactions, and nonlinear decision 
boundaries.15 Systematic comparison of these algorithms 
can help determine whether disease-related information is 
represented by a relatively simple combination of variables 
or a more complex biological picture.16 At the same time, 
cross-validation, calibration analysis, sensitivity testing, 
and model interpretation methods are essential, as 
high apparent accuracy in a limited dataset may reflect 
overfitting rather than reproducible disease biology.17,18

Studies using salivary metatranscriptomics, 
metabolomics, and autoantibody data have demonstrated 
that machine learning classifiers can distinguish oral 
cancer patients from controls and can identify compact 
combinations of informative salivary features.19 Proteomic 
and transcriptomic studies have confirmed that saliva 
contains stable and measurable molecular signals 
suitable for biomarker analysis.20-22 Its composition 
reflects the secretory activity of the salivary glands and 
the physiological state of the oral mucosa, and it is also 
influenced by systemic metabolic, immune, and endocrine 
signals.23-25 Thus, saliva may reflect local tissue processes 
and systemic responses to disease.26 However, interpreting 
saliva diagnostically requires a multifactorial approach, 
since saliva composition is influenced by flow rate, oral 
inflammation, microbial activity, diet, medications, and 
preanalytical conditions.27-29

Oral cancer is a particularly informative model for 
developing salivary diagnostic approaches, since the tumor 
and its microenvironment are in direct contact with oral 
fluid, which can result in the influx of tumor-associated 

molecules, products of epithelial damage, and mediators 
produced by stromal, vascular, and immune cells.30 
Corresponding changes in oral squamous cell carcinoma 
have been demonstrated at the transcriptomic, proteomic, 
metabolomic, and spectroscopic levels, and machine 
learning has confirmed the advantage of multimarker 
combinations over individual indicators.20,31 However, 
the diagnostic potential of saliva is not limited to local 
tumors: ovarian cancer is a model of a distant malignant 
process in which the salivary profile can be altered by 
systemic inflammation, metabolic remodeling, vascular 
transport, altered salivary gland function, and intercellular 
communication involving extracellular vesicles.32,33 The 
potential for detecting such a systemic signal is supported 
by studies in which combinations of salivary molecular 
markers were able to distinguish patients with ovarian 
cancer from healthy controls.34-36 However, the limited 
specificity of individual salivary tumor markers and their 
overlap with benign conditions highlight the need to 
integrate disparate biological signatures within multivariate 
diagnostic models. Against this background, oral cancer 
and ovarian cancer offer complementary models for 
exploring the diagnostic information contained in saliva. 
Oral cancer allows for the assessment of a predominantly 
local, tumor-associated salivary signature, whereas ovarian 
cancer offers the opportunity to examine whether a distant 
malignancy elicits a detectable systemic salivary response. 
Comparing these diseases within a single multiclass model 
may also reveal whether tumor types differ in individual 
biomarkers or in broader combinations of inflammatory, 
metabolic, mineral, oxidative, and structural alterations.

In this study, we integrated salivary amino acids and 
nitrogenous metabolites, inorganic ions, cytokines, growth 
factors, tumor-associated markers, lipid peroxidation 
products, and Fourier-transform infrared spectral 
(FTIR) characteristics. Multiclass diagnostic models were 
developed using logistic regression, random forest, and 
XGBoost to discriminate among controls, ovarian cancer 
patients, and oral cancer patients. Model performance and 
robustness were assessed using resampling, calibration, 
permutation, and sensitivity analyses, while class-specific 
SHapley Additive exPlanations (SHAP) interpretation 
was used to identify variables and directions of change 
that contributed to each diagnostic category. The aim of 
the study is to evaluate the diagnostic potential of saliva 
and identify biologically interpretable combinations of its 
parameters characteristic of local and distant malignancies.

2. Materials and methods
2.1. Study design

The study included oral cancer patients (n = 49, age 52.3 
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± 12.9 years), ovarian cancer patients (n = 89, age 55.0 ± 
12.6 years), and healthy volunteers (n = 75, age 51.7 ± 12.5 
years). Oral and ovarian cancer patients were recruited in 
the emergency department and healthy volunteers in the 
blood transfusion department at the Clinical Oncology 
Dispensary (Omsk, Russia). Inclusion criteria: female 
gender, age 30–70 years, absence of any previous treatment 
(surgery, chemotherapy, or radiation therapy) at the time 
of inclusion in the study, and histological confirmation 
of the diagnosis. We confirm that the patients studied in 
this work do not overlap with patients described in our 
previous publications from the same institution.

The subgroup of oral cancer patients included the 
following localizations: tongue C01–C02 (n = 7, 14.3%), 
gingiva C03 (n = 2, 4.1%), floor of the mouth C04 (n = 
5, 10.2%), palate C05 (n = 3, 6.1%), salivary glands C07–
C08 (n = 4, 8.2%), tonsils C09 (n = 7, 14.3%), oropharynx 
C10 (n = 10, 20.3%), pyriform sinus C12 (n = 4, 8.2%), and 
pharynx C13 (n = 7, 14.3%). The distribution of patients 
by stage was as follows: Stage II (n = 6, 12.2%), III (n = 10, 
20.4%), and IV (n = 33, 67.4%).

The study included 89 patients with ovarian cancer. 
All patients had histologically confirmed ovarian cancer 
of Stage I (n = 35, 39.3%), II (n = 12, 13.5%), III (n = 34, 
38.2%), or IV (n = 8, 9.0%) (low-grade serous carcinoma 
[n = 11], serous borderline tumor [n = 12], endometrioid 
carcinoma [n = 13], mucinous carcinoma [n = 7], clear cell 
carcinoma [n = 5], high-grade serous carcinoma [n = 39], 
and undifferentiated cancer [n = 2]).

Potential clinical factors that could influence saliva 
composition were considered during study planning. 
Diagnostic groups were formed to ensure no statistically 
significant differences in age (p = 0.4671) and menopausal 
status (menopausal/non-menopausal = 50%/50%). Patients 
with poor periodontal and oral health, as well as current 
smokers, were excluded from the study to minimize the 
influence of potential confounding factors. No additional 
statistical procedures were used to account for these factors 
in group comparisons and/or machine learning models.

Saliva samples were collected once, in which 66 
parameters were determined, including the content of 
18 amino acids (Arg, Lys, Orn, Tyr, Trp, Phe, His, Leu, 
Ile, Met, Val, Gln, Pro, Thr, Ser, Ala, Tau, Gly); 11 ions 
(NH4

+, K+, Na+, Mg2+, Ca2+, Cl−, NO2
−, SO4

2−, NO3
−, F−, 

PO4
3−); 14 characteristics of infrared (IR) absorption 

bands of lipid extracts (1396H, 1396S, 1458H, 1458S, 
2853H, 2853S, 2923H, 2923S, 2957H, 2957S, 2923/2957H, 
2923/2957S, 1458/1396H, 1458/1396S; H = intensity, S = 
area); 8 biochemical parameters (protein, urea, uric acid, 
imidazole compounds, α-amino acids, diene conjugates, 
triene conjugates, Schiff bases); 12 cytokines (monocyte 

chemoattractant protein-1 [MCP-1], vascular endothelial 
growth factor [VEGF], tumor necrosis factor alpha [TNF-
α], interleukin-1 beta [IL-1β], IL-2, IL-4, IL-6, IL-8, IL-10, 
IL-18, interferon alpha [IFN-α], IFN-γ); and 3 tumor 
markers (cancer antigen 15-3 [CA15-3], CA27.29, mucin-
like carcinoma-associated antigen [MCA).

The selection of salivary parameters was based on the 
study’s objective to characterize the integrated molecular 
profile of saliva rather than focus on a single biomarker 
or biological pathway. Therefore, the panel included 
complementary groups of parameters reflecting various 
aspects of saliva composition and systemic/local biological 
processes, including inorganic ions, amino acids, 
nitrogenous metabolites, protein- and metabolite-related 
indicators, IR spectral characteristics, cytokines, growth 
factors, and tumor-associated markers. These parameters 
were selected based on their presence in the collected 
saliva samples and their potential biological relevance for 
metabolic, inflammatory, immune, spectral, and tumor-
associated changes described in the literature.

2.2. Collection, storage, and pre-processing of saliva 
samples

Unstimulated saliva samples were collected in the morning, 
between 8:00 a.m. and 10:00 a.m., through passive spitting 
into sterile polypropylene screw-cap centrifuge tubes to a 
volume of 2 mL. The saliva sample collection procedure 
included an empty stomach (after an overnight fast), 
preliminary rinsing of the mouth with distilled water, 
cessation of smoking for at least two hours, and abstinence 
from alcohol for at least two days. All volunteers were 
examined by a dentist for active caries, acute periodontitis, 
and inflammatory or purulent processes in the oral cavity. 
If any of these factors were present, volunteers were 
excluded before saliva sample collection. Saliva samples of 
insufficient quality or volume, or containing blood, were 
also not used.

Immediately after collection, the samples were 
centrifuged at 10,000 × g for 10 min using a CLb-16 
centrifuge (Changsha Xiangzhi Centrifuge Instrument 
Со., Ltd., China) to remove cellular debris and reduce 
turbidity. The resulting supernatant was transferred to 
Eppendorf tubes and stored at −80 °C until analysis.

2.3. Determination of salivary composition 

Capillary electrophoresis (KAPEL-105M, Lumex, Russia) 
was used to determine salivary cations (NH4

+, K+, Na+, 
Mg2+, Ca2+), anions (Cl−, NO2

−, SO4
2−, NO3

−, F−, PO4
3−), 

and amino acids.37 After preliminary extraction with Folch 
solution (chloroform:ethanol = 2:1, vol.), the intensities 
(H) and areas (S) for the absorption bands of salivary 
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lipids were determined using IR spectroscopy (FT-801, 
Simex, Russia).38 The absorption bands at 1,396 (δCH3), 
1,458 (δCH2), 2,853 (νsCH3), 2,923 (νasCH2) and 2,957 cm−1 
(νasCH3) were analyzed, as well as the ratios 2,923/2,957 
and 1,458/1,396 (νs: symmetric stretching; νas: asymmetric 
stretching; δ: deformation vibrations).38

Salivary concentrations of IL-1β (A-8766), IL-2 
(A-8772), IL-4 (A-8754), IL-6 (A-8768), IL-8 (A-8762), 
IL-10 (A-8774), IL-18 (A-8770), IFN-α (A-8758), IFN-γ 
(A-8752), MCP-1 (A-8782), TNF-α (A-8756), and VEGF 
(A-8784) were measured using Vector-Best kits (Russia) 
with Multiskan FC microplate reader (Thermo Fisher 
Scientific, United States of America [USA]). A 100 μL 
aliquot of each saliva sample was used for all assays. 
Cytokine concentrations were expressed in pg/mL, 
whereas VEGF concentrations were reported in mU/mL. 

In each saliva sample, total protein was quantified using 
the pyrogallol red method (mg/L; B-8084, Vector-Best), 
urea was measured using the urease–salicylate Berthelot 
method (mmol/L; B-8074, Vector-Best), and uric acid was 
determined using the uricase method (UA, μmol/l; B-8098, 
Vector-Best). The total concentration of α-amino acids 
(α-AAs, mmol/L) was determined using the ninhydrin 
reaction, and imidazole compounds (ICs, mmol/L) were 
assessed with a diazotization reaction in the presence of 
sulfanilic acid. All measurements were performed using 
a StatFax 3300 semi-automated biochemical analyzer 
(Awareness Technology, USA).39 The content of lipid 
peroxidation products (diene conjugates [DC], triene 
conjugates [TC], Schiff bases [SB]; conventional unit) was 
determined using the Volchegorsky method.40

Technical errors were eliminated by running multiple 
parallel assays in each case (two parallel plates for enzyme-
linked immunosorbent assay [ELISA]; three aliquots of 
each sample for capillary electrophoresis, biochemical 
analysis, and FTIR spectroscopy; all sample preparation 
steps performed separately for each sample). Samples were 
randomly assigned to batches for ELISA; the remaining 
assays were performed without division into batches.

The separate assessment of 2957H was motivated by its 
disproportionately large contribution to model predictions 
and substantial overlap with information represented 
by other spectral features. Therefore, its exclusion was 
considered a sensitivity analysis to assess whether model 
performance and predictor patterns were robust to a 
potentially dominant and partially redundant feature, 
rather than because the feature was considered biologically 
invalid. This analysis was performed in addition to assessing 
extreme 2957H values within the oral cancer group.

2.4. Statistical data processing and machine 
learning model building

Statistical processing and machine learning model 
building were performed in the R software environment 
(version 4.4.2; R Foundation for Statistical Computing, 
Austria) using the tidymodels, glmnet, ranger, xgboost, 
yardstick, shapviz, dplyr, and ggplot2 packages. To ensure 
reproducibility, the initial value of the random number 
generator was fixed (seed = 123). Quantitative indicators 
were presented as the median and interquartile range (IQR) 
(Me [Q1; Q3]). Between-group differences among three 
independent groups were assessed using the nonparametric 
Kruskal–Wallis test. For pairwise comparisons of groups, 
Dunn’s post hoc test with Bonferroni correction for multiple 
comparisons was used. The magnitude of the between-
group effect was estimated using the ε2 (epsilon squared) 
coefficient. All statistical tests were two-sided; differences 
were considered statistically significant at adjusted p < 
0.05. The analysis of each indicator was performed based 
on available observations without imputation of missing 
values; if the actual sample size differed from the total 
number of participants, the corresponding n value was 
indicated in the table.

A multiclass classification problem with three 
outcomes was solved: control, ovarian cancer, and oral 
cancer. Patient identifiers, age, and service variables 
directly encoding the diagnosis were excluded from the 
set of predictors. In a separate scenario, 2957H values 
below Q1−1.5 × IQR or above Q3+1.5 × IQR in the oral 
cancer group were considered outliers and excluded; a 
modified z-test with a threshold of ∣z∣ > 3.5 was used as 
an additional diagnostic check, while the final exclusion 
decision was based on the IQR criterion. The data were 
stratified into training and test sets at a ratio of 75:25, 
maintaining the proportions of diagnostic classes. 
Missing values for numeric predictors were replaced 
with the median, and for categorical predictors, with the 
mode. Features with zero variance were excluded, and 
categorical variables, if present, were transformed into 
indicator variables. For regularized logistic regression, 
numerical predictors were additionally standardized. All 
preprocessing parameters were determined only on the 
training data and within the resampling procedure. Results 
from regularized multinomial logistic regression, random 
forest, and XGBoost were compared. Hyperparameter 
selection was performed using five-fold stratified cross-
validation with five iterations, i.e., 25 splits of the training 
set. For each candidate hyperparameter combination, 
model performance was evaluated across all resamples of 
repeated stratified five-fold cross-validation performed 
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exclusively within the training set (five folds repeated 
five times). The final hyperparameter combination was 
selected according to the lowest mean multinomial log loss 
across all cross-validation resamples, rather than accuracy 
or F1 score. The selected hyperparameters were then used 
to finalize the model, which was subsequently evaluated 
once on the held-out test set that was not used during 
hyperparameter tuning. Optimal parameters were selected 
based on the minimum multinomial log loss. Model 
performance on the held-out test set was assessed using 
accuracy, Cohen’s κ coefficient, and multinomial log loss, 
and confusion matrices were analyzed. For the extended 
XGBoost evaluation, balanced accuracy, macro-F1, macro-
sensitivity, macro-specificity, and multi-class receiver 
operating characteristic–area under the curve (ROC–
AUC) were calculated using the Hand–Till method.

The robustness of the XGBoost model and the 
dependence of its results on the 2957H feature were 
assessed in a pairwise sensitivity analysis. Three scenarios 
were compared using the same patients and identical splits 
of repeated cross-validation: a model with all predictors, a 
model without 2957H, and a single-factor model including 
only 2957H. For each scenario, mean metric values and 
empirical intervals corresponding to the 2.5th and 97.5th 
percentiles of estimates on individual splits were calculated. 
Predictions obtained for each patient outside the training 
subset were averaged across cross-validation repetitions. 
Uncertainty in the 2957H-less model was estimated 
using a stratified bootstrap at the patient level with 2,000 
replicates and the calculation of 95% percentile intervals; 
a multiclass Brier score was additionally determined. 
The probability of obtaining high performance due to 
random data structure was tested using a permutation 
test: diagnostic labels were shuffled across training subsets, 
the model was retrained, and the null distributions of the 
metrics were compared with the results of the original 
model. Predictions were interpreted using class-specific 
SHAP values; the global significance of features was 
determined with the mean absolute SHAP value, and the 
direction of the relationship between the initial value of a 
predictor and its SHAP contribution was determined using 
the Spearman correlation coefficient. In this study, SHAP 
reflected statistical relationships within the model rather 
than causal biology. The stability of the predictor ranking 
was assessed in all 25 splits of the repeated cross-validation 
using the frequency of the feature in the top 10, median 
rank, interquartile range of the rank, and reproducibility 
of the direction of the SHAP effect. Correlations between 
spectral features were calculated using Spearman’s method 
for the entire sample and separately for each diagnostic 
group; p-values were adjusted using the Benjamini–
Hochberg method, and associations with ∣ρ∣ ≥ 0.70 were 

considered strong. The potential clinical utility of the 
model was assessed using decision curve analysis (DCA) 
with a “one-class versus the rest” design by comparing the 
net utility of the model with the treat-all and treat-none 
strategies across a threshold probability range of 0.01–
0.80. All of these procedures were considered internal 
validation; external validation on an independent cohort 
was not performed.

3. Results
3.1. Performance of classification models before and 
after excluding predictor 2957H

In the baseline scenario, which included all predictors, 
including 2957H, all three models demonstrated high 
classification accuracy on the test set (Figure 1A). Accuracy 
values were 0.982 for random forest, 0.964 for XGBoost, and 
0.927 for regularized logistic regression. A similar pattern 
was observed for Cohen’s κ: the highest value was obtained 
for random forest (0.972), followed by XGBoost (0.944) 
and regularized logistic regression (0.888). The minimum 
multinomial log loss was also observed for random forest 
(0.107), while XGBoost and regularized logistic regression 
had 0.113 and 0.170, respectively. Thus, in the initial 
scenario, the most favorable combination of classification 
accuracy and quality of probabilistic predictions was 
obtained for random forest, while the results of XGBoost 
were similar (Figure 1A). After removing the 2957H 
outliers in the oral cancer group and excluding the 2957H 
predictor, the models retained high classification ability 
(Figure 1C). Accuracy was 0.945 for random forest and 
XGBoost and 0.927 for regularized logistic regression. 
Cohen’s κ values were the same for random forest and 
XGBoost (0.917), while for regularized logistic regression, 
it was 0.888. Moreover, XGBoost was characterized by the 
lowest multinomial log loss (0.125), compared with 0.179 
for regularized logistic regression and 0.185 for random 
forest. Therefore, after excluding 2957H, random forest 
and XGBoost showed comparable classification accuracy, 
but XGBoost provided better probabilistic predictions 
(Figure 1C).

The confusion matrix of the XGBoost model in 
the baseline scenario confirmed high classification 
performance (Figure 1B). All oral cancer samples (13 of 
13 [100%]) and ovarian cancer samples (23 of 23 [100%]) 
were correctly classified into their respective classes. In 
the control group, 17 of 19 samples (89.5%) were correctly 
classified, while two samples (10.5%) were incorrectly 
classified as oral cancer (Figure 1B).

After removing outliers and excluding 2957H, the 
model error structure remained virtually unchanged 
(Figure 1D). All 13 oral cancer and all 23 ovarian cancer 
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samples were correctly classified. In the control group, the 
number of correctly classified samples decreased to 16 of 
19 (84.2%), and three samples (15.8%) were misclassified 
as oral cancer (Figure 1D). Thus, excluding 2957H did 
not affect the ability of the XGBoost model to accurately 
recognize both cancer groups in the test set (Figure 1B 
and 1D), but it was accompanied by a slight decrease in 
the proportion of correctly classified control samples. The 
direction of the errors remained unchanged: misclassified 
control samples belonged to the oral cancer class, which 

may reflect partial similarity in their model spectral–
biochemical profiles. Given the small size of the test 
sample, the difference between 89.5% and 84.2% should be 
interpreted descriptively.

To evaluate the dependence of XGBoost classification 
performance on the spectral metric 2957H, a sensitivity 
analysis was conducted using identical repeated stratified 
cross-validation splits (Figure 2). A single-factor model 
including only 2957H, a multivariable model excluding 
2957H, and a full model with all metrics were compared. 

Figure 1. Comparative performance of machine-learning models and extreme gradient boosting (XGBoost) classification results with and without the 
2957H predictor. (A & C) Held-out test-set estimates of accuracy, Cohen’s κ, and multinomial log loss for XGBoost, regularized multinomial logistic 
regression, and random forest in models (A) including and (C) excluding 2957H. (B & D) The corresponding row-normalized confusion matrices for 
XGBoost; excluding 2957H resulted in only a modest decrease in accuracy and Cohen’s κ, while both cancer classes remained correctly classified and 
additional errors were confined to control participants classified as having oral cavity cancer.
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Figure 2. Sensitivity of extreme gradient boosting (XGBoost) classification performance to the inclusion of the 2957H predictor. (A) Comparison between 
repeated cross-validation estimates and empirical 95% intervals for the full model, the model excluding 2957H, and the single-predictor model based on 
2957H alone. Identical patients and resampling splits were used in all scenarios. (B) Paired changes were calculated within identical resampling splits; 
the small differences between the full model and the model without 2957H, together with intervals crossing zero, indicate no clear deterioration in 
performance after exclusion of this predictor. Positive values favor the full model; negative values favor the model without 2957H.
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The model based only on 2957H demonstrated moderate 
ability to separate the three diagnostic groups: balanced 
accuracy was 0.793, macro-F1 was 0.726, multiclass ROC–
AUC was 0.874, and multinomial log loss was 0.552. Thus, 
2957H had independent classification informativeness, but 
did not provide performance comparable to multivariable 
models. Excluding 2957H had virtually no effect on the 
classification performance of XGBoost. The model without 
this indicator was characterized by a balanced accuracy 
of 0.977, macro-F1 of 0.969, multiclass ROC–AUC of 
0.9989, and a log loss of 0.110. For the full model, the 
corresponding indicators were 0.982, 0.975, 0.9996, and 
0.093. Thus, the inclusion of 2957H was accompanied by 
an increase in balanced accuracy by 0.0044, macro-F1 by 
0.0063, and multiclass ROC–AUC by 0.0007, as well as a 
decrease in log loss by 0.0175 (Table 1).

In pairwise comparisons on identical cross-validation 
splits, mean differences for most metrics favored the full 
model; however, the magnitudes were small, and percentile 
intervals included zero. Therefore, excluding 2957H did 
not systematically reduce classification performance. 
These results indicate that 2957H provides additional 
diagnostic information but is not a critical predictor, as its 
contribution is largely offset by other metrics. To identify 
potentially interchangeable features, group-specific 
correlation analysis of spectral metrics was additionally 
conducted, and the redistribution of SHAP importance 
after excluding 2957H was assessed.

A patient-level stratified bootstrap analysis confirmed 
the robustness of the XGBoost model results constructed 
without the 2957H metric. For the averaged out-of-fold 
predictions, the balanced accuracy was 0.977, the macro-F1 
was 0.969, and the multiclass ROC–AUC was 0.9989; the 
multinomial log loss was 0.110, and the multiclass Brier 

score remained low. Narrow 95% bootstrap intervals for 
the main classification metrics indicated low uncertainty 
in the estimates and preserved high model performance 
with repeated resampling of patients (Figure 3). 

Thus, excluding 2957H did not prevent the robust 
separation of the control group, oral cancer patients, 
and ovarian cancer patients in the internal validation. 
Permutation validation, which included 1,000 random 
permutations of diagnostic classes, demonstrated a 
significant separation between the performance of the 
real XGBoost model and the null metric distributions. 
The actual accuracy, balanced accuracy, macro-F1, macro-
sensitivity, macro-specificity, and multiclass ROCAUC 
values significantly exceeded those obtained after 
class permutation, while the multinomial log loss and 
multiclass Brier score were significantly lower than the 
corresponding permutation distributions. In none of the 
1,000 permutations did the model performance reach the 
observed level, corresponding to an empirical p < 0.001 and 
indicating that the high classification performance of the 
model without 2957H was not due to random assignment 
of predictors to diagnostic classes.

3.2. Class-specific predictive patterns identified with 
SHAP analysis

Class-specific SHAP analysis of the XGBoost model built 
without the 2957H feature revealed different patterns of 
predictive power for the control group, oral cancer, and 
ovarian cancer (Figure 4). For the control group, the greatest 
contribution to the model prediction was IL-6 (mean 
absolute SHAP value = 0.613), followed by IL-10 (0.379), 
α-amino acids (0.344), and VEGF (0.342). Higher IL-6 
values were predominantly associated with an increase in 
model output for the control class (ρ = 0.727), while increases 
in IL-10, α-amino acids, and VEGF were accompanied by 

Table 1. Repeated cross-validation performance of XGBoost under alternative 2957H inclusion scenarios

Model Balanced accuracy Macro-F1 Multiclass ROC–AUC Log loss

Single-predictor model: 2957H 
only 0.793 (0.731–0.858) 0.726 (0.626–0.821) 0.8740 (0.8260–0.9440) 0.5520 (0.4510–0.6470)

Multivariable model excluding 
2957H 0.977 (0.931–1.000) 0.969 (0.903–1.000) 0.9989 (0.9920–1.0000) 0.1100 (0.0590–0.1789)

Full multivariable model 
including 2957H 0.982 (0.949–1.000) 0.975 (0.926–1.000) 0.9996 (0.9970–1.0000) 0.0930 (0.0480–0.1399)

Notes: Values are presented as mean estimates with empirical 95% intervals from repeated stratified cross-validation splits. Higher values indicate better 
performance for balanced accuracy, macro-F1, and multiclass receiver operating characteristic–area under the curve (ROC–AUC), whereas lower values 
indicate better performance for multinomial log loss. Removal of 2957H produced only minor changes in balanced accuracy, macro-F1, multiclass ROC-
AUC, and multinomial log loss, whereas the model based exclusively on 2957H demonstrated substantially poorer performance. 
Abbreviation: XGBoost: Extreme gradient boosting.
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a decrease (ρ = −0.676, −0.953, and −0.850, respectively). 
For ovarian cancer, the leading predictors were IL-6 (mean 
absolute SHAP value = 1.764), TNF-α (0.573), and MCP-1 
(0.238). An increase in TNF-α and MCP-1 concentrations 
was associated with an increase in the model yield for 
this class (ρ = 0.717 and 0.957, respectively), while an 
increase in IL-6 was mainly accompanied by a decrease (ρ 
= −0.880). In the classification of oral cancer, the spectral 
indices 2923H, 2853S, 1458H, and 2957S had the greatest 
significance, with mean absolute SHAP values of 1.547, 
0.239, 0.139, and 0.136, respectively. For the specified 
features, a negative correlation was found between their 
initial values and SHAP contribution (ρ = −0.571, −0.443, 
−0.918, and −0.720), indicating that a predominant 
increase in the contribution to the prognosis of oral cancer 
is associated with a decrease in the corresponding spectral 
characteristics.

After excluding 2957H, the most pronounced 
redistribution of model significance was observed in 
predicting oral cancer. 2923H moved from 21st to first 
position, and its average absolute SHAP value increased 

from virtually 0 to 1.547. 2853S moved from 20th to 
second position, reaching an average absolute SHAP 
value of 0.239. Increases in relative significance were 
also noted for 2957S (moved from 23rd to fourth), 2923S 
(22nd to sixth), and 2853H (19th to seventh). The stability 
of this redistribution was confirmed with the results of 
repeated cross-validation: 2923H was among the 10 most 
significant predictors in all 25 partitions, characterized 
by a median rank of 1 and the absence of interquartile 
variability in rank; the direction of its association with the 
SHAP contribution was preserved in all partitions. The 
indicators 2853H, 1458H, 2853S, and 2957S were among 
the 10 most significant predictors in 96%, 88%, 84%, 
and 84% of partitions, respectively. In the ovarian cancer 
model, the composition of the leading predictors did not 
change significantly, whereas the increase in the position 
of 2923H in the control class (from 33rd to 8th) was less 
reproducible, since this indicator was among the 10 most 
significant features in only 28% of partitions. The results 
indicate that preserving high classification efficiency after 
excluding 2957H was associated primarily with a stable 

Figure 3. Bootstrap uncertainty of averaged out-of-fold extreme gradient boosting (XGBoost) performance after excluding 2957H. The figure presents 
patient-level averaged out-of-fold performance estimates for the XGBoost model excluding 2957H, together with stratified bootstrap 95% confidence 
intervals. The consistently high classification metrics and low multinomial log loss and Brier score indicate stable internal performance after excluding 
2957H, although these estimates do not replace validation in an independent cohort.
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Figure 4. Class-specific SHapley Additive exPlanations (SHAP) profiles of the extreme gradient boosting (XGBoost) model excluding 2957H. Predictors are 
ordered by class-specific SHAP importance, with positive SHAP values increasing and negative values decreasing the model output for the corresponding 
diagnostic class. (A) Control predictions were primarily associated with interleukin-6 (IL-6), IL-10, α-amino acids, vascular endothelial growth 
factor (VEGF), and imidazole compounds (ICs); (B) ovarian cancer predictions were associated with IL-6, tumor necrosis factor (TNF-α), monocyte 
chemoattractant protein-1 (MCP-1), ICs, and IL-8; and (C) oral cavity cancer predictions were predominantly associated with Fourier transform infrared 
spectroscopy (FTIR)-derived features, including 2923H, 2853S, 1458H, and 2957S.
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redistribution of model significance toward other spectral 
characteristics in predicting oral cancer.

Table 2 demonstrates that the three diagnostic groups 
differed not by a single salivary analyte but by coordinated 
alterations across immunological, metabolic, ionic, 
oxidative, and FTIR-derived domains. Ovarian cancer 
was characterized by increased concentrations of IL-10, 
MCP-1, IFN-α, IFN-γ, TNF-α, VEGF, CA15-3, and 
MCA, together with lower IL-6 and imidazole compound 
levels compared with controls, indicating a distinct 
systemic inflammatory and tumor-associated salivary 
profile. In contrast, oral cavity cancer was associated with 
pronounced reductions in proline, glutamine, urea, Ca2+, 
F−, PO4

3−, diene conjugates, and most FTIR-derived lipid-
band intensities, whereas IL-10, VEGF, CA27.29, and the 
2923/2957H ratio were increased relative to controls. The 
largest between-group effects were observed for IL-6 (ε2 
= 0.723), the 2853H, 2853S, 2923H, and 2923S spectral 
features (ε2 = 0.613–0.633), IFN-γ (ε2 = 0.507), and TNF-α 
(ε2 = 0.447), suggesting that cytokine alterations and FTIR-
derived lipid characteristics contributed most strongly to 
group differentiation. Here, ε2 (epsilon squared) represents 
the effect size associated with the Kruskal–Wallis test and 
quantifies the magnitude of between-group differences, 
that is, the proportion of variability in the ranked outcome 
attributable to group membership. Unlike partial η2, which 
is primarily used in parametric ANOVA-type models, ε2 is 
appropriate for rank-based non-parametric comparisons 
such as the Kruskal–Wallis test. Values of approximately 
0.01, 0.06, and 0.14 are conventionally interpreted as small, 
medium, and large effects, respectively. Thus, the observed 
ε2 values indicate predominantly large between-group 
effects. At the same time, the overlapping distributions 
of several individual markers support using integrated 
multivariable models rather than isolated biomarkers for 
diagnostic classification. The biomarkers listed in Table 2 
were included in the final classifier.

3.3. Clinical relevance of the XGBoost classification 
model based on decision curve analysis

Decision curve analysis demonstrated consistently positive 
clinical benefit of the XGBoost model across the estimated 
range of threshold probabilities for all three one-versus-all 
classification tasks (Figure 5).

In DCA, the “treat-all” and “treat-none” strategies are 
reference decision strategies and should not be interpreted 
as literal patient treatment. In a real diagnostic setting, 
“treat all” means classifying every individual as belonging 
to the diagnostic class in question, while “treat none” 
means classifying no individuals as belonging to that class. 
For example, in an analysis of one versus none ovarian 

cancer, the “treat-all” strategy assumes that all subjects are 
classified as ovarian cancer cases, while the “treat-none” 
strategy assumes that none are classified as ovarian cancer 
cases. These two extreme strategies provide reference levels 
against which the net benefit of the XGBoost model is 
compared. A model is considered clinically useful within 
a given threshold range when its net benefit exceeds the 
benefit of both reference strategies, indicating a more 
favorable balance between correctly identified ovarian 
cancer cases and false-positive classifications. Thus, DCA 
does not assess whether all patients should actually receive 
treatment. Rather, it evaluates whether using a model to 
guide classification leads to better decision-making than 
two hypothetical extremes: assuming everyone has the 
disease or assuming some do not.

For the control group, the model maintained a positive 
and relatively stable net benefit, while the “treat-all” 
strategy gradually declined, approaching zero at moderate 
threshold probabilities and becoming negative at higher 
thresholds. A similar, but more pronounced, pattern was 
observed for oral cancer. The net benefit of the “treat-
all” strategy rapidly declined as the threshold probability 
increased, while the XGBoost model remained superior 
to both benchmark strategies throughout almost the 
entire evaluated range. For ovarian cancer, the model also 
demonstrated a stable positive net benefit, while the “treat-
all” strategy crossed the zero net benefit line approximately 
midway through the evaluated threshold range and 
subsequently became increasingly unfavorable. Thus, in 
all three diagnostic classes, model-guided classification 
provided a more favorable balance between correctly 
identified cases and false positive decisions than either 
classifying all individuals as positive or classifying no 
individuals as positive. The difference between the model 
and the all-case treatment strategy became particularly 
evident at moderate and high threshold probabilities, 
where false positive classifications receive a gradually 
increasing penalty. These results demonstrate that 
XGBoost’s discriminatory power translates into potential 
clinical benefit, rather than merely representing statistical 
discrimination. The apparent increase or fluctuation in net 
benefit at the highest threshold probabilities, particularly 
for the oral cancer class, should be interpreted with caution, 
as estimates at extreme thresholds may be less stable due to 
fewer observations influencing clinical decisions.

In all three panels, the solid line corresponding to 
the model is located above the two baseline strategies: 
“treat all” and “treat none.” This means the model yields a 
greater net benefit than classifying all patients as positive 
or, conversely, classifying no patients as positive. For the 
oral cancer class, the model also demonstrates a positive 
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Table 2. Distribution and non-parametric comparison of salivary biomarkers among controls and patients with ovarian or oral 
cancer

Predictor Control (n = 
75)

Ovarian 
cancer (n 
= 89)

Oral cavity 
cancer (n = 
49)

Global Kruskal–Wallis 
test

p-value (Dunn post hoc comparisons; 
Bonferroni-adjusted)

p-value 
(Bonferroni-
adjusted )

ε2
Control vs. 
ovarian cancer 
(OVC)

Control vs. 
oral cavity 
cancer (OCC)

OVC vs. OCC

Cytokines and growth factors

IL-2 (pg/mL) 12.17 (9.54–
14.11)

10.75 
(9.00–13.13)

8.03 (6.58–
10.53) 0.0004 0.117 1.000 (ns) <0.0001 (OCC 

< control)
0.0001 (OCC 
< OVC)

IL-4 (pg/mL) 3.62 (2.77–5.83) 3.16 
(2.55–4.15)

4.59 
(3.06–5.82) 0.0069 0.086 0.0768 (ns) 0.3788 (ns) 0.0002 (OCC 

> OVC)

IL-6 (pg/mL) 13.48 (12.22–
16.94)

3.92 
(2.99–5.44)

19.78 
(14.27–
77.98)

<0.0001 0.723 <0.0001 (OVC 
< Control) 0.1992 (ns) <0.0001 (OCC 

> OVC)

IL-8 (pg/mL) 66.26 (11.56–
108.82)

95.00 
(42.95–
147.41)

61.89 
(10.28–
130.90)

0.0831 0.058 0.0075 (OVC > 
Control) 1.0000 (ns) 0.0260 (OCC 

< OVC)

IL-10 (pg/mL) 8.96 (6.40–
14.90)

16.97 
(13.42–
20.26)

16.81 
(12.75–
18.99)

<0.0001 0.155 <0.0001 (OVC 
> Control)

0.0002 (OCC 
> Control) 1.0000 (ns)

IL-18 (pg/mL) 61.27 (35.49–
108.77)

53.25 
(25.33–
119.71)

33.25 
(18.04–
81.79)

0.6041 0.035 1.0000 (ns) 0.0247 (OCC 
< Control) 0.0508 (ns)

MCP-1 (pg/mL) 78.46 (31.54–
191.35); n = 44

274.62 
(165.39–
432.31); n 
= 89

63.13 
(45.00–
83.75); n 
= 45

<0.0001 0.356 <0.0001 (OVC 
> Control) 0.1232 (ns) <0.0001 (OCC 

< OVC)

IFN-⍺ (pg/mL) 9.46 (6.21–
12.81)

13.39 
(9.29–15.54)

6.61 
(4.11–8.93) <0.0001 0.262 0.0003 (OVC > 

Control) 0.0585 (ns) <0.0001 (OCC 
< OVC)

IFN-γ (pg/mL) 36.52 (23.93–
55.32)

90.46 
(59.63–
136.71)

19.56 
(15.78–
25.33)

<0.0001 0.507 <0.0001 (OVC 
> Control)

0.0008 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

TNF-⍺ (pg/mL) 8.24 (6.47–
10.73)

15.43 
(11.73–
21.61)

7.82 (6.37–
10.27) <0.0001 0.447 <0.0001 (OVC 

> Control) 1.0000 (ns) <0.0001 (OCC 
< OVC)

VEGF (mU/mL) 700.77 (272.89–
1,457.89)

1,819.46 
(1,294.08–
1,976.39)

1,775.15 
(921.31–
1,866.69)

<0.0001 0.162 <0.0001 (OVC 
> Control)

0.0022 (OCC 
> Control) 0.3029 (ns)

Amino acids and nitrogen metabolism

⍺-AAs (mmol/L) 3.76 (3.65–4.01) 4.24 
(3.92–5.11)

3.86 
(3.72–4.14) <0.0001 0.204 <0.0001 0.1075 (ns) 0.0012 (OCC 

< OVC)

ICs (mmol/L) 0.339 (0.197–
0.518)

0.094 
(0.035–
0.190)

0.239 
(0.135–
0.396)

<0.0001 0.192 <0.0001 (OVC 
< Control) 0.2003 (ns) 0.0007 (OCC 

> OVC)

Arg (nmol/L) 44.09 (20.42–
104.02)

21.52 
(12.12–
32.36)

25.74 
(16.71–
51.36)

0.0019 0.090 <0.0001 (OVC 
< Control) 0.0665 (ns) 0.3156 (ns)

Pro (nmol/L) 250.09 (106.78–
521.30)

93.48 
(48.89–
209.11)

73.44 
(38.08–
176.59)

0.0004 0.104 0.0002 (OVC < 
Control)

<0.0001 (OCC 
< Control) 1.0000 (ns)

(Cont’d...)
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Table 2. (Continued)

Predictor Control (n = 
75)

Ovarian 
cancer (n 
= 89)

Oral cavity 
cancer (n = 
49)

Global Kruskal–Wallis 
test

p-value (Dunn post hoc comparisons; 
Bonferroni-adjusted)

p-value 
(Bonferroni-
adjusted )

ε2
Control vs. 
ovarian cancer 
(OVC)

Control vs. 
oral cavity 
cancer (OCC)

OVC vs. OCC

Gln (nmol/L) 95.96 (55.47–
172.88)

60.10 
(21.62–
108.36)

28.51 
(14.58–
75.70)

0.0123 0.081 0.0149 (OVC < 
Control)

0.0002 (OCC 
< Control) 0.3003 (ns)

Urea (mmol/L) 6.85 (5.28–
9.21); n = 72

7.13 
(4.80–8.72); 
n = 86

4.09 
(2.76–5.16); 
n = 48

<0.0001 0.122 1.0000 (ns) <0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

NH4
+ (mg/L) 105.40 (70.99–

168.06)

139.00 
(91.31–
209.80)

100.81 
(70.98–
177.55)

1.0000 0.026 0.1230 (ns) 1.0000 (ns) 0.0736 (ns)

Tumor-associated markers

CA27.29 (mU/mL) 1.27 (0.69–2.75) 5.77 (0.74–
10.80)

4.07 
(2.04–8.13) 0.0120 0.080 0.0006 (OVC > 

Control)
0.0023 (OCC 
> Control) 1.0000 (ns)

CA15-3 (mU/mL) 28.46 (16.70–
38.39)

99.92 
(28.61–
168.96)

26.89 
(12.28–
38.74)

<0.0001 0.183 <0.0001 (OVC 
> Control) 1.0000 (ns) <0.0001 (OCC 

< OVC)

MCA (mU/mL) 12.49 (7.92–
20.26)

57.97 
(23.62–
74.62)

12.81 
(4.18–38.55) <0.0001 0.269 <0.0001 (OVC 

> Control) 1.0000 (ns) <0.0001 (OCC 
< OVC)

Salivary inorganic ion composition

Na+ (mg/L) 128.25 (93.08–
163.23)

92.92 
(67.40–
146.65)

98.34 
(60.83–
126.90)

0.2343 0.045 0.0243 (OVC < 
Control)

0.0124 (OCC 
< Control) 1.0000 (ns)

Ca2+ (mg/L) 46.40 (30.89–
60.63)

52.57 
(34.45–
75.98)

23.33 
(14.00–
33.14)

<0.0001 0.258 0.5905 (ns) <0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

F− (mg/L) 3.06 (1.44–5.09) 1.48 
(0.61–2.98)

0.62 
(0.38–0.79) <0.0001 0.253 0.0038 (OVC < 

Control)
<0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

PO4
3− (mg/L) 272.95 (225.80–

340.58)

273.75 
(164.13–
404.88)

168.10 
(105.80–
232.55)

<0.0001 0.141 0.7529 (ns) <0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

Lipid peroxidation

DC (c.u.) 2.74 (2.63–3.01) 2.84 
(2.52–3.10)

2.42 
(2.31–2.55) <0.0001 0.194 1.0000 (ns) <0.0001 (OCC 

< Control)
<0.0001 (OCC 
< OVC)

FTIR-derived lipid features

1396H (a.u.) 0.79 (0.42–1.57) 1.07 
(0.81–1.77)

0.58 
(0.38–0.76) 0.0001 0.148 0.0380 (OVC > 

Control)
0.0198 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

1458H (a.u.) 2.75 (1.92–4.01) 3.05 
(2.24–4.51)

1.64 
(1.35–2.04) <0.0001 0.267 0.7865 (ns) <0.0001 (OCC 

< Control)
<0.0001 (OCC 
< OVC)

1458S (a.u.) 12.00 (7.67–
18.80)

13.10 
(9.82–20.45)

6.84 
(5.57–8.73) <0.0001 0.248 0.8195 (ns) <0.0001 (OCC 

< Control)
<0.0001 (OCC 
< OVC)

2853H (a.u.) 6.89 (6.17–9.51) 11.50 
(8.78–14.30)

3.51 
(3.21–4.15) <0.0001 0.633 0.0115 (OVC > 

Control)
<0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

(Cont’d...)
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Table 2. (Continued)

Predictor Control (n = 
75)

Ovarian 
cancer (n 
= 89)

Oral cavity 
cancer (n = 
49)

Global Kruskal–Wallis 
test

p-value (Dunn post hoc comparisons; 
Bonferroni-adjusted)

p-value 
(Bonferroni-
adjusted )

ε2
Control vs. 
ovarian cancer 
(OVC)

Control vs. 
oral cavity 
cancer (OCC)

OVC vs. OCC

2853S (a.u.) 127.0 (111.0–
188.5)

224.0 
(154.0–
280.0)

59.2 
(55.6–70.9) <0.0001 0.627 0.0327 (OVC > 

Control)
<0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

2923H (a.u.) 11.70 (10.40–
16.50)

18.60 
(14.10–
23.30)

5.74 
(5.13–6.79) <0.0001 0.630 0.0236 (OVC > 

Control)
<0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

2923S (a.u.) 299.0 (264.5–
446.5)

474.0 
(354.0–
594.0)

135.0 
(117.0–
160.0)

<0.0001 0.613 0.0673 (ns) <0.0001 (OCC 
< Control)

<0.0001 (OCC 
< OVC)

2957S (a.u.) 20.10 (16.30–
59.85)

33.20 
(24.70–
50.50)

10.20 
(6.34–15.70) <0.0001 0.462 0.2478 (ns) <0.0001 (OCC 

< Control)
<0.0001 (OCC 
< OVC)

2923/2957H (a.u.) 4.46 (3.79–5.19) 5.50 
(4.39–6.00)

5.34 
(4.39–6.61) 0.0464 0.073 0.0116 (OVC > 

Control)
0.0031 (OCC 
> Control) 1.0000 (ns)

Notes: Data are presented as medians and interquartile ranges, Me (Q1–Q3). Overall differences between the three groups were assessed using the 
Kruskal–Wallis test with ε2 as the effect-size measure, followed by Dunn’s pairwise comparisons with Bonferroni adjustment; the actual number of 
available observations is reported for variables containing missing values. The p-value should be interpreted descriptively along with the results of 
multivariate maximum likelihood. MCP-1 values were missing because the reagent ran out, and the study was performed on only four plates (ovarian 
cancer: 89 samples in duplicate on two plates; oral cancer and control: 44/45 = 89 samples in duplicate on two more plates). For urea, missing values 
were one for oral cancer, three for ovarian cancer, and three for the control, due to insufficient sample size, as this study was performed last.  
Abbreviations: AA: Amino acid; a.u.: Absorption units; DC: Diene conjugate; IC: Imidazole compound; IFN: Interferon; IL: Interleukin; MCA: Mucin-
like carcinoma-associated antigen; TNF-α: tumor necrosis factor alpha; VEGF: Vascular endothelial growth factor.

Figure 5. Decision curve analysis of class-specific extreme gradient boosting (XGBoost) predictions performed using a one-versus-rest approach for each 
diagnostic class. (A) Control versus all other classes. (B) Oral cavity cancer versus all other classes. (C) Ovarian cancer versus all other classes. Across 
most of the evaluated threshold-probability range, the XGBoost model provided greater net benefit than the treat-all and treat-none reference strategies, 
supporting its potential clinical utility while requiring confirmation through external validation.
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net benefit across a wide range of threshold probabilities. 
This is particularly important because the analysis was 
conducted after removing the suspicious dominant feature 
2957H. Therefore, even without this feature, the model 
retains potential clinical value in classifying oral cancer. 
For the control and ovarian cancer classes, the model also 
consistently outperforms alternative strategies across the 
entire presented threshold range. Especially for ovarian 
cancer, the model line remains quite flat and positive, 
indicating a consistent benefit of the classifier. Thus, DCA 
confirms that the model demonstrates good statistical 
metrics and has the potential to be useful from a clinical 
perspective. The results are preliminary, and external 
validation in an independent sample is required to confirm 
practical applicability.

4. Discussion
4.1. Biochemical profile of saliva in the control 
group

The control group had less pronounced angiogenic-
immunoregulatory activity and lower total free amino acid 
content, against a background of relatively high arginine, 
glutamine, proline, and imidazole compounds. In addition, 
the saliva of healthy subjects had a more stable nitrogen and 
mineral buffer profile, as well as higher content and better 
preservation of long-chain lipid structures. Thus, low values 
of total ⍺-amino acids mainly supported the classification 
of samples as controls, while high values reduced the 
model yield for the control class. A potential source of the 
increase in free amino acids may be increased proteolysis 
of salivary and tissue proteins, cell damage and renewal, 
and metabolic remodeling, but the direct mechanism was 
not determined in the present study.41-43 Elevated values 
of arginine, glutamine, and histidine also supported the 
classification of the samples as controls. Arginine is known 
to support two metabolic pathways. Arginine can serve as 
a substrate for the formation of citrulline and nitric oxide 
by nitric oxide synthase, or for the formation of ornithine 
via arginase-1 for the subsequent formation of polyamines. 
Thus, relatively low arginine values may be associated with 
the restructuring of arginine metabolism. The proline 
content in saliva represents an integral characteristic of 
amino acid metabolism associated with the metabolism of 
glutamate, glutamine, arginine, and ornithine; the renewal 
of the collagen-containing extracellular matrix; and energy 
and redox regulation.44-47 In oral fluid, its level may also 
depend on the secretory activity of the salivary glands 
and the metabolism of proline-rich proteins.48 Glutamine 
can simultaneously reflect nitrogen consumption for 
proliferation, the intensity of glutaminolysis, nucleotide 
synthesis, antioxidant protection, and general protein 
catabolism.49 It has been shown that the imidazole 

alkaloids epiisopylothurin and epiisopylosin suppress the 
formation of reactive oxygen species and degranulation 
of activated neutrophils, reduce the production of IL-6, 
and, in an experimental model of inflammation in vivo, 
reduce the level of myeloperoxidase.50 It is known that 
imidazole compounds are capable of inhibiting the nuclear 
factor-kappa B (NF-κB) signaling pathway. This leads to 
a blockade of the nuclear translocation of p65 subunits, 
thereby decreasing the expression of proinflammatory 
cytokines, such as TNF-α, IL-1β, and IL-6.51 Histidine-
containing imidazole compounds, primarily carnosine, 
are capable of binding reactive aldehyde products of lipid 
peroxidation, including 4-hydroxynonenal, acrolein, and 
malondialdehyde, chelating transition metal ions, and 
limiting the formation of carbonyl adducts and protein 
cross-links.52-55 The control profile was characterized by a 
relatively small free pool of α-amino acids with higher urea 
content in saliva. This combination may reflect efficient 
uptake and utilization of free amino acids followed by 
the utilization of their amino nitrogen in the form of 
urea. High values of inorganic phosphate predominantly 
increased model yield for the control class, whereas low 
values decreased it. A similar, but less pronounced and 
non-monotonic, trend was observed for fluoride. The 
resulting profile may reflect a more preserved mineral-
buffering and remineralizing state of saliva in individuals 
in the control group, since phosphate helps regulate acid-
base balance and, together with calcium, maintains saliva 
saturation relative to enamel minerals, and fluoride reduces 
demineralization and promotes remineralization.56,57 A 
decrease in salivary fluoride concentration in cancer may 
reflect a decrease in the local availability of fluoride ions, 
which are involved in suppressing demineralization and 
maintaining remineralization of hard dental tissues.58 In 
oral cancer, such a change may be associated with local 
restructuring of the secretion and mineral composition 
of saliva, the state of the mucous membrane, changes in 
the microbiota, and oral hygiene.59,60 In ovarian cancer, a 
decrease in salivary fluoride is most likely a nonspecific 
consequence of systemic, secretory, behavioral, or 
therapeutic factors, since a direct mechanism for the 
influence of ovarian tumor on fluoride metabolism in 
saliva has not been established.26

The IL-6 protein normally coordinates inflammatory 
and acute-phase responses, immune defense, tissue 
regeneration, and metabolic adaptation.61-63 During 
chronic tumor activation, the IL-6/Janus kinase (JAK)/
signal transducer and activator of transcription 3 (STAT3) 
pathway can support tumor cell proliferation, survival, 
angiogenesis, myeloid cell recruitment, and metastasis.64,65 
The effect of salivary IL-6 on control is nonlinear in 
the graph, so there is no simple direction in which low 
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IL-6 corresponds to normal. IL-10 limits excessive 
inflammation and protects tissues from immune damage. 
In tumors, its role is dual: IL-10 can suppress antitumor 
immunity by enhancing immunosuppressive mechanisms, 
but under some conditions it can activate the metabolism 
and function of exhausted CD8+ T cells.66 In the obtained 
model, low salivary IL-10 predominantly supports the 
control class, which may correspond to the absence 
of pronounced tumor-associated immunoregulatory 
activation. IL-18 belongs to the IL-1 family of cytokines 
and is involved in mucosal immune surveillance, linking 
inflammasome recognition of microbial and damaging 
signals to natural killer (NK) and T cells, IFN-γ production, 
and antimicrobial defense.67-69 At the same time, epithelial 
IL-18 contributes to barrier homeostasis and host–
microbiota interactions.70 Therefore, IL-18 content in 
saliva can be considered an integral characteristic of innate 
immune recognition, epithelial–immune interactions, and 
the readiness of the local cell-mediated response, but not an 
unambiguous indicator of inflammation intensity. VEGF 
stimulates the proliferation and migration of endothelial 
cells, supports physiological angiogenesis and tissue 
repair, and regulates vascular permeability. In oncology, its 
increase, often associated with hypoxia, promotes tumor 
vessel formation, oxygen and nutrient supply to the tumor, 
and tumor progression.71,72 In Figure 4, low salivary VEGF 
maintains control, which may reflect less pronounced 
angiogenic activation. The control group was defined by a 
contribution of 2,853 cm−1 in saliva. This can be interpreted 
as the fact that in the control saliva, intact long fatty acid 
chains are relatively better preserved; the total contribution 
of normal aliphatic lipid structures (phospholipids of cell 
membranes, sphingolipids, triacylglycerols, free fatty acids, 
cholesterol esters, lipoprotein complexes, and extracellular 
vesicles) is higher; there is less oxidative fragmentation of 
lipids; and the normal composition of salivary lipids and 
lipoprotein complexes is preserved.

Normally, phosphate ions in saliva are involved in 
pH regulation and maintain the conditions necessary for 
calcium–phosphate balance on the tooth surface.73 This 
allows oral fluid to serve as a source of mineral components 
that can restore areas of initial enamel demineralization.74 
Fluoride exerts a protective effect primarily in the oral 
cavity.75 It reduces the solubility of the mineral phase 
in an acidic environment and promotes the subsequent 
precipitation of calcium and phosphate.76 Therefore, the 
combined content of phosphate and F− reflects the state of 
mineralizing and anticaries protection of saliva.

CA27.29 is an immunoreactive epitope of the 
extracellular region of the transmembrane mucin 
(MUC1).77 This indicator depends not only on the amount 

of MUC1 but also on the degree of its glycosylation 
and the availability of the recognized epitope.78 Its 
physiological presence in saliva may be associated with 
MUC1 expression by epithelial cells of the oral cavity and 
salivary gland ducts, renewal of the epithelial glycocalyx, 
and release of soluble mucin fragments.79,80 Since MUC1 
is involved in the formation of the protective mucosal 
surface, retention of secreted mucins, and maintenance 
of the barrier properties of the epithelium, the content of 
CA27.29 may indirectly characterize the state of the mucin 
component of the salivary–epithelial barrier.81-83

4.2. Salivary biochemical profile in ovarian cancer 
patients 

The group of patients diagnosed with ovarian cancer 
had higher levels of TNF-α, MCP-1, CA15-3, and IL-8, 
which consistently increased the model yield for this 
group. A less pronounced positive effect was observed for 
IFN-α and IFN-γ. Additionally, low levels of imidazole 
compounds weakly supported the classification as ovarian 
cancer. IL-6 was the most significant predictor, although 
it demonstrated a pronounced nonlinear relationship. 
TNF-α is responsible for acute inflammation and the 
activation of endothelium and immune cells. Through 
tumor necrosis factor receptor 1 (TNFR1)/TNFR2, it 
can stimulate cell survival or death. When chronically 
activated, it maintains tumor-associated inflammation, 
NF-κB signaling, angiogenesis, and tissue damage. At high 
local concentrations, it can be cytotoxic. In distant tumors, 
it mainly affects the systemic inflammatory reaction and 
the response of the salivary glands.84 MCP-1 (C-C motif 
chemokine ligand 2 [CCL2]) attracts monocytes, some T 
cells, and other immune cells to the site of injury. It can 
promote monocyte recruitment and the formation of 
tumor-associated macrophages, including an M2-like 
immunosuppressive phenotype that supports invasion 
and angiogenesis. It also promotes mucosal monocyte-
macrophage activation.85-87 CA15-3 reflects fragments 
of MUC1, a membrane mucin involved in epithelial cell 
protection and signaling. During tumor transformation, 
MUC1 can be overexpressed, abnormally glycosylated, and 
more actively shed from the cell surface.88 Elevated salivary 
CA15-3 in ovarian cancer may reflect systemically induced 
overexpression, abnormal glycosylation, and increased 
release of MUC1, as well as altered salivary gland secretory 
function induced by circulating inflammatory mediators.89 
Elevated MUC1-associated markers may be associated 
with impaired normal apical secretion and reduced 
protective properties of the secretory mucins MUC5B and 
MUC7. This mechanism is biologically plausible but has 
not yet been proven directly in ovarian cancer and requires 
parallel measurement of MUC1, MUC5B, MUC7, salivary 
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flow rate, and serum CA15-3.90 IL-8 attracts and activates 
neutrophils, providing early protection against infection 
and participating in inflammation; it may also support 
neutrophilic inflammation, angiogenesis, invasion, 
and migration of tumor cells. In the ovarian tumor 
environment, IL-8 can also be produced by immune and 
stromal cells.91 IFN-α, or type I IFN, creates an antiviral 
state, activates NK cells and innate immune mechanisms, 
and limits cell proliferation. It can support antitumor 
immune activation and directly inhibit proliferation, but 
long-term IFN signaling in some tumors is associated with 
adaptation and immune resistance.92,93 IFN-γ, or type II 
IFN, is produced primarily by T and NK cells and activates 
macrophages, enhances antigen presentation, and supports 
antitumor immune surveillance. It may reflect an active 
Th1/NK response and cytotoxic immunity. At the same 
time, chronic IFN-γ is capable of inducing programmed 
death ligand 1 (PD-L1) and adaptive tumor evasion of 
the immune response.94,95 In ovarian cancer, IL-6 acquires 
a different biological meaning than in the control group, 
where the biological significance of the cytokine was 
discussed. This difference is because long-term activation 
of the IL-6/JAK/STAT3 signaling pathway can support the 
survival and proliferation of tumor cells, angiogenesis, 
invasion, and the development of drug resistance. Tumor-
associated fibroblasts may be a source of IL-6 in the 
tumor microenvironment, indicating the involvement of 
the stromal component in maintaining chronic cytokine 
signaling.96,97 However, IL-6 levels in saliva cannot be 
directly equated with its production in tumor tissue, since 
it also depends on the systemic inflammatory response, the 
state of the oral mucosa, and the function of the salivary 
glands.98,99 Thus, changes in TNF-α, MCP-1, IL-8, and IL-6 
in saliva primarily characterize inflammatory activation 
and myeloid cell recruitment. IFN-α and IFN-γ characterize 
the state of the innate, Th1-, and NK-associated immune 
response. CA15-3 characterizes the intensity of expression 
and release of MUC1-containing epithelial material. In 
ovarian cancer, these represent a systemically mediated 
immune-inflammatory and mucin-associated salivary 
signature.

In patients with ovarian cancer, saliva IL-10 levels 
increased significantly, whereas only numerical trends 
toward increases were observed for IL-2 and IL-4. 
IL-2 is involved in antigen-dependent activation and 
proliferation of effector T lymphocytes and is also 
necessary for maintaining regulatory T cells.100 IL-2 is 
synthesized mainly by activated T lymphocytes after 
antigen recognition. Binding of IL-2 to the IL-2 receptor 
triggers the JAK1/JAK3–STAT5, phosphoinositide 
3-kinase (PI3K)–AKT, and RAS–extracellular signal-
regulated kinase (ERK) cascades, which regulate the 

cell cycle, survival, and proliferation of lymphocytes. 
Therefore, IL-2 primarily reflects the activation and clonal 
expansion of T cells.101,102 Normally, IL-2 supports the 
proliferation of activated CD4+- and CD8+-lymphocytes 
and the development of a cytotoxic response. Moreover, 
it is necessary for the maintenance of forkhead box P3 
(FOXP3)+ regulatory T cells, which limit autoimmune and 
excessive inflammatory reactions.103,104 IL-4 is one of the 
main regulators of the type II immune response. Through 
the IL-4Rα receptor and STAT6 activation, it induces the 
transcription factor GATA binding protein 3 (GATA3) and 
promotes the differentiation of CD4+ lymphocytes in the 
Th2 direction.105 IL-4 also affects B lymphocytes. Together 
with the CD40 signal, it promotes immunoglobulin class 
switching, particularly the formation of immunoglobulin 
E and immunoglobulin G4. Therefore, IL-4 is associated 
with humoral defense, the antiparasitic response, and 
allergic reactions.106,107 In macrophages, IL-4 activates the 
STAT6-dependent alternative activation program. This 
program is associated with limiting acute inflammatory 
reactions, tissue repair, extracellular matrix remodeling, 
and barrier restoration. Current data indicate that this is 
not a single, strictly fixed “M2” state, but a spectrum of 
context-dependent macrophage phenotypes.108,109 IL-4 is 
associated with Th2 differentiation, humoral response, and 
alternative macrophage activation programs, while IL-10 
limits the production of proinflammatory mediators and 
the activity of antigen-presenting cells.110 IL-10 is a central 
cytokine that limits excessive inflammation. Through the 
IL-10 receptor and STAT3, it suppresses the production 
of proinflammatory cytokines and chemokines by 
macrophages and other antigen-presenting cells, reduces 
the intensity of antigen presentation, and limits excessive 
T-cell activation.111 IL-10 also promotes metabolic 
restructuring in macrophages. Experimental studies have 
shown that IL-10 prevents the inflammatory transition 
to increased glycolysis, suppresses mechanistic target of 
rapamycin (mTOR)-dependent processes, supports the 
removal of damaged mitochondria, and thereby limits 
reactive oxygen species formation and NLR family pyrin 
domain containing 3 (NLRP3) inflammasome activation.112 
A predominant increase in IL-10 potentially indicates 
enhanced mechanisms that limit chronic inflammation 
but, in the context of tumor progression, can also weaken 
effective antitumor immune surveillance.113,114 An increase 
in salivary VEGF in ovarian cancer is consistent with the 
simultaneous activation of the inflammatory–angiogenic 
cytokine network. IL-6, IL-8, TNF-α, and MCP-1 support 
the expression of proangiogenic factors, the recruitment 
of myeloid cells, stromal remodeling, and increased 
vascular permeability.115-117 In this system, VEGF may act 
as an effector component linking chronic inflammation to 
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the formation of a pathological vasculature.118 Therefore, 
the identified profile characterizes not unidirectional 
inflammation, but a dynamic balance between tumor-
supporting angiogenic signaling and the attempt of the 
immune system to limit its consequences.

In patients with ovarian cancer, increased MCA content 
in saliva may reflect increased formation and release of 
mucin-like epithelial glycoproteins, as well as changes in 
their O-glycosylation and the availability of recognizable 
epitopes.119-121 An increase in the concentration of NH4

+ 
may be associated with intensified nitrogen catabolism 
and bacterial breakdown of urea and arginine, which 
regulate the acid–base balance of the oral cavity.122,123 An 
increase in the total content of imidazole compounds may 
indicate a restructuring of the metabolism of histidine and 
its derivatives associated with buffering, antioxidant, and 
immunoregulatory processes.124,125 Together, these changes 
characterize a multicomponent metabolic signature, 
including mucin, nitrogen, and histidine-imidazole 
metabolism; however, because salivary parameters are 
nonspecific and imidazole compounds are determined 
analytically, we cannot establish their direct tumor origin.

4.3. Salivary biochemical profile in oral cancer 
patients 

The SHAP analysis revealed that the classification of saliva 
samples as oral cancer–related was determined primarily 
by the low values of the 2,923 cm−1 band height and the 
2,853 cm−1 band height and area. A similar, weaker trend 
was observed for the 1,458 cm−1 band. The 2,923 and 2,853 
cm−1 bands predominantly correspond to asymmetric and 
symmetric stretching vibrations of CH2 groups, while the 
1,458 cm−1 region includes CH2 bending vibrations in 
extended aliphatic regions of fatty acid chains. Therefore, 
the signature identified by the model indicates a reduced 
spectral contribution of salivary CH2-containing lipid 
structures in oral cancer patients. These structures are 
part of phospholipids, sphingolipids, triacylglycerols, 
free fatty acids, lipoprotein complexes, and extracellular 
vesicle membranes. In a study of salivary exosomes from 
oral cancer patients, differences between the tumor and 
control groups were also found in the regions of 2,924 and 
2,854 cm−1, which were attributed to membrane lipids.126 
In that study, these bands were less intense in exosomes 
from oral cancer patients than in healthy individuals, 
consistent with the spectral signature we identified. An 
additional component of the lipid signature was a decrease 
in the height of the 1,396 cm−1 band compared with the 
control group. This region is predominantly associated 
with symmetric deformation vibrations of CH3 groups, 
although in complex biological samples vibrations of 
carboxylate groups and amino acid side chains may also 

contribute. Therefore, the decrease in the height of the 
1,396 cm−1 band may reflect a reduced relative contribution 
of terminal and side methyl groups in lipid and lipoprotein 
structures or a change in their molecular environment. A 
nearby region around 1,404 cm−1 was previously attributed 
in salivary exosome spectra to C–H deformation vibrations 
in acyl residues of lipids and amines, confirming the 
biological information content of this spectral range but 
also indicating its chemical nonspecificity.127

At the same time, patients with oral cancer showed 
a higher 2,923/2,957 band height ratio than the control 
group. Since the 2,923 cm−1 band predominantly reflects 
asymmetric vibrations of the CH2 groups, and the 2,957 
cm−1 band reflects asymmetric vibrations of the CH3 
groups, an increase in this ratio indicates a relative shift 
in the spectral balance toward the methylene component. 
In simplified lipid systems, a higher CH2/CH3 ratio may 
correspond to a higher proportion of internal methylene 
units relative to terminal methyl groups and may be 
associated with changes in the length or degree of 
branching of aliphatic chains.128,129 However, given the 
simultaneous decrease in the absolute intensity of the 
2,923 and 2,853 cm−1 bands, the result obtained should not 
be interpreted as an increase in the total content of CH2-
containing lipids. It is more likely that oral cancer shows a 
decrease in both the methylene and methyl components, 
but the contribution of CH3-linked structures decreases 
relatively more, leading to an increase in the 2,923/2,957 
ratio. Relative intensities of lipid bands have already been 
used to identify structural differences in salivary exosome 
membranes in oral cancer.130,131 Diene conjugates are 
predominantly early products of polyunsaturated fatty 
acid peroxidation, arising from the rearrangement of 
double bonds in the initial stages of free radical damage to 
lipids.132 The reduced content of diene conjugates may be 
associated not with the absence of oxidative stress, but with 
a decrease in available polyunsaturated lipid substrate or 
its rapid conversion to later oxidation products.133 Together 
with the decrease in the intensity of the bands at 2,923, 
2,853, and 1,458 cm−1, this may indicate quantitative and 
qualitative remodeling of the lipid component of saliva in 
oral cancer. Thus, the combination of decreased values of 
2923H, 2853H/S, 1458H, and 1396H with an increased 
2923/2957H ratio may reflect not a simple quantitative 
decrease in lipids, but a qualitative remodeling of the 
aliphatic component of saliva: a change in the ratio of 
CH2- and CH3-containing structures, the composition of 
membrane lipids, lipoprotein complexes, and extracellular 
vesicles. This may be associated with several complementary 
processes.134 First, tumor transformation is accompanied 
by restructuring the synthesis, absorption, and utilization 
of fatty acids necessary for proliferation, formation of 
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new membranes, and intracellular signaling. This can 
lead to a redistribution of lipids among tumor tissue, 
salivary secretion, cellular sediment, and extracellular 
vesicles. Second, rapid renewal of the tumor epithelium, 
apoptosis, necrosis, and inflammatory infiltration alter the 
amount and composition of cellular membrane material 
that directly enters saliva. Third, the secretory function 
of the salivary glands and the composition of the lipid–
protein complexes they secrete can change.135,136 Salivary 
extracellular vesicles have a lipid bilayer and carry lipids, 
proteins, and nucleic acids.137 An additional mechanism 
may be oxidative damage to fatty acid chains. Reactive 
oxygen species initiate peroxidation of polyunsaturated 
phospholipids to form hydroperoxides, malondialdehyde, 
and other reactive carbonyl products.138 The cleavage and 
fragmentation of acyl chains can reduce the number of 
extended –CH2–CH2– sequences, changing the intensity of 
the 2,923, 2,853, and 1,458 cm−1 bands. It is more accurate 
to consider oxidative fragmentation as one of the potential 
components of general lipid remodeling. Changes in fatty 
acid chain composition can affect membrane fluidity, 
permeability, and organization, as well as receptor 
localization, intercellular signaling, and extracellular 
vesicle formation.139

Interferon-gamma is produced primarily by Th1, NK, 
and activated CD8+ cells and enhances antigen presentation, 
cytotoxic responses, and classical macrophage activation. 
Therefore, its decrease in saliva may indicate a weakened 
local Th1 cytotoxic signature. In studies of oral squamous 
cell carcinoma, downregulation of IFN-γ and other Th1-
associated factors has been described in the formation of 
an immunosuppressive tumor microenvironment.140-142 
MCP-1 is a chemokine that recruits C-C motif chemokine 
receptor 2 (CCR2)+ monocytes, which, after migrating 
into tumor tissue, can differentiate into tumor-associated 
macrophages. Therefore, a decrease in MCP-1 in saliva 
may indicate a decrease in the soluble monocyte-recruiting 
signal specifically in oral fluid. However, this does not 
prove a decrease in macrophage numbers in the tumor. 
In the tissue microenvironment, MCP-1 can be produced 
locally by tumor and stromal cells and consumed to 
form a chemotactic gradient, and saliva concentration 
does not necessarily reflect tissue expression.143-145 IL-4 
is a Th2-associated cytokine that promotes alternative, 
M2-like macrophage activation associated with 
inflammation limitation, tissue repair, angiogenesis, 
and immunosuppressive properties.146,147 Therefore, 
a combination of low IFN-γ with a tendency toward 
increased IL-4 can be viewed as a relative shift of the Th1/
Th2 and M1/M2 axis toward a Th2/M2-like response, 
potentially favoring immune evasion and remodeling of 
the tumor microenvironment. In oral cancer, a similar 

combination of IFN-γ suppression and increased IL-4-
associated expression has previously been observed, 
predominantly with higher tumor burden and lymph node 
involvement.148,149 Thus, the combined decrease in MCP-1 
and IFN-γ, with a slight tendency toward an increase 
in IL-4, may reflect a restructuring of the local immune 
response toward less pronounced cell-mediated antitumor 
activity.

A decrease in Ca2+ and F− levels may reflect a change 
in the inorganic composition of salivary secretions and 
a decrease in the delivery of mineral components to the 
oral fluid. For Ca2+, this may be associated with changes 
in acinar secretion, ductal modification of primary saliva, 
protein binding, or the relative contribution of individual 
salivary glands.150-152 A decrease in F− is a less specific 
sign of secretory dysfunction, since its content in saliva 
is largely determined by external intake and recent use of 
fluoride-containing agents.76

Limitations of this study include the small sample 
size and the predominance of advanced cancer stages, 
particularly in oral cancer. The distribution of patients by 
disease stage may significantly affect both the estimated 
diagnostic performance of the model and its potential for 
future use in early cancer detection. Theoretically, more 
advanced tumor progression may be accompanied by more 
pronounced local and systemic metabolic, inflammatory, 
and biochemical changes, which could increase the 
discriminability between the cancer and control groups. 
In this case, model performance calculated on a sample 
with a predominance of advanced stages could potentially 
overestimate its performance in patients with early-stage 
disease. To test this hypothesis, the most informative 
approach would be a stage-specific sensitivity analysis, 
such as evaluating the model separately for early (I–II) 
and advanced (III–IV) stages or training and testing the 
model in the corresponding strata. Such an analysis would 
allow us to determine whether the diagnostic signal is 
maintained at early stages or whether part of the model’s 
discriminatory ability reflects the severity of changes in 
advanced tumor progression. However, in the current 
sample, such an analysis does not appear statistically 
feasible. After stratification by stage, the number of 
observations in individual subgroups, particularly in the 
oral cancer group, becomes too small to reliably train 
and evaluate a multivariable model. This would lead to 
high variability in estimates, wide confidence intervals, 
instability in sensitivity and specificity, and an increased 
risk of overfitting.

5. Conclusion
The XGBoost model correctly classified all cases of ovarian 
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and oral cancer. A permutation test showed that the 
original model was significantly superior to models with 
randomly shuffled labels. SHAP analysis revealed that the 
model’s recognition of the control group was associated 
with features reflecting the relative preservation of salivary 
metabolic homeostasis: amino acid metabolism, redox 
and acid–base balance, moderate immunoinflammatory 
activity, the functional state of buffer systems, and 
aliphatic lipid and lipoprotein components. For the 
ovarian cancer class, cytokine and tumor-associated 
indicators contributed most to prognosis, suggesting a 
systemically mediated immunoinflammatory signature in 
saliva. Oral cancer classification was determined primarily 
by the spectral characteristics of the lipid component, 
potentially reflecting fatty acid chain remodeling, changes 
in membranogenesis, the composition of cellular and 
vesicular material released into saliva, and possible 
oxidative lipid modification. It should be emphasized that 
SHAP characterizes the contribution of individual features 
to model decisions but does not prove causal biological 
mechanisms or the direction of intergroup differences 
without comparison with the underlying data.

Although simultaneously discriminating between 
ovarian and oral cancer is not a typical clinical task, 
the one-versus-all DCA results demonstrate that the 
model retains positive clinical value for each diagnostic 
category, highlighting the potential applicability of the 
approach to more realistic binary screening and triage 
tasks. Furthermore, the multiclass model has independent 
research validity, as it allows simultaneous comparison of 
different salivary signatures: for ovarian cancer, the leading 
predictors were predominantly immunoinflammatory 
markers (IL-6, TNF-α, MCP-1), whereas for oral cancer, 
it was predominantly FTIR spectral signatures. Thus, 
the multiclass model was used primarily to assess the 
differences between systemic and local components of 
salivary profiles, and its clinical application in specific 
binary scenarios requires separate validation.

Decision curve analysis revealed that the XGBoost 
model demonstrates positive net clinical benefit for all three 
classes across a wide range of threshold probabilities and 
significantly outperforms the “treat-all” and “treat-none” 
strategies. These results indicate the potential applicability 
of the model in supporting diagnostic decisions. At this 
stage, the results should be considered preliminary, as they 
represent internal validation estimates based on a single-
center cohort and await external verification.
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