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Abstract
Background Oral mucosal lesions are widespread globally, have a high prevalence in clinical practice, and 
significantly impact patients’ quality of life. However, their pathogenesis remains unclear. Recent evidences suggested 
that hematological parameters may play a role in their development. Our study investigated the differences in 
humoral immune indexes, serum vitamin B levels, and micronutrients among patients with oral mucosal lesions 
and healthy controls. Additionally, it evaluated a Random Forest machine learning model for classifying various oral 
mucosal diseases based on peripheral blood biomarkers.

Methods We recruited 237 patients with recurrent aphthous ulcers (RAU), 35 with oral lichen planus (OLP), 67 with 
atrophic glossitis (AG), 35 with burning mouth syndrome (BMS), and 82 healthy controls. Clinical data were analyzed 
by SPSS 24 software. Serum levels of immunoglobulins (IgG, IgA, IgM), complements (C3, C4), vitamin B (VB1, VB2, 
VB3, VB5), serum zinc (Serum Zn), serum iron (Serum Fe), unsaturated iron-binding capacity (UIBC), total iron-binding 
capacity (TIBC), and iron saturation (Iron Sat) were measured and compared among groups. A Random Forest model 
was applied to analyze a dataset comprising 319 samples with eight key biomarkers.

Results Significant differences were observed between the oral mucosal diseases groups and controls in the 
serum levels of VB2, VB3, VB5, zinc, iron, TIBC, and Iron Sat. Specifically, serum levels of VB2 and VB3 were significantly 
higher in patients compared to controls (*p < 0.05), while levels of VB5, Serum Zn, Serum Fe, TIBC, and Iron Sat 
were significantly lower (*p < 0.05). No significant differences were found for C3, C4, IgG, IgM, IgA, VB1, and UIBC. 
The optimized Random Forest model demonstrated high performance, and effectively classified different disease 
groups, though some overlap between groups was noted. Feature importance analysis, based on the Mean Decrease 
Accuracy and Gini Index, identified VB2, VB3, Serum Fe, TIBC, and Serum Zn as key biomarkers, indicating their 
potential in distinguishing oral mucosal diseases.

Conclusion Our study identified significant associations between the contents of VB2, VB3, VB5, Serum Fe, Serum 
Zn, and other micronutrients and oral mucosal lesions. It suggested that regulating these micronutrient levels could 
be essential for preventing and curing such lesions. The Random Forest model demonstrated high accuracy (94.68%) 
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Introduction
Oral mucosal lesions encompass a wide spectrum of 
conditions affecting the soft tissues and mucosa of the 
oral cavity, which could cause a few sufferings, espe-
cially ulceration, and erosion. Recurrent aphthous ulcers 
(RAU), oral lichen planus (OLP), atrophic glossitis (AG), 
and burning mouth syndrome (BMS) were some of the 
highest incidence rates of oral mucosal lesions in the 
latest epidemiological survey in China, which tortured 
more than 80 million people [1]. It is common for these 
lesions to alternate, overlap, or coexist at different stages 
of their progression, causing clinical complexity [2]. RAU 
is one of the most common ulcerative lesions, with a 
global prevalence rate of approximately 20%, which could 
generate discomfort and reduce the life quality of patients 
[3, 4]. OLP was estimated to affect up to 2% of the general 
population and was classified as an oral potentially malig-
nant disorder in 2017, with the potential to progress to 
oral squamous cell carcinoma (OSCC) [5]. AG impacted 
about 240  million people globally, with a higher preva-
lence in middle-aged and elderly individuals [6, 7]. BMS 
affects approximately 90 to 120 individuals per 100,000, 
while females were seven times more likely to be diag-
nosed compared with males with an average onset age 
of around 59 [8]. Oral mucosal diseases above would 
cause discomfort and reduce their appetite, resulting in 
nutritional deficiencies and immune system disorders [9, 
10]. Meanwhile, several literatures indicated that defi-
ciencies in micronutrients and vitamin B were observed 
in patients with these oral mucosal diseases [11], which 
could also be frequently encountered in clinical practice.

The etiology and pathogenesis of oral mucosal lesions 
remained unclear and multifaceted, marked by signifi-
cant individual variability. While various pathogenic 
factors have been implicated, including immune dys-
regulation, genetic predisposition, systemic conditions 
and environmental influences, a unified understanding 
of their roles has yet to be established [12]. Among these 
factors, hematological parameters have been consid-
ered possible etiological contributors. The blood test is 
a routine and accessible diagnostic tool commonly used 
in outpatient service, offering a convenient and reliable 
method for evaluating nutritional status. Immunologi-
cal mechanisms were considered to play a critical role 
in the development of these lesions [13]. Several studies 
have demonstrated the correlation between oral muco-
sal lesions and alterations in humoral immune markers. 

For example, elevated levels of IgM, IgG, IgA, and IgE 
have been observed in patients with RAU and other oral 
mucosal conditions, suggesting potential disruptions in 
humoral immune function. Furthermore, a significant 
inverse correlation has been reported between Th17 cell 
activity and IgA expression, indicating abnormal humoral 
immunity potentially related to T cell dynamic. Addi-
tionally, abnormalities in hematological indices, such 
as mean erythrocyte volume, mean hemoglobin, serum 
iron (Serum Fe), vitamin B12, and folic acid levels, have 
been detected in patients with RAU and AG compared to 
healthy controls [14]. Moreover, deviations in trace ele-
ments, folic acid, and vitamin B12 levels are closely asso-
ciated with a range of oral mucosal lesions. It is becoming 
a rising problem whether laboratory examinations could 
improve diagnostic accuracy or provide insights into the 
underlying etiological mechanisms of these conditions.

In this study, we sought to evaluate the differences in 
peripheral blood levels of humoral immunity markers, 
micronutrients, and B vitamins between patients with 
oral mucosal lesions and healthy controls. Furthermore, 
we assessed the importance of differential biomark-
ers in classifying diseases by the Random Forest model. 
In clinical research, the Random Forest model, with its 
built-in feature importance evaluation [15], allowed the 
model trained on clinical data to identify biomarkers that 
exhibit more significant changes in the disease. Addition-
ally, the model could recognize combinations of these 
biomarkers through decision trees, helping to distinguish 
between different categories, which showcased its poten-
tial in disease prediction [16].

Materials and methods
Study design and population
This study included 319 participants, including 237 
patients with oral mucosal lesions and 82 healthy con-
trols. Among these patients, 100 had recurrent aphthous 
ulcers (RAU), 35 had oral lichen planus (OLP), 67 had 
atrophic glossitis (AG), and 35 had burning mouth syn-
drome (BMS). The participants were recruited from the 
Department of Stomatology at The First Affiliated Hos-
pital of Wenzhou Medical University between November 
2021 and March 2023. Healthy individuals (n = 82) were 
recruited from the hospital’s physical examination center 
as the control group. The flowchart of the study was dis-
played in Fig. 1.

in classifying disease groups, emphasizing the potential of machine learning to enhance diagnostic precision in oral 
mucosal diseases. Future research should focus on validating these findings in larger cohorts and exploring alternative 
machine-learning algorithms to improve diagnostic accuracy further.

Keywords Oral mucosal lesions, Humoral immunity, Vitamin B, Micronutrients, Machine learning, Random forest 
model
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Patients with oral mucosal lesions were identified 
through clinical presentation and medical history. The 
diagnosis was confirmed by the same physician based 
on clinical findings and supplementary examinations, 
including laboratory tests and pathological examination. 
Healthy controls were selected based on the absence of 

symptoms and systemic diseases, and all participants 
provided written informed consent.

The study was approved by the Ethics Committee in 
Clinical Research (ECCR)of the First Affiliated Hospital 
of Wenzhou Medical University (No. KY2024-R233). All 
procedures were performed in accordance with the Dec-
laration of Helsinki.

Fig. 1 STROBE flowchart of the study
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Inclusion and exclusion criteria
The study included adults diagnosed with specific oral 
mucosal diseases who agreed to provide blood samples, 
while the control group consisted of healthy adults with-
out any reported symptoms or systemic diseases. Patients 
were included aged 18–80 years and diagnosed with one 
of the following oral mucosal conditions: RAU, OLP, AG, 
or BMS. The diagnosis criteria are based on the Interna-
tional Classification of Diseases 11th Revision (ICD-11) 
and the ESMO Clinical Practice Guidelines [17, 18]. All 
participants provided blood samples early in the morn-
ing after an overnight fast. All blood samples were col-
lected by professionals at the blood collection center of 
the outpatient department at The First Affiliated Hospital 
of Wenzhou Medical University.

The exclusion criteria for participants in the study 
group were as follows:

1. Individuals presenting with multiple distinct oral 
mucosal lesions simultaneously.

2. Individuals with oral mucosal lesions of an ulcerative 
nature, such as oral squamous cell carcinoma.

3. Individuals with lesions caused by infectious agents, 
such as bacteria or fungi, or with conditions such as 
AIDS-related oral mucosal lesions.

4. Individuals with specific causes of mucosal lesions, 
such as traumatic ulcers.

5. Individuals with systemic diseases.
6. Individuals with a history of acute infection or recent 

surgical procedures.
7. Individuals who had used systemic medications, 

immunosuppressants, micronutrient supplements, 
or nutritional supplements within the last three 
months.

Medical and laboratory data measurements
All biochemical parameters were analyzed at the Medi-
cal Laboratory Center of The First Affiliated Hospital of 
Wenzhou Medical University, following standardized 
quality control protocols. The parameters included vita-
min B1 (VB1), vitamin B2 (VB2), vitamin B3 (VB3), and 
other relevant biomarkers. The high-performance liquid 
chromatography (HPLC) and ultra-performance liquid 
chromatography-tandem mass spectrometry (UPLC-
MS/MS) systems (API3200MDTM, Shimadzu-LC20-
AD, AB Sciex-API-3) were utilized to quantify vitamin 
B1 (VB1), vitamin B2 (VB2), vitamin B3 (VB3), and 
vitamin B5 (VB5). A 200MD kit was employed for ana-
lyzing water-soluble vitamins. Immunoglobulins (IgG, 
IgA, IgM), complement C3, and complement C4 were 
measured using immunoturbidimetry (LX20PRO auto-
matic biochemical analyzer, Beckman, USA; reagents 
provided by Zhejiang Ilikang Biotechnology Co.). Serum 
zinc (Serum Zn), serum iron (Serum Fe), unsaturated 

iron-binding capacity (UIBC), total iron-binding capacity 
(TIBC), and iron saturation (Iron Sat) were determined 
using the azo-arsenic III method.

Statistical analyses
Data were analyzed using the SPSS software (version 
24.0, IBM Corporation). All data were initially assessed 
for normality using the Shapiro-Wilk test. For nor-
mally distributed data, means and standard deviations 
(mean ± SD) were calculated. One-way ANOVA was 
used for comparing means among multiple groups. If 
significant differences were found, post-hoc pairwise 
comparisons were performed using the Least Signifi-
cant Difference (LSD) test. Non-normally distributed 
data were reported as medians and interquartile ranges 
[m (Q1, Q3)], and the Kruskal-Wallis H test was used for 
multiple group comparisons, with the Bonferroni correc-
tion applied for pairwise comparisons. Categorical data 
were analyzed using the chi-square (X2) test. A p-value 
below 0.05 was regarded as indicative of statistical signifi-
cance for all tests.

Machine learning
Variables and relationships
The Group variable (RAU, OLP, AG, BMS, and healthy 
controls) was designated as the dependent variable, rep-
resenting disease classification. Independent variables 
included serum biomarkers (VB2, VB3, VB5, Serum Zn, 
Serum Fe, TIBC, Iron Sat) that showed significant differ-
ences between groups (*p < 0.05) in statistical analysess. 
These biomarkers were hypothesized to reflect underly-
ing pathophysiological mechanisms, such as micronu-
trient deficiency and immune dysregulation, which may 
influence disease susceptibility and presentation.

Model selection rationale and data preprocess
The Random Forest (RF) model was selected based on its 
demonstrated superiority in handling high-dimensional, 
non-linear biological data and its embedded feature 
selection capability. Data preprocessing involved remov-
ing missing values and converting categorical variables 
into appropriate formats for machine learning analysis. 
The dataset was divided into a training set (70%) and a 
testing set (30%) using stratified sampling to maintain 
class distribution.

Feature selection and hyperparameter configuration
The model’s hyperparameters, such as the number of 
trees and the maximum depth, were optimized through 
5-fold cross-validation to enhance model performance. 
The Random Forest was implemented with ntree = 500 
to ensure model stability. The mtry parameter was opti-
mized via cross-validation, set to 2 after evaluating the 
square root of the number of features. Tree depth was not 
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constrained, allowing growth until the minimum node 
size was reached, balancing model complexity and gen-
eralization. The model’s accuracy, Kappa statistics, and 
confusion matrices were used to assess its performance, 
while the importance of individual features was evaluated 
using the Mean Decrease Accuracy and Gini Index.

Results
General information of the subjects studied
Significant differences were observed in sex, age, and 
onset season among the healthy control group, recur-
rent aphthous ulcers (RAU), oral lichen planus (OLP), 
atrophic glossitis (AG), and burning mouth syndrome 
(BMS) groups (*p < 0.05, Table  1; Fig.  2). Figure  2 

Table 1 Demographic distribution of the patients in different oral mucosal lesions (n, %)
General 
information

control(n = 82) RAU(n = 100) OLP(n = 35) AG(n = 67) BMS(n = 35) H/χ2 
value

P value

Gender 12.453 0.014*
male 36(43.90%) 46(46.00%) 15(42.86%) 15(22.39%) 10(28.57%)
female 46(56.10%) 54(54.00%) 20(57.14%) 52(77.61%) 25(71.43%)

Age(Year) 59.00(50.00, 
68.00)

44.00(18.00, 
70.00)

53.00(36.00, 
70.00)

55.00(36.00, 
74.00)

58.00(44.00, 
72.00)

33.173 < 0.001*

Season 16.942 0.002*
spring 25(30.49%) 22(22.00%) 14(40.00%) 25(37.31%) 8(22.86%)
summer 42(51.21%) 26(26.00%) 5(14.28%) 28(41.79%) 11(31.42%)
autumn 6(7.32%) 28(28.00%) 8(22.86%) 4(5.97%) 12(34.29%)
winter 9(10.98%) 24(24.00%) 8(22.86%) 10(14.93%) 4(11.42%)

Note: *Age does not follow a normal distribution and is represented by the 50th percentile (25th percentile, 75th percentile). Kruskal-Wallis H test was employed to 
perform multiple group comparisons, while a Bonferroni correction test was used to perform pairwise comparisons between groups. * p < 0.05

Fig. 2 Demographic distribution of the patients on different oral mucosal lesions. The onset season (A), age (B) and gender (C) of patients with different 
diseases
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provided a demographic analysis of patients across the 
five groups. Figure 2A showed the seasonal distribution 
of patients within each group. The AG group was more 
likely to occur in autumn and winter, while the RAU 
group and the OLP group were distributed evenly in 
seasons. The BMS group had the highest percentage in 
winter (34.29%). Figure 2B displayed the age distribution 
of patients in each group. The RAU group had the wid-
est range of onset age and the youngest median age of 40, 
while others preferred to occur in middle age and elderly. 
Figure  2C presented the gender distribution, where the 
AG group and the BMS group revealed high incidence in 
females, reaching 77.61% and 71.43, respectively, while 
females were only slightly higher than males in the RAU 
group and the OLP group. The demographic information 
indicated that oral mucosal diseases’ prevalences were 
related to seasonality, age, and gender.

Comparative analysis of peripheral blood biomarkers in 
oral mucosal lesion groups
Comparison of peripheral blood humoral immunity indexes 
in each group
The four oral mucosal lesion groups were elevated com-
pared with the control group, containing complement 
proteins (C3), complement proteins (C4), IgG, IgM, and 
IgA, but there was no statistically significant difference 
(*p > 0.05, Table 2).

Comparison of peripheral blood vitamin B levels in each 
group
The analysis revealed that the levels of vitamin B2 (VB2) 
and vitamin B3 (VB)3 in patients with oral mucosal 
lesions were significantly higher than those in the control 
group, and the RAU group exhibiting the highest vitamin 

B levels overall. Conversely, vitamin B5 (VB5) levels were 
significantly lower in the patient groups compared to 
the control group (*p < 0.05, Table  2; Fig.  3A-C), while 
no significant difference was found in the levels of vita-
min B1 (*p > 0.05, Table 2). Figure 3 showed that the RAU 
group had the widest range for VB2 and VB3, with values 
exceeding 70 and 100, respectively. For VB5, the OLP and 
RAU groups displayed considerable variability, with some 
values reaching up to 150, indicating a broader dispersion 
in these groups.

Comparison of peripheral blood micronutrient levels in each 
group
Statistically significant differences were observed in 
serum zinc (Serum Zn), total iron-binding capacity 
(TIBC), and iron saturation (Iron Sat) levels between 
the four patient groups with oral mucosal lesions and 
the healthy control group (*p < 0.05, Table  2; Fig.  3D-
G), while no significant differences were found in UIBC 
levels (*p > 0.05). Figure 3 illustrated that Serum Zn lev-
els were relatively stable among all groups, mostly rang-
ing from 10 to 20. Serum iron (Serum Fe) levels showed 
greater variability, particularly in the AG groups, with 
some values reaching up to 40. TIBC demonstrated sub-
stantial variability in the OLP and RAU groups, with 
some measurements in the RAU group exceeding 80. 
Iron Sat showed considerable overlap between the con-
trol and RAU groups, generally ranging from 20 to 50.

Random forest model performance and biomarker analysis 
for oral mucosal disease classification
Model performance
We utilized the Random Forest model to assess the per-
formance of different biomarkers. This model achieved 

Table 2 Comparison of peripheral blood biomarker levels in different oral mucosal lesions
indexes health(n = 82) RAU(n = 100) OLP(n = 35) AG(n = 67) BMS(n = 35) F P
humoral immune indexes IgG(g/L) 12.07 ± 2.48b 14.82 ± 14.37a 12.67 ± 2.30 12.51 ± 2.50 12.53 ± 1.73 1.536 0.191

IgA(g/L) 2.44 ± 0.94 2.63 ± 1.07 2.57 ± 0.99 2.35 ± 0.89 2.49 ± 0.79 1.008 0.403
IgM(g/L) 1.06 ± 0.44 1.17 ± 0.56 1.15 ± 0.48 1.11 ± 0.52 1.03 ± 0.47 0.757 0.554
C3(g/L) 1.18 ± 0.21 1.16 ± 0.22 1.16 ± 0.19 1.14 ± 0.173 1.16 ± 0.24 0.383 0.821
C4(g/L) 0.28 ±.085d 0.30 ± 0.10 0.28 ± 0.10 0.31 ± 0.11ae 0.27 ± 0.08d 2.042 0.088

vitamin B content VB1(ng/ml) 2.13 ± 1.35 2.09 ± 1.25 2.10 ± 1.18 2.68 ± 3.00 2.06 ± 1.23 1.412 0.23
VB2(ng/ml) 6.58 ± 4.38bd 13.29 ± 16.34a 9.56 ± 7.66 11.47 ± 15.01a 10.54 ± 9.60 3.481 0.008*
VB3(ng/ml) 18.83 ± 8.70b 26.24 ± 21.28ace 19.92 ± 11.01b 23.70 ± 15.31 19.84 ± 13.58b 3.135 0.015*
VB5(ng/ml) 34.27 ± 19.19cd 32.39 ± 19.52c 25.32 ± 9.38ab 28.07 ± 10.27a 28.11 ± 9.14 2.972 0.02*

micronutrient levels Serum Zn(µmol/L) 14.55 ± 1.74bcde 12.84 ± 2.70a 13.15 ± 2.60a 13.46 ± 2.21a 12.82 ± 1.85a 7.405 < 0.001*
Serum Fe(µmol/L) 19.62 ± 4.70bcde 14.44 ± 5.55a 16.32 ± 6.12a 16.44 ± 7.59a 15.37 ± 4.83a 9.301 < 0.001*
UIBC(µmol/L) 40.48 ± 7.17 42.18 ± 11.95d 38.35 ± 9.66 38.19 ± 10.66b 38.85 ± 9.08 2.102 0.08
TIBC(µmol/L) 60.10 ± 6.33bcde 56.61 ± 9.52a 54.67 ± 7.75a 54.18 ± 7.49a 54.22 ± 7.34a 6.82 < 0.001*
iron saturation(%) 32.84 ± 7.84b 26.37 ± 11.01ad 30.17 ± 11.57 30.13 ± 13.44b 28.77 ± 9.83 4.181 0.003*

Note: After the Normality test and homogeneity of variance test, the measurement data of each group were consistent with normal distribution. T-test was used for 
comparison of the two groups, one-way ANOVA was used for comparison among multiple groups, and LDS test was used for comparison between two groups. aP 
< 0.05 compared with the healthy group, bP < 0.05 compared with the RAU group, cP < 0.05 compared with the OLP group, dP < 0.05 compared with the AG group, 
eP < 0.05 compared with the BMS group, *p < 0.05
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an accuracy of 94.68% with a Kappa statistic of 0.9306, 
indicating substantial agreement beyond chance, and 
revealed great capabilities in classifying different oral 
mucosal lesions. All RAU cases were identified as RAU, 
as was the control group. Only 1 AG case was classified 
as BMS, with a Class Error of 0.021. In the OLP group, 3 
cases were considered AG, and the Class Error was 0.120. 
Unfortunately, the model misclassified 7 BMS cases as 
AG, resulting in a 28% error rate (Table 3).

Furthermore, we evaluated sensitivity and specificity 
(Table 4), drew different receiver operating characteristic 
(ROC) curves according to which (Fig. 4), and calculated 
the Area Under the Curve (AUC) of the Random Forest 
model on different oral mucosal diseases (Table 4). Sen-
sitivity measures the model’s ability to correctly identify 
true positive cases, while specificity indicates its accuracy 
in identifying true negatives. The model performed well 
in RAU, AG, and the control group with high percentages 

Table 3 Sensitivity and specificity of random forest model on different oral mucosal diseases
Actual/Predicted AG BMS Control OLP RAU Class Error
AG 46 1 0 0 0 0.021
BMS 7 18 0 0 0 0.280
Control 0 0 58 0 0 0.000
OLP 3 0 0 22 0 0.120
RAU 0 0 0 0 70 0.000

Fig. 3 Differential peripheral blood biomarker levels in different oral mucosal lesions. The different levels of VB2 (A), VB3 (B), VB5 (C), Serum Zn (D), Serum 
Fe (E), TIBC (F), and Iron Sat (G) within different oral mucosal diseases
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of all parameters, while BMS only got 0.7 of AUC for 
its misclassifying. The overall AUC for the model was 
0.8875, indicating strong distinguishing power in differ-
entiating the disease groups.

The importance of biomarkers in classifying diseases
The model identified several key biomarkers contribut-
ing significantly to disease classification, including VB2, 
VB3, Serum Fe, TIBC, and Serum Zn. Figure 5A depicts 
the accuracy of each biomarker affecting the model, 
while Fig.  5B indicates the importance of correspond-
ing features in classifying diseases. The Mean Decrease 

Accuracy is an indicator for measuring the importance 
of variables, representing the degree of decrease in model 
prediction accuracy when the value of a variable is ran-
domly shuffled in a random forest. It revealed that Serum 
Fe played the most significant role in prediction, fol-
lowed by VB2, TIBC, Serum Zn, VB3, Iron Sat, and VB5 
(Fig.  5A). The Mean Decrease Gini index was a metric 
indicating how each variable contributes to the homo-
geneity of the nodes and leaves in the random forest 
model, and the higher of the index, the more significant 
of the biomarker. Specifically, VB3 has the highest Mean 
Decrease Gini score of approximately 23.5, followed 
closely by VB2 with a score of around 22. Serum Iron 
(Serum Fe) and TIBC also show significant importance 
with scores of about 21 and 19.5, respectively. Serum 
Zinc (Serum Zn) and Vitamin B5 (VB5) have moder-
ate importance with scores near 18, while Iron Satura-
tion (Iron Sat) has the lowest score of approximately 17 
(Fig.  4B). These scores highlight the varying impact of 
each biomarker on the model’s performance, with VB3 
and VB2 contributing the most to disease classification.

Table 4 Sensitivity, specificity, and AUC for random forest model 
on different oral mucosal diseases
Group Sensitivity 

(%)
Specific-
ity (%)

AUC

Recurrent Aphthous Ulcers (RAU) 96.7 96.88 0.88
Burning Mouth Syndrome (BMS) 40.0 100.0 0.70
Control Group 100.0 98.57 0.99
Oral Lichen Planus (OLP) 70.0 98.81 0.84
Atrophic Glossitis (AG) 95.0 90.54 0.93
Overall AUC 0.8875

Fig. 4 Sensitivity, specificity, and corresponding multiclass ROC curves for oral mucosal disease classification using Random Forest model
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Comparative analysis of biomarkers
A comparative analysis of peripheral blood biomarkers 
across different patient groups revealed distinct patterns. 
Elevated levels of VB2 and VB3 were observed predomi-
nantly in the RAU and BMS groups, while reduced levels 
of VB5, Serum Fe, and Iron Sat were noted in the OLP 
and AG groups, as visualized in Fig. 2. Figure 5 visually 
represents the average levels of various biomarkers (VB2, 
VB3, VB5, Serum Zn, Serum Fe, TIBC, Iron Sat) across 
different patient groups (RAU, OLP, control, BMS, AG). 
The color gradient indicates the intensity of each bio-
marker, with darker shades representing higher average 
levels. Notable patterns include the highest level of TIBC 
in the control group (60.1), compared to 56.61 in the 
RAU group, 54.67 in the OLP group, 54.22 in the BMS 
group, and 54.18 in the AG group. The VB2 levels are 
elevated in the RAU group (13.29), compared to lower 
levels in the control group (6.58). Similarly, VB3 lev-
els are highest in the RAU group (26.23) and AG group 
(23.7) while the control group shows a lower average level 
(18.83). Iron Saturation is relatively consistent but slightly 

higher in the control group (32.84) compared to other 
groups like AG (30.13) and BMS (28.77). These variations 
underscore the differential biomarker profiles among 
the groups, which are pivotal for improving the model’s 
diagnostic precision and understanding of the underlying 
pathophysiology of these diseases (Fig 6).

Discussion
Recurrent aphthous ulcers (RAU), oral lichen planus 
(OLP), atrophic glossitis (AG), and burning mouth syn-
drome (BMS) were common oral mucosal lesions, which 
were related to systemic conditions, such as the defi-
ciency of vitamins. Despite having various therapeutic 
regimens, palliative treatment was still mainly applied, 
aiming at pain relief rather than disease cure [19, 20]. 
Previous attempts to correlate oral mucosal lesions with 
systemic deficiencies, particularly vitamin B12, folic acid, 
and iron, have yielded inconclusive results, with some 
studies finding associations while others not [21–23]. 
Machine learning (ML) has gained prominence in health-
care for its ability to classify and predict diseases, which 

Fig. 5 The heatmap of differential biomarker levels on oral mucosal diseases
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could handle high-dimensional data, avoid overfitting, 
and provide interpretability through feature importance 
metrics [15, 24]. Therefore, it was a reliable method to 
distinguish whether biomarkers were effective enough in 
the clinical diagnosis and elucidate the etiology of these 
diseases. In the context of oral mucosal diseases, ML 
offers a non-invasive diagnostic tool by analyzing bio-
markers from peripheral blood samples [25].

This study investigated the role of micronutrients, 
humoral immune indexes, and serum vitamin levels in 
the pathogenesis of oral mucosal lesions. Significant dif-
ferences (*p<0.05) were found between patients with oral 
mucosal lesions and healthy controls, especially in serum 
levels of Vitamin B2 (VB2), vitamin B3 (VB3), vitamin 
B5 (VB5), serum zinc (Serum Zn), iron (Serum Fe), and 
iron-binding capacities, which supported the hypothesis 
that deficiencies or dysregulations in key micronutrients 
may play a pivotal role in the development of oral muco-
sal diseases. ANOVA analysis identified key biomarkers 
that significantly differed between patient groups and 

controls, ensuring that only the most relevant biomark-
ers were included in the subsequent machine-learning 
analysis to enhance the efficiency and interpretability of 
the Random Forest model. The application of the Ran-
dom Forest model further validated the findings from the 
ANOVA analysis. The model achieved a high classifica-
tion accuracy of 94.68%, with a Kappa statistic of 0.9306, 
indicating substantial agreement beyond chance. These 
metrics suggested that the selected biomarkers, particu-
larly VB2, VB3, Serum Zn, Serum Fe, and total iron-bind-
ing capacity (TIBC), were not only statistically significant 
but also highly predictive of oral mucosal diseases.

Immunological factors included aberrant humoral 
immune function, aberrant cellular immune function, 
and autoimmunity. Commonly employed indicators of 
humoral immune analysis include complement C3, com-
plement C4, antinuclear antibodies, immunoglobulins, 
and markers of inflammatory response. The most com-
monly employed method for evaluating humoral immune 
function was measuring serum immunoglobulin, which 

Fig. 6 Annotated heatmap of biomarker levels across group
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could provide insight into the presence of infections, per-
sistent inflammation, immunodeficiency, and systemic 
immune diseases [26, 27]. The complement proteins C3 
and C4 are primarily responsible for neutralizing viruses, 
promoting phagocytosis, complement activation, and 
preventing immune complex deposition [28]. The results 
of this study demonstrated that four oral mucosal disease 
groups exhibited elevated levels compared to the control 
group (C3, C4, IgG, IgM, IgA) without statistically signifi-
cant difference. It may indicate that oral mucosal disease 
was not strongly related to humoral immunity. Besides, it 
may also be related to several factors, including the small 
sample size, the single test index, the lack of valid pairing, 
the lack of follow-up, and the lack of multi-center study 
design employed in this study. In the future, it would be 
beneficial to increase the sample size or analyze the data 
in conjunction with cellular immunity indicators, among 
other factors.

Micronutrient levels, particularly vitamins and trace 
elements, played crucial roles in various physiological 
processes, whose imbalance could lead to disease [29]. 
For example, Vitamin B, a water-soluble vitamin that 
could not synthesized by the body, must be supplemented 
externally [30]. Stress, poor diet, certain medications, 
and high consumption rates could lead to a deficiency of 
it [31]. Several studies have linked vitamin B to epithelial 
disease pathogenesis, including its impact on one-carbon 
metabolism and the risk of conditions like gastric can-
cer [32]. Vitamin and micronutrient supplementation, 
such as Vitamin B and Serum Zn, has shown potential in 
alleviating symptoms of oral mucosal diseases, including 
pain and burning sensations in burning mouth syndrome 
[33]. Previous studies have focused on vitamin B12 and 
lipids in the context of oral mucosal lesions and con-
cluded that vitamin B12 deficiency may be an etiological 
factor in recurrent aphthous stomatitis (RAS) [34]. How-
ever, there has been few investigations of the other sub-
classes of vitamin B. This study demonstrated that there 
were significant differences in VB2, VB3, VB5, Serum 
Zn, Serum Fe, TIBC, and iron Sat among four groups. 
The levels of VB2 and VB3 were significantly higher than 
those in the control group (*p < 0.05). It has been estab-
lished that VB2, VB3, and VB5 played essential roles in 
oxidative reactions and the maintenance of mitochon-
drial functions [35], which was also vital for the citric 
acid cycle and its intermediate product [36].

Our study revealed significant differences in VB2, 
VB3, and VB5 levels between patients with oral mucosal 
lesions and healthy controls, with VB2 and VB3 being 
significantly higher in the disease groups (*p < 0.05). It 
suggested a potential dysfunction in the mechanisms 
regulating oxidative stress. FMN and FAD, were active 
forms of VB2, known as essential coenzymes for redox 
enzymes, which played a critical role in the regulation of 

oxidative stress by facilitating key metabolic processes, 
including the oxidative respiratory chain, fatty acid and 
amino acid oxidation, and the citric acid cycle, which col-
lectively helped maintain redox homeostasis in the body 
[37]. Another potential mechanism involves the immune 
regulatory functions of MAIT cells (mucosal-associated 
invariant T cells), where Vitamin B metabolites play a 
crucial role in their activation. MAIT cells, abundantly 
exsisting on oral mucosal surfaces, were closely linked 
to Vitamin B2 metabolites [38]. These metabolites circu-
lated throughout the body, influencing the development 
and maturation of MAIT cells in the thymus, as well as 
their functional activity and ability to recognize VB2 
metabolites [39]. It suggested that VB2 may be immu-
nologically involved in the pathogenesis of oral mucosal 
diseases. In addition, we observed significantly lower lev-
els of VB5, Serum Zn, Serum Fe, iron-binding capacity, 
and transferrin saturation in patients with oral mucosal 
lesions, implicating these micronutrients took effect in 
the etiology of oral mucosal lesions. Studies have shown 
an association between oral mucosal diseases and gastro-
intestinal mucosal disorders [40]. Therefore, it was plau-
sible that gastrointestinal diseases, which would impair 
the absorption of key micronutrients such as vitamins 
and minerals, contributing to nutrient deficiencies [41], 
including vitamins, folate, iron, and zinc, suggesting that 
the mechanism linking oral mucosal diseases to nutri-
ent deficiencies may be mediated through gastrointesti-
nal disease pathways. For instance, a Zinc-deficient diet 
could lead to parakeratosis in normally orthokeratinized 
oral mucosa, while iron participating in collagen syn-
thesis suggested that significant reductions in Serum Fe 
levels could impair oral mucosal formation. Deficiencies 
in these elements may result in clinical symptoms such 
as loss of filiform papillae and abnormal mucosal thick-
ening, which are aligned with the typical manifestations 
of some oral mucosal diseases [42]. Furthermore, inflam-
matory changes in the tongue mucosa are often associ-
ated with a burning sensation, especially in cases of 
vitamin B1 deficiency. It can be attributed to the essen-
tial role of thiamine (VB1) in energy production, nerve 
impulse transmission, and the maintenance of the myelin 
sheath [43].Previous research has identified correla-
tions between these biomarkers and conditions such as 
anemia, vitamin B12, and folic acid deficiencies, which 
are more common in patients with oral mucosal lesions 
compared to controls [3, 44]. By excluding patients with 
systemic diseases, this study specifically focused on com-
paring the differences in these indicators among patients 
with mucosal diseases, as these parameters could be 
easily influenced by gender, age, and overall health con-
ditions. It was reported that notable differences in hema-
tological parameters were observed among RAS patients 
when stratified by gender and age groups, which was in 
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accordance with our study [45]. The prevalence of serum 
ferritin deficiency was significantly higher in young and 
middle-aged female patients [46], while serum folate 
and vitamin B12 deficiencies were more prevalent in 
the young adult male population [45]. A study indicated 
that Cu and Zn concentrations were notably higher in 
men compared to women. Additionally, it found a posi-
tive correlation between body mass index and Cu levels 
specifically in men, while smoking was linked to reduced 
Se levels in the male population [47]. It indicated that 
gender and age could significantly impact hematologic 
paremeters, while other systemic factors, such as smok-
ing and body mass index would also influence these 
indicators.

Mental factors were also thought related to oral muco-
sal diseases. It was reported that OLP patients showed 
higher levels of stress, anxiety and depression, who were 
also detected higher level of serum cortisol [48]. Never-
theless, there was an opposite viewpoint in RAU. It was 
reported that anxiety, depression and stress would not 
increase the risk of RAU, but sleep quality would [49, 
50]. Further study is needed to explore the connection 
between mental variables and oral mucosal lesions.

This study utilized the Random Forest model from 
machine learning, training and validating with our own 
dataset. In addition to successfully constructing the 
training model, it also achieved high accuracy. Machine 
learning aids in processing complex clinical datasets, 
enabling automatic identification of biomarkers crucial 
for disease classification and prediction [51]. For condi-
tions like oral mucosal diseases, which are challenging to 
diagnose, the application of machine learning in person-
alized medicine, disease prediction, and treatment moni-
toring could significantly assist both healthcare providers 
and patients in health management better [52]. A study 
reported that multiple models had been successfully con-
structed, utilizing 50 features derived from blood routine 
and biochemical detection data, to diagnose various car-
diovascular diseases [53]. With larger datasets and more 
rigorous study designs, machine learning algorithms 
could lead to the development of highly accurate disease 
prediction models, which could be stably applied in clini-
cal practice at the personalized level in the future [54].

This study examines a range of common oral mucosal 
lesions, comparing them with healthy controls to provide 
insights into the biomarkers associated with these condi-
tions. By analyzing both traditional immune parameters 
(e.g., immunoglobulins and complements) and micronu-
trient levels, the study offered a comprehensive under-
standing of their potential role in the pathophysiology 
of oral mucosal lesions. The model demonstrated high 
diagnostic precision in classifying these diseases, with 
feature importance analysis highlighting key biomarkers, 

including VB2, VB3, Serum Fe, TIBC, and Serum Zn as 
significant contributors to classification accuracy.

However, there were still several limitations of the 
Random Forest model, even though it exhibited robust 
performance. First, despite the model’s overall high accu-
racy, it showed lower sensitivity in classifying BMS cases, 
indicating a more complex etiology of this condition and 
potential data imbalances in the dataset. It was a com-
mon issue in machine learning models, where minority 
classes were often underrepresented, leading to poorer 
classification performance for these groups. To address 
this problem, future studies should balance datasets more 
effectively, either through over-sampling, under-sam-
pling, or advanced methods such as SMOTE (Synthetic 
Minority Over-sampling Technique) [55, 56]. Moreover, 
the cross-sectional design of this study limited the abil-
ity to draw causal inferences between micronutrient lev-
els and disease onset or progression. Longitudinal studies 
were needed to clarify whether these biomarkers played 
roles in disease initiation or were merely a consequence 
of the disease state. Additionally, while the Random 
Forest model demonstrated effectiveness in classifying 
the disease groups, the lack of external validation lim-
ited the generalizability of these findings. Despite being 
robust and widely utilized in clinical research, the Ran-
dom Forest model had certain limitations that need to be 
addressed, one of which was the risk of overfitting, par-
ticularly when the sample size was small [57]. Meanwhile, 
the model’s effectiveness in clinical applications largely 
depends on its ability to generalize across diverse patient 
populations. Factors such as demographic variability, 
regional differences in disease prevalence, and variations 
in clinical settings could significantly impact its general-
izability [58, 59]. Therefore, Future research should pri-
oritize validation of the Random Forest model in larger, 
multicenter cohorts to confirm its generalizability across 
diverse populations.Additionally, building upon the bio-
marker associations identified in this study, future inves-
tigations could employ correlation analysis, multi-omics 
integration, or causal modeling approaches to dissect the 
interplay between micronutrient profiles. Another limita-
tion lied in the scope of biomarkers analyzed. While this 
study focused on micronutrients and selected humoral 
immune indexes, the inclusion of cellular immune mark-
ers and other relevant biomarkers, such as inflammatory 
cytokines, fat-soluble vitamins (A, D, E, K), other water-
soluble vitamins like vitamin C, and clinical phenotypes 
such as age, sex, pain symptoms, grade of the lesion could 
provide a more comprehensive understanding of the 
pathophysiology underlying oral mucosal lesions [60]. 
Especially, due to the overlap in clinical presentations 
of different mucosal diseases, further rigorous research 
considering disease severity was essential to refine the 
study’s conclusions. For example, RAS ranges from mild 
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to severe, and oral lichen planus includes both typical and 
severe ulcerative or bullous types. Whether variations in 
the variables included in this study existed between dif-
ferent subtypes of the same disease, or whether similar 
clinical symptoms, such as ulcers, lead to differing con-
clusions for different diseases, required further investi-
gation. Furthermore, exploring other machine learning 
algorithms, such as Support Vector Machines (SVM) [61] 
or Neural Networks [62], could enhance diagnostic accu-
racy, particularly for diseases like BMS, where classifica-
tion remains challenging.

Conclusion
This study demonstrated the utility of combining tra-
ditional statistical methods, such as ANOVA, with 
machine learning techniques like Random Forest to clas-
sify oral mucosal diseases. Key biomarkers, such as vita-
mins B2, B3, B5, serum iron, and zinc, were identified as 
significantly associated with these conditions. The Ran-
dom Forest model achieved high classification accuracy 
(94.68%), highlighting its potential to improve diagnostic 
precision. These findings suggested that monitoring the 
levels of specific vitamins and micronutrients could aid 
in the diagnosis and management of oral mucosal lesions. 
However, further research with larger cohorts and exter-
nal validation is needed to confirm these associations and 
optimize the application of machine learning in clinical 
diagnostics.
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