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Abstract

:

Dental fluorosis is an irreversible condition caused by excessive fluoride consumption during tooth formation and is considered a public health problem in several world regions. The objective of this study was to evaluate the capability of micro-Raman spectroscopy to classify teeth of different fluorosis severities, applying principal component analysis and linear discriminant analysis (PCA-LDA), and estimate the model cross-validation accuracy. Forty teeth of different fluorosis severities and a control group were analyzed. Ten spectra were captured from each tooth and a total of 400 micro-Raman spectra were acquired in the wavenumber range of 250 to 1200 cm−1, including the bands corresponding to stretching and bending internal vibrational modes ν1, ν2, ν3, and ν4 (PO43−). From the analysis of the micro-Raman spectra an increase in B-type carbonate ion substitution into the phosphate site of the hydroxyapatite as fluorosis severity increases was identified. The PCA-LDA model showed a sensitivity and specificity higher than 94% and 93% for the different fluorosis severity groups, respectively. The cross-validation accuracy was higher than 90%. Micro-Raman spectroscopy combined with PCA-LDA provides an adequate tool for the diagnosis of fluorosis severity. This is a non-invasive and non-destructive technique with promising applications in clinical and epidemiological fields.
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1. Introduction


Dental fluorosis is an irreversible condition characterized by the hypomineralization of the dental structure that occurs during tooth formation. Children chronically exposed to high levels of fluoride in the first six years of life will develop dental fluorosis in the permanent dentition [1]. This condition affects millions of people worldwide. The mild form of fluorosis is the most prevalent [2]. The main source of fluoride is groundwater, which is frequently of geological origin. Several fluoride belts have been identified: one running through Turkey, Iraq, Iran, Afghanistan, India, Northern China, and Thailand, and another one stretching from Syria through Jordan, Egypt, Libya, Algeria, Sudan, and Kenya [2]. In the Americas, some regions have high fluoride content in groundwater, including some southern areas of the United States and Northern Mexico [3,4].



An increase in dental fluorosis has been identified in several countries [5,6]. This condition is considered a late sign of the chronic consumption of fluoride, and it is a sensitive indicator of high fluoride exposure during infancy [7]. Fluoride can provide protection against dental caries when used properly. In fact, fluoridation of drinking water was designated by The Centers for Disease Control and Prevention in the USA, as one of the 10 most important public health achievements of the 20th century, due to its benefits in dental caries prevention shown since the 1960s [8]. Additionally, salt fluoridation has also demonstrated its ability to prevent and control dental caries [9]. The very mild and mild categories of fluorosis have been associated with a low risk of dental caries [10]. Conversely, high fluorosis severity is associated with higher caries experience and lower oral-health-related quality of life [4,11].



The external structure of teeth is dental enamel, which is the hardest tissue in the human body. Dental enamel has a high mineral content (95–98%) and it structured in long and parallel hydroxyapatite-type crystals rods with an interlaying organic matrix (0.2–2.0%) [12,13]. Hydroxyl calcium phosphate is the main mineral constituent of the teeth (OHAp), represented by Ca5(PO4)3(OH). The general structure of the enamel crystals is a hexagonal system, with a symmetry that corresponds to the spatial group P63/m. OHAp belongs to a large group of minerals called apatites. Their chemical composition is Ca10(PO4)6X2, where X can be OH (hydroxyapatite, OHAp), fluoride F (fluorapatite, FAp), chloride Cl (chlorapatite, ClAp) [14], etc. Substitution can occur at multiple sites of the hydroxyapatite crystals. In A-type carbonate substitution, carbonate ions can substitute into the hydroxyl site, and in B-type carbonate substitution, carbonate ions can substitute into the phosphate site. At low concentrations, various minerals (Mg, Na, Si, and Sr) and fluoride can substitute into the apatite lattice [15,16]



Teeth with mild dental fluorosis present white horizontal lines on the enamel; as the level of fluorosis increases, these lines are more pronounced and confluent, becoming opacities that can be white or brown in color. Teeth with severe fluorosis present post eruptive loss of enamel and the entire appearance of the tooth could deteriorate [17]. The clinical assessment of dental fluorosis severity can be difficult, but it is important to accurately evaluate fluorosis to detect geographical regions with an increased risk of dental fluorosis and to identify changes in the time trends of fluorosis. Preventive programs of dental caries and fluorosis would benefit from the accurate assessment of this condition.



Raman spectroscopy is a noninvasive and nondestructive optical scattering technique used to analyze the materials’ molecular structure. The Raman effect occurs when a light beam hits the surface of a specimen, and some of the scattered photons undergo an energy change. Each molecule has characteristic vibrational modes, constituting a fingerprint of the molecule. Raman spectroscopy is used to capture these vibrational modes and express them as a series of peaks in the spectrum that characterize a specific molecule or tissue. Raman spectroscopy has been used in the study of developmental anomalies of dentition, such as dental fluorosis and molar-incisor hypomineralization or oral disease such as dental caries [13,18,19]. A study using Raman spectroscopy for chemically mapping the enamel and dentin in teeth with molar–incisor hypomineralization found that the severity of the lesion is associated with disorders in the hydroxyapatite crystals and the presence of organic species. The authors concluded that Raman spectroscopy could be a valuable instrument in the study of changes in enamel-related hypomineralization defects [13].



The analysis of Raman spectra generally involves multiple variables, and compressed data statistics techniques are applied. Principal component analysis (PCA) has successfully been used for reducing Raman spectra dimensionality [20]. The combination of PCA with linear discriminant analysis (PCA-LDA) is a powerful statistical tool for screening and data analysis in health sciences. This technique allows for the building of machine learning models, which can be used to classify new samples [21,22,23,24]. A better understanding of the crystal structure of fluorotic enamel and its relationship with clinical presentation may contribute to improving the diagnosis of this condition.



Raman spectroscopy has been extensively used to analyze the molecular structure, chemical composition, and intermolecular interactions of several biomaterials [25,26,27]. However, this technique has seldom been used in the study of changes produced by fluoride in dental tissues [18,28]. As such, the objective of this study was to apply micro-Raman spectroscopy to classify teeth with different fluorosis severities using the PCA-LDA model and to estimate its cross-validation accuracy for the diagnosis of dental fluorosis.




2. Materials and Methods


2.1. Sample


Teeth were selected from the northern-central area of Mexico, where the range of water fluoride was 0.1 to 4 ppm [29]. The samples used in this study were obtained from teeth that were extracted at the Ministry of Health Public Dental Clinics and donated by patients; the age range of the patients was from 18 to 35 years. Twelve premolars and twenty-eight molars were included in the study sample. The reasons for extraction of the teeth were orthodontic treatment, prosthesis placement, and dental caries. No restorations were present in the teeth. In this study, the buccal surfaces were selected for fluorosis assessment. Teeth with stains or fractures on the buccal surface were excluded. Special precautions were taken to select teeth without non-cavitated (white spots) to extensive cavitated caries or lesions on these surfaces, applying the ICDAS index. (ICDAS 2009) [30]. The Russell’s criteria, adapted by Pendrys, were applied for differential diagnosis of milder forms of enamel fluorosis from non-fluoride enamel opacities [31].



The transportation guidelines of the Mexican Ministry of Health for biological specimens were followed [32]. The protocol was approved by the Scientific Committee of the Doctoral Program in Physics, Universidad Autónoma Metropolitana-Iztapalapa and its ethical aspects were reviewed and approved (CBI.AP.962.2015).




2.2. Fluorosis Classification


Dental fluorosis was assessed using the Thylstrup and Fejerskov Index (TFI). This index has 10 scores related to the histological features behind each individual fluorosis category. The initial levels are associated with horizontal narrow lines following the perikymata; moderate forms of this condition show the entire tooth surface as opaque or chalky white with small areas of pitting with loss of enamel <2 mm. Severe forms have confluent pitting derived from loss of horizontal bands of enamel. In the highest category there is loss of the main parts of the enamel, noticeably changing the appearance of the tooth [17]. The TFI was recorded independently by two trained and calibrated examiners (MEI and AMG) who had participated in the criteria standardization process of the National Oral Survey of Caries and Fluorosis in Mexico. When disagreement between examiners occurred during the classification of fluorosis severity, a discussion took place and agreement was reached. The teeth examined were classified into four groups: sound enamel (TFI = 0), mild (TFI = 1–3), moderate (TFI = 4–6), and severe (TFI = 7–9). A total of 40 erupted posterior teeth were included, 10 in each fluorosis category group, and 10 with sound enamel, as negative controls.




2.3. Sample Preparation


After extraction, teeth were stored in deionized water saturated with 0.1% thymol until taken to the laboratory for processing. The samples were washed with deionized water to eliminate organic material and grease from the teeth and each one was sonicated in a deionized water bath for 30 min (Ultrasonic Cleaner with Timer, 8890R-MYH model, Cole Parmer, Vernon Hills, IL, USA). The teeth were air-dried (Dust-Off Compressed Air, Edmund Optics, Barrington, NJ, USA) before Raman spectra acquisition.




2.4. Micro-Raman Spectroscopy


Raman spectra were captured on a T64000 triple spectrometer (Horiba Jobin Yvon, Edison, NJ, USA) using a green laser at 532.1 nm (Laser Quantum DPSS, Ventus 532 + mpc 6000, Laser Quantum, Stockport, Cheshire, UK) and a confocal microscope with a 100× objective (Olympus, 20097 Hamburg, Germany). Each spectrum was formed by 10 accumulations of 60 s. The spectra were acquired from representative tooth enamel fluorosis regions, mapped on the sagittal axis of the buccal surface, forming approximately a perpendicular angle with the perikymata lines. Ten different points were chosen with a 100 µm gap between each, parallel to the longitudinal axis of the tooth sampled from a rectangular micro-area of 400 µm x 100 µm, as illustrated in Figure 1 (Digital Microscope AMH DUT Dino Lite Dentiscope, Zervex, Singapore). The power of the beam was 20 mW. The Raman equipment was calibrated using a silicon semiconductor and a 520 cm−1 peak was selected for this purpose. LabSpec software (Horiba, Kyoto, Japan) was used for setting control and spectra acquisition. The spectral resolution was 0.1 cm−1.



All the row spectra were pre-processed to remove differences related to baseline and scale. Smoothing was performed with a local polynomial regression fitting function and concave rubber band baseline correction was performed using hyperSpecJSS software [33] and R software (R Core Team 2017), R language, and environment for statistical computing (R Foundation for Statistical Computing, Vienna, Austria). Additionally, each spectrum was normalized by the total area of the Raman spectrum in the wavenumber range of 250 to 1200 cm−1. From the 40 teeth sampled, a total of 400 Raman spectra were collected: 100 spectra from 10 sound teeth, and 300 from the 30 teeth with fluorosis.



The Raman spectrum of OHAp is strongly dominated by the internal vibrational modes of the phosphate group [34]; the PO43− bands are shifted in relation to free ion normal mode due to the crystalline field effect [35]. Penel et al. provided the band wavenumber and associated assignment of the main dental enamel bands as follows: ν1 (PO43−) at 959 cm−1, ν2 (PO43−) at 433 and 450 cm−1, ν3 (PO43−) at 1026, 1043 and 1071 cm−1, and ν4 (PO43−) at 579, 588 and 608 cm−1. The band at 1071 cm−1 is representative of the B-type carbonate substitution in the hydroxyapatite [14]. The region selected in this study was 250–1200 cm−1 for including these bands.




2.5. Statistical Analysis


The Raman spectra means were obtained for the sound, mild, moderate, and severe categories. Raman spectra provide multidimensional data (this is the case when the number of variates is larger than the number of specimens observed). ANOVA was used to test differences between means of peak heights and between band integral ratios among fluorosis categories. LDA was applied for classification of multiple groups. Prior to the LDA, a reduction in the spectrum dimensions was achieved using PCA. This analysis was used to transform the original information of the spectra into a reduced new set of variables in the PCA space, considering the variables’ inter-correlations. A quadratic discriminant analysis (QDA) model (PCA-QDA) was also fitted for the discrimination of fluorosis severity. Statistical significance was set at α < 0.05. The statistical analysis was performed using R packages (R Foundation for Statistical Computing, Vienna, Austria).





3. Results


A total of 400 spectra of dental enamel were analyzed. The spectra were acquired from 40 teeth: 10 teeth from each of the three dental fluorosis categories studied (mild, moderate, and severe) and 10 sound controls. Ten spectra were obtained from each tooth. The mean normalized Raman spectra for each dental fluorosis category and control samples are depicted in Figure 2. The internal vibrational modes of the phosphate ion (PO43−) in the hydroxyapatite are presented. All the spectra exhibited the same general pattern bands, but differences in peak intensity were observed among the dental fluorosis categories. The highest peak corresponding to the symmetric stretching vibrational mode ν1 (PO43−) was present at 960 cm−1. The height of this peak was inversely associated with fluorosis severity, as severity of fluorosis increased as the height of the peak decreased (p < 0.001). The peaks associated with the bending vibrational mode ν2 (PO43−) were observed at 431 and 446 cm−1. Peaks corresponding to the asymmetric stretching vibrational mode ν3 (PO43−) were observed at 1025 and 1053 cm−1 with a shoulder at 1044 cm−1. The peaks and shoulder corresponding to the bending vibrational mode ν4 (PO43−) were detected at 579, 590, and 615 cm−1. The characteristic symmetric vibrational mode ν1 (CO32−) was observed at 1071 cm−1. No significant differences were found in the height of the internal vibrational mode ν2 (PO43−) between the mild and healthy categories (p > 0.05).



Figure 3 depicts the histogram of the peak height at the 960 cm−1 band associated with vibrational mode ν1 (PO43−). A large overlapping between the moderate and severe histograms was detected and smaller overlapping between the other categories was observed.



ANOVA was performed to compare the mean band integral ν1 (CO32−)/ν1 (PO43−) ratio among the dental fluorosis categories analyzed. The results indicated a significant difference in this band integral ratio; the mean of this ratio increased as the fluorosis category increased (p < 0.001). Tukey’s test showed significant differences in this ratio between all pairs of fluorosis severity categories (p < 0.001) except between sound and mild groups (p = 0.350).



3.1. Principal Components Analysis and Linear Discriminant Analysis


A PCA model was built using the normalized Raman spectra. The spectra region studied ranged from 250 to 1200 cm−1. PCA was used to reduce the dimensionality of the complex Raman spectra and to create a new space (PCA space) with the orthogonal axis defined by the eigenvectors. The first principal component (PC1) explained 51.27% of the variance, the second 13.73%, and the third 12.49%. From the fourth to the sixth PCs, the explanation was low, around 1%. The total variance explained by the first three principal components was 77.49%. Figure 4 presents the scatter plot in PCA space where each point corresponds to one spectrum and the clusters observed are related to each of the fluorosis severity categories and the control group. Samples of sound enamel are situated in the negative values of PC1; as severity increases, the points are situated toward the positive values of PC1. PC2 contributed to differentiating the cluster formed by the sound and mild categories.



Figure 5 depicts the loadings for PC1 and PC2. For PC1, the main loading corresponded to ν1 (PO43−), situated at 960 cm−1, whereas its role in PC2 was minor compared with the loadings of the bands located at 446 and 579, which correspond to the vibrational modes ν2 (PO43−) and ν4 (PO43−), respectively, and 1025 and 1053 cm−1, which correspond to the ν3 (PO43−) vibrational mode.




3.2. Linear Discriminant Analysis and cross-Validation Analyses


Linear discriminant analysis (LDA) was constructed using the scores obtained from the first three PCs. LDA constructed discriminant functions that allowed us to classify samples based on the probability of belonging to a certain category. To build the model, the spectra data were partitioned into two subsets: the first one was used as the training set to develop the model, and the second one was used to test the model through a cross-validation process. This partition was completed by applying a random stratified sampling method; 70% of the teeth were included in the training set (7 teeth from each category) and 30% of the teeth were included in the test set (3 teeth from each fluorosis category). Therefore, 280 and 120 spectra were used for the training and test sets, respectively.



The first discriminant function (LD1) was:


LD1 = 0.2883(PC1) + 0.1326(PC2) + 0.0392(PC3)











The percentage of the between-class variance explained by the first and second linear discriminant functions were 96.5% and 3.5%, respectively.



LDA correctly classified 262 spectra, for a 93.58% training accuracy. In the test set, 110 spectra were correctly classified by the model, resulting in a cross-validation accuracy of 91.67%. Table 1 presents the correct classification probabilities of the test sample for the fluorosis categories. A sound tooth had a 0.97 probability of being correctly classified, and a tooth with severe fluorosis had a 0.93 probability of being correctly classified.



Figure 6 presents the partition plot in PCA space. Colored regions set the limits of each classification area. The observation that fall into a particular colored region correspond to its LDA-predicted membership. Most of the observations fell into the region corresponding to the clinically defined fluorosis category.



Table 2 presents the specificity, sensitivity, and accuracy of the different fluorosis categories. The highest sensitivity (98.9%) was achieved between fluorosis presence (mild, moderate, or severe) and sound teeth. A 100% specificity was obtained when comparing the severe and moderate categories with the mild and sound group. The comparison of the other categories attained a specificity higher than 94%. Similarly, accuracy was also high. The quadratic discriminant analysis showed a cross-validation accuracy of 90.0%, which was lower than that obtained by LDA.





4. Discussion


The findings of this study reveal that dental fluorosis severity can be assessed using micro-Raman spectroscopy and PCA-LDA models. The micro-Raman spectra studied showed that the intensity of the ν1 (PO43−) peak at 960 cm−1 decreased as fluorosis severity increased. This characteristic supports the notion that the 960 cm−1 peak could be useful in the identification of teeth with dental fluorosis [36]. However, as depicted in the histogram of the peak height of ν1 (PO43−), good classification of fluorosis severity is not yet possible since strong overlapping occurs among fluorosis categories, particularly between the moderate and severe fluorosis levels. The intensity of the ν1 (PO43−) band is produced not only by the chemical composition and structure of the enamel crystals, but also by the specific orientation of the apatite crystals with respect to the incidence beam of light and the angle at which the dispersion light is observed. Consequently, the fluorosis classification based only on this information may produce ambiguous results. This phenomenon has already been reported by Buchwald et al. [37].



In the current study, the peak integral ratio 1071/960 cm−1 (carbonate/phosphate ratio) significantly increased as fluorosis severity increased. Consequently, the results indicate that the B-type substitution increases as the severity of fluorosis increases. A previous study using Raman spectroscopy found a significant association between carbonate content, crystallinity, and the mechanical properties of the apatite, such as modulus and hardness. Higher carbonate levels have been associated with lower quality of dental enamel caused by the changes in apatite crystallinity [38]. Crystallinity affects the mechanical properties of dental enamel. Consistently, in a study of the biomechanical properties of irradiated bone, an increased carbonate/phosphate ratio was associated with a decrease in crystallinity compared with non-irradiated controls. Irradiated bone is more brittle and has a higher risk of fractures than healthy bone [39]. The enamel biomechanical properties have implications for treatment options related to tooth restoration design and materials, impacting the longevity of the restorations.



The PCA model fitted in this study showed that the points in 3D PCA space formed clusters according to the level of dental fluorosis, implying that the samples in each category have similar chemical compositions and structures [13]. The PC1 axis allowed the spreading of these clusters in 3D PCA space. The intermediate categories, mild and moderate, were located between the extreme categories. PC2 and PC1 jointly aided to separate the mild category from the sound group in this space. The PCA results reveal that this analysis is adequate for reducing the dimensionality of micro-Raman fluorosis spectra.



The loading of the eigenvectors showed that the vibrational mode ν1 (PO43−) at 960 cm−1 has a dominant role in PC1, but a minimal contribution to PC2, which depends on the internal vibrational modes ν2, ν3, and ν4 (PO43−). This information reflects the need to include other vibrational modes besides ν1 (PO43−) in the analysis of the spectra for dental fluorosis diagnosis.



The linear discriminant analysis used the first three PCs for the construction of discriminant functions. The results showed that the first discriminant function (LD1) explained 96.5% of the between-class variance, providing an adequate separation between fluorosis groups. The partition plot illustrates the acceptable capability of the model to classify teeth with fluorosis. These results favor the application of a quantitative criteria to allocate samples to a fluorosis category according to the key features of their spectra. The cross-validation accuracy was good (91.7%); accordingly, the sensitivity and specificity were high. Another study using micro-Raman spectroscopy and PCA have reported similar results, with specificity and sensitivity values higher than 90% [18].



The test error of the PCA-LDA model was approximately 8%. Chemical substitutions and structural variation in the enamel crystals may contribute to this shortcoming. During tooth formation, the fluorosis process produces changes in protein/mineral interactions with the retention of amelogenins, generating hypomineralized areas. Fluoride increases the mineral precipitation process during tooth formation, and high levels of fluoride produce hypermineralized bands of enamel, which are then followed by hypomineralized bands [40]. A study using an ion-specific fluoride electrode and pH/ion meter to quantify fluoride revealed that fluoride content in the enamel may overlap fluorosis categories [41].



Animal studies demonstrated the occurrence of fluoride-induced fluctuations in calcium concentration in the mineralizing milieu of the teeth. Fluoride causes calcium-traumatic responses in two directions: first, hypermineralization is produced as a result of temporary rapid growth in calcium precipitation; as calcium levels decrease, hypomineralization occurs with a subsequent increase in enamel porosity [1,42,43]. The lack of homogeneity in hydroxyapatite crystal growth observed in dental fluorosis most likely contributed to the misclassification of specimens by PCA-LDA.



In the present study, in addition to the PCA-LDA model, quadratic discriminant analysis (PCA-QDA) was applied. The PCA-QDA model had a cross-validation accuracy of 90%. The quadratic analysis produced slightly lower values compared with PCA-LDA. The results showed that the data could be modeled using a linear model without a loss in its discriminant capacity. Simpler models are favored because they are easier to interpret and to apply to other samples.



Among the strengths of this study is the systematic mapping of the tooth surface sites for spectra acquisition. A carefully standardized process for micro-Raman spectra was performed. All the spectra were pre-processed. To remove differences in baselines, concave rubber band correction was used after smoothing. A general standardization process was followed using the area under the curve in the studied wavelength range.



A total of 400 spectra were acquired. The large number of observations enabled the use of appropriate statistical tools to model the experimental data. Using a machine learning perspective to develop algorithms for the analysis of high-dimensional and multimodal data for predictions, it was possible to build an algorithm to classify teeth with dental fluorosis and test its accuracy using validation techniques [24]. The developed algorithm, the PCA-LDA model, could be applied to other samples. This may be useful for examining the generalizability of the results.



A limitation of the study is that not all tooth surfaces were mapped. All spectra were recorded on the buccal surface of the tooth sample. It is possible that other surfaces, i.e., the occlusal surface, would provide additional data about the differences in crystal orientation among the tooth surface. Erosion and attrition of the enamel could also influence the results. However, the buccal surface was chosen not only considering the aesthetic impact of dental fluorosis and the visibility of this surface but also its accessibility during oral examination. Another limitation was that the gold standard of fluorosis diagnosis is based on clinical criteria according to Thylstrup and Fejerskov [17]; however, two experienced examiners classified each tooth and in the case of disagreement the teeth were reexamined and an agreement on the diagnosis was reached. More micro-Raman spectroscopy studies for the diagnosis of dental fluorosis are required. For example, refining the process of mapping the enamel areas to be observed may help to reduce the misclassification of dental samples. The inclusion of polarized micro-Raman techniques may improve the accuracy of the predictions, as this tool can recognize crystal orientation; however, this method has, so far, been performed only in ex vivo specimens [44].



A difficulty encountered by health professionals in the preparation of examiners to diagnose dental fluorosis is the complexity of the standardization process; this increases the risk of bias. A visual guide showing the different levels of dental fluorosis severity, previously classified by experts and Raman-spectra PCA-LDA models, could be useful for standardization purposes. This may assist with training examiners in the clinical, epidemiological, and research fields.



Fluoride plays a key role in the prevention and control of dental caries. The risk of dental fluorosis has been an issue in preventive programs based on the addition of fluoride to drinking water, salt, milk, and other products. There is a difficult balance between caries prevention and the development of dental fluorosis. The Environmental Protection Agency in the US Institute of Medicine provided a tolerable upper intake level of 0.10 mg fluoride/kg body weight/day; however, this limit has been exceeded in several populations without the appearance of negative effects on dental enamel [45,46]. Conversely, some populations appear to be more sensitive to fluoride than others [47]. An optimum dose is under discussion, but the final test should be based on the results of monitoring programs where both dental caries and dental fluorosis are evaluated [45].



This emphasizes the need for accurate dental fluorosis diagnosis techniques, which would facilitate the surveillance of this developmental defect. This would contribute to the implementation of intervention strategies and to the regulation of public health policies, such as water and salt fluoridation programs.



The future applications of Raman spectroscopy in the clinical setting are promising, considering the recent development of prototypes and some portable commercially available devices. Portable or handheld Raman spectrometers equipped with optical fiber may be used for the mapping of in vivo specimens. In dental surgery, several spectra of a tooth may be acquired to obtain valuable information for the diagnosis of dental fluorosis severity [48].



Fluorosis is a growing public health problem in regions with high groundwater fluoride concentrations [49]. Dental fluorosis may be a marker of the presence of water sources with high fluoride content, which could be used to alert health authorities. Several diseases have been associated with high chronic fluoride exposure [50], and one study found an association between high fluoride exposure and low IQ in children [51]. The availability of accurate, non-destructive, and non-invasive methods for the diagnosis of dental fluorosis is an appropriate step in preventing and controlling severe forms of this condition.




5. Conclusions


The analysis of the Raman spectra showed that B-type carbonate ion substitution into the phosphate site of the hydroxyapatite increases as fluorosis severity increases. PCA indicated that ν1 (PO43−) at 960 cm−1 played a dominant role in PC1 and did not contribute to PC2, whereas vibrational modes ν2, ν3, and ν4 (PO43−) provided additional information to discriminate between mild and sound fluorosis categories. This emphasizes the importance of considering several bands in the analysis of the spectra, since they improve the identification of fluorosis severity. The PCA-LDA model showed high validation accuracy, sensitivity, and specificity for the identification of dental fluorosis categories. Micro-Raman spectroscopy and PCA-LDA models represent an advance in the diagnosis of dental fluorosis and could be used in different clinical and epidemiological settings.
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Figure 1. Photograph depicting a rectangular area used for Raman spectra acquisition under a digital microscope. 
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Figure 2. Mean normalized Raman spectra of sound, mild, moderate, and severe dental fluorosis categories. 
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Figure 3. Histogram of the height distribution of the 960 cm−1 Raman spectrum band by fluorosis category (100 spectra in each category). 
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Figure 4. Principal component analysis (PCA). Scatter plot in the 3D PCA space of the Raman spectra according to the fluorosis category. 
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Figure 5. Principal component analysis (PCA). Loadings plot of principal component 1 (PC1) and principal component 2 (PC2) of the Raman spectra data. 
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Figure 6. Partition plot resulting from the linear discriminant analysis in the 3D principal component space. The colors set the limits of each classification area defined by the LDA model (blue = sound, green = mild, yellow = moderate, and red = severe). The black marks indicate the sample was correctly classified, while red marks indicate the sample was incorrectly classified by the model. The black dots represent the group mean value. 
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Table 1. Linear discriminant analysis (LDA). Probability of being correctly classified by the LDA model for the dental fluorosis categories.
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	Fluorosis Categories
	Probability





	Sound
	0.9667



	Mild
	0.9667



	Moderate
	0.8000



	Severe
	0.9333
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Table 2. Linear discriminant analysis (LDA). Sensitivity, specificity, and accuracy of the LDA model comparing dental fluorosis categories.
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	Fluorosis Categories
	Sensitivity
	Specificity
	Accuracy





	Severe
	93.3
	94.4
	94.2



	Severe + Moderate
	96.7
	100.0
	98.3



	Severe + Moderate + Mild
	98.9
	96.7
	98.3
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