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[Abstract]            [Objective]  To analyze the differences in the correlation of tongue image indicators among patients with benign lung nodules and lung cancer. [Methods]  From July 1, 2020 to March 31, 2022, clinical information of lung cancer patients and benign lung nodules patients was collected at the Oncology Department of Longhua Hospital Affiliated to Shanghai University of Traditional Chinese Medicine and the Physical Examination Center of Shuguang Hospital Affiliated to Shanghai University of Traditional Chinese Medicine, respectively. We obtained tongue images from patients with benign lung nodules and lung cancer using the TFDA-1 digital tongue diagnosis instrument, and analyzed these images with the TDAS V2.0 software. The extracted indicators included color space parameters in the Lab system for both the tongue body (TB) and tongue coating (TC) (TB/TC-L, TB/TC-a, and TB/TC-b), textural parameters [TB/TC-contrast (CON), TB/TC-angular second moment (ASM), TB/TC-entropy (ENT), and TB/TC-MEAN], as well as TC parameters (perAll and perPart). The bivariate correlation of TB and TC features was analyzed using Pearson’s or Spearman’s correlation analysis, and the overall correlation was analyzed using canonical correlation analysis (CCA).  [Results]  Samples from 307 patients with benign lung nodules and 276 lung cancer patients were included after excluding outliers and extreme values. Simple correlation analysis indicated that the correlation of TB-L with TC-L, TB-b with TC-b, and TB-b with perAll in lung cancer group was higher than that in benign nodules group. Moreover, the correlation of TB-a with TC-a, TB-a with perAll, and the texture parameters of the TB (TB-CON, TB-ASM, TB-ENT, and TB-MEAN) with the texture parameters of the TC (TC-CON, TC-ASM, TC-ENT, and TC-MEAN) in benign nodules group was higher than lung cancer group. CCA further demonstrated a strong correlation between the TB and TC parameters in lung cancer group, with the first and second pairs of typical variables in benign nodules and lung cancer groups indicating correlation coefficients of 0.918 and 0.817 (P < 0.05), and 0.940 and 0.822 (P < 0.05), respectively.  [Conclusion]  Benign lung nodules and lung cancer patients exhibited differences in correlation in the L, a, and b values of the TB and TC, as well as the perAll value of the TC, and the texture parameters (TB/TC-CON, TB/TC-ASM, TB/TC-ENT, and TB/TC-MEAN) between the TB and TC. Additionally, there were differences in the overall correlation of the TB and TC between the two groups. Objective tongue diagnosis indicators can effectively assist in the diagnosis of benign lung nodules and lung cancer, thereby providing a scientific basis for the early detection, diagnosis, and treatment of lung cancer.       
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1  Introduction
Lung cancer is the foremost cause of cancer-related fatalities globally [1], and ranks in the top spot for both incidence and mortality rates in China [2, 3]. The early stages of lung cancer often go unnoticed, as they are typically asymptomatic. Unfortunately, the prognosis for patients with advanced lung cancer is quite grim, with most patients surviving less than one year [4]. One of the most common pathological alterations in the lungs is the formation of nodules. Moreover, malignant lung nodules represent a critical early manifestation of lung cancer. From a clinical perspective, the accurate identification and classification of lung nodules are paramount for early detection and intervention. Therefore, improving the prognosis for those with lung cancer, mitigating the risks of overdiagnosis and overtreatment for benign lung nodules, as well as timely and precise diagnosis of both benign and malignant nodules are of utmost importance to raise the survival rate [5].
Lung nodules refer to focal, round or oval, density-increased solid or semi-solid lung shadows with a diameter of no more than 3 cm [6]. With the rapid advancement of imaging technology, especially the widespread use of low-dose computed tomography (LDCT), there has been a significant increase in the detection rate of lung nodules. However, this has posed a substantial challenge for clinicians in assessing and making decisions regarding these nodules. LDCT has been proven to be an effective tool for lung cancer screening. Relevant screening studies have shown marked differences in the likelihood of malignancy across nodule sizes: those with a diameter of less than 5 mm have a malignancy probability of 0% − 1%; those with a diameter of 5 − 10 mm have a malignancy probability of 6% − 28%; nodules with a diameter of 11 − 20 mm have a malignancy probability of 33% − 64%; those with a diameter of over 20 mm can have as high as 64% − 82% malignancy probability. In the future, personalized screening intervals and risk stratification strategies hold promise for significantly promoting the cost-effectiveness of lung cancer screening [7]. LIU et al. [8] pointed out that the main factors affecting the follow-up strategy of lung nodules include imaging characteristics and individual patient risk factors. Imaging features encompass nodule size, shape, density, number, abnormalities in lung parenchyma, and flourodeoxyglucose (FDG) activity in positron emission tomography-computed tomography (PET-CT). Personal risk factors primarily include smoking history and age. The Chinese Expert Consensus on the Diagnosis of Early Lung Cancer (2023 edition) has clarified the thin-layer CT findings that are more suggestive of malignancy in followed-up lung nodules [9]. CAO et al. [10] noted that a considerable portion of surgically resected lung nodules were proven to be benign. Some benign nodules display imaging features resembling malignant ones, which can lead to misdiagnosis. Nonetheless, most benign lung nodules demonstrate certain regularities on imaging. A thorough understanding of the characteristics of benign lung nodules can effectively reduce clinical misdiagnosis rates, minimize unnecessary invasive diagnostic procedures, and reduce the waste of medical resources.
Conventional methods for distinguishing benign from malignant lung nodules predominantly hinge on invasive procedures, such as pathological biopsies at the cellular or molecular levels. These approaches are not well suited for the evaluation of small nodules, thereby complicating early diagnosis. Consequently, individuals with lung nodules often neglect routine check-ups, which can lead to the progression and deterioration of the condition until they develop into lung cancer. In recent years, the swift advancement of modern information technology, including image processing, big data, and artificial intelligence, has ushered in marked breakthroughs in the field of traditional Chinese medicine (TCM), particularly in the digitization and informatization of tongue diagnosis. The standardization and digitization of tongue image data have been achieved through the development and application of a multitude of modern tongue diagnosis tools and technologies. These advancements have laid a solid foundation for the evolution of intelligent systems, holding promise for a robust future in their development and practical application [11-15].
The tongue diagnosis technique, grounded in standardization and digitalization, has generated a wealth of data. Within the spectrum of machine learning techniques, several have emerged as especially effective ones: support vector machine (SVM) [16], convolutional neural network (CNN) [17], U-Net [18], and logistic regression [19, 20]. Digital image processing technology has become a staple in modern tongue diagnosis research, adeptly extracting color and texture data from tongue images and yielding successful outcomes. XU et al. [21] harnessed the important multi-task learning (MTL) approach to segment and classify tongue images. By integrating two deep neural network models, U-Net and discriminative filter learning (DFL), into the MTL framework, they were able to perform both segmentation and classification tasks. The experimental results demonstrated that their integrated method surpassed existing methods for tongue characterization. Similarly, WANG et al. [22] employed ResNet-34 CNN for tongue feature extraction and achieved over 90% accuracy in identifying dental marks, demonstrating its efficacy and robust generalization capabilities. JIANG et al. [23] combined tongue image data with other indicators to develop a diagnostic model for nonalcoholic fatty liver disease (NAFLD) using various machine learning techniques, including logistic regression, SVM, random forest, gradient boosting decision tree, adaptive boosting algorithm, naive Bayes, and neural networks, highlighting the precision increase in NAFLD diagnosis. Additionally, deep neural networks like ResNet-50, Inception-V3, and VGG-16 are being leveraged to classify TCM constitutions, enhancing precision in TCM diagnoses. These approaches have significantly bolstered classification accuracy, illustrating the promise of deep learning in the realm of TCM diagnosis and personalized medicine [24].
Canonical correlation analysis (CCA) is an additional method of correlation analysis that extends beyond simple correlation and has received broad application in clinical research [25, 26]. By exploring benign lung nodules and lung cancer, our preliminary study has embarked on a straightforward correlation analysis of facial, tongue, and pulse characteristics, along with tumor markers in non-small cell lung cancer [27]. Building upon this foundation, we employed CCA to delve into the overall correlation disparities between the tongue body (TB) and tongue coating (TC) characteristics among the benign lung nodules and lung cancer populations in this study, and conducted a simple bivariate correlation analysis. This paper aims to establish a robust foundation for future research endeavors, with the ultimate goal of developing sophisticated classification models through the application of machine learning methodologies, which will not only advance our understanding of the complex interplay between tongue characteristics and lung cancer but also provided a basis for more accurate and personalized diagnostic tools.
2  Materials and methods
2.1  Subjects
From July 1, 2020 to March 31, 2022, we collected clinical information on patients with lung cancer and benign lung nodules in the Oncology Department of Longhua Hospital Affiliated to Shanghai University of Traditional Chinese Medicine and Shuguang Hospital Affiliated to Shanghai University of Traditional Chinese Medicine, respectively. Medical record numbers, names, genders, medical histories, diagnostic information, and tongue images were obtained for analysis. The study was approved by the Medical Ethics Committee of Longhua Hospital Affiliated to Shanghai University of Traditional Chinese Medicine (2020LCSY083), and the clinical trial registration number was ChiCTR1900026008.
2.2  Diagnostic criteria
Diagnostic criteria for benign lung nodules: the definition of lung subcentimeter nodules refers to the latest American College of Chest Physicians Evidence-Based Clinical Practice Guidelines (3rd edition) [28] and China National Guideline of Classification, Diagnosis and Treatment for Lung Nodules (2016 version) [29], combined with imaging examination, surgery, and pathologic examination.
Diagnostic criteria for lung cancer refer to the Clinical Practice Guidelines for Lung Cancer Screening issued by the National Comprehensive Cancer Network [30] and the Fourth Edition of the WHO Classification of Lung Tumors [31].
2.3  Inclusion and exclusion criteria
Inclusion criteria included participants: (i) diagnosed with lung cancer through pathology or cytology; (ii) diagnosed with benign lung nodules through imaging examination, surgery, and pathological examination, with nodules smaller than 8 mm in size; (iii) aged between 18 and 90 years; (iv) had clear and standard tongue images; (v) provided a written informed consent form.
Exclusion criteria included participants: (i) were pregnant or lactating women; (ii) had other malignant tumors; (iii) had systemic acute and chronic infections; (iv) had mental illness, non-cooperation, or poor study compliance; (v) refused to sign the informed consent.
2.4  Research grouping
Groups were categorized based on the diagnostic and inclusion criteria for benign lung nodules and lung cancer. Individuals meeting the diagnostic and inclusion criteria for benign lung nodules were included in benign lung nodules group, while those meeting the diagnostic and inclusion criteria for lung cancer in lung cancer group. Subsequently, samples that did not meet the criteria were further excluded according to the exclusion criteria for both groups.
2.5  Tongue image collection
2.5.1  TFDA-1 intelligent tongue diagnosis instrument
Tongue images from participants were meticulously obtained using the TFDA-1 digital tongue diagnosis instrument by students who were specially trained in professional sampling techniques (Figure 1). By rigorously adhering to unified clinical sampling protocols, they ensured a consistent and standardized image acquisition procedure. This protocol includes standardized settings for the collection equipment [32], standardized patient posture, and standardized collection methods [26]. The tongue image feature extraction was automatically and batch-processed by the TDAS V2.0 tongue image analysis software, which has been thoroughly trained with a large number of tongue images, and studies have confirmed the consistency and accuracy of its analysis results (Figure 2).
[image: shiyulin-1.jpg]
Fig. 1  TFDA-1 digital tongue diagnosis instrument
A, front. B, side.
[image: shiyulin-2.jpg]
Fig. 2  The interface of the TDAS V2.0 tongue image analysis software
2.5.2  Introduction to features of tongue image
Tongue image color indices were derived from the Lab color space. The CIELab color space has been widely used as a standard for color assessment and quantification since its introduction in 1976 [33, 34]. The calculation formulas and specific interpretations of each indicator in the Lab color space [35]. Tongue image texture indices include contrast (CON), angular second moment (ASM), entropy (ENT), and MEAN, and the TC parameters include perAll and perPart.
2.6  Statistical analysis
SPSS V26.0 was used for statistical analysis. In our bivariate correlation assessment, variables that were not normally distributed were analyzed using Spearman’s rank correlation coefficient. In contrast, variables with a normal distribution were evaluated using Pearson’s product-moment correlation coefficient, and Origin 2021 software was used to draw correlation heatmaps. Moreover, CCA was employed for the exploration of multivariate correlations between the two sets of variables. Categorical data were presented as frequencies and proportions. Inter-group comparisons were carried out using chi-squaretests. Measurement data that followed a normal distribution were expressed as mean ± standard deviation (SD) whereas those not adhering to normality were depicted as “median (Q1, Q3)”. When the measurement data followed both normal distribution and equality of variances, an independent samples t test was employed to compare the means of the two groups. For those that did not meet the requirements of normal distribution and homogeneity of variance, the Mann-Whitney U test was used. Two-tailed tests were conducted, and P < 0.05 was considered statistically significant.
3  Results
3.1  Comparison of basic information
A total of 381 patients with benign lung nodules and 377 patients with lung cancer were recruited in this study. After a thorough screening process to identify missing values, outliers, and atypical samples in the tongue imaging data, the study ultimately included 276 patients with lung cancer and 307 patients with benign lung nodules overall. The baseline characteristics of the two groups are shown in Table 1.

Table 1  Baseline characteristics of the patients (mean ± SD)
	Group
	Gender [n (%)]
	
	Age (year)

	
	Male
	Female
	

	Benign lung nodules (n = 307)
	158 (51.47)
	149 (48.53)
	43.02 ± 10.93

	Lung cancer (n = 276)
	133 (48.19)
	143 (51.81)
	57.29 ± 15.23△△

	
	
	
	

	
	
	
	



The results indicated no statistically significant differences in the gender distribution between the two groups (P > 0.05). However, a significant difference was observed in the age variable (P < 0.01). In this study, age matching was not performed among the participants, as there was a lack of evidence suggesting that age substantially influences the attributes of tongue images across various age groups.
3.2  Simple correlation analysis between parameters of TB and TC
Simple correlation analysis was conducted on parameters of the TB and TC within both benign lung nodules and lung cancer groups. The heatmaps depicting the correlations among TB and TC parameters for the two groups are shown in Figure 3.
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Fig. 3  Correlation heatmaps of TB and TC parameters
A, benign lung nodules group. B, lung cancer group. In the color scale of the heatmaps, red represents positive correlation, and blue represents negative correlation, with the deeper the color, the stronger the correlation. *P < 0.05, **P < 0.01, and ***P < 0.001.
The correlations between TB-L and TC-L, TB-b and TC-b, and TB-b and perAll in lung cancer group were higher than those in benign lung nodules group (P < 0.01). In benign lung nodules group, the correlations between TB-a and TC-a, TB-a and perAll, and tongue texture parameters of TB (TB-CON, TB-ASM, TB-ENT, and TB-MEAN) and texture parameters of TC (TC-CON, TC-ASM, TC-ENT, and TC-MEAN) were higher than lung cancer group (P < 0.01).
3.3  Canonical correlation analysis between TB and TC parameters
3.3.1  Canonical correlation coefficients
The canonical correlation results between TB and TC parameters in benign lung nodules group are shown in Table 2. In benign lung nodules group, the analysis yielded seven pairs of canonical variables derived from the TB and TC parameters. Notably, the first six pairs successfully passed the significance test (P < 0.001), thereby highlighting a substantial correlation between these pairs. The first pair of canonical variables demonstrated a robust correlation coefficient of 0.918, while the second pair exhibited a correlation coefficient of 0.817. Furthermore, the contribution rate of the first and second pairs of canonical variables to the overall correlation was calculated to be 58.39% [5.349/(5.349 + 2.004 + 0.854 + 0.718 + 0.181 + 0.046 + 0.009) = 58.39%] and 21.88% [2.004/(5.349 + 2.004 + 0.854 + 0.718 + 0.181 + 0.046 + 0.009) = 21.88%], respectively. Cumulatively, these two pairs accounted for a significant total contribution rate of 80.27%. This emphasis on the first and second pairs of canonical variables is expected to provide valuable insights into the diagnostic potential of tongue image analysis for benign lung nodules.

Table 2  Canonical correlation coefficients in benign lung nodules group
	Canonical variable
	Correlation
	Eigenvaluea
	Wilks statistic
	F value
	P value

	1
	0.918
	5.349
	0.013
	30.192
	< 0.001

	2
	0.817
	2.004
	0.084
	19.665
	< 0.001

	3
	0.679
	0.854
	0.252
	13.692
	< 0.001

	4
	0.647
	0.718
	0.467
	10.441
	< 0.001

	5
	0.392
	0.181
	0.802
	4.517
	< 0.001

	6
	0.209
	0.046
	0.948
	2.020
	0.042

	7
	0.095
	0.009
	0.991
	0.895
	0.444

	
	
	
	
	
	

	
	
	
	
	
	



The canonical correlation results between TB and TC parameters in lung cancer group are shown in Table 3. Within lung cancer group, the CCA uncovered seven pairs of canonical variables from the parameters of the TB and TC. Among these, the first five pairs of canonical variables met the criteria for statistical significance, thereby indicating a notable correlation among them. The correlation coefficients for the first and second pairs of these canonical variables were 0.940 and 0.822, respectively, which were notably high. In terms of the contribution to the overall correlation, the first pair of canonical variables had a substantial rate of 67.94% [7.547/(7.547 + 2.077 + 0.826 + 0.451 + 0.156 + 0.043 + 0.008) = 67.94%], while the second pair contributed a rate of 18.70% [2.077/(7.547 + 2.077 + 0.826 + 0.451 + 0.156 + 0.043 + 0.008) = 18.70%]. Together, these first two pairs of canonical variables accounted for a noteworthy total contribution rate of 86.64%. Consequently, the first and second pairs of canonical variables emerged as the primary focus of this study.

Table 3  Canonical correlation coefficients in lung cancer group
	Canonical variable
	Correlation
	Eigenvalue
	Wilks statistic
	F value
	P value

	1
	0.940
	7.547
	0.012
	27.992
	< 0.001

	2
	0.822
	2.077
	0.101
	15.935
	< 0.001

	3
	0.673
	0.826
	0.311
	10.114
	< 0.001

	4
	0.557
	0.451
	0.567
	6.761
	< 0.001

	5
	0.367
	0.156
	0.823
	3.564
	< 0.001

	6
	0.204
	0.043
	0.951
	1.693
	0.097

	7
	0.090
	0.008
	0.992
	0.717
	0.543



3.3.2  Canonical loading coefficients
Canonical loading coefficients are the simple correlation coefficients that exist between a canonical variable and all variables in the group. The stronger the correlation between the items and the canonical variable, the greater the absolute value of the coefficient. The heatmaps of canonical loading matrix and CCA structure diagram for TB and TC parameters in the two groups are shown in Figure 4.
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Fig. 4  Results of CCA for TB and TC parameters in benign lung nodules and lung cancer groups
A, heatmap of canonical loading matrix of comprehensive variable U and TB parameters in benign lung nodules group. B, heatmap of canonical loading matrix of comprehensive variable V and TC parameters in benign lung nodules group. C, CCA structure diagram for TB and TC parameters in benign lung nodules group. D, heatmap of canonical loading matrix of comprehensive variable U and TB parameters in lung cancer group. E, heatmap of canonical loading matrix of comprehensive variable V and TC parameters in lung cancer group. F, CCA structure diagram for TB and TC parameters in lung cancer group. In the color scale of the heatmap, red represents positive correlation, and blue represents negative correlation, with the deeper the color, the stronger the correlation. The correlation coefficients between the first pair of canonical variables and each TB and TC index were represented by red fonts, while the correlation coefficients between the second pair of canonical variables and each TB and TC index were represented by blue fonts.
Based on these findings, the canonical correlation between the TB and TC parameters in lung cancer group was more pronounced than in benign lung nodules group. In benign lung nodules group, the variables that demonstrated a close relationship with the first canonical variable U1 were TB-a and TB-b, while those closely associated with the second canonical variable U2 were TB-b and TB-a. The variables that were closely correlated with the first canonical variable V1 included perAll, TC-a, TC-L, and TC-b, and those correlated with the second canonical variable V2 were TC-b. In lung cancer group, the variables closely correlated with the first canonical variable U1 were TB-b and TB-a, the variables closely correlated with the second canonical variable U2 were TB-a, the variables closely correlated with the first canonical variable V1 were perAll, TC-L, and TC-b, and the variables closely correlated with the second canonical variable V2 were TC-b.
4  Discussion
Lung cancer is a malignant pulmonary disorder arising from the complex interplay between an individual’s genetics and environmental factors. In ancient medical texts, lung cancer has been referred to by various terms such as “Feiyan” “Feiji” “Feizhang” and “Xulao”. At present, various theories have been put forward that seek to explain the etiology and pathogenesis of lung cancer. Suwen of the Inner Canon of Huangdi (Huang Di Nei Jing · Su Wen, 《黄帝内经·素问》), an ancient Chinese medical classic, held that “maintaining a robust vital energy (Qi) repels pathogenic influences; when pathogenic Qi accumulates, the vital energy becomes weakened.” In essence, the development of lung cancer is attributed to a deficiency in vital Qi, coupled with the interrelated accumulation of phlegm, blood stasis, dampness, heat, and toxins, which can cause the progression of the disease over time. Globally, the 5-year survival rate for patients diagnosed with lung cancer between 2010 and 2014 ranges from only 10% to 20% [2]. In the past 10 years, the treatment of lung cancer has made great progress, and the 5-year survival rate of lung cancer in China has also increased from 16.1% to 19.7%. However, about 75% of patients are still in the advanced stage of lung cancer at the time of diagnosis, missing theoptimall time for radical surgery [9]. Research has indicated that the 5-year survival rate for lung cancer can significantly increase when it is detected and treated early, reaching as high as 50% [36]. Consequently, the importance of early detection, diagnosis, and intervention in lung cancer cannot be overstated, as these factors are pivotal to improving overall survival rates [37].
TB/TC-L represents the brightness of TB and TC; TB/TC-b, the value of the tongue’s yellow component; perAll, the area index of TC; and TB/TC-a, the value of the tongue’s red component. According to the simple correlation analysis results of TB and TC between the two groups, it can be seen that the brightness value of the TB and TC, the yellow component value of the TC, and the area of the TC were more closely correlated in lung cancer group. In benign lung nodules group, the red component value of the TB and TC , the red component value of the TB and area of the TC, and the texture value of the TB and TC were more closely correlated. These indicators may assist in the early diagnosis or personalized treatment of lung cancer.
CCA is an efficient dimensionality reduction technique that focuses on exploring the interrelationships between two sets of variables. Unlike traditional univariate analysis, CCA can handle the complex interconnections among multiple variables simultaneously, revealing their multidimensional relationships. This analytical method is beneficial for identifying typical patterns among variables, which helps uncover the latent structures within the data and plays a crucial role in further investigating causal relationships and understanding the intrinsic connections in the data [38, 39]. This study, building upon simple correlation analysis, further analyzes the overall correlation of the two major categories of tongue appearance, which is conducive to clarifying the complex relationships among multiple tongue indices. The canonical correlation of tongue image parameters between the two groups was mainly related to the color space index for TB and TC indices, and perAll. However, the correlation of the canonical comprehensive variables with the texture index of the TB and TC was not strong, indicating that perAll and color space indexes of TC index are more closely related to tongue images in patients with benign lung nodules and lung cancer. Therefore, more attention should be paid to perAll and color space indices in the classification of the two groups in the future.
This study aimed to lay the foundation for lung cancer tongue diagnosis research based on deep learning, but it has several limitations. First, this study only used the tongue image information of the patients. Second, the baseline data for the two groups were rudimentary and not exhaustive, potentially limiting the depth of comparative analysis. Last, the analytical methods employed in this study were relatively straightforward and may not have fully harnessed the complexity of the data. In the future, we will further expand the sample size and conduct more comprehensive and detailed research based on a broader range of patients’ clinical information, such as incorporating pulse diagnosis information and western medical indicator data, using machine learning, deep learning, and other methods.
5  Conclusion
Different correlations were observed in the L, a, and b values of the TB and TC, the perAll value, and the texture parameters (TB/TC-CON, TB/TC-ASM, TB/TC-ENT, and TB/TC-MEAN), as well as overall correlation between TB and TC between benign lung nodules and lung cancer. These parameters could potentially serve as a valuable tool for assisting the differential diagnosis between the two groups, providing the possibility of auxiliary differential diagnosis based on tongue image parameters in these two groups. Further research is still warranted in the future.
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