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Objectives To evaluate whether quantitative tongue diagnosis indicators can predict
mild renal function decline and to compare their predictive ability using logistic re—
gression and machine—learning models.

Methods In 2,009 adults who underwent health screening, tongue—image indicators
(coating, light-red index, blue—purple index, tooth-mark index), body composition,
and metabolic markers were analyzed. estimated glomerular filtration rate (eGFR) was
dichotomized (=90 vs. €90). Logistic regression, random forest, and XGBoost models
were used to evaluate predictive performance.

Results The blue-purple index was independently associated with reduced eGFR
(odds ratio=3.3). Age and body composition (fat mass, fat percentage) were also sig—
nificant predictors. Machine-learning models showed modest discrimination (area
under the receiver operating characteristic curve 0.64 to 0.70), with the logistic model
performing best. Coating and light-red indices showed limited predictive power.
Conclusions Tongue color—particularly the blue—purple index—may serve as a non-
invasive indicator related to early renal function decline, although overall predictive
power remains moderate. (J Korean Med Rehabil 2026;36(1):11-25)

Key words Tongue diagnosis, Kidney function test, Glomerular filtration rate, Machine
learning, Logistic regression, Chronic kidney disease
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Table 1. General Characteristics by GFR Group (Normal vs. Mildly Decreased Group)

Variable Gl G2-G5 p-value x
Sex (male/female) 270/1069 242/428 1.56e™ 59.0
Age 44 (35-52) 50 (41-57) 2.73¢% 98.8
Height 162.2 (157.9-167.8) 163.9 (158.9-170.7) 1.53¢° 18.7
Weight 58.7 (53.1-67.8) 63.0 (55.5-73.0) 2.8¢"° 39.8
LIGHTRED 0.4 (0.3-0.5) 0.4 (0.3-0.5) 0.108 2.58
COATED 0.6 (0.4-0.9) 0.6 (0.4-0.9) 0.101 2.69
BLUEPURPLE 0.4 (0.3-0.4) 0.4 (0.3-0.5) 1.4¢” 18.9
TOOTHMARK 11 (8-14) 10 (8-13) 0.267 1.23
eGFR 106 (97-117) 81 (74-85) 3.27¢> 1339
FAT 18.1 (14.8-21.5) 18.1 (15.0-22.5) 0.326 0.97
PBF 30.7 (25.5-34.9) 293 (23.5-34.4) 6.48¢™ 11.6
GLUC (mg/dL) 92 (86-98) 93 (87-101) 3.96¢° 16.9

Data are presented as median (IQR).

GFR: glomerular filtration rate, LIGHTRED: light red index of the tongue body (representing the brightness and paleness of
tongue color; higher values indicate a stronger reddish color), COATED: coating index of the tongue surface (indicating the
thickness of tongue coating; higher values reflect a thicker coating), BLUEPURPLE: bluish-purple index of the tongue body
(reflecting dark or cyanotic tongue discoloration; higher values indicate a more bluish-purple appearance), TOOTHMARK: tooth
mark index (measuring indentation patterns on the tongue edge; higher values suggest more pronounced tooth marks), eGFR:
estimated glomerular filtration rate, FAT: body fat mass, PBF: body fat percentage, GLUC: fasting blood glucose level, IQR:

interquartile range (25th-75th percentile).

14 ] Korean Med Rehabil 2026;36(1):11-25.



A AL A3t ol p

Table IL Baseline Characteristics by Obesity Category

Variable Non-obese Obesity category 1 Obesity category 2  Obesity category 3 p-value
Sex

Female 1210 (81) 232 (55) 40 (56.3) 12 (63.2) 2.79¢
Male 81 (19) 190 (45) 31 (43.7) 7 (36.8)

Total 1,291 422 71 199

Age (yr) 45 (37-54) 48 (39-56) 39 (33-49) 43 (38.5-56.5) 1.40¢™
Height 162.1 (158-167.175) 165.5 (158.13-172.48) 167.6 (161.75-174.5) 166 (155.5-170.55) 8.44e™!
Weight 56.6 (52.2-62.3) 73.4 (66.3-80.0) 90.6 (83.85-96.7) 100 (88.5-105.45) 3.02¢¥
BMI 21.79 (20.29-23.30)  26.50 (25.67-27.79)  31.72 (31.05-32.46) 36.63 (35.73-37.08) 9.64e>"
CREAT (mg/dL) 0.7 (0.6-0.9) 0.8 (0.7-1) 0.8 (0.68-1) 0.84 (0.65-1) 5.56¢”
eGFR 98 (86-111.825) 93 (82.385-107.75) 98 (87-118) 98 (82-108.05) 2.94¢”
FAT 16.6 (13.8-19.3) 23.8 (20.3-26.8) 33.3 (29.8-36.25) 41.8 (37.5-45.8) 8.62¢'%
PBF 29.4 (24.4-33.275) 33.8 (26.625-37.9) 38.8 (32.95-42.3) 45.9 (37.85-47.85) 6.11¢"

Data are presented as median (IQR).

Non-obese: BMI<25, Obesity category 1: 25<BMI<30, Obesity category 2: 30<BMI<35, Obesity category 3: BMI>35, BMI:
body mass index, CREAT: serum creatinine level, eGFR: estimated glomerular filtration rate, FAT: body fat mass, PBF: body fat
percentage, IQR: interquartile range (25th-75th percentile).

1. 7|2 My S A o8l & 1639 cm (158.9~170.7)%, A% 7+
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Fig. 1. Q-Q plots of major continuous variables. (A) LIGHTRED index, (B) COATED index, (C) BLUEPURPLE index, (D)
TOOTHMARK index, (E) age, (F) height, (G) weight, (H) serum creatinine level, (I) eGFR, (J) body fat mass, (K) body fat
percentage. LIGHTRED: light red index of the tongue body, COATED: coating index of the tongue surface, BLUEPURPLE:
bluish-purple index of the tongue body, TOOTHMARK: tooth mark index, eGFR: estimated glomerular filtration rate.
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Fig. 2. Associations between BMI and tongue indices. (A) Scatterplot of BMI vs. COATED index. (B) Scatterplot of BMI vs.
LIGHTRED index. (C) Violin plot of COATED index by BMI category. (D) Violin plot of LIGHTRED index by BMI category.
BMI: body mass index, COATED: coating index of the tongue surface, LIGHTRED: light red index of the tongue body.
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Fig. 3. Associations between BMI and eGFR. (A) Scatterplot of BMI vs. eGFR. (B) Violin plot of eGFR by BMI category.
BMI: body mass index, eGFR: estimated glomerular filtration rate.
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Fig. 4. Scatterplots of eGFR vs. tongue indices. (A) COATED index. (B) LIGHTRED index. eGFR: estimated glomerular filtration
rate, COATED: coating index of the tongue surface; indicating the thickness of tongue coating, with higher values reflecting
a thicker coating, LIGHTRED: light red index of the tongue body; representing the brightness and paleness of tongue color,
with higher values indicating a stronger reddish color.
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estimated glomerular filtration rate, BMI: body mass index, COATED: coating index of the tongue surface; indicating the thickness
of tongue coating, with higher values reflecting a thicker coating, LIGHTRED: light red index of the tongue body; representing
the brightness and paleness of tongue color, with higher values indicating a stronger reddish color.
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Fig. 6. Variable importance in the random forest model. (A) MDA. (B) MDG. MDA: mean decrease accuracy, MDG: mean
decrease gini, PBF: body fat percentage, WEIGHTPR: body weight, FAT: body fat mass, HEIGHTPR: standing height, GLUC:
fasting blood glucose level (mg/dL), BLUEPURPLE: bluish-purple index of the tongue body; reflecting dark or cyanotic tongue
discoloration, with higher values indicating a more bluish-purple appearance, LIGHTRED: light red index of the tongue body;
representing the brightness and paleness of tongue color, with higher values indicating a stronger reddish color, COATED: coating
index of the tongue surface; indicating the thickness of tongue coating, with higher values reflecting a thicker coating, TOOTHMARK:
tooth mark index; measuring indentation patterns on the tongue edge, with higher values suggesting more pronounced tooth marks.
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Fig. 7. Feature importance in the XGBoost model. WEIGHTPR:
body weight, HEIGHTPR: standing height, PBF: body fat
percentage, FAT: body fat mass, GLUC: fasting blood glucose
level (mg/dL), BLUEPURPLE: bluish-purple index of the tongue
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edge, with higher values suggesting more pronounced tooth marks.
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