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Background and Objectives Wideband tympanometry (WBT) provides information addi-
tional to what can be provided by the relms of traditional tympanometry, such as absorbance,
resonance frequency, and peak pressure. We investigated the characteristics of WBT in vari-
ous middle ear disorders, especially for chronic otitis media (COM), otosclerosis, and patulous
eustachian-tube disorder (ETD).
Subjects and Method We recruited 165 patients who presented 179 normal ears and 151
abnormal ears due to COM (113 ears), otosclerosis (14 ears) and ETD (24 ears). We analyzed
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Results The only significant difference in peak pressure and resonance frequency was ob-
served in COM ears in contrast to normal ears. For absorbance data from WBT, we made 3
models for machine learning to compare normal ears agaist COM, ETD, and all middle ear
disorders. Models for otosclerosis ears and normal ears were impossible to analyze due to the
small numbers of otosclerosis patients. Of the 3 models, the model comparing COM and nor-
mal ears had only meaningful area under receiver operating characteristic results from least
absolute shrinkage and selection operator analysis and Elastic Net analysis.
Conclusion WBT could provide useful information for the diagnosis of various middle ear
disorders, especially for chronic otitis media.
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Table 1. Patient demographics and wide tympanometry results
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Fig. 1. Wideband tympanometry data of various middle ear dis-
ease. A: Averaged wideband tympanogram data. B: Averaged ab-
sorbance data at ambient pressure. C: Averaged absorbance data
at peak pressure. COM, chronic otitis media; ETD, patulous eusta-
chian-tube disorder.

Control (n=179) COM (n=113) Otosclerosis (n=14) ETD (n=24)
Sex (M:F) 65:114 44:69 10:4 6:18
Age (year) 52.5+17.5 55.6+16.7 46.7£20.1 44.5+£14.1
Peak pressure (daPa) -23.3+76.7 -85.6+ 149 .8* -9.4+25.1 -42.1+£82.5
Resonance frequency (Hz) 882.8+445.8 687.3+469.2% 837.4+241.8 913.0+374.7
Averaged WBT type A B A A

From Kruskal-Wallis test, there were significant difference about both resonance frequency and peak pressure in 4 groups. *modified
p<0.05 (from post-hoc test). COM, chronic oftitis media; ETD, patulous eustachian-tube disorder; WBT, wideband tympanometry
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Table 2. Model 1 using least absolute shrinkage and selection
operator

Variable Coefficient for with age
1334.84p -2.101
1224.05p -2.027

500p 1.544
1373.95p -0.76

1259.92p -0.062

Age -0.007

p, absorbance of frequency at peak pressure

Table 3. Model 1 using elastic net

Variable Coefficient for with age
1334.84p -0.583
1373.95p -0.573
1296.84p -0.566
1259.92p -0.561
1224.05p -0.536
1414.21p -0.485
1189.21p -0.46
1155.35p -0.324
500p 0.303
1455.65p -0.297
Age -0.009

p. absorbance of frequency at peak pressure
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Fig. 2. ROC curves of machine learning results using LASSO or elastic net between normal and chronic otitis media. A: ROC curve for
train set from results using LASSO. B: ROC curve for test set from results using LASSO. C: ROC curve for train set from results using
elastic net. D: ROC curve for test set from results using elastic net. ROC, receiver operating characteristic; AUC, area under the ROC

curve; LASSO, least absolute shrinkage and selection operator.
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Fig. 3. Random forest analysis in machine learning between normal and chronic otitis media. A: Variables are plotted by the importance.
The power of importance of each variable was measured by mean decrease accuracy and mean decrease gini. For variables, the num-
ber means frequency, and x or y means whether it is the absorbance at peak pressure or at ambient pressure. Random forest analysis
included the variables of age, resonance frequency, peak pressure, and absorbance at peak pressure or at ambient pressure, but vari-
ables that measured to have the 30 largest importance were only plotted. B: ROC curve for train set in Model 1 which used machine
learning method of random forest. C: ROC curve for test set in Model 1 which used machine learning method of random forest. x: absor-
bance of frequency at peak pressure. y: absorbance of frequency at ambient pressure. AUC, area under the ROC curve; ROC, receiver

operating characteristic.
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