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Idea Density in Japanese
- Toward Early Detection for Dementia -
Daisaku SHIBATA™, Kaoru ITO™, Shoko WAKAMIYA™, Ayae KINOSHITA™, Eiji ARAMAKI™
*1 Nara Institute of Science and Technology, *2 Kyoto University

[Background] The Idea Density (ID), a language based index, has been established for the detection of dementia.
However, it has not been applied to non-English language because of the difficulty to convert grammatical concepts
from English to another language. Instead of converting the rules of ID definition, we translate the target text data
by using machine translation, which has rapidly progressed recent years. [Objective] By using automatically
translated text from Japanese to English, we estimate ID. Based on indexes calculated from Japanese text, we
establish the method to predict the estimated ID. [Materials] The participants of this study consisted of 42 dementia
patients of 6998 years old (mean age: 84.95). They were divided into four groups based on their age (65-74, 75-84,
85-94, 95-104). [Methods] A narratives of a patient was translated into English by using Google translation. The ID
was then calculated by English 1D scoring tool, Computerized Propositional Idea Density Rater (CPIDR). [Result]
We confirm a significant coefficient (r = 0.568) between Idea Density and MMSE under 85 age participants (p =
0.05). We also find significant correlation (r = -0.768) between ID and the combination of multiple language ability
scores (TTR + TCR + Verb ratio). [Discussion] The results have demonstrated the basic feasibility of machine
translation based ID estimation. We believe that the basic concept of this translation approach could be applied the

other non-English languages.
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Example:
The old gray mare has a big nose.

Propositions: 1. Mare is old.
2. Mare is gray.
3. Mare has nose.
4. Nose is big.

4 propositions + 8 words = 0.500 idea density
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Google Translation Google Neural Machine Translation
Bing Translation MicroSoft Statistical Machine Translation
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Idea Density English Japanese
0.38 | like apples.  FAlZWAZTHIFETT.
0.56 The mare has a big nose. BOREVE,
0.45 | watched TV yesterday. FERIETVE BT,
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Emotions Number of Words
Sad 84
Anxiety 112
Angry 121
Dislike 129
Trust 97
Surprise 98
Happy 86
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Method Correlation Coefficient
Google Translation 0.279
Bing Translation -0.220
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Age Correlation Coefficient
65-84 0.568
65-94 0.276
65-104 0.279
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Language Index Correlation Coefficient Language Index Correlation Coefficient
TOKEN 0.402 ER (happy) 0.047
TYPE 0.477 ER (Trust) -0.070
TTR -0.440 ER (Sad) 0.375
PAVS -0.200 ER (Surprise) 0.530
JEL 0.216 PR (Noun) 0.564
FPU -0.390 PR (Verb) 0.368
TCR -0.680 PR (Adjective) -0.470
ER (Angry) 0.141 PR (Adverb) 0.239
ER (Anx) 0.354 PR (Conjection) -0.430
ER (Dislike) 0.246 KR 0.319
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Index1 Index2 Index3 Correlation Coefficient
TTR TCR R (Verb) -0.786
TTR TCR R (Adjective) -0.773
TTR TCR R (Angry) -0.771
TTR TCR R (Conjection) -0.766
TTR TCR R (Anx) -0.766
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