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Medical and health management has been highly demanded in this ageing society. To respond to this
demand, the medical/healthcare domain makes extensive use of AI technologies to mitigate the shortage on
medical/healthcare human resources. Currently, most of the medical/healthcare AI technologies use deep
learning approaches and one of such typical technologies is medical image analysis, which is used for the
diagnosis of various diseases.

Besides, image-based gait analysis is an important application direction of medical and healthcare Al
technologies. Since there are diseases that cause gait symptoms, medical doctors often capture videos of
patients’ gait for analysis and diagnosis, indicating that these gait videos contain useful information
to analyze the patient’ s condition. Furthermore, as one of the most common motions, many physical
conditions are reflected on gait. The information of medical or health can be obtained by analyzing gait;
however, it is difficult to achieve such analysis with manual visual observation, and therefore requires
the use of Al technology.

Since deep learning is a data—-driven approach, its application requires a large amount of training
data. Most of the recent studies on gait analysis using deep learning methods rely on existing large-—
scale gait databases, but these databases lack annotations relevant to the medical/healthcare domain. On
the other hand, the datasets in medical/healthcare domain studies are hardly large enough to perform deep
learning methods due to various limitations. This makes studies in the medical/healthcare domain must
endure small datasets, and therefore it is critical that how to obtain results by analyzing small
datasets.

In this paper, the author proposed methods of gait analysis for medical/healthcare applications under
small-scale gait databases which make the most of domain—specific knowledge related to target tasks. More
specifically, the author proposed the following two strategies for gait analysis through small-scale
datasets for different cases of dataset scale and relevance of domain—specific knowledge to the task. In
cases where the dataset scale is too small to support any machine learning methods, it is necessary to
find direct and exhaustive domain—specific knowledge and manually design analyzable features according to
that knowledge. On the other hand, for cases where the dataset scale is small yet still sufficient for
fine—tuning the deep learning network, the authors select primitive information that is relevant to the
task and that can be extracted from existing large—scale databases as domain—specific knowledge and
utilized it for pre—training primitive networks. The author conducted the following two studies to
demonstrate the effectiveness of these strategies.

First, the author proposed a method to support diagnosing idiopathic normal pressure hydrocephalus
(iNPH) by video—based gait analysis. Gait is an important factor in the diagnosis of idiopathic normal
pressure hydrocephalus. However, except for walking speed tests, existing diagnosis methods only assess
gait qualitatively (i.e., manual observation by medical doctors). This study proposed a quantitative and
multi-faceted method to assess gait disturbance via video—based analysis. In this study, the dataset
containing only 18 patients, whereas the gait symptoms of iNPH have been described exhaustively in the
medical domain. The author therefore adopted the first strategy, i.e., manually designed gait features
that could be extracted from images according to the description of the symptoms of the disease in
medical domain works and developed a method to judge the cerebrospinal fluid (CSF) tap test results of
iNPH patients using these features.

Second, the author proposed a method of health indicator estimation using video—based gait analysis.
Knowing the health indicators can help with personal health management, and gait analysis is a more
convenient and efficient way to estimate health indicators than existing methods. Since this task is
targeting the general public, the author conducted experiments for data collection, and obtained gait
videos and health indicators from 332 subjects. This dataset is larger than the dataset of iNPH patients
but still not large enough to train a deep learning network from scratch. Therefore, the author extracted
gait primitives related to health indicators from an existing large—scale gait database for pre-training,
and then fine—tuned the primitive network into a health indicator estimator using the health indicator
dataset.

Moreover, the author tried to exchange the methods used in the two aforementioned studies to confirm
the suitability of the proposed strategies. As a result, the second strategy yielded worse performance
for the iNPH diagnosis support task than the original first strategy, while the first strategy yielded
worse performance for the health indicator estimation task than the original second strategy. This
indicates the necessity of appropriately switching the strategies depending on the training dataset size
as well as the domain—specific knowledge as the author proposed
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BOETIE, FRIOERKE LT, FFRMIEFE/KEEE (idiopathic Normal Pressure Hydrocephalus, iNHP)
DBWI AR D 12 D DBERRITHMIZON TR TS, KEOFHET, INPHRSITHELZ 2T 2B THDL Z L1
SkL, FINCL2EEDROTHTIECKITOMESAE LT, SITREOHBNEMO EBUMEFT D2 L 25
FTWa., 22T, HEHIL, INPHOF A RT7 A4 THESNTWABRITEEDRNE (Gait Status Scale-
Revised, GSSR) %, RAALHFETHLITA RIA L ORFITIESNT, HBITHE S ZBARE L L Thil
L, HEHORBRE FIERICE SO CPRIRIREZ TRIT 2 FEEZ#RFI L T0D. EBRTIE, 184 &0 ) d Toko
BRET— 1y Mt L TRIRIRO TR R 217, ZOFIMEEZRLTWD.

WEETIE, FRIIOEKE LT, HRESEIEITR L W o LA HEE T 5 720 O BT S AT Bl iz o
THRRTWD. KEOEIT, STHGMITIC XV IEEh - FREF CIEMmR A2 HEET 2 2 L oE R I LT
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WNETIE, T—4Ey FOKRE SIS U RO RO ARECE OF Y2 BEET 5 720 ORGIEER
EBLEMNMTOI TS, BRI, INPHOBZW ISR L THIKRIOMRD D IZHFRITZRAWZGE, £z, HHAK
HEBIZHF L CHRINCK L THRIZ AW HGAEIOEERMET T 5225/ L TEY, 7—%ty hORE IR
CCHYIZRTRP R DL ZFEIELTNWD. £, YRR R DGO T, FRIE HFRITOEAHMEICET 5
EREITHoTWND.

BHETIE, RPFRERIEL, SHBOBEIZOVWTERTND.
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