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Abstract
The locomotive ability is an essential specificity for human beings to keep their phys-
ical/mental health and social connectivities. Falls and consequencing fractures can
be a trigger of depriving this ability of the elderly and lead to be in the lower quality
of life (QoL). In this dissertation, we aim at clarifying the factors of the falls and
constructing the system that evaluates the elderly’s frailty level to prevent falls. We
focus on stumbles, which is one of fall pattern and is said to be seen popularly among
relatively active and healthy community-dwelling elderly. To achieve the purpose of

this study, we set three research questions as follows:
(1) Can we clarify the dependency of the motion to the depth perception?

(2) Can we estimate the fall risk from the questionnaire response patterns?
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v Abstract

(3) Can we place our measurement dataset that is in small-scale but has detailed

data into the large-scale mother-set data and analyze them?

For the 1st research question, we approach in chapter 2 and 3. In chapter 2, we
focused on the difference of the foot control for avoiding the stumbles to objects.
The target motion for the analysis was an approaching and contact motion to the
object that is placed in the going direction. We showed that the difference of the foot
control for doing the target motion might be caused not only by aging but also by
the difference of the localizing an object, in other words, the difference of the ability
of the depth perception. In chapter 3, we proposed the depth perception estimation
model using the difference of the strength of the manifestation of the visual illusion.
In our proposed model, we set a hypothesis that the reason that a human perceives
the virtual depth information during seeing the image that causes the visual illusion
can be explained by the estimation of the position of the camera placed at a fixed
point. We introduced the visual illusion & that indicates the scaler ratio of two objects
illustrated in the image to express the level of manifestation of the visual illusion. In
this chapter, it was observed that the bigger the visual illusion ratio k value was
identified for a participant, the closer he/she perceive an object. The relationship
between the difference of the level of the manifestation of the visual illusion and the
difference of the toe-off position just before contacting an object in the target motion
in chapter 2 was also analyzed. The bigger k& group, who showed the bigger visual
illusion showed the larger distance between the object to contact and toe-off position
compared with other elderly groups. Thus, the people who are considered to perceive

objects closer than their ideal position in the virtual depth direction in the 2D image
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also perceive objects closer in the 3D space.

For the 2nd research question, we approach in chapter 4. We conducted interview
research to 36 hospitalized patients who had experienced a fall-related hip fracture.
The patients were also asked to answer the 25-question Geriatric Locomotive Function
Scale (GLFS-25; The questionnaire for asking about their physical function). In
this chapter, we proposed to use the log-likelihood for the questionnaire response
pattern analysis and data imputation. The three categories of falls (Category (a):
falls by unexpected external forces; Category (b): falls by losing balance or supporting
forces; Category (c): others) are defined to categorize the patients’ falls based on the
interview. After the confirmation of the validity of our categorizing of falls using
the clustering method and analysis of the frequency of the co-occurrence words, we
trained the fall category classifier and the stumble risk estimator. The fall category
classifier is modeled by the naive Bayes model, which utilizes the frequency of the
words from the interview data in each fall category. Also, the log-likelihood of the
GLFS-25 response patterns of the hospitalized patients and the participants in chapter
2 and 3 are used to train the fall category classifier and the stumble risk estimator.
For the GLFS-25 response pattern classifier, we achieved 76.1% average classification
rate (16 out of 21 cases) for category (a) and (b). Also, it is clarified that people
who showed the abnormal (bigger/smaller) visual illusion ratio k in chapter 3 are at

higher risk of falls compared with other elderly.

For the 3rd research question, we approach in chapter 5. We proposed the feature
extraction method for the consecutive data such as motion capture data, EEG data,

and for the discrete response pattern data of the questionnaires. The coordinate con-
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version method using matrix decomposition is also proposed. We used the large-scale
data as the mother set and approximated it as the normal/exponential distribution
so that we can calculate the probability of generation of the data. Using this large-
scale mother-set, we generalize the results of the small-scale dataset. The data is
transformed into the coordinate system in which the physical characteristics and the

cognitive characteristics are separately extracted.
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Chapterl

Introduction

1.1 Background

1.1.1 Motions are created as a result of interaction between

surroundings and body

Motions of creatures are generated from the interaction with the mechanisms of
their body and the structures of the environments. Decomposing tasks parallelly and

using simple reflection models, Brooks[5] created a robot that moves like creatures.

Thinking about the interaction with the environments, the perception of the visual
inputs is coming up. It is known that kittens cannot develop their visual systems
enough if we keep closed its eye before the 3 months after birth[6]. For the human
beings, infants can make eye contact with their mother just 6 weeks after birth and
look at the face of the speaker at the 4 months after birth[7], and around the 5 months
after birth, the McGurk effect emerges[8]. McGurk effect is the phenomenon we feel
strange if we are shown inconsistent audio stimuli and visual stimuli simultaneously.
The fact means that infants can integrate the visual and audio stimuli at the 5

months after birth. Comparing that the acquisition of the linguistic ability (emergence

1
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of utterance) is the 10-18 months after birth, the development of the visual/audio
perception is very early. That’s why the preferential looking method[9] is often used in
the developmental psychology study. The preferential looking method requires infants
to see the stimuli and researchers measure the duration of looking at different stimuli
and it can be used from the few days after birth[10]. The preferential looking method
requires infants to see the stimuli and researchers measure the duration of looking at
different stimuli. The larger duration infants look at the stimuli means that the more
infants are getting interested in the stimuli. These facts mean that creatures don’t
have their perception system intuitively and develop their own perception system

through interaction with their surroundings.

Bell - Magendie law is widely known as the law in anatomical fields. The law
explains that efferent neurons that control motion outputs come from the ventral
spinal nerve roots and the afferent nerve that controls sensory inputs come from the
dorsal spinal nerve roots. Generally, important organs are allocated on the ventral
side. It means that the motion output is more important than the sensory inputs for
survival. In other words, we need to focus on not only the visual perceptional inputs

but also motion outputs that enable us to interact with environments.

Exploring and mobility abilities are highly important interaction with environ-
ments. Ardipithecusramidus, which is a hominid fossil excavated in Ethiopia in
1994 is a species that shows the shows the transit to bipedality[11]. Lovejoy et al.[12]
reconstructed the model of this fragile fossil using computer tomography techniques
and analyzed the pelvis structure that enable them to realize bipedality anatomi-

cally. Realizing bipedality enabled humans(, or hominid) to expand their habitats,
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secure a lot of foods, and increase the population. Then, we become to utilize hands
freely. Homunculus[13] is the mapping that shows which regions are correspondent
with which body parts on the primary motor cortex and the somatosensory motor
cortex, and the wider areas compared to our body size are allocated for hands and
mouth.

Through exploring, human develops their perception systems. Infants act as if they
know the physical laws intuitively[14][15], however, the fear of higher place is amplified
after experiences of the actual falling down[16]. Also, Yamamoto[17] suggests that
infants explore the relationship between their orientation to their surroundings and
their movements dynamically during the process of acquiring rolling over movements.

Not only exploring by their own feet, humans developed the tools for mobility. It is
well known that the invention of the steam engine had contributed to the development
of the mechanical engineering field such as safety ratio. Human beings have invented
cars, trains, ships, airplanes, to expand their habitats or exploring regions. These
days, various human-aid techniques become to be studied such as automobile system,
controlling theory of the wheelchair[18], walking assistive robot[19], for more people

to maintain mobility abilities for a longer time.

1.1.2 Falls as events that prevent people to go outside

We think that expanding mobility abilities both by bipedality and by machines is
one of the most important characteristics of humans. However, there is an event that
impairs this ability significantly. Falls. In this dissertation, we adopted the World

Health Organization (WHO) fall definitions: “Inadvertently coming to rest on the
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ground, floor or other lower level, excluding intentional change in position to rest in
furniture” (cited from [20]). In Japan, the number of mortality due to falls are more
than mortality due to traffic accidents[21]. It’s not only a problem of the number
of mortalities. In the case of the elderly people who have experienced falls and fall-
related fractures, their quality of life (QoL) is significantly impaired. Falls look like
only problems of physical functions such as the locomotive functions, balance func-
tions, etc. In fact, there are various biomechanical or epidemiological analysis were
conducted [22][23][24][25]0 However, as WHO guideline[26] says, excluding hazards
from the physical environments of elderly people is important for fall preventions.
Also, from a point of view of perception of environments and execution of motions,
declining cognitive abilities has a deep relationship with falls. Especially, for dementia
patients, there are some reports that they show changes on their gait patterns[27] or
their visual perception might be changed[28][29]. In the medical fields, the concept
of the sarcopenia[30] and the locomotive syndrome[31] are proposed as the examples
of the declining of physical abilities. Recently, the Japan geriatrics society proposed
a concept of the frailty that treats declining physical, mental, social abilities compre-
hensively. Now, a concept of the cognitive frailty as the mixture of the declining of

physical and cognitive abilities is widely accepted.[32][33].

1.2 Objective of this Dissertation

In this dissertation, we aimed at clarifying the dependency of the depth perception
to the stumbles and evaluating elderly people frailty level to prevent falls. If there is

a clear relationship between the depth perception and the motions, we can utilize it
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to estimate the risk of stumbles that is the most likely to happen on the community-
dwelling elderly people[34]. To construct a more realistic estimation of stumble risks,
knowing how falls and consequencing hip fractures happen is also an important pur-
pose of this research. Another purpose of this dissertation is constructing a system
that estimates and evaluates elderly people frailty level using multi-modal informa-
tion such as motion data or brain activity data. Throughout these kinds of data,
we can acquire the participants’ physical/cognitive status more clearly and precisely.
However, acquiring these detailed data of many participants costs a lot. Thus, we
aimed to construct a method of combining the small, precise data of the sampled

dataset with the large-scale, statistic mother dataset.

There are various causes of falls: Declining cognitive abilities such as dementia,
declining locomotive functions such as locomotive syndromes, declining visual acuity
or lacking field of vision due to cataracts or glaucoma. In this dissertations, we don’t
consider the falls due to their lack of field of vision or visual acuity by eye diseases. We
focus on the locomotive functional weakness as physical frailty and declining depth

perception abilities and cognitive function as cognitive frailty.

In this research, 3 datasets were used. One is small-scale, but detail dataset. It
is composed of the motion capture, the electroencephalogram (EEG), and the ques-
tionnaire data of the elderly. The measurement for this dataset is divided into 2
studies. The first study is held during the period from November 2016 to February
2017. In the first study, we did motion capture and the 25-question Geriatric Loco-
motive Function Scale (GLFS-25; The questionnaire for asking about their physical

function)[31]. Sixteen elderly and 7 young participants participated. The second
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study is held from September 2017 to March 2018. In the second study, we did
EEG measurement during cognitive tasks and the revised Hasegawa’s dementia scale
(HDS-R; The questionnaire for evaluating participants’ cognitive function. Only to
the elderly participants we asked to answer)[35][36]. Fourteen elderly and 5 young

participants participated in both the first and the second study.

Another one is a large-scale dataset that is a part of the cohort study for sarcopenia
and frailty of the community-dwelling elderly; Kashiwa study[30]. This dataset is
composed of the result of the physical tests (e.g. the walk speed, the limb skeletal
muscle mass, etc.) and the score of the GLFS-25 and Mini-Mental State Examination
(MMSE; The questionnaire for evaluating participants’ cognitive function)[37], the
experience of falls. The data is processed statistically and used as a mother set of the
elderly i.e. the reference of the distribution of the community-dwelling elderly. We
used data of the study held during the period from September 2016 to November 2016
(the 4th study). The participants except 1 elderly and all the young participants of the
measurement in the first dataset are recruited from the participants of Kashiwa study
cohort. Among the 16 participants of the first dataset, 11 participants participated

in all the 2 studies for the 1st dataset and the 4th study of Kashiwa study.

The other one is the qualitative research dataset of hospitalized patients due to falls
and consequencing hip fractures whose age are over 60. This dataset is composed of
the text data of interview research, the summary text data by researchers after the
interview, and the score of GLFS-25. This dataset is used for grabbing the real
situation of falls of the elderly, i.e., this dataset is used as a reference of the fallers.

The interview research was held during the period from September 2016 to April 2018
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at the University of Tokyo Hospital. The relationships among each dataset and their

participants’ characteristics are shown in Fig.1.1.

1.3 Outline of this Dissertation

This dissertation is consist of 6 chapters. In chapter 2 and chapter 3, the depth
perception as a factor of causing stumbles is analyzed. In chapter 2, we focus on the
foot control for avoiding an obstacle. Instead of studying on an avoiding motion, the
ball approaching motion was measured and analyzed from the view of the simplicity,
safety, and the easiness for measurements. In chapter 3, we propose the estimation
model of the depth perception. In the model, we show the 2D images that cause the
size illusions and modeled the depth perception abilities from the level of manifesta-
tion of the size illusion. The difference of the 3D motion in chapter 2 is also analyzed
based on the difference of the level of manifestation of the visual illusion.

In chapter 4 chapter 5, we describe the frailty estimation/evaluation method that
links to falls. In chapter 4, interview research to patients who had been in the Univer-
sity of Tokyo Hospital are reported. The quantitative analysis method of the interview
data is proposed. Also, the quantitative evaluation method using log-likelihood is ap-
plied to the data of the questionnaires. We constructed 2 fall category classifiers,
using the interview data and the questionnaire data, for each. Also, we construct
the stumble risk classifier. The works in chapter 4 are composed of a collaborate
work in the Graduate program in gerontology (Global Leadership Initiative for an
Age-Friendly Society; GLAFS) at Institute of Gerontology (IOG) in the University of

Tokyo, as cross-sectional research with various researchers and ph.D. students. The
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main contribution of the author of this chapter is that quantitative analysis of the
interview data of hospital patients and the converting method of the questionnaires.
Other work will not be included as contributions to this dissertation.

In chapter 5, we proposed feature extraction method for the frailty evaluation using
multi-modal consecutive data such as physical motion data and brain activity data.
A method that converts the categorical data to the quantitative data using probabilis-
tic distributions proposed in chapter 4 is also proposed to do comprehensive frailty
evaluations. The large-scale cohort study dataset is used as the mother-set, and the
mother-set distribution is used for more precise analysis. Also, the coordinate trans-
formation method using matrix decomposition is proposed to convert and generalize
the results of the small-scale dataset into the results of the large-scale dataset.

Fig. 1.2 shows the outline and relationships among the dataset groups. From chap-
ter 2 to 5, we mainly use the Dataset (1); the group of our measurement. In chapter
4, we also use the Dataset (3); the hospitalized patient group. In chapter 5, we use
both Dataset (1) and (2); the group of our measurement and Kashiwa study to estab-
lish the coordinate converting method. Also, Dataset (2) is used for making a more

precise analysis of Dataset (3).



Chapter 1: Introduction 9

Group 1: Kashiwa study groupl

Kashiwa study dataset (N = 950)

+ The participants who joined the investigation held during
September - November in 2016.

The large-scale data,

- The large-scale, cohort study of the community-dwelling
statistic approach

elderly for preventing sarcopenia and frailty.

Our measuement dataset

<The 1st measurement>

(N =23 ;7 young and 16 elderly)

The motion capture measurement held
during November in 2016 - February
in 2017.

The small-scale data,

<The 2nd measurement> approach by precise measurements

(N'=19; 5 young and 14 elderly)
The EEG measurement held during
October in 2017 - March in 2018.

Group 2: Patients group I

The hospitalized patient dataset (N = 36)

The middle-scale data,

- The participants (age = 60) who hospitalized due to approach by qualitative research

fall-related hip fracture after September 2016.

Figure 1.1: The relationships among group and dataset. Three datasets are used to
analyze. Dataset (1): The small-scale, detailed dataset. The measurement is divided
into 2 studies; physical measurement and cognitive measurement. The cumulative
number of participants in the 2 studies was 30 elderly and 12 young participants.
Dataset (2): The 4th study of Kashiwa study dataset. The participants are in the
large-scale cohort study named Kashiwa study. We used the data of 950 participants
who participated in the 4th study of this longitudinal study. In this dataset, the
data of 11 elderly participants who participated in both the 1st and the 2nd study
in the Dataset (1) are included. Dataset (3): The qualitative research dataset of the
hospitalized patients who had experienced falls and consequently fractures.
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Dataset (2): Kashiwa study dataset

GLFS data Physical measurement results

Reffer for making precise estin
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Figure 1.2: The outline and relationships among the dataset groups of this
dissertation.



Chapter2

Foot Control Analysis for Risk
Evaluation of Stumbles of the

Elderly

2.1 Introduction

2.1.1 Background

Falls and following hip fractures are one of the big problems in hyper-aged society.
Trip/stumble is one of the common patterns of falls. Morita et al.[38] report the
results of the 3-year prospective research of the community-dwelling elderly fallers.
They examined the ratio of the visiting to hospitals and fracture, and found that the
elderly people who fell by external factors and noticed the factors before their falling

showed the bigger fracture ratio (the ratio of visiting hospital was 22% and the ratio

This capter is under review as [1]

11
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O

Ball

N\

Approaching

Figure 2.1: The outline of the measurement. The experimenter asked participants to
approach the ball from about 3-step distance and to touch the marker attached on
the top surface of the ball by their foot.

of fracture was 7.9%), compared to the other group; the other 3 groups were group
in which the elderly people who fell by external factors but did not notice the factors
(the ratio of visiting hospital was 19.1% and the ratio of fracture was 4.4%), group
in which the elderly people who fell without external factors (the ratio of visiting
hospital was 12.4% and the ratio of fracture was 1.9%), group in which the elderly
people whether external factors relate to their cause of falls are unknown (the ratio
of visiting hospital was 25.2% and the ratio of fracture was 1.0%). Relationships
among cognitive abilities, visual perception, and motions, especially relationships be-
tween dementia and motions are attracting interests these days from the perspective
of early detection of dementia. Non-Alzheimer’s type dementia, especially vascular
dementia often shows particular abnormal gait patterns[27]. There are several screen-

ing tools for detecting declining cognitive abilities; Mini-Mental State Examination
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(MMSE)[37] and The revised version of Hasegawa’s dementia scale (HDS-R)[35][36]
are widely used for detecting dementia, and Moca-J[39] is used for a detecting Mild
Cognitive Impairment (MCI). In these screening tools they sometimes have the coor-
dination tasks that require both motions and visual perceptions[40][39][41], there are
also researches to investigate the prediction effects of dementia of these visual per-
ception tasks [28][29]. Gait analysis has a long history as motion tests[42][23][43][44].
Some researchers are studying visual attention during walking[45], and it is pointed
out that bad depth perception leads to a higher risk of falls[46][22][47]. Elderly peo-
ple’s brain alterations were drawn in [48]. Not only dementia but normal aging alters
brain construction, the quantity and quality of the neural transmitters, and functional
networks. These aging alterations make elderly people take different strategy for us-
ing different brain regions that have never been used before to compensate such as
alterations. In this strategy, elderly people more rely on cognitive function to control
motions and as a result, they become to have difficulty with doing cognitive task and
motion simultaneously. From these findings, there are strong connections between
cognitive abilities and motions, especially for elderly people. The concept of frailty,
which indicates the declining physical /mental/social abilities is proposed these days.
It is said that the declining of cognitive abilities and the physical frailty should be

treated as one comprehensive phenomenon (the cognitive frailty)[33][32].

2.1.2 Research purpose

In this chapter, our aim is to analyze the motion of approaching an obstacle and to
clarify the difference of the motion among people. People stumble when they perceive

an obstacle and cannot avoid it. We set for this situation as a hypothesis that people
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who are more likely to stumble will show a specific motion when approaching an ob-
stacle on their pathway, which may be a cause of a stumble. We set two assumptions.
The first one is that stumbles are results of the alteration of the depth perception.
This is about the alteration of perceptions. The second one is the alteration of mo-
tion planning abilities. If the motion planning ability declines, however people plan
their motions based on their perceived information, the output motion becomes dif-
ferent from what people intend to. From the first assumption, some people would
show earlier/later toe-off before the obstacle due to failure in object localizations.
From the second assumption, some of the people who don’t show the difference of the
position of swing legs would put their support leg on the further position from the
obstacle. Fig.2.1 shows the main target motion that we focus on; This is the motion

of approaching a small object on their pathway.

2.2 Research hypothesis and proposed method of

the experiments

2.2.1 Research hypothesis

The hypotheses are set for the explanation of the trips to obstacles. Let us assume
the case that elderly people notice an obstacle during their walking and they judge
it avoidable by stepping it over, then, generally they step over it without paying
any special attention to its position precisely. However, as [48] says, the elderly
people depend on much more cognitive controls when they do motions compared

to the young people. We divide the cognitive control into two phases and set the
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following hypotheses. Elderly people (1) firstly perceive the position of themselves
and obstacles on their pathway (the localization phase), and (2) secondly, they plan
motions so as to execute the stepping over motion at the appropriate position (the
planning phase). If either or both the ability for the visuo-spatial perception or/and
the motion planning is impaired, then the risk for falling will rise up. Also, to make
measurements easier and safer, we change the condition to approaching an obstacle

from the avoidance of an obstacle.

2.2.2 Target motion

While there has been a lot of work on an analysis of stepping over of obstacles|24][49],
there is less work on the analysis of fail on stepping over or real falls[50][51]. Accord-
ing to the hypothesis we set in the previous section, the stumble happens when people
perceive an obstacle and cannot avoid it by stepping over. This event occurs when
people have incorrect information for planning motions or people cannot execute their
motions as they planned before. If so, there must happen the nearly same things when
we intend to approach an object deliberately on their pathway. In this research, we
set a target motion as the approaching task in which people approach an 8-cm small

ball. We measured and analyzed their motions by the motion capture system.

2.2.3 Other measurement items

We used the revised Hasegawa’s dementia scale (HDS-R)[35][36] results as a refer-

ence because it is widely used for grabbing participants’ cognitive abilities.
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2.3 Experimental settings

2.3.1 Participants

Fourteen elderly participants (6 male, 8 female, age 79.5 + 6.91) and 5 young
participants (all are male, age 24.6 £+ 0.89) were measured. The elderly participants
were recruited from the participants in the Kashiwa cohort[30], the young participants
were recruited from the student in the graduate school of information science and

technology, the University of Tokyo.

2.3.2 Cognitive task settings

We used the HDS-R scoreHDS-R is a screening test for dementia that is widely
used in Japan. It has a full score of 30, the lower score indicates more decreasing
of cognitive abilities. The examiner (in this research, nurses execute the test) asked
several questions such as how old are you, or where are you, repeat words, etc., and
scored along with their response. Score 20 is the cutoff for the doubt of dementia. We
referred [39] and set score 26 as the cutoff for the doubt of start declining cognitive

ability.

2.3.3 Ball approach task settings

Thirty-five optical reflective markers were attached to the whole body of the par-
ticipants. Twelve cameras were used and captured their motions. We put a ball
2-3 strides advance manually, then asked participants to contact the marker that is

attached to the top of the ball and the measured marker positions were analyzed.
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Though the starting position was the same for all the participants, the positions of
the ball were changed in each trial by experimenter’s hand. In the statistical analysis,

we set the significant level as p = 0.05.

2.4 Experimental results

2.4.1 Results of the cognitive tasks

One people (B03) showed score 20 in the HDS-R that indicates he is doubted as
dementia. Three people (B02, B05, B18) showed the HDS-R score less than 26, which

indicates starting declining of the cognitive ability[39].

2.4.2 Analysis of the ball approaching motion

The distance of the left/right thumb from the ball position at the toe off time
of the swing leg (right leg) are shown on Tab. 2.1. The distance is normalized by
each participant’s height (the height of the marker that is attached on their front
side of the head). From the results on Tab. 2.1, young participants put their left
feet at the position less than 0.1, and put their right feet at the position less than
0.5, so we set both values as thresholds so that we can judge the results are close
with young participants or not. Fig. 2.2 illustrates the distance (normalized to the
height) from the swing/support legs to the ball position at the time of the toe off time
of the swing leg just before the ball. The red dotted line indicates the thresholds.
The horizontal line is the distance between support leg (left leg) thumb and the

ball normalized by participants’ height, and the vertical line is the distance between
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Figure 2.2: The position of the support/swing leg. The horizontal axis indicates the
distance from the ball in the progressing direction (x-axis) of the support leg when
the toe of the swing leg is off. The vertical axis indicates the distance from the ball
in the progressing direction (x-axis) of the swing leg when the toe of the swing leg is
off. The distance is normalized by the participant’s height.

swing leg (right leg) thumb and the ball normalized by participants’ height. From
Fig. 2.2, 12 participants exceed the threshold for left feet position, and 5 participants
also exceed the threshold for right feet position. The participants who approach a
ball in 5 steps are plotted at the bottom side in the figure, and almost all (except a
participant BO7) the participants who approach a ball in 3 steps are plotted at the
upper side in the figure. We grouped the participants as ‘young (approach a ball in
3 steps)’, ‘elderly (approach a ball in 3 steps)’, ‘elderly (approach a ball in 5steps)’.
The one way ANOVA (analysis of variance) showed a significant main effect of group
(F(2,15)=3.68, p=0.022 for the left feet and F(2,15)=3.68, p=0.006 for the right feet).

The post hoc comparison was showed no significant difference between the position
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Figure 2.3: The position of the support/swing leg of the elderly who are in their 70’s.
The horizontal axis indicates the distance from the ball in the progressing direction
(x-axis) of the support leg when the toe of the swing leg is off. The vertical axis
indicates the distance from the ball in the progressing direction (x-axis) of the swing
leg when the toe of the swing leg is off. The distance is normalized by the participant’s
height.

of the left foot of ‘elderly (approach a ball in 3 steps)’ and ‘elderly (approach a ball
in 5 steps)” and the position of the right foot of ‘young’ and both ‘elderly (approach
a ball in 3 steps)” and ‘elderly (approach a ball in 5 steps)’ (p=0.93, 0.21, 0.16, for
each). However, both ‘elderly (approach a ball in 3 steps)’ and ‘elderly (approach
a ball in 5 steps)’ group put their left foot further position from the ball compared
with the ‘young’ group (p=0.01 for the ‘3 steps’ elderly group and p=0.02 for the ‘5
steps’ elderly group). Also, the ‘3 steps’ elderly group approach a ball from further
position compared with the ‘5 steps’ elderly group (p < 0.01). Next, we grouped the
participants as ‘young (approach a ball in 3 steps)’, ‘elderly (their right foot position

> 0.5)", and ‘elderly (their right foot position < 0.5)’. The one way ANOVA (analysis
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of variance) showed a significant main effect of group (F(2,16)=3.63, p=0.002 for the
left feet and F(2,8)=4.45, p=0.04 for the right feet). The post hoc comparison was
showed no significant difference between 2 ‘elderly’ groups for both left and right foot
position (p=0.34, 0.14, for each). Both ‘elderly’ group put their left feet in further
distance from the ball compared with the ‘young’ group (p= 0.004 for the < 0.5 group
and p=0.01 for the > 0.5 group). For the right foot position, on the other hand,
‘elderly (their right foot position > 0.5)” put their foot in further distance compared
with the ‘young’ group (p=0.04) whereas the ‘elderly (their right foot position < 0.5)’
group showed no significant difference with the ‘young’ group (p=0.76). Almost all
elderly people put their left feet in further position from the ball compared with young
participants. Analyzing only the elderly who are in their 70s, we could see this trend
clearly. Fig.2.3 shows their and young participants’ foot positions. It is known that
human plans their motion at least before 2 steps[45], so when participants step just
before approaching the ball, they have already planned their motions. Thus, these
differences would come from either the declining ability of localization of an obstacle or
the declining motion planning ability. We focused on the participants who approach
a ball in 3steps and whose toe off position was bigger than 0.5. The statistical
analysis revealed that their toe off position was further than young participants and
other elderly participants whereas the other elderly participants showed no significant
difference with young participants’ toe off positions. On the other hand, their left foot
positions showed no significant difference between the elderly participants whose toe
off position was bigger than 0.5 and other elderly participants. There is a possibility

of that the participants whose toe off position was bigger than 0.5 had no problem on
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Table 2.1: z [mm], which is the toe off distance from the ball that is normalized = by
heights.

ID || Normalized distance [mm] | Normalized distance [mm]
(Left foot) (Right foot)
Elderly people who approach a ball in 5 steps
B0O1 0.15 0.22
B24 0.09 0.23
B16 0.13 0.25
B09 0.15 0.31
B13 0.21 0.35
B18 0.21 0.35
B19 0.13 0.38

Average + S.D

0.15 £+ 0.04 0.29 + 0.06

Elderly people who approach a ball in 4 steps

BO7 H 0.11 0.29

Elderly people who approach a ball in 3 steps

BO7 0.11 0.29
B22 0.05 0.44
B02 0.15 0.50
B05 0.12 0.54
B14 0.13 0.57
B15 0.17 0.59
B03 0.32 0.75
Average + S.D.
0.15 £+ 0.08 0.52 + 0.14

Young people who approach a ball in 5 steps

A02 H -0.02 0.23

Young people who approach a ball in 3 steps

A04 -0.03 0.21
A07 0.09 0.46
A03 0.06 0.46
A01 0.03 0.46

Average £ S.D.

0.03 £ 0.05 0.39 + 0.12
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their motion planning ability but localized a ball position closer than it actually is.
The approaching motion from the toe off position of the participants whose toe off
position was bigger than 0.5 are illustrated in Fig. 2.4. At first, their ankle joint show
plantar flexion but as approaching a ball their foot become to be flat, and after that,
their foot show dorsal flexion as they are approaching a ball, so at the marker position,
3 out of 5 participants’ toes were upward whereas other 2 participants’ toes were still
flat. This implies that at least 3 participants who showed their toes upward localize
the ball position closer. They intended to put their feet at their localized ball position
so their foot postures became flat, but they missed to place their feet because the
ball was placed further than they think. Then they pulled their feet again, resulted
in showing the toes’ upward postures. Perhaps, for the other 2 participants, it was
enough just to extend their feet slightly. We clarified the difference of approaching
motion and clarify that for some elderly participants the object localization (, or the
depth perception ability) is deeply related to the approaching motion. Interestingly,
the participant B03 who showed the lowest HDS-R score placed his right /left foot the
furthest position from the ball, and 3 out of 5 participants (B02, B03, B05) whose
right foot was placed further from the ball position showed HDS-R score less than 26.
Cognitive ability may also relate to the localization of the obstacles. However, from
these experimental settings, we cannot clarify how the participants’ depth perception

varied. Further measurements are required.

2.5 Conclusion

Conclusions are as followings:
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Figure 2.4: The approaching motion from the toe off position. The blue circle indi-
cates the position of the marker attached on the top of the ball. The right leg (from
the hip joint marker to the thumb joint marker) are illustrated in each 10 frame (the
sampling rate was 256 frame per second).

1. We set a hypothesis that elderly people who have a higher risk for stumbling
cannot approach an obstacle placed on their pathway well. The motions of
approaching a ball of 14 elderly and 5 young participants were measured and

analyzed.

2. We found that 12 out of 14 elderly people place their support leg significantly
further from the ball than young participants. Moreover, 5 out of 12 par-

ticipants’ swing legs were leaving from further distance compared with young
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participants.

3. We analyzed the distance between the toe off position and the ball, and foot
posture during approaching a ball, and showed a possibility of their declining
of obstacle localization abilities. In other words, the difference of the depth

perception abilities affects ball approaching motions of elderly people.



Chapter3

Analysis of Depth-Perception
Dependency of Foot Control by

Pseudo Visuo-Spatial Test

3.1 Motivation

3.1.1 Background

In 2016, of the causes of death, 21% of unexpected accidents is due to fallings.
This number is larger than the cases of car accidents(13% of unexpected accidents).
In the falling cases, most cases are by slippings, trips, or staggers, on the same flat
plane and it accounts for 15% of all the falling cases!. When limited the causes of
the death to the unexpected accidents at home, fallings is the third large causes of

death following the drowning in bathtubs and food aspirations[21]2.

Concerning trips, elderly people show smaller toe clearance in the height direction

Data can be acquired from https://www.e-stat.go.jp/dbview?sid=0003214739. (in Japanese)

2Data can be acquired from https://www.e-stat.go.jp/dbview?sid=0003214742. (in Japanese)

25
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when climbing up larger steps. Especially when they wear the multifocal glasses, the
variance of the toe clearance becomes larger and much more trips tend to occur[52].
Kobayashi et al.[25] used principal component analysis and found that the kinematic
key points of the elderly who experienced fallings are the larger hip /knee/ankle angle
variance. They also found that these risk indices have a correlation with the size
of a variance of the minimum toe clearance and duration of the swing/stance phase

during walkings.

Frailty status results from a declining of both physical function and cognitive
function[33][32]. As aging, the brain structure gets shrink, starts declining of the
neurotransmitter, and functionally changes networks in the brain. These age-related
alternations of the brain make elderly people use not only the regions they have ever
used for motions but also other regions of the brain. This is thought as because
they take a strategy to control integrations of the visuo-spatial perception and the
sensory input during motion tasks[48]. The depth perception is a risk factor of fall
and fractures[46]. The multiple fallers had poor depth perception[46]. The stereopsis

is significantly associated with hip fractures|[22][47].

Piaget’s 3 mountain task is a very traditional and famous cognitive task in the
developmental psychology. In this task, experimenter shows pictures taken from
various measurement points around a model of 3 mountains and asks where the picture
was taken from. This is the test to estimate the ability to perceive the relationships
between their environments and the participants themselves. McDonald et al.[53]
confirmed that the difference in the results of the 3 mountain task among elderly and

students. The measurement points were allocated each 36° around the mountains
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model, and they found that the largest mistakes made by the seventies were selecting
just next in series to the correct point. This result implies that our skill to perceive

relationships between the environment and ourselves may be age-related changing.

We hypothesized that when this kind of visuo-spatial perception changing occurs,
elderly people misestimate the position of an obstacle on their pathway, or their er-
ror generated during motion planning becomes larger, leads stumbles. The standard
depth perception test is a Howard-Dolman depth perception test that requires par-
ticipants to move the position of one of two rods in the depth direction[54]. This
test examines the distance between 2 rods and calculates the participant’s depth

perception.

In chapter 3, we reported that the elderly’s abnormality of the foot position control
during approaching to a ball compared with young participants. To state out the
cause of this phenomenon, we hypothesized that the perception of the situation comes
from the difference of the localization of the objects. If there is an abnormality of the
perception, the size of objects would be seen differently for the participants compared
with the participants who have the normal perception ability. Usually, if we see the
objects aligning in the going direction, we can perceive their size in accordance with
the distance from the position of the objects. If the perception ability is changed,
this size perception will change, too. Thus, we think that the level of manifestation of
the visual size illusion would be changed in accordance with their perception abilities,
and this difference would be an explanation of the difference of the object localization
at the beginning of the motion. In this research, we focus on the visual illusion as the

estimator of the depth perception and propose a method to estimate depth perception
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Figure 3.1: The outline of the proposed model. In this model, people estimate the
camera position.

easily without any moving of objects to state out the difference of the ball approaching

motions.

3.1.2 Research purpose

In this chapter, our aim is constructing a mathematical model to clarify the effects
of the changing of the visuo-spatial perceptions on motions. In our proposed model,
we focus on the visual illusion task in the depth direction on a 2D image. We’d like to
estimate the level of each human depth perception from the level of manifestation of
the visual illusion task, and express their visuo-spatial perception abilities quantita-
tively. Fig. 3.1 shows the outline of the proposed model. Also, we're going to discuss
how such kind of differences in the depth perception affect motions. We analyze the

3D motions and examine how much the depth perception estimated from 2D images
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Figure 3.2: The relationship between the expected results of this chapter and the
supposed risk for stumbles.

have a relationship with the motion, especially relationship with the motion plan-
ning abilities that integrate the perceived information to plan motions. The analyzed

motion is the ball approaching motion proposed in the previous chapter|[1].

Fig.3.2 shows the relationship between the participants’ group and the expected
results. The biomechanical study[55] clarified that humans take two types of strategies
to prevent falls; An elevating strategy and a lowering strategy. The former strategy
appears when people trip in the early swing phase, and the latter strategy appears
when people trip in the later swing phase. If people perceive an obstacle further /closer
than its real position, then people will be likely to stumble in the earlier/later swing
phase. Thus, the abnormal perception group, colored red in Fig.3.2 has a higher risk

of stumbles.
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3.2 The perceived depth acquired from the coor-

dinate transition

3.2.1 The visual illusion and the proposed model

In our research, we show a perspective image to the participants (the visual illusion
task). We set 2 hypotheses: First, there are 2 types of coordinate systems - the
global system (G, and the human internal coordinate system H to understand their
environment as shown in Fig. 3.1. Second, human estimates The origin of the camera
position and set their own origin to the estimated origin point. So, the problem we
need to solve here is to estimate the transform from the global coordinate system to
the camera coordinate system using the result of the visual illusion task under the
third hypothesis that the estimated camera coordinate system (the human coordinate
system) and the actual camera coordinate system should be in accordance. We’d like
to express the model by parameters as calculating the homogeneous transition matrix
HT.. where T is the homogeneous transition matrix from the global coordinate system
G to the estimated camera coordinate system (the human internal coordinate system)
H. The X-axis corresponds to the horizontal direction and Y-axis corresponds to the
depth direction, whereas Z-axis indicates the vertical direction in this paper.

Fig.3.3 shows an example of the visual illusion. This figure information is illustrated
by the perspective projection method. The size of the 2 spheres on the 2D plane with
background information looks the same, whereas the lower (we feel it is placed in the
front side) one is larger than the upper (we feel it is placed in the back side). This is

a kind of Ponzo Illusion and it can be explained by the size constancy[56]. Let r be
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the diameter of the sphere and Y be depth, a be the perceived sphere size. Then the
perceived size can be expressed as

T

(3.1)

<|e

From this equation, when we perceive the depth information from the image and
perceive as if it was placed at the front side, we feel the object size smaller than
actual it isl This equation is completely the same with the equation of the perspective
projection method. Let the diameter of the sphere placed in the front position be 7/,
the diameter of the sphere placed in the back position be r,. Also let the perceived
size of the sphere placed in the front position be af, the perceived size of the sphere
placed in the back position be a;, the coordinate value in depth direction of the sphere
placed in the front position be Yf, and the coordinate value in depth direction of the

sphere placed in the front position be Yb, then,

U} (3.2)
Tp ap Yy

If the retinal image, or projected diameter onto a 2D image is the same (r¢/r, =
1) and when }A/},/ Yf > 1, ag/a, < 1 and the sphere placed in the front position
looks smaller. Measuring brain activity under such visual illusion revealed that brain
activity changes according to the perceived visual angle size.[57]0

Under visual illusion occurs, we ask a participant to fit the size of the sphere placed
in the front side so as 'to be the same size’” with the sphere placed in the backside in
the image. Optically there are 2 disks on a flat 2D plane and they are projected onto

the retina of participants, so the size of the retina for 2 disks are the same (7= = 1,

[y

see Fig.3.4(a)). However, participants perceive the depth Yf and Y} for each sphere

from the image, so they modify the perceived size for the front sphere 7, to ay and
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the perceived size for the back sphere 7, to a,. At that time participants change the
diameter of the front sphere r¢ so as to fit the perceived size as correspond with the
retina size r; and the perceived depth }A/f(< Yb) We hypothesized that the visual
illusion could be explained by confusing the diameter r and the perceived size a. In
other words, when we ask participants to adjust r¢/r, to 1, participants will adjust

the size of these spheres so as to

-1 (3.3)

Though they think they are adjusting the diameter (the retinal image size) of the
spheres in the image, the r;/r, becomes bigger than 1 as a result. We examine the
level of the manifestation of the visual illusion. We introduce the visual illusion ratio
k that indicates the ratio of the diameter of the sphere placed in the front side to the

diameter of the sphere placed in the backside, calculating following equation:

A

) (3.4)
Ty Yf

and use this k for the analysis to estimate the depth ratio that the participants
perceive.

The images shown to the participants in our research were from the website pub-
lished by Boyaci[58]. Among these images the background information is constant
and only sphere sizes were changed, so we can consider it as the picture taken from
the camera at the fixed position. So the problem is rewritten as follows: How partic-
ipants estimate the fixed camera point and perceive the front sphere position relative
to the back sphere. In this problem, the participants estimate the camera coordinate
system of which origin is fixed and position themselves between the environments

(camera and spheres).
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Ponzo illusion

(Left figure) Apparently 2 spheres are the same size on the 2D image.
(Right figure) This illusion is called Ponzo illusion. These 2 lines have
the same length, but the lower line looks shorter than the upper one.

Figure 3.3: Two balls were illustrated in the virtual corridor illustrated by the per-
spective projection. Due to the virtual depth perception, people feel the upper side
ball illustrated as if it were put in the far position from the lower ball illustrated.
This illusion can be explained as a kind of Ponzo illusion.

Let the origin of the global coordinate system places at the center of the sphere
placed at the backside. The Y-axis is set along the 2 spheres and directs from the
front side to the back side. The Z-axis is set in the height direction, the X-axis is
set as to orthogonal to each Y- and Z-axis (right-hand system). As transitioning the
origin on the X-Y plane, we can acquire the camera coordinate system. ¢, to, 3
are the transition components of the origin in direction of each axis. In our research
problem, since the camera is fixed, t1, to, t3 is all the constants. The estimated
camera coordinate system (human internal coordinate system) can be regarded as
the coordinate system that transit and 6 rotate from the camera coordinate system.

So the homogeneous transformation matrix” T will be

Hre, (3.5)
i cos(@+a) —sin(@+a) 0 cost; —sinbty + Aty ]
sin( +a) cos(@+a«) 0 sinbt; + cosbts + Ats

0 0 1 ts + Ats

0 0 0 1

where the estimated camera coordinate system (the human coordinate system) is H,
the global coordinate system is G. Aty, Aty, Aty mean the transition components

after coordinate transform. In other words, these values indicate the error between
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the estimated camera position and actual camera position.

When there are 2 spheres, let the actual distance between these 2 spheres be D, then
the global coordinate of these 2 spheres be as follows: X4 o) = X(5,6) = 0,Yp,0) =
0,Yi5.¢) = =D, Zycy = Z(,) = 0, where the b means the coordinates of the sphere

of the backside and the f means the coordinates of the front side sphere. So

You = Y}, = sin 0t; + cos Oty + Ats, (3.6)
Yiu =Yy = sinft; + cos Oty + Aty — D cos(f + a). (3.7)
Using Eq. (3.4),
Y,
ko= 22, (3.8)
Yy
B sin 0t1 + cos Oty + Aty (3.9)
sin 0ty + cos Oty + Aty — D cos(f + a) '
Since D is the constant number,
D:k—1sin€1§1—|—(:080752—|—A1527 (3.10)

k cos( + a)

is also the constant numberd Let set the visual illusion ratio k be K if the estimated
camera coordinate system completely according to the actual one. At that case

0 =0,Aty =0, so Eq. (3.10) will be transformed into

k—1t¢ At
p-lt—_hraob (3.11)

k CcoSQ

We cannot know the actual value of K, calculate it from the average of the results of
the young participants.
Let us consider the position of the origin of the camera coordinate system explained

in Sec3.2.1 as the model parameter. Since the depth distance D between the sphere in
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front side and the sphere in the backside is constant, if the rotation of the coordinate

system can be neglected,

re Y, to
K=—=~_—-=—+“——. 3.12
r, Yy to— Dcosa ( )
Then,
K
to = ——Dcosa. (3.13)

K -1

However, even young people their visual illusion ratio k is shifted from K by a
personal difference. This can be explained by the transition in direction of the depth.

From above discussion, we can calculate Aty as following:

Aty = cos(f + a)D — sin 0t; — cos Ots. (3.14)

k—1

Now we're thinking about the case of # = 0, this equation will be

k k K
Aty = ——Dcosa — ty

P :(k_l—K_l)Dcosa (3.15)

Since we cannot acquire the real value of D, we analyzed the coefficients of D (i.e.
kcosa/(k —1) —1/(K — 1)) in the following discussion. We set o« = 35°. This is
calculated as an angle between the vertical line from the backside sphere to the lower
side of the image and the line that connects the centers of the 2 spheres. In the
statistical analysis, we set a significance level as p = 0.05 and adjusted p-value by

Bonferroni method will be 0.008.
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3.3 The experimental settings for the visual illu-

sion task

3.3.1 Participants

Nineteen participants (Fourteen were elderly, 5 were young) have joined the mea-
surement. For the elderly, they were 6 male and 8 female (age: 79.5 £ 6.91). For
young, all were male and they were the student of the graduate school of information
science and technology at the University of Tokyo.(Age: 24.6 +0.89). No partic-
ipants report the difficulty of seeing the contents on the monitor before/after the

measurement.

3.3.2 The visual illusion task on a 2D plane

At the measurement, we ask the participants to do the task that can experience the
visual illusion easily using the keyboard and the monitor and published by Boyaci[58].
No participants report the difficulty of seeing the contents on the monitor before/after
the measurement.

In the task, 2 spheres that have randomly different size were shown on the monitor
with the background drawn by the perspective projection method. The participants
can change the size of the sphere in front side using the up/down key of the keyboard.
The results are shown on the monitor so we can acquire r¢ and r, (the diameter of
each sphere) for each trial.

The participants did this task for 20 trials. For one trial, it takes 5-10 sec. The

time for each trial was changed by the experimenter. First, participants did 5 trials
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and each trial they had 6 sec. Second, they were asked to do the task and not mind
the time. This was for 10 trials. After that, they were asked to do 5 trials and each
trial they had 10 sec. Since the results can be checked on the monitor when the
participants push a key after the task after each trial was done, they were asked to
close their eyes and the experimenter checked the results so as to the participants
cannot check their own results. Even when the task starts, they asked to keep closing

their eyes, and if they hear the beeping sound then open eye and start doing the task.

While the young participants major the information technology field and they get
used to operating PCs, some of the elderly participants don’t have enough experience
of using PCs. So we analyzed the average of the results of the first 5 trials for each
young participant, and for each elderly participant, we analyzed the average of the

results of the final 5 trials.

We also conducted the revised version of Hasegawa’s dementia scale (HDS-R; the
screening tool for dementia) as a rough indication of their cognitive abilities. The
cutoff value of the HDS-R is 20. In our research, we treated the participant who has
under 26 points as the doubt for mild cognitive impairment (MCI) and the participant

who has under 20 points as the doubt for dementia.

The dataset using in this research is a part of the series of brain activity mea-
surements (total time: 90 min). All the participants had experienced 3 tasks; the
cognitive task (P300 task) that measures the concentration skills of them before the
visual illusion task, the visual illusion task, and the imitate hands task though we

won’t use the data of the P300 task and the imitate hands task in this research.
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3.3.3 The ball approaching motion|[1]

In this chapter, we analyze the 3D motions and examine how much the depth
perception estimated from 2D images have a relationship with the motion in the 3D
space, especially relationship with the motion planning abilities that integrate the
perceived information to plan motions. The target motion is the ball approaching
motion[1] proposed in chapter 2. We put an 8-cm small ball in front of the participant
and asked to scratch their foot on the reflective marker attached on the top of the
ball. Thirty five reflective markers are attached on the participant and the motion
is measured by 12 cameras. The ball is put about 2-3 strides advance manually by
the experimenters. The measured reflective marker positions were analyzed. In the

statistical analysis, we set the significant level as p = 0.05.

3.4 The experimental result and calculated per-

ceived depth information

3.4.1 Measurement results

The visual illusion ratio k calculated from Eq. (3.4) is shown on Fig.3.5. Fourteen
from the left side shows the average and standard deviation of the visual illusion ratio
of the elderly, five from the right side shows the average and standard deviation of
the visual illusion ratio of the young.

From the average of the young participants, K (the actual value of the visual il-

lusion ratio k, and that estimates the camera coordinate system completely when
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it doesn’t rotate) is calculated as 1.18. Murray[57] conducted the behavioral exper-
iments on the manifestation strength of the visual illusion and its result was 1.17
(on average, the backside sphere is reported 17% smaller in their experiments) that
almost correspond with our results. Moreover, we confirmed the pixel-based corridor
width in the background of the image. The width at the point where the front side
sphere is put illustrated 18% wider than that of the point where the back side sphere
is put. From the above confirmations, we regard K = 1.18 as the valid value for the
average of young participants. We calculate the correlation coefficients r. Between
the age and the visual illusion ratio (r = —0.36,p = 0.19), between the HDS-R and
the visual illusion ratio (p > 0.3) had no significant difference, but the age and the
HDS-R had a negative correlation (r = —0.68,p < 0.01). From Fig.3.5, there is a

group of participants whose deviation is very big.

There are also participants whose visual illusion ratio was much bigger compared
with young participants. There is a positive correlation between the size of the visual
illusion ratio and the deviation (r = 0.79,p < 0.01). The maximum of the deviation
of the visual illusion ratio of the young participants was 0.11. So we divided 14 elderly
participants into 2 group; A group is the big deviation group (7 people) and another
group is the other participants (7 people). We calculated the correlation coefficients
r. The big deviation group doesn’t show the significant correlation between the age
and the visual illusion ratio (p > 0.3), whereas the other group showed the tendency
of the negative correlation with the age (r = —0.56,p = 0.18). Both groups showed

no significant correlations with the score of HDS-R (p > 0.3).
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3.4.2 Analysis on the depth perception information and tran-

sition components of the estimated coordinate system

There was one young participant who showed k = 1.05, he reported that he cannot
elicit the visual illusion because he sees the image so as not to feel the depth infor-
mation. So for this participant, we think that visual illusion was not elicited enough.
Without this participant, young participants showed & in range of 1.12 < k£ < 1.3.
From this result and the result in the former section, we categorized elderly people
into 3 group so as to the number of participants be close. The groups were called as
Group (A) Small(k < 1.13;n = 4), Group (B) Normal(1.13 < k < 1.4;n = 6), and
Group (C) Big(1.4 < k;n =4), Group (D) Young(n =5).

The transition error from the ideal state of the origin (The coefficient of D of
Aty) was calculated by Eq. (3.15). The average of them for each group is shown
on Tab. 3.1. The one way ANOVA (analysis of variance) showed a significant main
effect of group (F(3,15) = 4.73, p = 0.016). The post-hoc comparison showed that the
participants in Group (C) Big estimates the camera position significantly closer to
the ball compared with Group (A) Small (p = 0.01), Group (B) Normal (p = 0.01),
and they showed a tendency of significance of estimating the camera position closer to
the ball than Group (D) Young (p = 0.08). Also, Group (A) Small estimates camera
position further to the ball than Group (B) Normal (p = 0.04), whereas there are
no significant difference of the estimated camera position between Group (D) Young
and both Group (A) Small (p = 0.36) and (B) Normal (p = 0.29).

Since the experimenter changed the distance between the ball and the participants,

we examined the average and standard deviation of the distance to the ball from the
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Table 3.1: Result of the difference between estimated origin and the ideal origin (Ats;

coefficient + — + of the depth D).

Group (D) | Group (A) | Group (B) | Group (C)
Young Small Normal Big
Average difference 2.02 4.91 -0.78 -3.09

Aty

start line. Participants had various heights so we normalized the distance between ball
(the distance between the marker on top of the ball) and the participants (the marker
on right foot thumb of the participant) by their height (the marker on the center of
their forehead). Average of the normalized distance between ball and participant
was 1.03 4+ 0.16. Participants approach a ball in 3 steps to 5 steps. Six participants
approached a ball in 3 steps, 7 participants approached a ball in 5 steps, and 1
participant approached a ball in 4 steps. For the participants who approached a ball
in 3 steps and 5 steps, we conducted t-test and compared the distance to a ball. There

are no significant difference between these participants groups (p = 0.18).

Our hypotheses is that the participants in the bigger k group take their toes off
earlier than the other groups because they perceive the ball position closer as it really
is, and for the small k£ group, vice versa, participants take their toes off closer to the
ball. We analyzed the distance z[mm] between the ball and the toe off position right

before the ball.

The one way ANOVA (analysis of variance) showed a significant main effect of group
(F(3,15) = 4.97, p = 0.01). The post-hoc comparison showed no significant difference

between each group. However, Group (C) Big showed significantly larger distance x
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compared with Group (A) Small (p = 0.01) and Group (B) Normal (p < 0.01), and
showed tendency of significant larger distance x compared with Group (D) Young
(p = 0.06), whereas there were no significant difference among Group (A), (B), and

(D) (p > 0.29).

Though the difference is shown, there is a possibility of declining physical abilities.
[43] points out that elderly people who have high risk of falling show shorter stride
length during normal walking. To confirm the difference of the toe off point is not due
to the declining physical ability, we also analyzed the normalized x by heights and
the normalized stride length by heights of the same leg (right leg). Note that we used
the former step before the contact to the ball (i.e. the 1st step for the participants
who approach a ball in 3 steps, the 2nd step for the participants who approach a ball
in 4 steps, the 3rd step for the participants who approach a ball in 5 steps) as the
stride. The average and S.D (standard deviation) of each datum is shown on Tab. 3.2.
ANOVA showed a significant main effect of group (F(3,15) = 5.62, p < 0.01) to the
normalized z, and not a significant main effect of group (F(3,15) = 0.63, p = 0.60)
to the normalized stride length. The post-hoc comparison was showed no significant
difference among each group for both the normalized = and the normalized stride
length (p > 0.17 for all the combination). However, for the normalized =, Group
(C) Big showed significantly larger normalized = than other 3 groups (p = 0.04 for
Group (A) Small, p = 0.03 for Group (B) Normal, and p = 0.05 for Group (D)
Young) whereas there were no significant difference among the other groups (for all

combination of groups p > 0.5).
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Table 3.2: The average and SD of (1) z, which is distance between the position of
toe off right before the ball and the ball [mm)], (2) normalized x by height, and (3)
the normalized stride length by height.

(1) z

Group Average [mm] | S.D[mm]
Young 598 222
The big k 866 150
The normal & 465 145
The small k& 497 145

(2) the normalized x

Group Average [mm] | S.D[mm]
Young 0.36 0.13
The big k 0.60 0.10
The normal & 0.32 0.11
The small k& 0.35 0.07

(3) the normalized stride length

Group Average [mm] | S.D[mm]
Young 0.51 0.22
The big k 0.38 0.11
The normal k 0.38 0.16
The small k 0.27 0.070
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3.4.3 Consideration of the case 0 £ 0

In this paper, we don’t consider the rotation around Z-axis (6 = 0) of the human
coordinate system. Since there is previous research that suggests the possibility of
the human coordinate system rotation [53], let us consider the case of § # 0 as one of
the possible cases to explain the variability of the visual illusion ratio k of the elderly

people.

If the human coordinate system #°rotates in the positive direction around Z-axis,
the distance between the objects and the origin will be 1/ cos 6 times further (see the
right side of Fig.3.6), whereas the distance between the objects and the origin will
be cosf times shorter when the human coordinate system 6° rotates in the negative
direction around Z-axis (see the right side of Fig.3.7). The estimation error coefficients
of D of Aty taken into account positive rotation around the z-axis (the left side
of Fig. 3.6) and negative rotation around the z-axis (the left side of Fig.3.7) are
calculated. We set angle 6 as £20°, £30°, 35°, and calculate the errors for each.
In both figures, the vertical red line indicates the average visual illusion ratio of the
young participants £ = K = 1.18. The horizontal red line indicates the deviation of

the coefficients of the D of the At, of the young participants.

Taking into account the negative rotation around the z-axis, the error of the par-
ticipants who have bigger visual illusion ratio becomes within the range as same as
the young participants as shown in Fig 3.7. When the rotation angle § = 35°, the
error of the elderly participant who showed the largest visual illusion ratio becomes

0.15, the smallest value.

On the other hand, the small group (k < 1.13), taking into account the positive
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rotation around the z-axis, the error of the participants who have the smaller visual
illusion ratio becomes within the range of the young participants. The smallest vi-
sual illusion ratio that showed by elderly people was almost the same with the ratio
showed by the young participant who responded that he cannot elicit visual illusion.
Moreover, this participants showed the smallest error 0.005 when the rotation angle

0 is set 35°.

This image illustrates the back side sphere on the right side whereas the front side
sphere is illustrated on the left side. So if the rotation around the z-axis is posi-
tive (see Fig. 3.6) and let project the 2 spheres onto the estimated camera axis, the
distance between 2 spheres becomes very close. This inhibits for elderly people to
perceive the depth information. The same things may happen when the participant
neglects the background information. As far as this proposed method, we cannot tell
apart the status that elderly participants rotate coordinates unintendedly and the
status that voluntary rotate the coordinates to neglect depth information Mean-
while, negative rotation makes two spheres difference look far as shown in Fig.3.7,
the right side. Taking into account the nature of the visual illusion task, which elicits
the confusing the 2D input to the retinal image coming from the depth perception
and the 3D size estimated from the size constancy, making the spheres distance in-
tendedly far as rotating the estimated coordinate system is unnatural. That’s why we
think this negative rotation is generated unintendedly. And perhaps, this unnatural
and unintended rotation may be a cause for making the big deviation of the visual
illusion ratio. Since the rotation is unnatural referred to the task’s nature, then, the

visuo-spatial input process may become confusing.



Chapter 3: Analysis of Depth-Perception Dependency of Foot Control by Pseudo
46 Visuo-Spatial Test

There is previous research suggests that elderly people become to do motion task
as integrating visuo-spatial perception inputs and sensory inputs[48]. It is also found
that the variability of the joint angle during walking becomes bigger for the elderly
people who experienced fallings[25], and the visuo-spatial perception variability could

be affected by these motion variability.

There are some limitations to this research. As we mentioned above, in our model
the unintended /intended changing of the estimated coordinates cannot be told apart.
Also, the angle of the camera to the objects (the types of images showing to the
participants) should be varied more. Otherwise we cannot discuss the rotation angle
6 on the plane, and also the rotation angle to the ground further. We modeled
the possibility of altering the visuo-spatial perception inputs but still needs further

investigations on the age-related changing/deficits of motions.

3.4.4 Analysis on the ball approaching motion

It is known that human plans their motion at least before 2 steps[45], so when
participants step just before approaching the ball, they have already planned their
motions. The relationship between k and both left /right foot positions at the toe off
time for contacting a ball are shown on Fig. 3.8. The horizontal axis indicates the
visual illusion ratio k, and the vertical axis indicates the distance between the swing
(right) /support (left) leg positions from the ball at the toe off time of the swing
leg. The distances are normalized by each participant’s height. The participants
who showed the visual illusion ratio ks larger than the vertical red dotted line are

categorized as Group (C) Big in the previous statistical analysis. The horizontal
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dotted line indicates a threshold set in the previous chapter 2 for the right foot
position compared with young participants. From the Fig. 3.8, the swing leg (right
leg) position showed larger variance than the support leg (left leg) position. Also, as
shown in Fig. 3.8, the participants who showed larger k than 1.4 also put their swing
foot on the further position from the ball compared with other participants. There
is a significant correlation between the visual illusion ratio £ and the distance from
the ball to the swing leg toe off position at the toe off time just before contacting
a ball (the correlation coefficient r was 0.53, p = 0.04). Participants B01, B07, B24
put their swing legs close to the participants B09, B16. We regard this phenomenon
as due to internal rotation of the participants’ coordinate system discussed in section
3.4.3. So, we calculate the correlation coefficient between visual illusion k£ and the
position of the right foot except for BO1, BO7, B24. The regression analysis revealed
that there is a significant correlation between the visual illusion k& and the distance
between the swing leg and the ball at the toe-off time (correlation coefficient r = 0.74,

p = 0.008).

Figure 3.9 shows the relative trajectory of the right foot thumb to the ball from
the toe off to the contact to the ground/ball. The toe off point is set as 0 for each
stride. The red line indicates the trajectory from the time of toe off at the right
before ball to the time of contact to the ball. The blue line indicates the trajectory
from the time of toe off at the 2 steps before of contact to the ground (i.e. the
blue line indicates the trajectory during the 1st/2nd/3rd of the right foot for the
participants who approach a ball in 3/4/5 steps). The horizontal axis indicates the

x-axis, the progressing (depth) direction. The vertical axis indicates the z-axis, the
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height direction.

From Fig. 3.9 we can see the wider waveform of the big k£ group that means they
stretched their foot after their toe was off. At the point of 0.2-0.4 distance to the
height from the toe off point, the flat phase appears in the waveforms. If the flat
phase indicates the position of the target of the participants, then this is the evidence

that participants feel the position of the ball closer than it really is.

3.5 Conclusion

The conclusion of this research is as follows:

1. We hypothesized that depth perception changes as aging and the altering can
be shown on the level of the manifestation of the visual illusion. We proposed

2D image-based depth perception estimation using the visual illusion.

2. To estimate the perceived depth quantitatively, we proposed the mathematical
model that is based on the idea of the coordinate transforms and calculate the

perceived depth of people.

3. Using this mathematical model and estimate perceived depth information, it is
found that if we don’t take into account rotation, the participants who showed
bigger visual illusion ratio set the origin of the estimated further depth distance

than it really is.

4. We also analyzed the ball approach task that requires the participants to ap-

proach the marker attached top of the small ball. The participants in the big k
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group raise their foot from the point former of the ball when approaching the

ball on average.
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(a) Perceived as 2 disks on a 2D plane

x: Distance from the eye surface to the retina
Y: Distance from the eye surface to the monitor
r: The diameter of the 2 disks

A: The perceived size of 2 disks

The percei\égd sphere The illustrated disk
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(b) Perceived as 3 spheres in a virtual 3D space

x: Distance from the eye surface to the retina

Y: The perceived distance to the objects (f: front, b: back)
a: The perceived size of the objects (f: front, b: back)

r: The size of an image on the objects (f: front, b: back)

Figure 3.4: (a)lf we see the 2 spheres as illustrated disks on a 2D plane, the retina
size corresponds with the actual diameter of the disks. (b) If we perceive the depth
and see the 2 spheres as it was placed in a 3D space, the retina size for the front
sphere is corrected so as to the perceived size of the back / the front sphere will be
the same.
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Figure 3.5: The result of the visual illusion task. The horizontal axis indicates the
number of participants, whereas the vertical axis indicates the ratio of the visual
illusion ratio (i.e. the ratio of the diameter of the front/back sphere on the 2D
image.)
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Figure 3.6: Transition error (Ats) of the origin of the estimated camera coordinate
system calculated from the illusion ratio k. If k = K, Aty will be 0. The rotate angle
0 is set as 20°,30°, and 35° for each calculation.
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Figure 3.8: The relationship between k and both left/right foot positions. The hor-
izontal axis indicates the visual illusion ratio k, and the vertical axis indicates the
distance between the swing (right) /support (left) leg positions from the ball at the toe
off time of the swing leg. The distances are normalized by each participant’s height.
The participants who showed the visual illusion ratio ks larger than the vertical red
dotted line are categorized as Group (C) Big in the previous statistical analysis. The
horizontal dotted line indicates a threshold set in the previous chapter 2 for the right
foot position compared with young participants.
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k > 1.4, and (d) the trajectory of the young participants.



Chapter4

Classitying Hospitalized Patients of
Falls and Fractures by Mining from
Functional Inquiries and
Semi-Structured Interview

4.1 Introduction

Falls, and especially its consequent hip fractures cause declining QoL (Quality of
Life) and a start of using the nursing care service. As a factor of falls, experience falls
or wrist fractures have a big effects[22]. Also, it is known that once the elderly falls
then the risk of another fall within 1 year is increasing. It is getting clarified that the
shorter the duration from the falling and fracture to undertake an operation leads
the smaller long-term mortality[59]. Detecting falls[60] as soon as it happens and/or
preventing falls themselves in a home is one of the big problems.

We distributed self-administered questionnaires and analyzed 1561 people aged over

40 years old (mean 4+ SD were 68.14 13 years old), and it is clarified that 28% people

o6



Chapter 4: Classifying Hospitalized Patients of Falls and Fractures by Mining from
Functional Inquiries and Semi-Structured Interview o7

had experienced falls at home, and people who live in a home with a barrier are more
likely to experience fall-related fractures[61]. The adjustments of living environments
including their home are necessary for elderly people to prevent falls, however, there
are various falling patterns and it is not easy to clarify and take enough measures of
them.

In chapter3, we proposed the 2D-image based estimation model to evaluate the
elderly depth perception abilities quantitatively. In the model, the visual illusion
ratio k is defined as the ratio between the 2 sphere diameters on the monitor. If a
participant has a normal depth perception, k& would be around 1.18 (average of the
results of the young participants). If a participant perceive an object closer, k would
be bigger than 1.4 and a participant perceive an object further, & would be smaller
than 1.13. Then, the following question might be aroused: Can we predict the risk
of stumbles using the 2D image?

The outline of the proposed system is shown in Fig. 4.1. In this chapter, we use
the data collected from the participants who have experienced falls and hip fractures
and try to construct the risk estimator for stumbles from the physical functional
inquiries. Fig.4.2 illustrate the relationship between the group in this chapter (hos-
pitalized patients’ group) and the group in the previous chapter (participants of the
measurements). If the participant showed an abnormal visual illusion ratio k and also

showed the decline of physical functional abilities, then the fall risk might arise.
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4.2 Interview research!

4.2.1 Preliminary interview research to elderly people in 3

metropolitan cities[2][3][4]

As a preliminary survey, we conducted 3 interview research for 27 participants in
total. The first was in 2014, we interviewed 10 people who live in A ward in Tokyo,
aged 53-98, and who have experienced falls and fractures (including fractures) within
3 years, or their families. The second was in 2015, we interviewed 10 people who
live in B city in Kanagawa, aged 67-98, and who have experienced falls and fractures
(including cracks). The third was in 2016, we interviewed 7 people who live in C city
in Chiba, aged 75-87, and who have experienced falls and fractures (including cracks).
We visit their homes and did semi-structured interviews, asking about their falls (date,
time, place, what they did, what they have, what they wear), their homes and living
environments (what types of house, person who they live with, opportunities to go
outside), and the changing after falls (changing daily lifestyle, supports from family,
whether to start the nursing care service).

Tab. 4.1 - 4.3 shows the demographic attributes, place of falls, and the outline of
their falls. People who had experienced hip fractures show in red in the 4th column.
The * sign in the 5th column indicates that the participant had experienced multiple
falls. Seven out of 10 participants in A ward interview showed both inside and outside

falls (including near-miss cases). 5 out of 10 changed their lifestyle after falls. The

IThe researches described in this subsection, the author of this dissertation is included as the first au-
thor or one of the co-authors. However, the author doesn’t include these works as contributions
to this dissertations.
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main influence on changes in lifestyle was the living environments changes including
the changing arrangements of the furniture. One participant said that she noticed the
step but she couldn’t stride over it. Trips are likely to occur outside, and more aged
people tend to lose their balance. These findings are coincident with discussions in
[34] that community-dwelling elderly people are more likely to trip and elderly people
in facilities are more likely to show incorrect transfer & shifting of body weight. For B
city people, 4 out of 9 missed a step of stairs. In 3 out of 9 cases, they had something
heavy with their both hands. There is a report that elderly people get to have
difficulty with doing cognitive tasks and motion tasks simultaneously[48], and these
findings are coincident with it. In C city, there were few people who had experienced
multiple falls. Three out of seven was tripping outside, this is also coincident with
[34] discussion as well as A ward. Summarizing the findings of these 3 interviews, the
most number of falls were following 2 types: (1) Losing balances, or incorrect shifting
of their weights and (2) falls by external forces (tripping, slipping). For each type, 9
cases were reported. The other falling cases were accidents (n=2) and missing a step
(n=4). Among various falling patterns, all of the participants who had experienced
a hip fracture lost their balances, and the most of participants who had experienced
the wrist fracture that increases the risk of hip fractures in the future[22] tripped (3/4
cases, the one left was an accident). There is a possibility that the floor materials
and the culture that most people stays their home with bared feet are related to the
way of falls. The research limitation was that a long time has passed since they had

experienced falls, and the memory of the participants tend to be ambiguous.
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4.2.2 Definitions of the falling types in this research

For the architectural considerations, Imaedal4] categorized the falls into 6 types
that are focused on the interaction between environments and the direction of the
force to the fallers. Also, the 18 falling modes are defined under the 6 falling types.
The falling modes are determined by the force to the center of gravity when people
fall down, the relationship between objects surroundings people, and the existence
of actions just before the falls (See Fig. 4.3), whereas Robinobitch[34] categorized
falls that occurred in their video survey as following 7 groups: (1) incorrect transfer
& shifting of body weight, (2) trip/stumble, (3) hit/bump, (4) loss of support with
external object, (5) collapse or loss of consciousness, (6) slip, (7) could not tell.

From Fig. 4.3, fall type A, C, fall mode D(1), D(2) in [4] and fall group (2), (3),
(6) in [34] can be regarded as “falls by unexpected external forces (not mind the
direction of force, acceleration, or deceleration)”. Also, Fall mode B, E, F, and Fall
mode D(3), D(4) in [4] and fall group (1), (4), (5) in [34] can be regarded as “falls by
losing balance or supporting force from the outside”. Focusing on the forces to the
fallers, we divided the latter case into 2 cases: Falls by losing balance or supporting
forces due to their perturbation (without any external forces), and falling downs by
losing balance or supporting forces by gravity (free fall, from the higher plane). Thus,
based on the forces to the fallers, we propose the following 3 categories: (a) falls by
unexpected external forces, (b) falls by losing balance or supporting forces due to their
perturbation, and (c) falling downs by losing balance or supporting forces by gravity.
The corresponding with our proposed categories and the other 2 fall categories are

shown on Tab. 4.4.
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Hospital datal

Interview data Summary data

B

Summarized by
researchers

l Train model
Label

Input as testdata

Naive bayse classifier

GLFS data

Train model

—>| Impute missing data _—

Logistic analysis classifier

Input as testdata

Visual illusion result GLFS data

Data for the same participant

Community-dwelling data

Figure 4.1: The outline of the proposed system. We’d like to construct two types of
classifiers. The first one is a text O data classifier that is trained by the summary
text data by researchers and estimates the falling patterns from interview text data.
The other one is a questionnaire classifier that is trained by response patterns of the
questionnaire, GLFS-25 and estimates the falling patterns from the response patterns
of questionnaires
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Hospitalize group

Stumble-tendency score for hospitalized patients

Perceive further

Low GLFS-25
(Higher physical function)

High GLFS-25
(Lower physical function)

—

Participants group

High stumble risk participants ‘

Perceive closer

Figure 4.2: The relationship between two groups; The hospitalized patients’ group
approaching in this chapter and the participants’ group in the previous chapters. We
will analyze the hospitalized group and estimate a stumble risk of the participants.
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E. Falling down

(Unexpected external force)
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Figure 4.3: Dynamics of each fall type (A: Stumbling, B: Missing a step, C: Slipping,
D: Falls by external forces, E: Falling down, and F: Staggering). The external forces,
inertia torque, and CoM (center of mass) sway were drawn. The fall modes are defined
by the environmental objects that triggers falls (in fall type A-D), the timing falling
occurs (in fall type E), and the causes of falls (in fall type F).
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Table 4.1: Results of interview research in (1) A ward, Tokyo. We conducted home-
visiting interviews with 10 people who had experienced falls and fractures (or their
family). This table shows the falling place and the reason for the falls of the 24
participants who had experienced falls and fractures. The first 2 rows are about
falling place of causing fractures. The 1st row indicates the category of place (in
home / outside of home / facility / pavement), the 2nd row indicates the more
concrete information of place. The 3rd-6th column shows the basic information of
the participants (ID, age, gender, the part of fracture). The reason of falls were shown
on the last column.

(1) A ward, Tokyo

Place of falls Age | Gender || Part of fracture | Reason of falling
In home Dining room 93 F Thigh bone feeling dizzy, nothing was
there.*
Outside of || Rooftop 78 F Pinky Tripping (wearing sandals)*
home
Facility Hospital 90 F Thigh bone Losing her balance when

standing to give her seat™*

Hospital 82 F Thigh bone Losing her balance when she

was standing up*

Stairs in office || 72 F Wrist Missing her step on the
bld. stairs when climbing down

53 F Ankle Twisted ankle*
Pavement 59 F Foot Too tired to care of her

spouse’s parent and too fast
to walk, then twisted her

ankle®

80 F Thigh bone She had spinal canal steno-

sis and was feeling numb-

ness on legs.
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Table 4.2: Results of interview research in (2) B city, Yokohama. We conducted
home-visiting interviews with 10 people who had experienced falls and fractures (or
their family). This table shows the falling place and the reason for the falls of the
24 participants who had experienced falls and fractures. The first 2 rows are about
falling place of causing fractures. The 1st row indicates the category of place (in
home/outside of home/facility /pavement), the 2nd row indicates the more concrete
information of place. The 3rd-6th column shows the basic information of the partic-
ipants (ID, age, gender, the part of fracture). The reason for the falls was shown in
the last column.

(2) B city, Kanagawa

Place of falls Age | Gender Part of fracture Reason of falling

In home Stairs 86 F The 5th lumbar vertebrae | Missing the last step when
stepping down and bringing

a flower pot for watering

Living room 72 F Wrist Tripping to  something
(maybe  Japanese cush-
ion) when holding her

grandchildren in her arms*

Stairs 68 M - Missing a step when climb-
ing down in hurry with lug-

gage in her both hands*

Outside of || The back door 98 F Thigh bone Falling on her backside
home when dragging used papers

(they were heavy to carry)

Stairs in front of || 86 F - Slipping at the last step

home when climbing up stairs
Facility Stairs in a sta- | 86 F Lower limb Missing the last step*®

tion

Stairs in front of || 80 F - She was going down on the

a station slope but the slope is adja-

cent to the stairs and she en-
tered the stairs area uncon-

sciously, and maybe missed

a step.*
Pavement 74 F - Tripping to a small step.
Others Ski resort 67 F - Skiing and falling.  The

(Accident) plane was ice burn.
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Table 4.3: Results of interview research in (3)C city, Chiba. We conducted home-
visiting interviews with 10 people who had experienced falls and fractures (or their
family). This table shows the falling place and the reason for the falls of the 24 partici-
pants who had experienced falls and fractures. The first 2 rows are about falling place
of causing fractures. The 1st row indicates the category of place (in home/outside
of home/facility /pavement), the 2nd row indicates the more concrete information of
place. The 3rd-6th column shows the basic information of the participants (ID, age,
gender, the part of fracture). The reason for the falls was shown in the last column.

C city, Chiba

Place of falls Age | Gender || Part of fracture | Reason of falling

In home Bedroom 75 F Heel Leaning down on heels too

much when standing up*

Living room 85 F - Feeling dizzy and stagger-

ing, stumbling to Kotatsu*

Outside of || A step in a gar- | 85 M Shoulder Tripping to a step when try-
home den ing to pick an orange from

tree

Facility Judo hall 76 F Foot fingers Slipping on tatami when

dancing

Platform of a || 77 F Wrist Trying to jumping onto
station the train and her bag and
umbrella were caught by
the train door, the train
starts leaving and she was

dragged*™

Pavement 78 F Wrist She was drunk and walking
a bike, the front wheel was
stacked at a step between a

crosswalk and a sidewalk

7 F Ankle Tripping to a step between
the boundary of road and

sidewalk
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4.2.3 Bedside interview research to elderly people who have

experienced hip fractures

The limitation of the preliminary interview research are as followings:

There were few males

Participants had ambiguous memory because a long time has passed from their

falls

e We cannot tell apart falling and fracture effects from other effects because a

long time has passed from their falls

We cannot know the participants’ lifestyle before their falls

So, we planned the bedside interview at the University of Tokyo Hospital. Here is the
flow of the research: The participants are the patients who experienced falls, following
hip fractures and hospitalized at the University of Tokyo Hospital. After getting the
informed consent, within about 1-2 weeks after their surgery we conducted the bedside
interview research. We surveyed the basic information (age, gender, medical history,
the nursing care level, medication, key person, the presence of the housemate) from
the clinical records beforehand. In the semi-structured interview, we ask participants
about the falls (date, place, what they did at that time, what they have), the home
and living environments (type of their house, the presence of their housemate, the
opportunities to go outside), and the physical functions (falling experience, near-
miss falling experience, the presence of the feet pain/numbness/sensory information,

their visual performance). After that, we ask questions based on the questionnaire
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GLFS-25[31]. The GLFS-25 consists of 25 items and it scored from 0 to 4 points
for each item (the full score is 100). This questionnaire is used for the criteria of
the locomotive syndrome. If participants get 7 points or more, it indicates they are
starting declining of their locomotive functions. If participants get 16 points or more,
their locomotive functions declined. Note that we asked participants to answer the

questionnaire based on their status before they had experienced falls.

4.3 Construct the risk estimator

4.3.1 Confirmation of the validity of labels based on cluster-
ing analysis

We confirmed the validity of the researchers’ evaluation of the falling patterns by
clustering analysis of text data. The interview text data were tokenized by MeCab?
and analyzed morphology. A vocabulary list is created from all the interview data
and only noun, adjective, adverb, and verb that are shown 5-20 times during one
interview data were extracted to create Bag of Words. We analyzed the cluster of the
Bag of Words x for each participant. The clustering method was k-means. We set
the initial cluster c of participant ¢’s Bag of Words x; as the researcher’s label [. The
researcher’s label means the falling patterns that are attached to each participant’s
text data. We remove the data if the researcher could not attach one label to the
interview text data. Though to each falling situation, other researcher labeled falling

typel[4], the author relabeled along with the proposed 3 falling categories from the

Zhttp://taku910.github.io/mecab/
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summary data. As a result, each participant has 2 types of labels. If the two labels
don’t in the relationships of the correspondence shown on Tab. 4.4, we treat the falling
case as the ‘could not tell’ case.

Let the number of participants in cluster ¢ be N, and the cluster mean pu. of Bag

of Words be
Ne .
Zi Xj (4 1)

Then, we can calculate the Euclidean distance between each cluster mean p. and
participant i’s Bag of Words x;, and update the cluster ¢(i) that participant i belongs.
The cluster is updated so that the cluster which has the closest cluster mean is the
cluster participant i belongs to. We set the number of the cluster as (1) 3 (the number

of the proposed falling groupings) and (2) 6 (the number of falling patterns [4].

4.3.2 Validating researchers’ evaluation and estimate falling

pattern from co-occurrence words

In qualitative research, contents that participants talk to the researcher are evalu-
ated by the researchers subjectively. We propose to set the criteria for validating the
participants/researchers subjective in order to analyze the interview research quan-
titatively. In this research, researchers summarize the outline of participants’ falls
after the interview. We call it summary data and analyzed together with the inter-
view data. In the proposed method, we compared the most 10 frequent noun and
their co-occurrence words in the interview text and the most 10 frequent nouns in the
researcher’s summary text data. In our hypothesis, the most taken topic is the main

theme of the interview and if correctly share the understandings of the main topic
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(falling situations), the researchers and the participants would share the frequent
words or co-occurrence words. Through this analysis, we can acquire the criteria of

the common understandings to the topic of the participants and the researchers.

We also did a classification experiment. We re-categorized from [4] falling type
to our proposed 3 falling categories, and trained summary data, and construct a
naive Bayes model. The interview data were input and test the classification of the
falling cases. The naive Bayes model calculates the likelihood P(w|t) that word w in
the input document emerges in the i-th document D, ; of the topic ¢, and estimates
the topic of the input document as the topic that shows the biggest P(w|t). In
this research, we set the topic ¢ as the proposed 3 falling categories: (a) Falls by
unexpected external forces, (b) falls by losing balance, and (c¢) Other falls (Free fall,

accidents, could not tell).

The naive Bayes model is trained as follows: First, we create the vocabulary list
of all the words in the documents in all the topic. Second, the emergence frequency
of the words in the list for each topic is calculated, and the probability P(w,t) that
the word w emerges from the documents in the topic t. Also, P(t) that the topic ¢
emerges is also calculated from the ratio of the documents allocated to each topic.
From that, if a word is listed on the vocabulary list, log-likelihood can be calculated

as

p(w,t)
p(t)

log p(wlt) = log (4.2)

Under the assumption that each word emerges independently, we can calculate the
log-likelihood that input data emerges from the topic ¢. If a word in the input data

is not listed, we hypothesized p(w;|t) = 0.00001 for calculating the log-likelihood. In
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the classification experiment, we used the most 10 frequent noun and their 11 most
co-occurrence words. If there are no duplications, total input data for one participant
is to be 120. We classified the input data as following 3 falling cases; (a) Falls by
unexpected external forces, (b) falls by losing balance, and (c) other cases of falls.
The classification rate was calculated. In the training phase and classification phase,

we excluded cases that are labeled as ‘could not tell” in (c) other cases of falls.

4.3.3 Converting the categorical variables to the probabilistic-

based variables

Only the total score of the answers to a questionnaire is often used in the analysis
of the questionnaires. However, the questionnaire response pattern itself has rich
information and the total score are the results from the reducing of the dimensions
of the patterns from the number of the questionnaire response patterns to 1. In this
research, we’d like to utilize the whole response patterns to estimate the frailty level.
The problem is that each response of the questionnaire is the categorical variable, so
we cannot directly compare with the consecutive variables as it is. Thus we propose
the method to convert the categorical variables to the consecutive ones.

In this research, we focus on the specificity of the questionnaires that are devel-
oped epidemiologically. Commonly, this kind of questionnaires are developed based
on the statistical analysis that collects response patterns from a large amount of pop-
ulation group, and the response patterns or some kind of probabilistic distributions
are usually open for public. We utilize these distributions to convert the categorical

variables to the consecutive ones, then we can compare how our participants far out
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of the distribution (i.e., where the participants placed) in the observation group in
the previous research.

We confirmed the tendency of the data distributions of the GLFS-25 response
patterns in our research by principal component analysis (PCA). Fig. 4.4 shows the
results of the 1st to the 3rd components of the PCA. Seeing the response patterns
(data not shown) and Fig. 4.4, we concluded that the 1st component indicates the
total scores of the GLFS-25, the 2nd component indicates the number of items whose
score was not zero, and the 3rd component indicates how far the not zero response
pattern from the original distribution in the previous research. Also, we calculated
the accumulated contribution ratio and 73.5 % of the information were explained by
the 1st - the 3rd components of PCA.

From above, for GLFS-25, we design the feature vectors as to contain the infor-
mation of the total score, the response to each item, and the rarity of the emergence
from distributions under the same total score. The dimension of the feature vector is
27. The first dimension is the total score. The second dimension is the log-likelihood

for the response pattern x that emerges when the total score is n;
C" = log(P(x|n)) = log P(x) — log P(n), (4.3)

and the 25 left dimensions are calculated as followings:

From the distributions in [62], we can access the distributions that show which
item tend to be responded as non-zero values under the score ranges D,,. Using these
distributions, we can calculated both P(x; € D, = Olx; = 0) and P(x; € D, #
0|x; # 0), where P(z; € D,, = 0|z; = 0) indicates the log-likelihood of emergence the

response pattern x; (response to the item i) = 0 and score n is in the score range D,
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under the x; = 0 is given, and P(x; € D,, # 0|z; # 0) indicates the log-likelihood of
emergence the response pattern z; (response to the item i) # 0 and score n is in the
score range D,, under the x; # 0 is given. There are 7 types of D,: (1) The score
ranged from 0 to 6, (2) the score ranged from 7 to 15, (3) the score ranged from 16
to 23, (4) the score ranged from 24 to 32, (5) the score ranged from 33 to 40, (6) the

score ranged from 41 to 49, and (7) the score is over 50. Then, we can calculate

;

P(z;=0,xeD;
(p(xi—:a 2 (z; = 0)

(4.4)

P(x;#0,x€D;)
|~ Pz (@i # 0,

for each response pattern x; to item ¢ using the distributions under a score range
D,, for the total score n. Since GLFS-25 consists of 25 questions, we can acquire 25
log-likelihoods, and it will be the 3rd to the 27th dimension of the feature vectors.
Thus, from the total score and Eq. (5.22) and Eq. (4.4), we can extract 27-dim feature

vector. The visualized extracted feature vector in 3-dim is shown in Fig. 4.5.

GLFS-25’s full score is 100. The smaller score means the better locomotive function
they have. If the score > 7, the participant starts declining of their locomotive
function and if the score > 16, the participant’s locomotive function declined. The
response ratio to each item and the zero-scored response ratio of each item in some
score groups (0-6 points, 7-15 points, 16-23 points, 24-32 points, 33-40 points, 41-
49 points, 50- points) are available for GLFS-25. Using these distributions, we can
reflect kinds of information such as which function is more damaged and convert to

the consecutive variables.
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Figure 4.4: The 1st, the 2nd, and the 3rd principle component of the GLFS-25
response patterns.

4.3.4 The log-likelifood maximization method for imputation

of missing GLFS-25 response items

Some participants showed a declining of their physical /cognitive abilities, and there
were some cases that participants could not answer all the items of the GLFS-25.
There were 7 cases (out of 39 cases) that showed at least 1 missing item. Excluding
the 2 cases in which all the responses to the item are missing, we try to impute the
missing items. There are two types of conventional imputation method. One is using
the statistic model (the most frequent value, the average value, the log-likelihood,
and the regression coefficients etc.) and calculating from these values. The other
one is using the value in other data under some hypotheses. For example, in the
hot deck method, we use the value of a person who has the close attribution to the
person who has missing data. Another example is the cold deck method. In this

method, we use a value outside of the measured data. The participants’ age was
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Figure 4.5: The 1st, the 2nd, and the 3rd components of the features visualized by
multi dimension scaling.

varied widely, so imputation with the most frequent value is not appropriate. GLFS-
25 items are categorical variance, so the average of values doesn’t have meanings,
too. Our approach is the mixture of the hot deck method and using the log-likelihood
maximization model. Since GLFS-25 is an assessment tool, the validity of the tool
has been tested epidemiologically. That means there is a large population group who
takes the same test, and the response rate to each item is usually open for public in
the development process. So, we use these probabilistic distributions to calculate the
log-likelihood and use it for missing data imputations. Since this method uses the
data of the population group in the previous epidemiological research that is larger
than our own research participants’ group, we would achieve the better precision of

estimating missing data.

Let the response to all the items be X = {x1, 9, -+ ,x95}. If a participant missed a

response to ¢, then let that response to the items be X(,;) = {1, 29, ,Ti1,Tit1, * ,Tos}
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In this case, the imputation candidate y; ;) for the response pattern z; means that
response j to the item 7. Since GLFS-25 scores from 0 points to 4 points in integer
for each item, j is to be 1 < j < 5. The imputed response pattern X(i,j) that has

imputed by y; ;) is expressed as

X = X @ Y- (4.5)

We set the most optimized imputation candidate set as Y, and set the missing item

i set as S, then the evaluation function of log-likelihood J(Y) be

J(Y) = arg max Z log P(y;(), (4.6)

Yi)  4es
under hypothesis that the response to all the items are independent, where P(x) is
the likelihood for response pattern x, y;(; is the response j to the item ¢ in the missing
item set S. Y is to be the y;(;) such that maximize the log-likelihood in Eq. (4.6) . For
example, if S = 2,3,4 and Eq. (4.6) is maximized when y;9) = 1,y = 0,90 = 2

are imputed, then Y = {1,0,2}. We impute each missing data by Y.

GLFS-25 response distributions is the left-skewed distribution(Mean: 22, Median:
19.5, Most frequently score: 12, Standard Deviation: 15.76, Maximum score: 73)[62].
If we apply Eq. (4.6) directly, almost all missing items would be imputed as 0. [62]
reports there is a tendency that the items in GLFS-25 become non-zero in a certain
rule. So, first of all, we calculate Eq. (4.4), and if P(z # 0) is bigger than P(z = 0)

then we didn’t consider the case of y; ;) = 0 in calculating Eq. (4.6).
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4.3.5 Constructing falling pattern prediction system from

GLFS-25

We also analyzed GLFS-25 response patterns. If there are missing data and if we
can impute them, we used the imputed response patterns. The GLFS-25 response
patterns (25dim) are converted to the feature vector (27dim) using a method proposed
in the next chapter. The 1st dimension was the total score, the 2nd dimension was
the log-likelihood P(x|n). The 3rd to the 27th dimensions were the log-likelihood of

P(z) is calculated as following:

P(IZ‘:U,XGTn) .
Py @i =0)

(4.7)
%(Ii #0)

We did a classification experiment using the logistic regression analysis. The logistic

regression analysis is a analysis method for the binary outputs using sigmoid function.

The output y, of the input data x, is calculated as

1

T 1+ exp{—(wixp)}’ (48)

Yn

where w is a weight coefficient vector. If w/x > 0, v, = 1 and if w/x < 0, y,, = 0.

The objective function for training w is

arg min — Z tnlogy, + (1 —t,)log(1 — yy). (4.9)
w (thnEX)
w is updated by
W(H—l) = W(i) - n(yn - tn)¢<xn)v (4'10)

where t,, is a label of the training data x,,, X is the set of the training data set (x,, t,,),

®(xn) is a operation that add component 1 to the vector x,, and set the dimension of



Chapter 4: Classifying Hospitalized Patients of Falls and Fractures by Mining from
78 Functional Inquiries and Semi-Structured Interview

x, from dim(x,) to dim(x,) + 1. In this research, we set the learning coefficient n
as 0.0001. In the training phase and classification phase, we excluded cases that are

labeled as ‘could not tell” in (c¢) other cases of falls.

4.3.6 Calculate the fall and stumble risk

For the fall risk 74, we calculate the risk using Eq. (4.8), where w is the trained
weight vector and 74y = 100y, is the estimated fall risk. The fall risk has trained
to output 0 if the input data is close to the young participants and output 1 if the
input data is close to the participants who had experienced falls and hip fractures
due to stumbles. For the fall type tendency, we used the trained logistic analysis
estimator of which boundary line is depicted in Fig. 4.8. In this estimator, using Eq.
(4.8), the estimator outputs 0 if the input data is close to the participants who had
experienced falls and hip fractures due to unexpected falls (category (a)), and the
estimator outputs 1 if the input data is close to the participants who had experienced
falls and hip fractures due to losing balance (category (b)). So we defined following

equation to calculate the tendency Tendency [%0):
Peendency = (0.5 — ) /0.5 x 100, (4.11)

So, if the participant’s input data is close to the data of participants who had experi-
enced falls and hip fractures due to unexpected forces, rtengency Would be the negative
value between 0 and 100, and if the participant’s input data is close to the data
of participants who had experienced falls and hip fractures due to losing balance,
Ttendency WOUld be the positive value between 0 and -100. Then, stumble risk 7gstympie

is calculated as the product of the 7oy and riendency (Tstumble = T faliTtendency)-
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4.4 Results

4.4.1 Bedside interview research

The number of the participants were 36 (9 males and 27 females, 82.1 £ 8.13 years
old). The falling situation of each participant are shown on Tab. 4.6-4.14. Tab. 4.6
- Tab. 4.9 show the cases of participants who had experienced fall and fracture at
homes (or inpatient ward of hospitals). Tab. 4.10 and Tab. 4.11 show the cases of par-
ticipants who had experienced fall and fracture at hospitals or other public facilities
(ex. commercial facilities). Tab. 4.12 - Tab. 4.14 show the cases of participants who
had experienced fall and fracture on pavements. Seventeen out of 36 cases occurred
at homes or inpatient ward of hospitals. Eight including 1 in hospital public space
cases were falls at facilities, and 11 cases occurred on pavements. Inside home or
facilities, falls related with toilet showed the most number of falls (12 cases; Ten were
at homes and 1 was at a facility). There is a possibility that changing blood pressure
or turning actions inside or moving from/to a toilet caused dizzy. It is also found that
over half of the falls (7 cases) in home occurred from midnight to the early morning.

Along the proposed 3 falling cases, 11 cases were categorized as category (a) (falls by
unexpected forces), 13 cases were categorized as category (b) (falls by losing balance),
and 12 cases were categorized as category (c) (other falling cases). Category (c)
includes 7 cases with ‘could not tell” labels. The most number of falls were caused by

losing balance.
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Table 4.5: The relationships between the GLF'S score, log likelihood, and the response
patterns. The 1st, 2nd, 3rd columns show the ID, Age, log likelihood of the partici-
pants. The 4th column indicates the total scores and the 5th-8th columns show the
number of items that participants’ response scored 1, 2, 3, and 4 for each. The 9th
column indicates that the number of items that participants response scored non-zero
value though responses usually become getting score non-zero in 2 or higher level than
the participant is allocated of the score group.

ID || Age || The 2nd || The 1st dim |# of | # of | # of | # of | # of repsonse
dim of the || of the feature | items | items | items | items | that is far from
feature (Total score of | scored| scored| scored| scored| their score level

GLFS) 1 2 3 4

B18 || 99 | -30.5 32 9 4 5 0 0

B16 || 75 || -21.7 13 9 2 0 0 4

B20 || 79 | -18.5 14 6 1 2 0 1

B14 || 78 | -15.7 6 6 0 0 0 3

B19 || 80 | -9.35 6 6 0 0 0 0

B15 || 75 | -8.35 3 3 0 0 0 1

B03 || 81 || -7.28 3 3 0 0 0 1

BO1 || 72 | -6.01 2 2 0 0 0 1

B09 || 84 || -5.81 2 2 0 0 0 0

B02 || 77 | -5.35 2 2 0 0 0 0

B22 || 80 | -3.42 1 1 0 0 0 0

BO7 || 77 | -2.70 1 1 0 0 0 0

B24 || 69 | -2.63 1 1 0 0 0 0

B21 || 71 | -2.57 1 1 0 0 0 0

B05 || 78 | -1.30 11 11 0 0 0 0

B13 || 74 | 0.00 0 0 0 0 0 0
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4.4.2 The validity of the researchers’ evaluation
Cluster analysis

We analyzed 34 out of 36 cases of which the text data could be acquired. The
clustering analysis was done for (1) 3 falling categories and (2) 6 falling types and
checked whether any changings occurred. For the analysis, we exclude the 11 ‘could
not data’ in falling categories condition and 6 cases that more than 2 labels were at-
tached in falling types condition. For (1) condition, a cluster for 1 file (ID 36, category
(b)) updated to the cluster for category (c), but after that, any other changes didn’t
occur. For (2) condition, no changes occurred. From these results, our categorization

for both 3 falling categories and 6 falling types were valid to some extent.

Co-occurrence words analysis

In the most 10 frequent emergence noun in the summary data by researchers, 27
out of 34 cases include the most 10 frequent emergence noun in the interview data.
Fig. 4.6, Fig. 4.7 shows examples of the most 10 frequent words in the interview data
(left) and the summary data (right). Fig. 4.6 is a case that the participant’s walker
is pulled by a dog (IDS8). Fig. 4.7 is a case that the participant failed to put his hand
when he sits down on a chair at the washing place in a public bath. In Fig. 4.6, we
can see “0 (dog)”, “O 0 (walking)”, “O (item)”. Maybe since the word “0 O O
(walker)” was not included in the dictionary of MeCab, the word “0 0 O (walker)”
was tokenized into 2 words, “0 O (walking)” and “0O0 (item)”. On the contrary, in
Fig. 4.7, only “0 0 (bath)” and “0 0 (public bath)” are counted as the most 10

)

frequent words, whereas “0 O (chair)” and “0 0 0O (washing place)” emerged in the
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summary data and regarded as related words to the falling. Perhaps these words are
co-occurred with some of the most 10 frequent words in the sentence, so we decided
to analyze the co-occurrence words.

For each of the 10 most frequent noun, we picked up the 11 most co-occurrence
words. In total, 10 nouns +11x 10 co-occurrence words = 120 (including duplications)
words were selected from the interview data and compared with the 10 most frequent
emergence nouns whether it contains at least one of the 110 co-occurrence words or
the 10 most frequent words. It is confirmed that 31 out of 34 cases there is at least
one accorded word. The results are shown on Tab. 4.15 and Tab. 4.18. 24 out of
31 cases include either the falling place or the objects related to the falls. Thus,
checking the frequent words and their co-occurrence words can be used as the indices
of the objectiveness of the estimated falling causes. Other 3 cases were followings:
One participant is mentioned about declining of cognitive abilities in the clinical
record. Another one participant has been pointed out the increasing of forgetfulness
in his clinical records. Also, the falling situation is very complex. Few days before
he experiences fall and fractures, he also experiences falling and the 2nd fall had
happened when he went to a hospital for his injury of the 1st falling. Though there are
no comments on his cognitive abilities in the clinical records for the last participant,
during interview research, researchers had questioned of his cognitive ability from his
response (for example he said the floor plan of his house as “15LDK”). From these
facts, co-occurrence word analysis would be able to use as an estimation of the level

of the cognitive ability of participants, too.
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The histgram in the interview to [D 8 The histgram in the interview to ID 8

in Bag of Words

ney of appearance

Kook @ it %oy oW “ %

=
S

HFo#w  f oE R b 1 A& &L

Interviewee textdata Summary textdata

Figure 4.6: The 10 most frequent noun shown in the interview text data (left side)
and in the summary data (right side) in interview to IDS.

4.4.3 Confirming the causes of falls from the frequent words

and their co-occurrence words

We did a falling category classification experiment by the naive Bayes classifier.
The text data and the summary data are available for 34 cases, and we excluded 7
cases labeled as ‘could not tell’. In total 27 cases were tested for the classification.
The summary data were used as training data and 90.0% (9/10 cases) for the category
(a) (falls by unexpected external forces), 53.8% (7/13 cases) for the category (b) (falls
by losing balance), and 25.0% (1/4 cases) for the category (c¢) (other falls, excluded
‘could not tell’) were classified correctly. The average classification rate was 62.9%.
Since the summary data summarizes the interview, we also did the leave-one-out
cross-validation test. We exclude the summary data of the participant whose text

data was used as test data, and trained the classifier. We acquired the same results.
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Figure 4.7: The 10 most frequent noun shown in the interview text data (left side)
and in the summary data (right side) in interview to ID10.

4.4.4 Falling pattern estimation from GLFS-25 data of hos-

pitalized participants

For 21 participants whose text data are available and of whom the GLFS-25 data
are not completely missing were used to analyze. Ten participants were in category
(a) (fallings by unexpected forces) and the other ten participants were in category (b)
(fallings by losing balance). The classifier was constructed by using logistic regression
analysis method. As a result of training, 100 % of both category data classified
correctly. Then, we did a leave-one-out cross-validation test. 80% (8/10 cases) for
category (a) and 54.5% (6/11 cases) were classified correctly. The classification result
for category (b) was relatively worse. We hypothesized this badness of the results
comes from the number of feature vector dimensions, we used the first 2-dim of the
feature vector and did the leave-one-out cross-validation test. 80% (8/10 cases) for
category (a) and 72.7% (8/11 cases) were classified correctly.

The classification rate for the category (b) was enhanced. Also, we reduced the

feature vector dimension to 1 using linear discrimination analysis, then, the classi-
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of the response pattern X for score n

The log-likelihood log(P (X|n))

0 10 20 30 40 50
The GLFS-25 score n

Figure 4.8: The trained boundary line is illustrated as a blue line. The horizontal axis
indicates the GLFS-25 score n, and the vertical axis indicates the calculated P(X|n)
for the response pattern X of each participant who scored n. The participants who
fell by unexpected forces are plotted in red circles, the participants who fell by losing
balance are plotted in blue rectangles.

fication results were 50% (5/10 cases) for category (a) and 54.5% (6/11 cases) for
category (b). From these results, if we add more training data, we can construct a
falling category classifier for the 27-dim feature vectors, too. The trained boundary

line is illustrated on Fig. 4.8

4.4.5 Stumble risk estimator from GLFS-25 data of community-

dwelling participants

The trained boundary line is illustrated on Fig. 4.9. The participants had a higher
score for GLFS tend to fall by losing balance, and the participants who show the

further scoring pattern from the common distribution tend to fall by unexpected falls
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even if they showed the smaller score. The GLFS features of the community-dwelling
participants who participated in the measurement in Chap 3 are plotted in green.
The green rectangles indicate the features of the community-dwelling participants
who showed the smaller visual illusion k, and the green triangles indicate the features
of the community-dwelling participants who showed the bigger visual illusion k. From
the calculation, 9 participants are judged as to have a higher risk for falls due to
unexpected forces including stumbles compared with the risk for staggering. Among
the participants who showed the bigger visual illusion k, all participants (B02, B03,
B14, B15) were judged as to have a higher risk for falls due to unexpected forces.
Among the participants who showed the smaller visual illusion k, 2 (B16, B19) out of
4 participants (B16, B18, B19, B22) were judged as to have the higher risk for falls

by unexpected forces.

Next, we trained the boundary line by the participants who had experienced falls
and fractures by stumbles (fall probability = 100 %) and the young participants (fall
probability = 0 %). The data, the trained boundary line, and the boundary line in

Fig. 4.9 are illustrated in Fig.4.10.

For the participants who are close to the pink region in Fig. 4.10, we estimated
the risk for falls and stumbles. The calculated risks are listed on Tab. 4.19. For the
participant B18, the risk for falls by losing balance is higher than the risk of falls by
unexpected forces. Her feature of the score was close to the hospitalized participants
who had experienced falls by losing balance and fractures. B05, B18 reported their
experiences of falls in recent 1 year, and B14, B19 reported their experiences of falls

in 1 year after the measurement, so the risk estimator would have enough sensitivity.
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boundary

Hospitalized Falls by Unexpected force
Hospitalized Falls by Balance
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Figure 4.9: The trained boundary line is illustrated as blue line. The horizontal axis
indicates the GLFS-25 score n, and the vertical axis indicates the calculated P(X|n)
for the response pattern X of each participant who scored n. The participants who
fell by unexpected forces are plotted in red circles, the participants who fell by losing
balance are plotted in blue rectangles. The green plots are the participants of the
measurement in chapter 3

4.5 Conclusion

The conclusion of this research is as follows:

1. A bedside interview research was conducted to patients aged over 60 years old
and who had experienced falls and consequently hip fractures. The number
of participants was 36 (9 males, 27 females, age was 82.1 + 8.13). The most
number of falls occurred at home (15/36 cases) and 12 out of 15 cases were falls

related to going from/to the toilet.

2. We categorized the falling types as following 3 category: (a) Falls by unex-
pected forces, (b) falls by losing balance or supporting forces, and (c) other falls

(including free fall, accidents, and ‘could not tell’). Of 36 cases, 11 cases were
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Figure 4.10: The boundary line trained by participants who fell by stumbled and
the young participants are illustrated as a blue line. The boundary line trained by
participants who fell by unexpected falls and participants who fell by losing balance is
illustrated as an orange line. The line is the same as in Fig. 4.9. The horizontal axis
indicates the GLFS-25 score n, and the vertical axis indicates the calculated P(X|n)
for the response pattern X of each participant who scored n. The young participants
are plotted in red circles, the participants who fell by stumbles are plotted in blue
rectangles. The green plots are the participants of the measurement in chapter 3.

categorized into category (a) and 13 cases were categorized into category (b).
12 cases including 7 ‘could not tell’ were categorized into category (c). The

most number of falls were categorized into category (b).

3. We set labels that researchers attached to the text data as the initial cluster of
the clustering analysis and did the clustering analysis. Almost all the cluster
was not updated. Also, we analyzed the 10 most frequent noun and their 11
most co-occurrence words, 31 out of 34 cases showed at least one coincidence
word. 23 out of 31 cases showed some of the coincidence words indicates the

falling place or objects related to the falls. From above, the falling category
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Table 4.19: The estimated risk.
ID || Fall risk 7¢[%] | Fall  tendency | Stumble risk 7spumpie[ %]
’rtendency [%]
B05 99.9 % -1.34 % -1.34 %
B14 2.36 % 4.1 % 1.75 %
B16 99.9 % 71.3 % 71.4 %
B18 100.0 % -24.2 % -24.2 %
B19 74.0 % 10.4 % 7.60 %
B20 99.9 % 33.6 % 33.6 %
label attached by the researcher and the summary data by the researchers were
appropriate to some extent.
4. Several classification experiments were conducted. The falling category was

classified from the text data using the naive Bayes classifier trained by summary
data by the researchers. The classification rate for category (a) was 90.9%, and
the classification rate for category (b) was 80.0%. Also, the falling category
was classified from the GLFS-25 data. The classification rate was 80.0% (8/10
cases) for category (a) and 54.5% (6/11 cases) were classified correctly. We
achieved 76.1% for averaging category (a) and category (b) when we use the

first 2 dimensions of the feature vector of GLFS-25.

. Using the estimator trained by hospitalized participants’ GLFS-25 data, we

constructed the stumble risk estimator for the community-dwelling participants.
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Nine participants were judged to have a high risk of stumbles. Especially, almost
all the participants who showed the abnormal (bigger/smaller) visual illusion &k
were judged to have a high risk of stumbles. The estimator has high sensitivity

for risk estimation.



Chapterb

Frailty Mother-Set Analysis by
Generalizing Enriched Sample-Set

Analysis

5.1 Motivation

5.1.1 Background

Falls is one of the risk factors that change elderly people lives drastically and cause
starting to use the nursing care service. In the gerontological field, there is a concept
of “frailty” that indicates becoming physical, mental, social weakness or functional
decline comprehensively. When humans get older, their physical/cognitive function
gets worse, then these declinings of functions easily cause falls. The confinement at
home after falling leads to a decline of the social function of them and that reduces
physical /mental function lower and lower, and it causes another new falling. From
this point of view, preventing frailty is closely related to preventing falls. Recently,

the concept “cognitive frailty” was proposed [32]. This concept regards frailty as a

104
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mixture of physical frailty and mild cognitive impairment (MCI).

For the physical frailty, the concept of the locomotive syndrome that especially
focuses on the disorders of the locomotive functions is proposed by the Japanese
orthopedic association. Mild cognitive impairment is regarded as the pre-stage of
Alzheimer’s disease. There are some screening tools for dementia and the results
of those tools are regarded as an indication of their cognitive abilities. However,
there are limitations to evaluate their cognitive abilities only from the point of view
of dementia. We need to consider the declining of physical and cognitive abilities

comprehensively.

5.1.2 Research purpose

In this research, the purpose is to develop quantitatively and comprehensively
evaluation system for the frailty. We aimed at utilizing this system for prevent-
ing falls. This system estimates and visualizes the level of subjects’ physical abilities
and brain activities (see Fig. 5.1), and subjects can know characteristics of their
physical /cognitive abilities based on the results from motions or cognitive tasks.

In this paper, we propose the feature extraction method for scoring their frailty.
We call the mean of the extracted 1-dim feature as ‘frailty score’. The frailty score
will be calculated for each task for each person. Defining the frailty score, we can
consider the level of elderly people’s physical/cognitive abilities quantitatively in a
multi-dimensional space. Also, we propose the method to convert the categorical
questionnaire response patterns to the consecutive log-likelihood data so that we can

treat the data as consecutive data.
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Several person are included in both dataset

Small-scale dataset (Our measurement)

EEG data (X,)

Mother dataset (Kashiwa study
EEG data (XP)
r‘ railty score vector © ‘eature vector ©,

Physical measurement results & Questionnaire score

Marker position data (X, ) Feature extraction

Force plate data (X, )

[

The response pattern of the questionnaires

Converting to log-likelihood info.

Figure 5.1: The outline of the frailty evaluation system based on the proposed method.

The relationships among each dataset and the concept of this chapter are illustrated
in Fig. 5.2. The orange one is our measurement dataset, the green one is the Kashiwa
study dataset. In this chapter, we regard the Kashiwa study dataset as the mother-
set, our measurement dataset as the sampled-set. The pink one is the hospitalized
patient dataset. In chapter 2 - 4, we analyzed the data along with the GLFS-25 score
and the extent of the depth perception. In this chapter, the coordination system
(kind of the axis shown in the black arrows) will be converted to the red arrows by

using a matrix decomposition.
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Figure 5.2: The dataset used in this chapter. The orange one is our measurement
dataset, the green one is the Kashiwa study dataset. In this chapter, we regard the
Kashiwa study dataset as the mother-set, our measurement dataset as the sampled-
set. The pink one is the hospitalized patient dataset. In chapter 2 - 4, we analyzed
the data along with the GLFS-25 score and the extent of the depth perception. In this
chapter, the coordination system will be converted by using a matrix decomposition.

5.2 Feature extraction method for calculating the

frailty score

5.2.1 Multiple training data from measured data for one per-

son

In this section, we propose a feature extraction method to calculate the frailty score.
This method enables us to use both whole macroscopic data and specific microscopic

data for training, and we can acquire multiple training data from one data. We
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apply this method not only to physical motion data but also Electroencephalogram
(EEG) data so that we can quantitatively compare extracted features from different
types of data at the same multi-dimensional space. Aligning the macroscopic data
Xi € RT*" and the microscopic data X’ € RT*" we create a matrix X* for

macro micro

person ¢ as follows:

X’iﬂaCTOT

X = (5.1)
Xim‘croT

= | xi(1) xi(t) - x(T) | (5.2)

where x‘(t) is the measured data for person i at time ¢.
In the next step, we sampled column vector x*(¢) of the matrix X* every 10 points

from ¢t = s. The s is moved from 1 to 10, then, training data vector

N
S

|
—
ot
w
SN—

| X(T—10+s) |
was created. We shifted the start point of sampling one by one and finally could
acquire 10 training data from one X°.

We apply the same filter w to all the participants who did the same motion/cognitive

task, and convert the centerized training data (z! —z!) to y? for each person as follows:

A~ .

[yi7 T 73/%0} = WTZ%? (54>

where
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and Z! is the average on s of z's. We call the mean of the projected value w” (z! — ')
for one person for one motion as ‘the frailty score’ of the motion of the person .
In our research, we find a projection vector w such that minimizes within-class

variance solving the following optimizing problem:

arg min Y 3 !~ (56)

where 4 is the average on s of y’ that indicates features extracted from dataset z..

The projection vector w is subject to
[wl* = 1. (5.7)

We set the optimization problem so that it minimizes the within-person variance of
the extracted features since we’d like to design the frailty score that has robustness for
changing sampling points of the training data. In other words, we designed our feature
extraction method so that we can extract relatively constant features for the same
person for a specific motion. Using Lagrange multipliers method, the optimization

problem above can be translated into the following eigenvalue problem:
SuW = WA, (5.8)

where S, is the total sum of the within-person variance-covariance matrix

1 % =i % si\T
SOIPICELICE I (5:9)

N; is the total number of participants, W is the matrix in which the eigenvectors are
aligned, and A is the diagonal matrix of which diagonal components are eigenvalues.
The projection vector w is the eigenvector that is corresponding to the smallest

eigenvalue A in the matrix A.
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5.2.2 Integrating frailty scores for different tasks into a multi-
dimensional space

From the proposed method, we can calculate the frailty scores for different tasks
one by one, so we can acquire various filters to calculate features for several tasks.
Let the filter for task 1 be wy and the filter for task 2 be ws. Each filter is trained by
each training data of each task Z!**. In other word, we solve these 2 optimization

problems separately:

arg min D2 Wtast = Hiagiall” (5.10)

subject to
lan]? = 1; (5.11)
arg min 2 2 Whtaske = Hiagall” (5.12)

subject to
Junll? = 1. (5.13)

Then we can acquire two 1-dim frailty score for one person (¢, and y,.,). This

frailty score can be treated as the vector in 2-dim space from following transformation:

i i T i i
[ytasklv ytast} =A |:( taskl)Tv( tast)Ti| (514)
wl of
- |(Ziosia)" Zhsa)"] (5.15)
ol Wl
where Zi , is the centerized training data matrix for task n of person i. The

dimension of Z!

tasin canl be different among tasks, and we can combine them. Aligning

the filters for task n wy,, along to the diagonal block of the matrix A, we can extend
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this method to the n-dimensional space (for n tasks). This operation means that we
convert the measured data in the space of taskn into the set of frailty scores in the
‘frailty space’. In other words, we designed the ‘frailty space’ by taking the direct

sum of the subspaces for various tasks.

5.3 Physical motion measurements and brain ac-

tivity measurements

5.3.1 Measurement conditions and tools

The participants for motion capture were 16 elderly people (7 males and 9 females,
age: 78.0% 6.81) and 3 young people (3 males, age: 25.0+ 0.81). This research is
approved by the ethical committee at the University of Tokyo.

Thirty-five marker-set and 8 wireless electromyography (EMGs; Delsys, “Trigno
System”) were attached to a participant. Markers were attached to their whole body,
and EMGs were attached to their lower body. We use 12 motion capture camera
(Motion Analysis, “Raptor system”) to capture motions.

EEG (electroencephalogram) is one of the electrophysiological tools to capture elec-
trical potentials. For EEG measurement, 14 participants were measured. We mark on
the head of a participant, and put electrodes along with extended 10-20 method[63]
and measure brain activity. a cap was put on the participant’s head for fixing the
electrodes. We can obtain the active potential of neurons noninvasively. gUSBamp
(g.tec medical engineering GmbH, Austria) was used to measure brainwaves. Elec-

trodes are Ag/AgCl active electrodes. We use the filters in measuring as follows: 0.5
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Figure 5.3: The snapshots of 2-step motion. Participants try to reach the distance
as far as they can in 2 strides. The distances of 2 strides were normalized by their
heights and it is called as the “2-step value”.

Hz high-pass filter, 30 Hz low-pass filter, 48-52 Hz notch filter. The sampling rate

was 256 Hz.

5.3.2 Physical motion measurement items

In this research, we record three tests for locomotive syndrome[64] (GLFS-25, 2-
step test[65], and Stand-up test[66]), One-leg stand duration with vision, velocity for
walking, and Time Up & Go test so that we can use these data as criteria of physical
frailty in the learning phase of the system. Motion capture marker positions, EMG
data, and force plate data were acquired during these motions, and walking time for
1.8 m during 5-meter walking test, one-leg stand duration with vision (up to 60 sec),
2-step value (the distance in 2 stride that is normalized by the participant’s height),
time for TUG test, and the number of success for stand-up test (stand up from about
40-cm-high seat by one leg) were also recorded. In this paper, we calculated the frailty
score from the 2-step test motion data. Fig. 5.3 shows the snapshots of the 2-step

motion. Participants were asked to reach the distance as far as they can in 2 strides.
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5.3.3 Brain activity measurement items

In this paper, we used the data that is acquired during the P300 task. The P300
is one of the event-related potentials that is shown after 300 ms of the target that a
participant pays attention. The relationship between dementia and P300 has been
studied since 1980s[67][68], it is known that dementia patients show slower latency
and smaller amplitude of P300[69]. In the P300 task, we used P300Speller application
that is provided in BCI2000[70]! and measured EEG data during these tasks. The
electrodes were put onto P3, Py, PO;, POg, F,, C,, P,, and O,, respectively. GND
is AF, and reference electrodes are on both earlobes. The participant sees a monitor
on which Japanese characters are aligned. He/she counts the number of flashes of the
target character (the target stimulus) that is pointed by the experimenter before the
task starts. The number of the trial was 11. The last one is used as the baseline, so
the participant is asked to just watch the monitor. The target stimulus was changed
in each task. We set the number of the target stimulus was 30 in one task and asked
participants how many stimuli they counted so that we could estimate whether they

could understand our instruction and could achieve the task.

5.3.4 Applying proposed method to physical motion data
during 2-step motion

We applied the proposed method to the marker position data of the motion capture
Xire and the reactance force data from the force plates Xy, during the 2-step test.

Different 2 types of data (the marker position data and the reactance force data) were

"http://www.schalklab.org/research/bci2000
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used and they have different time width. Marker position data were measured in 200
fps, force plate data were measured in 1000 fps. In our research, time width for the
marker position data Xy,. is one walking cycle (from the time when a participant’s
foot first contacts to the floor to the time when the same foot contacts to the floor
again). We interpolate data to 1500 frames. For the reactance force data Xp,, the
time width is 1.5 sec from the time a participant’s foot contacts to the floor. Because
of the sampling rate for the reactance force data, it is 1500 frames. We put 35 markers
on a participant body and reactance force data includes position of COP (x, y, z), force
(X, y, z), and moment around z-axis. From above, X;,. € R0 X . ¢ RIB00xT,
Xire and Xy, is normalized by the average and the standard deviation. We used Xy,

as Xynacro and X, as Xopicro-

5.3.5 Grouping based on the frailty scores

We divided participants into 2 groups based on the frailty scores. The criteria value

O for participant i is calculated from y* as follows:

10

@zggmwu (5.16)
The participant in group (a) has C* < —41.0, the participant in group (b) has C* >
—41.0. For comparison, we also set participants into 3 groups based on the level of
the locomotive syndrome. The first group is the Locomo-1 stage group. People in
this group are regarded to be starting to decline their motor functions. We set the
participants into the Locomo-1 stage group when they meet following one of these

criteria[71]:

e The 2-step value < 1.3
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e They could not succeed in the stand-up test by one leg.
e The score of GLFS-25 > 7

Another group is the Locomo-2 stage group. People in this group are regarded to be
declining in their motor functions. We set the participants into the Locomo-2 stage

group when they meet one of these following criteria:
e The 2-step value < 1.1

e They could not succeed in the stand-up from the 20-cm-high seat by both legs

(Data were not captured this time).
e The score of GLFS-25 > 16

The last group is the Non-locomo stage group. If participants don’t meet any criteria

above, they are regarded to have no problems with their locomotive functions.

5.3.6 Applying proposed method to EEG data during P300

task

We also applied our method preliminarily to EEG data during the P300 task. EEG
data were measured in 256 fps. At the first step, as preprocessing, we subtract average
in time from EEG data to remove DC noise and applied Common Average Reference
filter (CAR filter)[72] that is one of spatial filters. Applying CAR filter to the channel

¢, the EEG data of ¢ (x.) is calculated as following:

1
_ _ ) Nl
X, - Ej X;, (5.17)
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where n is the total number of the electrodes. Second, we segmented the EEG data
2 sec before and after the stimuli appear, resampled them to 1000 fps, and only data
from 0.1 sec before to 0.6 sec after the stimuli appear were sampled. Third, we remove

the data following 3 criteria:
e [0 The maximum/minimum value of the amplitude was over/under £ 90 pV
e [1 The gap of the maximum and minimum of the amplitude was over 140 uV
e [ The flat line (the amplitude is under 5 pV) lasts for over 100ms

After removal of data was done, we put EEG data into 2 categories. One is the target
stimuli, the other is the non-target stimuli. Then, the grand average for each category
was calculated. Though these grand average were calculated for each channel, we
select the electrode that clearly shows peak 250 ms - 550 ms after the target stimuli
(and shows the bigger coefficient of determination 7? value) and use it for analysis.

r? value is calculated as follows:

s cou(z,y)?
T var(z)var(y) (5.18)

where var(x) is the variance of data, and cov(i, j) is the covariance between category
7 and j. x is the EEG data measured at a certain time point, and y is the label data
that is set as 1 when it is the target stimulus and set as -1 when it is the non-target
stimulus.

We used X, as X,qcr0 and X, as X0 and conducted the same process described
in section 5.3.4, and acquire training data. For X,,, the time width is 700 ms (before

100 ms to after 600 ms the stimuli was shown). We interpolate the EEG data (700
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frames) for the target/non-target stimuli to 1500 frames. For X,, the time width

is 150 ms from the time the P300 peak starts rising. In this research we selected 1
electrode that shows clear P300 peak, so X,, € R0 X, € RY0*1 X, 0X, are

normalized by the average and the standard deviation.

5.4 Converting the qualitative variables to the con-

secutive variables

5.4.1 Converting the categorical variables to the probabilistic

based variables

Only the total score of the answers to a questionnaire is often used in the analysis
of the questionnaires. However, the questionnaire response pattern itself has rich
information and the total score are the results from the reducing of the dimensions
of the patterns from the number of the questionnaire response patterns to 1. In this
research, we’d like to utilize the whole response patterns to estimate the frailty level.
The problem is that each response of the questionnaire is the categorical variable, so
we cannot directly compare with the consecutive variables as it is. Thus we propose
the method to convert the categorical variables to the consecutive ones.

In this research, we focus on the specificity of the questionnaires that are devel-
oped epidemiologically. Commonly, this kind of questionnaires are developed based
on the statistical analysis that collects response patterns from a large amount of pop-

ulation group, and the response patterns or some kind of probabilistic distributions
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are usually open for public. We utilize these distributions to convert the categorical
variables to the consecutive ones, then we can compare how our participants far out
of the distribution (i.e., where the participants placed) in the observation group in
the previous research.

We used the revised Hasegawa’s dementia scale (HDS-R)[35][36] and the 25-question
Geriatric locomotive function scale (GLFS-25)[31] in our research. HDS-R’s full score
is 30. The larger score means a better cognitive function they have. If the score < 20,
the participant is doubt of dementia. The response patterns from the dementia group
and non-dementia group are available from [35] for HDS-R. GLFS-25s full score is
100. The smaller score means the better locomotive function they have. If the score
> 7, the participant starts declining of their locomotive function and if the score
> 16, the participant’s locomotive function declined. The response ratio to each item
and the zero-scored response ratio of each item in some score groups (0-6 points,
7-15 points, 16-23 points, 24-32 points, 33-40 points, 41-49 points, 50- points) are
available for GLFS-25. Using these distributions, we can reflect kinds of information

such as the existence of dementia or which function is more damaged and convert to

the consecutive variables.

5.4.2 Calculate the log-likelihood for HDS-R

For HDS-R, the response rate distributions to each item by dementia group D g,
and non-dementia group D,,,, are available[35]. Let the total score of the HDS-R be
n, the response pattern of the participant be X = {z;} (x; indicates the response to

the item 7). We calculate the log-likelihood of which the response pattern X emerges
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from each distribution (log P(X|Dgenm) or log P(X|Dyon)). If we assumed that the
response to each item is independent, then, the log-likelihood is easily calculated as

the product of the response ratio to N items under distribution D:

log P(n, X|D) = log{ P(z:|D)P (1’2|D)"' P(zn|D)} (5.19)

= Zlog (24| D)). (5.20)

To keep the consistency of the log-likelihood values, we take the difference between
log-likelihood from the non-dementia group and from the dementia group. Then

converted consecutive variables C" to be

C" = log(P(Xo|Dgem)) + log(P(X,n|Dpon)) (5.21)

—log(P(X;n[Daem)),

where X is the response pattern that all response to the items were 0, n is the score
of the HDS-R. Eq. (5.22) shows the smaller value when the response patterns are
more likely to emerge from the dementia group distribution. On the other hand, if the
response patterns are more likely to emerge from the non-dementia group distribution,
Eq. (5.22) outputs a large value.

We can also impute the missing data using Eq. (5.22).

5.4.3 Calculate the log-likelihood for GLFS-25

The features for GLFS-25 is calculated as 2-dim feature vector. The method is
proposed in chap4. The first dimension of the feature vector is the score for GLFS-

25. The second dimension of the feature vector is calculated as follows for the score



Chapter 5: Frailty Mother-Set Analysis by Generalizing Enriched Sample-Set
120 Analysis

n of GLFS-25 for the participant ¢ whose GLFS-25 response pattern was x:
C" = log(P(x|n)) = log P(x) — log P(n), (5.22)

In chap4, we calculated P(n) theoretically. However, the distribution of the re-
sponse of GLFS-25 skewed to the left, so we referred the result of the large-scale
longitudinal study (Kashiwa study[30]) conducted in 2016. We acquire the distribu-
tion of the GLFS-25 score and analyzed by curve-fitting using the exponential model.

The model is written as follows using the parameter a and b:

P(n) = aexp (bn) (5.23)

5.4.4 Clustering participants from the information of the

large-scale investigations (Kashiwa study)

The participants of this dissertation except B24 are the sub-sampled group of
the Kashiwa-study[30], which is the large-scale longitudinal study for sarcopenia
and frailty. We referred the participants’ data in the Kashiwa study held during
April in 2015 to March in 2016 and confirmed each participant’s level of their phys-
ical/cognitive status. We checked the results of the walk speed, the 2-step test, the
stand-up test, the limb skeletal muscle mass, the score of MMSE, and the score of
GLFS-25 of the participants who participated both the motion measurement men-
tioned in 5.3.2 and the EEG measurement mentioned in 5.3.3. One participant (B02)
did not participate in the measurement of Kashiwa study in 2016, so totally 11 par-
ticipants data (participants in 5.5.2 except B02 and B24) were analyzed. In the walk

speed test, the average walking speed for 5 m is recorded. In the 2-step test, the
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2-step value (the distance in 2 strides divided by the participant’s height) is recorded.
In the stand-up test, the combination of the height of the chair (10 cm, 20 cm, 30 cm,
and 40cm) and the using leg (both legs, single-leg) is recorded. For the stand-up test,
the results (‘cannot for all heights’, ‘40 cm by both legs’, ‘30 cm by both legs’; 20 cm
by both legs’, ‘10 cm by both legs’, ‘40 cm by single-leg’; ‘30 cm by single-leg’, ‘20 cm
by single-leg’, ‘10 cm by single-leg’) are coded as the number 0 (for the ‘cannot for
all heights’) to 8 (for the ‘10 cm by single-leg’). For the limb skeletal muscle mass,
the limb skeletal muscle mass is recorded. We analyzed the limb skeletal muscle mass
separately for men and women.

To grab the characteristics of the participants, we set the feature vector for each
participant using these results of the tests. We calculate the survival function P(z >
xo) for the result value z( for each test and use it as the feature for each test. For
the result of the walk speed, £g = Zyak. For the result of the 2-step test, o = Zastep-
For the result of the stand-up test x¢g = Tsanq, and for the result of the limb skeletal
muscle mass, g = Tyusae. FoOr each test, the survival function 6 is calculated as

follows:

0= P(x > o) /Oo L { (t_“)z}dt (5.24)
= P(x > x9) = ——exp{— , .
’ o \/Z2702> 20°
where x is the result of each test, o2 is the variance of the result of each test, and p is
the mean of the result of each test. For the score of MMSE x 058, To = 30— 2y msE,
i.e., ¢ expresses how many scores they lost from the full score whereas for the score
of GLFS-25, xy = xqrrs. For each questionnaire, the survival function is calculated
as follows:
<1

6= Pla > ) = / - exp(ﬁ)dt, (5.25)
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where x is the result of each test, o2 is the variance of the result of each test, and p is
the mean of the result of each test. We used a value on Tab. 5.6 as u and o2 for each
test. From the above definition of the feature, the declining of the survival function
value means the better physical abilities (better achievement of the measurement or
better condition at muscle mass), and the declining of the survival function value
means the worse cognitive abilities (losing many points from the full score of MMSE)
and the worse physical abilities (getting difficulties and showing the higher score of
GLFS-25).

The feature vector is acquired as aligning the survival function value 6 for each test,
i.e., © = [fwalk; O2step; Ostand, Omuscle; IMMSE, QGLFS]T. We did a principal component

analysis and reduced the feature vector dimension to 2.

5.4.5 Analysis of the sub-sampled dataset using the frailty

scores and the log-likelihood

From the results of the correlation analysis of the large-scale cohort data, we could
not extract features so as to separate the evaluation of the physical /cognitive abilities.
Now, for the small size of the sub-sampled dataset, we enrich the data using the
features from motion capture, EEG data, and the questionnaire data that is converted
to the probabilistic variables.

To the 13 participants we mentioned above, we have done the motion and EEG
activity measurements (see 5.3.2 and 5.3.3 for more detail). We used these results on
Tab. 5.1. As the features, we used the frailty score C's for participant i described

in 5.3.4, 5.3.6, 5.4.2, and 5.4.3; i.e., the response pattern log-likelihood for the ques-
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tionnaires and the extracted features from the motion capture and EEG data. For
the GLFS-25 feature fgrrs, we calculate log P(x|n) using Eq. (5.22) and Eq. (5.41).
Then we defined the feature 0k, o as [n, log P(X|n)]” for the score n and the response
pattern x of participant i. For the HDS-R feature fing, we used the log-likelihood
log P(X|D) calculated by Eq. (5.22) for the response pattern X and the distribution
of the response pattern D of participant 7. For the 2-step motion data and P300
EEG data, we used the features C* for participant 7 extracted in 5.3.4 (Cj,,,)and
]T

5.3.6 (Chyy). We aligned the features as ©L = [QiHDS,G};LFS,C;Step,CiP?,OO and

created the 6-dim feature vector of participant ¢ for the measurement.

5.5 Creating physical-cognitive coordinate system

using matrix decomposition

5.5.1 Designing the physical-cognitive space using the singu-
lar value decomposition

Let © € R™N = [0, 6N] be the set of the data, where n is the dimension of
the feature vector of the participant i (") and N is the number of the participants of

the dataset. The data is decomposed by the singular value decomposition:
©@=UxV7’, (5.26)

where U € R™", 3 € R™N, V € RV*N. The diagonal components of 3 are called
as the singular value of ®. Now, let us consider the condition of oy > g9 -+ > 7,,(>>

Om+1). Let U, € R™™ be the first m column vectors of U, 3,, € R™ ™ be the
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diagonal matrix whose diagonal components are the singular values, and V,I' € R™*"

be the first m row vectors of V7, The data © can be approximated as follows:
eO~U,%,.V, . (5.27)

Our purpose of this approach is to design the basis of the coordinate system in
which the data is divided into the physical characteristic direction and the cogni-
tive characteristic direction. First, let us design the vector rphys and reog of which
components have the value 0 or 1. The components of these vectors are defined by
the author as follows; If the ¢-th component of feature vector has a relation with
physical (cognitive) characteristics, then, we set rpnys(i) = 1(reoq(i) = 1), otherwise

Tphys (1) = 0(T¢og(7) = 0). Using Up,, [Iphys, Fcog| Can be decomposed as follows:
R = [Fpnys; Teog] = UmCr, (5.28)

where ¢y, is the reduced m-dimensional vectors. From this equation, ¢, can be

formulated as

Cmr = Un”R = (U, TUL)'ULTR = U, 'R, (5.29)

where U,'U,, = E. Thus, R can be approximated by R,, = UnUn'R. We
create the basis for the physical/cognitive characteristics Wep = [Wpnys, Weog] DY
normalizing each column vectors of R,,.

From the singular value decomposition of the features, the dimension of the pro-
jected space is expected to be m > 2, whereas the number of the basis W¢gp de-
fined above was 2. Next, we design the rest basis vectors W, .o € R (m=2) e
W, = [Wep, Wiest] € R™™. Let us design the W,y so as to meet the following

criteria:
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1. The range space of the W,y will be the orthogonal complement of the range
space of W¢p, and the range space of the W,,, will be the same with the range

space of U,,.
2. Each column vector of the W,..o; will be the orthonormal vector.

For the first criteria, W,..s; needs to orthogonal to Wgp and to be included only
in the range space of U,,. To meet this criteria, W et needs to meet these two

conditions: Firstly the equation Wep! W,.o = 0 is required. Thus,

Wt = Wep? 70+ {E — (WELFWEL,) Y (5.30)
={E—- (WepWep™)T1Y (5.31)
= (E—-WcepWep™)Y, (5.32)

where Y is the arbitrary vector. Secondly, the equation
(E - UmUm#)Wrest =0 (533)

is required. Equation (5.33) means that Wes is the subspace of the range space of

U,,. From Eq. (5.32) and Eq. (5.33),
(E-UpUn®)(E - WepWep)Y = 0. (5.34)
Putting E — U, Up,” = 21 and E — WepWep” = 25, Eq. (5.34) is solved as
Y = 22{E — (2125)% (2125)}z, (5.35)

where z is the arbitrary vector. The matrix zo{E—(2122)% (2122)} has a rank = m—2,

so from this matrix, we can acquire W egt.
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When the basis of the coordinate system is defined as mentioned above, the data of
the participants are plotted onto the physical-cognitive plane. Let Cy the coordinates
on the physical-cognitive plane of the mother set and let Cg € Cy the coordinates on
the physical-cognitive plane of the sampled data from the mother set. Cy is calculated

as

Ch = [Wep, W,ew™ ©. (5.36)

For the sampled dataset, we also have another feature vectors ©, for each partici-
pant in the dataset. Through the same algorithm, we can acquire Wm = [ch, Wrest]
for O, and using Wm, we can acquire the coordinates on the other physical-cognitive
plane CS, ie., C, and Cs are the feature vectors for the same person in different

dataset.

Since the basis of the physical-cognitive plane W,, and W designed on the pur-
pose of express the physical and cognitive frailty characteristics independently, we can
regard them as to be transformed linearly. Thus, Cs is calculated as the deformation

of Cs, so the transforming matrix K is calculated as follows:

KC, = C, (5.37)

K = C,C?”. (5.38)

Once we acquire K, we can generalize features acquired from our measurement O,
into the mother dataset. We use the survival function for ©, so we will be able to
estimate at what percentage to the top rank the participants who hadn’t participated

in the large-scale cohort study places in the mother set.
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Figure 5.4: The extracted features from 2-step motion data for each participant.

5.5.2 Results

Features acquired from the trained filter for 2-step motion data

Figure 5.4 shows the extracted features for each participant. The scores were
extracted by the filter that is trained by motion data of 16 elderly people. Fig. 5.4
shows the relationship between 2-step value and the frailty scores (the mean of the
extracted features) in semi-log scale. As shown in Fig. 5.4, the correlation coefficient
between the 2-step values and the criteria value C’% was -0.20, so 2-step values and
the criteria value C's have a weak correlation. From this result, we can say that we
could extract features that have a weak relationship with 2-step value. From Fig.5.4,
the frailty scores for participants who have the closer 2-step value are varied, so the
frailty score may include other sets of information for their physical abilities, and

there is a possibility for clustering participants.
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The result and qualitative analysis of grouping based on the frailty score

The result of clustering based on the frailty score (, or C* in Eq. (5.16)) is shown
on Tab. 5.1. In the 6th-8th column, we put underline for the values that exceed the
criteria for the locomotive syndrome stage 1 and changed the color of the values that
exceed the criteria for the locomotive syndrome stage 2. In the 9th-11th column, we

changed the color of the values when the values meet one of these following criteria:
e For the 9th column, walking speed < 1 m/s[33]
e For the duration on one-leg stand duration with vision < 15 s
e For the time for Time UP & Go test > 11 s

First, as a qualitative considering, we compared the participants in each group from
a point of view of results among various tests and caught the tendency of each group.

It is clarified that the elderly participants in each group have a tendency as follows:

e Group (a): Their 2-step values are relatively better. Or in case of the worse
2-step value, their results of other tests were relatively better compared with
other participants who have the same scores with them (the better score in

other tests were underlined on Tab. 5.1).

e Group (b): Their 2-step values are relatively worse.
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The result and quantitative analysis of clustering based on the frailty score

Second, we calculated the thigh joint angles and the trajectories of their hands
during the 2-step motion. For the thigh joint angles, we calculated the thigh joint
angles in the flexion/extension direction for both legs during their 1st step to the 3rd
step. The joint angle data were normalized in time by one walking-cycle. We acquired
the maximum amplitude and period of the waveforms by Fast Fourier Transform.
Note that the 2-step motion is different from the walking motions in the point that
the 3rd step will be stepping so that both toes will be aligned. Tab. 5.2 shows the
relationship between the group and the mean + SD of the maximum amplitude of the
component of waveforms of the thigh joint angle data and its period. The upper side
is the group based on criteria for locomotive syndrome for comparison, the lower side
is the group based on the frailty scores. From the upper side of Tab. 5.2, participants
in the higher stage of the locomotive syndrome group showed the relatively smaller
amplitude of the joint angle. All groups showed a longer period of waveforms for
the 2nd step joint angle data compared with the 1st step joint angle data. Also,
for the Locomo-1 stage group participants, their period of the 2nd step is relatively
small compared with other groups. This can be explained that participants in the
Locomo-1 stage cannot stand firm enough during their 2nd step. The same tendency
on the amplitude and the period can be shown on the lower side of the Tab. 5.2.

For the trajectory of the hand, we calculated the length of the trajectory as follows:

“Xm - XeH + HXe - Xs”

- (5.39)

where X, is the coordinate of the marker position on the MP joint of the middle

finger, X, is the coordinate of the marker position on the elbow joint, X is the
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Table 5.2: The relationship between the groups based on criteria for the locomotive
syndrome / frailty scores and the mean £+ SD of the maximum amplitude of the
component of the waveforms and its period.

Frailty Mean+SD
Amplitude Period
group 1st step 2nd step 1st step 2nd step
Non-Locomo || 46.5£3.99 | 22.944.26 | 0.78£0.03 | 1.1740.42
Group stage group
based on Locomo-1 35.549.01 | 23.24+5.63 | 0.64+0.16 | 0.9440.46
criteria for stage group
locomotive Locomo-2 24.244.42 | 17.0£4.72 | 0.804£0.28 | 1.17£0.91
syndrome stage group
Frailty Mean+SD
Amplitude Period
group 1st step 2nd step 1st step 2nd step
Group Group (a) 40.4£10.5 | 21.7£4.26 | 0.744+0.09 | 1.0940.47
based on
frailty scores | Group (b) || 33.749.84 | 22.24+6.69 | 0.70+0.23 | 1.04+0.62

coordinate of the marker position on the shoulder joint, and L,,,, is approximated

length of the upper arm that is calculated from the initial values of X,,, X., X,:

Larm = | Xm(0) = Xe(0)[| 4[| Xc(0) — X (0)] (5.40)

The relationships between groups based on criteria for the locomotive syndrome /
frailty scores and the mean £ SD of the trajectory length of the MP marker are
shown on Tab. 5.3. The upper side is the group based on criteria for locomotive
syndrome for comparison, the lower side is the group based on frailty scores. From

the upper side, the participants in the higher stage of the locomotive syndrome group
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show the longer hand trajectory for the same side with the 1st step, this can be
regarded as balancing during stepping the 2nd step. On the other hand, Locomo-1
stage group shows a longer trajectory for the same side with the 2nd step, too. This
can be explained that the participants in this group cannot balance during the 2nd
step and they also move their hands widely during the 3rd step. For the lower side,
The same tendency of the length of the trajectory was shown. The participants in
group (b) showed a longer trajectory than group (a), which means that participants

in group (b) moved their arms more than participants in group (a).

Features acquired from the trained filter for P300 EEG data

The average percentage of perceived stimuli was 83 %. The worst participant
perceived 71 % of the target stimuli, however, 11 participants perceived over 85 %
stimuli. One participant reported 2-3 more stimuli (i.e., one participant perceived 32-
33 stimuli though we showed him 30 stimuli). For the participants who are in their
70s, the average percentage of perceived stimuli was 91 %. Features are extracted from
EEG data of 13 people (1 people was excluded when calculating the features since the
participant did not meet the including criteria for the EEG data written in sec. 5.3.6).
The relationship between the latency (the time P300 peak starts rising up) and the
absolute value of the extracted features in semi-log scale are plotted on Fig. 5.5, and
the relationship between the amplitude of the P300 peak and the absolute value of
the extracted features in semi-log scale are plotted on Fig. 5.6. Fig. 5.5 shows that
the absolute value of extracted features gets bigger when the latency gets shorter (r

= -0.48, p = 0.09), and Fig. 5.6 shows that the absolute value of extracted features
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Figure 5.5: The relationship between the extracted feature in log-scale and the P300
latency.

gets bigger when the amplitude gets bigger (r = 0.56, p = 0.04).

Plotting features onto one 2D plane

The C's extracted from the 2-step motion data and the C’s from the EEG data
during the P300 task of 13 participants were plotted on Fig. 5.7. The smaller features
extracted from the 2-step motion and the larger features extracted from the EEG data
during the P300 task indicates better physical/cognitive functions. So, plotting onto
the upper left side indicates the healthier person and plotting onto the lower right

side indicates declining both physical and cognitive abilities.
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Figure 5.6: The relationship between the extracted feature in log-scale and the P300
amplitude.

Calculated log-likelihood scores for HDS-R

The calculated C* from Eq. (5.22) for the HDS-R score are shown on Tab. 5.4.

For the imputation, the leave-one-out cross-validation tests were executed in re-
sponse to each item of the 14 participants and check whether the imputed missing
score was correct. The average classification rate was 88.4% and the error between

the estimated score and the actual value was —0.16.

Curve-fitting results for GLFS-25 score distribution

Fig. 5.8 shows P(n) calculated theoretically, and Fig. 5.9 shows P(n) calculated
based on the result in the Kashiwa-study. From the curve-fitting analysis, a was

0.142 and b was -0.163. Thus, the regression curve was expressed as

P(n) = 0.142 exp (—0.163n). (5.41)
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Figure 5.7: The plotted frailty scores (absolute value) of 13 elderly participants in
log-scale on a physical-brain activity plane.

The calculated log P(x|n) is illustrated on Fig 5.10.

Using Eq. (5.41), we trained the stumble risk estimator constructed in 4.4.5 again.

The modified stumble risk for the participants who showed nonzero fall risk are on

Tab. 5.5.

Statistical approximation from the Kashiwa study

The statistical information (mean and variance) of all over the Kashiwa study in
2015-2016 is on Tab. 5.6 and the results of each test of the 11 participants are on
Tab. 5.7. To calculate the statistical information, we avoided the participants who
have missing data (8 for walk speed; 11 for the 2-step test; 1 for the stand-up test; 15
for the limb skeletal muscle mass; 2 for MMSE; 11 for GLFS-25) from 950 participants’

data. In the following part, 914 participants with no missing data for all the items

were analyzed.
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Figure 5.8: The likelihood P(n) for the GLFS-25 score n calculated theoretically (the
red line) and the fitting-curve of the probability P(n) calculated from the Kashiwa
study (the blue line).

The probability of the results of the walk speed, the 2-step test, the stand-up test,
and the limb skeletal muscle mass are calculated by the probabilistic density function
of the normal distributions. The probability of the score of MMSE and the score
of GLFS-25 are calculated by the probabilistic density function of the exponential

distributions.
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Table 5.3: The relationship between groups based on criteria for the locomotive
syndrome/frailty scores and the mean £ SD of the trajectory length of the MP marker.

Frailty Mean4SD
of the trajectory length
group 1st step side | 2nd step side
Non-Locomo || 0.1440.06 0.09+0.06
Group stage group
based on Locomo-1 0.24+0.21 0.14+0.11
criteria for stage group
locomotive Locomo-2 0.22+0.14 0.08£0.05
syndrome stage group
Frailty Mean+SD
of the trajectory length
group 1st step side | 2nd step side
Group Group (a) 0.15+0.07 0.10£0.06
based on
frailty scores || Group (b) 0.26+£0.21 0.13+0.11
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Table 5.4: calculated C? for the HDS-R response patterns

ID || Gender | Age | Score | HDS-R
B24 M 70 | 2.93 30
B13 F 75 | 2.93 30
B16 F 76 | 1.96 29
B15 M 76 1.51 29
BO1 F 73 | 1.51 29
B14 F 79 | 0.74 29
B07 M 78 | 0.55 28
B19 F 81 | 0.55 28
B22 M 81 0.42 28
B09 F 86 | -1.97 27
B05 F 79 | -2.84 25
B02 M 78 | -3.93 25
B18 F 99 | -8.51 22
B03 M 83 | -154 20
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Table 5.5: Estimated risk by the modified P(n) for the score n for GLFS-25.

ID || Fall risk 74a[%] | Fall  tendency | Stumble risk 7sumpie[ %)
Ttendency 0]
B05 100 % 75.7 % 75.7 %
B14 0.016 % 40.3 % 0.006 %
B16 100 % 35.1 % 35.1 %
B18 100 % -32.2 % -32.2 %
B19 81.5 % 73.9 % 60.3 %
B20 100 % 57.9 % 57.9 %
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Table 5.6: Statistic information of each test in the Kashiwa study. In the walk speed
test, the average walking speed for 5 m is recorded. In the 2-step test, the 2-step
value (the distance in 2 strides divided by the participant’s height) is recorded. In
the stand-up test, the combination of the height of the chair (10 cm, 20 cm, 30 cm,
and 40cm) and the using leg (both legs, single-leg) is recorded. We converted this
combination to the code 0 to 8. For the limb skeletal muscle mass, the limb skeletal
muscle mass is recorded. We analyzed the limb skeletal muscle mass separately for

men and women.

Test item Mean | Variance
Walk speed [m/s] 1.38 | 0.0581
The 2-step test 1.37 0.0260
The stand-up test 4.42 1.50
The limb skeletal muscle mass[kg] || 19.8 7.54
(Men)
The limb skeletal muscle mass|kg] || 13.5 3.96
(Women)
MMSE 28.4 3.05
GLFS-25 7.01 71.3
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Figure 5.11: The 1st and the 2nd principle component of the result features of the
Kashiwa study.

We did a principal component analysis and reduced the feature vector dimension
to 2. The 1st and the 2nd principal components are plotted onto Fig. 5.11. The
Pearson’s correlation coefficient r between the 1st/2nd principal component and the
features ©. For the 1st component, the walk speed (r = 0.80, p < 0.01), the 2-step
test (r = 0.76, p < 0.01), the limb muscle mass (r = 0.75, p < 0.01) had the strong
and significant positive correlations and the score of MMSE (r = —0.72, p = 0.01),
the score of GLFS-25 (r = —0.71, p = 0.01) had the strong negative correlations,
whereas the stand-up test (r = 0.38, p = 0.24) had no significant correlation. Thus,
the bigger value in the 1st principal component indicates the declining of the cognitive
and physical abilities. For the 2nd principal component, the stand-up test (r = —0.66,
p = 0.02) and the score of MMSE (r = —0.64, p = 0.03) had the relatively strong
and significant negative correlations, whereas the walk speed (r = 0.22, p = 0.50),
the 2-step test (r = —0.22, p = 0.50), the limb muscle mass (r = 0.08, p = 0.79) the

score of GLFS-25 (r = 0.59, p = 0.05) showed no significant correlations.
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Figure 5.12: The 1st and the 2nd principle component of the result features of our
measurement calculated from the 6-dim feature vectors.
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The principal component analysis on the small-scale dataset

We did the principal component analysis (PCA) and reduced the dimension of the
feature vector to 2. The 1st/2nd principle components are plotted on Fig. 5.12. The
Pearson’s correlation coefficient r between the 1st/2nd principal component and the
features ©. For the 1st dimension, both of the components of fgrrs (for the score n,
r = 0.98, p < 0.01; for the log-likelihood log P(X|n) of the pattern z, r = —0.97, p
< 0.01). For the 2nd component, both of the components of fgpg showed the large
and significant correlation (for the score n, r = —0.87, p < 0.01; for the log-likelihood
log P(X|D), r = —0.92, p < 0.01). Though there is only a tendency of significance,
the frailty score for P300 EEG data Cpsgy also showed a correlation (r = —0.52, p =
0.06). Thus, we could extract features separately into the physical declining axis and

the cognitive declining axis.
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Next, we added the estimated depth perception ability Ogp, calculated from the
visual illusion ratio k£ described in chapter 3 so that we can connect the physi-
cal/cognitive ability declining and the stumble risk. The estimated depth percep-
tion ability feature Ogeyn, we calculate k—fl — % in Eq.3.15 that expresses the
estimation error of the depth (K = 1.18, a = 35°). We aligned the features as

e = | fiepth, Otips, O6Lrs: Chstep: CiP300]T and created the 7-dim feature vector of

participant ¢ for the measurement.

We did the principal component analysis (PCA) and reduced the dimension of the
feature vector to 2. The 1st/2nd principle components are plotted on Fig. 5.13. The
Pearson’s correlation coefficient r between the 1st/2nd principal component and the
features ©. For the 1st component, the estimated depth perception ability Ogep
(r = 0.77, p < 0.01) and both of the components of Ogrrs showed the large and
significant correlation (for the score n, r = 0.99, p < 0.01; for the log-likelihood
log P(X]|n) of the pattern x, r = —0.96, p < 0.01). For the 2nd component, both of
the components of fgps showed the large and significant correlation (for the score
n, r = —0.88, p < 0.01; for the log-likelihood log P(X|D), r = —0.92, p < 0.01).
Though there is only a tendency of significance, the frailty score for P300 EEG data
Cpsoo also showed a correlation (r = —0.52, p = 0.06). No other features did not
show correlations (p > 0.1). Thus, the bigger value of the 1st component indicates
the declining of the physical abilities whereas the lower value of the 2nd component

indicates the declining of the cognitive abilities.

Seeing the Fig. 5.14, the participant B18 (the oldest participant) seems to affect the

correlation between the 1st principal component and the estimated perception ability.
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Figure 5.13: The 1st and the 2nd principle component of the result features of our
measurement calculated from the 7-dim feature vectors.
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We select participants who are in their 70’s (7 participants), did PCA again. The data
are plot on Fig 5.14. For the 1st dimension, the estimated depth perception ability
Oaeptn, (1 = 0.80, p = 0.02), both of the components of Ogrrs (for the score n, r = 0.95,
p < 0.01; for the log-likelihood log P(X]|n) of the pattern z, r = —0.98, p < 0.01),
the frailty score for the 2-step motion capture data Cagep, (1 = 0.77, p = 0.04) showed
the large and significant correlation. For the 2nd dimension, both of the components
of Oaps showed the large and significant correlation (for the score n, r = —0.98,
p < 0.01; for the log-likelihood log P(X|D), r = —0.92, p < 0.01). Thus, we can

evaluate the participant’s perception ability with the physical/cognitive abilities.
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Figure 5.14: The 1st and the 2nd principle component of the result features of our
measurement calculated from the 7-dim vectors. The participants are only in their
70’s.

Coordinate system transformation using matrix decomposition

The results in 5.5.2, the survival function of each participant are calculated by
using the statistical information on Tab. 5.6. From the principal component analysis
in 5.5.2, the walk speed, the 2-step value, the limb muscle mass, the score of GLFS-
25 had a correlation with the 1st principal component. Though the score of MMSE
also had a correlation with the 1st principal component, it has a correlation with the
2nd principal component, too. For the 2nd principal component, the stand-up test
had a correlation, too. However, the direction of the correlation was opposite with
the score of MMSE; Both showed negative correlation and it means that the bigger

principal component indicates the lower cognitive ability / the better stand-up test



Chapter 5: Frailty Mother-Set Analysis by Generalizing Enriched Sample-Set
148 Analysis

results. From this result, we decided to treat the score of MMSE and the stand-up test
Separat61Y' Then7 for @ = [ewallo 02stepa estandupa 8musc1e7 0MMSE7 QGLFS]Ty R = Rk

was set as

111101
Rx = : (5.42)
000010
The singular value of the feature vector was [38.7,13.4,9.91,8.61,6.94, 5.65], thus, we
define m as 3 for decomposing the feature vector set by Eq. (5.28).

The physical-cognitive plane is illustrated in Fig. 5.15. On Fig. 5.15, 11 participants
who participated in both the 4th Kashiwa study in 2016 and the 1st and 2nd study
of our experiments in 2016 and 2017.

There are layer-like distributions along with the cognitive axis of Fig. 5.15. We
separated the data into 4 categories: Category (1) the value of the cognitive axis >
1.0; Category (2) 0.6 >the value of the cognitive axis > 0.5; Category (3) 0.4 > the
value of the cognitive axis > 0.3; Category (4) 0.2 > the value of the cognitive axis.
The mean of each result of the Kashiwa study data ® projected in each category was
calculated. The results are on Tab. 5.8. As shown in Tab. 5.8, the survival function
of MMSE declines. Since we approximated the distribution of the score of MMSE as
the exponential distribution, lower survival function indicates the lower score of the
survival function; i.e., lower the value of the cognitive feature axes indicates the lower

cognitive function of the participants.

From the results in 5.5.2, we adopt the 7-dim feature vectors;

O = [Aaepth, fups_Rr, farrs, Castep, Cpaoo) - (5.43)

From the principal component analysis results, the analysis revealed that the pair
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Table 5.8: The mean of each component of @ in each category. Category (1) the
value of the cognitive axis > 1.0; Category (2) 0.6 >the value of the cognitive axis
> 0.5; Category (3) 0.4 > the value of the cognitive axis > 0.3; Category (4) 0.2 >
the value of the cognitive axis.

Category (1) | Category(2) | Category(3) | Category(4)
Walk speed 0.63 0.51 0.76 0.50
2-step value 0.36 0.48 0.43 0.54
Stand-up test 0.34 0.46 0.40 0.57
Limb skeletal muscle mass 0.47 0.49 0.39 0.54
MMSE 1.0 0.53 0.28 0.10
GLFS-25 0.58 0.54 0.64 0.50

of Ogrrs and Cagep, and the pair of Oups_r and Cpsgo showed the correlation with
the same principal component. The feature of the depth perception 4, showed a
correlation together with Ogrrs and Cagep, however, in chapter 3, the visual illution
ratio k showed a correlation with the score of HDS-R. Thus, we regarded the 0gcps, as
affecting both on the physical /cognitive characteristics. Thus, the small-scale dataset,

R = R, was set as

1001110
Ry = : (5.44)

1110001
The singular value of the feature vector was [175.3,40.0,18.1,10.7,4.48,2.77,0.54],
thus, we define m as 3 for decomposing the feature vector set by Eq. (5.28).
The result of the projection onto the physical-cognitive plane is illustrated on

Fig. 5.16. The K, which is the conversion matrix from the physical-cognitive plane
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of the sample dataset to the physical-cognitive plane of the mother dataset was

—0.023 —0.020 —0.011
K= | -0.0093 —0.028 —0.0055 | - (5.45)

0.0079 —0.014 0.016

From Eq. (5.45) and Eq. (5.38), we can project Cs to Cs. The projected Cq and
the original Cg are plotted on Fig. 5.17. From the figure, C, tend to be projected
lower side of the figure. This may be due to the bias of the measurement place or
by experimenters. The mean and variance of the Kashiwa study was on Tab. 5.6 and
the results of the Kashiwa study of the participants in our dataset was on Tab. 5.7,
however, for all the participants, the results of our measurement lower than that of
Kashiwa study (see Tab. 5.1 for more detail). Also, the difference may come from
the difference between the cognitive function tests. The error in the cognitive feature
axes direction is bigger than the other axis, and the lower value of the cognitive
feature axes means that the lower survival function value of the MMSE scores in
the Kashiwa study as we show above. As shown in [35], MMSE and HDS-R has a
strong correlation, but from our calculation of the average and standard deviation
of the error for each test from Tab. 5.1 and Tab. 5.6, the result of HDS-R showed
lower average and bigger standard deviation (28.0 4+ 3.20 for MMSE; 26.7 + 9.61 for

HDS-R). That may make the output of the projected Cs lower.

We can calculate the survival function from Eq. (5.36), i.e., 6= (Wep, Wes] Ck.
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5.6 Conclusion

The conclusion of this chapter is as follows:

1. To construct the system for evaluation of frailty and falling risks of elderly
people, we proposed and applied a feature extraction method that can be trained
by different types of data (including both macroscopic and microscopic data)

to physical motion/EEG data and extracted 1-dim features.

2. Both from physical motion data and EEG data, it is suggested that the extracted
features have some relationships with declining physical/brain functional abili-
ties. We plot extracted features both from physical motion data and from brain
activity data on the 2D plane and showed the frailty level can be evaluated by

considering the boundary surface in the plane.

3. We also proposed the converting method from the categorical data to the con-
secutive data, using the distributions in the probabilistic distributions that are
available from the previous research. Using this method, we converted the re-
sponse patterns of the HDS-R and the GLFS-25 and extracted features using

canonical correlation analysis.

4. Using the proposed method for the feature extraction, we proposed the con-
verting method of the features from the distribution of the mother-set to the

physical /cognitive declining evaluation space.
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Features of Kashiwa study dataset
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Figure 5.15: The projected coordinates of the data from Kashiwa study dataset.
The black plot is of all the participants, the red circle is of the participants who
participated in all of our measurement and Kashiwa study.
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Features of the small-scale dataset
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Figure 5.16: The projected coordinates of the data from the small-scale dataset.
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Features of the small-scale dataset
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Conclusion

A purpose of this dissertation was set at clarifying the dependency of the motion
to the depth perception and estimating and evaluating elderly people frailty level to
prevent falls. To achieve the purpose, estimating human internal depth perception is
required. Another purpose of this dissertation was constructing a system that esti-
mates and evaluates the frailty level of elderly people using multi-modal information
such as motion data or brain activity data. To achieve the purpose, how to convert
discrete variables such as questionnaires and how to generalize the result of the small-
scale dataset were the key points. The main contributions of this dissertation would
be summarized by the following three sentences: (1) By clarifying the dependency
of depth perception and motions, we claimed the alternation of depth perception as
a factor of stumbles. (2) A method of fall-risk estimation was established by using
the log-likelihood converted from the questionnaire response patterns. (3) The frailty
level of the elderly people was estimated by feature extraction from the multi-modal
data consisting of motion capture data, EEG data, and the questionnaire response

patterns.

In chapter 2, we asked participants to approach and touch the marker attached on

155
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the top of the ball by foot a few strides away from them. The positions of the support
and swing legs just before contacting the ball was analyzed. We found that 12 out
of 14 elderly participants placed their support legs significantly further from the ball
than young participants. Moreover, 5 out of the 12 participants had their toes of
swing legs leave at a distance further than that of the young participants. The results
of the distance between the toe-off position and the ball led us to the observation
that the difference of the abilities of depth perception should affect ball approaching

motions of elderly people.

In chapter 3, the visual illusion by the perspective drawing of pseudo-3D scenes was
used as the method to estimate the ability of depth perception. We set a hypothesis
that participants estimate the position of the camera by which the image was taken
as a photo. The error between the estimated camera position and the correct camera
position quantitatively indicates the ability of depth perception. The visual illusion
ratio k was defined by the scaler ratio of 2 spheres on the 2D images. It was observed
that the larger the k value was identified for a participant, the closer he/she perceive
an object. The visual illusion test was conducted for the same participants of chapter
2. It was statistically concluded that a participant who has a larger distance between

the toe-off point and the ball position shows a larger value of k.

In chapter 4, we conducted the research on the interview results to the patients
who were hospitalized and had experienced falls and fall-related hip fractures. We set
three categories of falls: (a) falls by unexpected forces, (b) falls by losing balance, (c)
other falls. The 10 most emerged nouns and their 11 most co-occurrence words were

analyzed. A summary text was written by researchers after interview research. 31 out
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of 34 cases included at least 1 frequent or co-occurrence words in the 10 most frequent
nouns in the summary text. We constructed a classifier using extracted features from
the questionnaire data using log-likelihood. The leave-one-out cross-validation tests
revealed that the average classification rate was 76.1% for 2-dim extracted features.
We constructed the stumble risk estimator using the GLF'S-25 response patterns using
the proposed method to convert them into the log-likelihood. The comparison of the
results of this chapter with those of chapter 3 led to the conclusion that the k value

of visual illusion shows the risk of fall and stumble.

In chapter 5, we described the method to evaluate the frailty level in the multi-
dimensional space using the extracted features from the multi-modal data consisting
of motion capture data, EEG data, and the questionnaire response patterns. We
confirmed that the extracted features from motion capture data during the 2-step test
and the extracted features from EEG data during the P300 task have a correlation
with each result of the test/task. The extracted features were plotted onto the 2D
plane. Moreover, we also converted the questionnaire response patterns into features
using log-likelihood. At the final, using the large-scale data as the mother set of
the elderly, we converted the extracted feature vectors into the physical-cognitive
coordinate system and made a linkage with the mother set distribution in the physical-

cognitive coordinate system.

The limitation of this dissertation is the fewer number of participants who had
experienced falls. For further discussion, we need to see the relationships between
the abnormalities of the visual illusion and fall experiences. These results showed

a possibility of developing easy screening tools of the stumble risk and would help
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making an intervention plan to enhance the elderly’s physical/cognitive status. The
dissertation would provide everyone with the baseline to pursue his/her healthy life

in the elderly society.

Ethical considerations

Measurement plans in this research have been approved by the ethical committee
at the University of Tokyo. When we ask elderly participants to execute motions, we
check their health status through interview and blood pressure measurement by nurses
beforehand and confirmed with the nurse whether they can attend the measurements
or not. The participants take enough rest during each measurement tasks, the nurse
and the experiment assistants were watching over their motions carefully at the side
or backward of the elderly participants for not causing fallings or happening other
accidents. All the participants had been explained the research purpose and the
outline of the measurement before the measurement and submitted their consent

forms.
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