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Abstract

This paper analyzes a questionnaire survey data on elderly
people in order to investigate regional characteristics of their
living activities. For the purpose, we use Probabilistic Latent
Spatial Semantic (PLSS) Modeling, which is integrated the
two methods: probabilistic latent semantic analysis (pLSA)
and Bayesian network (BN). First, we aggregate each indi-
vidual’s survey record by postal code; Second, we find char-
acteristics of the region by pLSA; Third, we use BN to clar-
ify factors of this regional disparity. From the study, we are
able to identify critical information to support decisions for a
manager in a local government: i) There is regional disparity
in terms of social network; and ii) The regional disparity of
social network will improve by neighborhood facilities. Such
information will be of use for designing the super-aged so-
ciety in the near future. We propose policy decision support
system in aging society based on PLSS Modeling.

Introduction

As the aging will rapidly progress in worldwide, especially
in Japan, which is the top of such a super aged society, the
policy decision making in Japan is urgent study topic; for
example, here will be the medical shortage caused by super
aged society, and the increase in social security expenses.
However, policy problems were thought to be difficult to
deal with in existing social science. Policy problems are dif-
ficult to solve because of its complexity. As this complex-
ity, there are four properties; 1)Comprehensiveness; policy
problems involve various problems, 2)Reciprocity; policy
problems conflict with other problems, economic develop-
ment and environmental protection, 3)Subjectivity; Framing
of policy problems are different depending on position and
viewpoint , 4)Dynamics; Policy problems are changing ev-
eryday (Akiyoshi et al. 2015). For that reason, we need to
construct model to understand structure and context of pol-
icy problems, and this model have to respond flexibly to
changes of policy problems and reflect knowledge from mul-
tiple viewpoints and experts. That is, it is the model which
is easy to understand the relationship between variables and
reflect domain knowledge and new data. This research aims
to policy decision support system for local government in
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aging society based on modeling which clarify regional dis-
parities.
To realize this model, we applying computational social sci-
ence techniques to a large scale survey study conducted by
Japan Gerontological Evaluation Study (JAGES). JAGES
are conducting large-scale questionnaire survey targeting
more than 100,000 elderly people to uncover the current ge-
ographical status of living activities of elderly people. With
this questionnaire, it is possible to acquire data on elderly
people from a multifaceted viewpoint such as body, psychol-
ogy, society. One of main objects in this project is to clarify
regional health disparity and regional characteristics in order
to support policy making of local governments.

Currently, data analysis using spatial data is increasingly
important in the context of policy decision making. Spatial
data are used in various policy fields, and in the field of med-
ical policy, it is applied to problems such as factor analysis
of mortality rate and correction of regional disparities. In the
mid-19th century, J. Snow created a map to find out the spa-
tial ubiquity of the distribution of cholera patients in London
(Snow, John 2015). This is a method of space clustering and
has been developed in a field called Spatial epidemiology.
Time, person, and place are 3 main epidemiologic variables
(Pfeiffer, Dirk, et al. 2008), in particular, place is the most
important variables in the context of policy decision making.
In the scene of policy, municipalities have intervention at re-
gional level. In this research, we use the postal code attached
to the questionnaire data as primary key.

Based on this background, this paper analyzes the ques-
tionnaire data with recent plural machine learning tech-
niques and simulates policy effect at regional level. First, we
apply a clustering technique to extract postal code groups.
Second, we find characteristics of the region by and ques-
tion item groups via probabilistic latent semantic analysis
(pLSA). Third, we apply bayesian network (BN) to the data
to understand relations among many variables. Based on the
obtained model, we carry out causal reasoning in regional
health disparity.

The rest of the paper is organized as follows: In Section
2, we describe the data and method in order; in Section3, we
give investigation results of each method; Section 4 gives
discussion of the study, and finally, Section 5, we give some
concluding remarks.
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Figure 1: JAGES question items

Data and Methods

Data

The target data of this analysis is JAGES 2010-2013 cohort
data which is 2010 cross-sectional data combined with certi-
fication of long-term care need in 2013. This is tracking data
of the respondents in 24 municipalities targeted for the 2010
survey. There are some variables in certification of long-term
care data, for example, dead, dementia and the level of care
needed. JAGES 2010-2013 cohort data has 74264 records
and 53801 records have postal code.

The question items in the questionnaire consist of core
items and version items. Core items are items common to
all respondents and five types of version items of the A to E
version are equally attached to the core items. The outline of
questionnaire items is shown in Fig.1.

Methods

pLSA(Hofmann, Thomas 1999) has been proposed as a
method of document classification and is one method of
text clustering. In this method, we assume that word w in
document d is generated via latent variable z. In the likeli-
hood maximization by the EM algorithm, the latent variable
z ∈ Z = {z1 , ..., zk} is attached to the co-occurring data. In
this study, we assume that the postal code wi responds to the
question answer di via the latent variable zk, and extracted
postal code groups and question item groups with similar re-
sponses in the questionnaire data. Co-occurrence frequency
is n(i, j). The joint probability is expressed by the following
equation.

P (wi, di) =
∑

k

P (wi|zk)P (di|zk)P (zk) (1)

After that, P (w|z), P (d|z), P (z) are calculated by EM al-
gorithm which maximizes the following log likelihood func-
tion.

L =
∑

i

∑

j

n(i, j) logP (wi, di) (2)

Figure 2: Bayesian network

pLSA can maximize information content by EM algorithm
so that dimension reduction, which has less loss of informa-
tion content, can realize in the resulting segment. Analysis
that extracted latent classes using pLSA is effective for big
data but it does not express explicitly what the extracted la-
tent class represents, so it is difficult to understand the mean-
ing of that latent class intuitively. It is a big problem when
manually analyzing after extracting latent classes. There-
fore, we consider a probabilistic latent semantic modeling
that can model latent classes extracted by pLSA, and further-
more, relationships between latent classes by Bayesian net-
work. By modeling relationships with the explanatory vari-
able, there is an advantage that the latent class which was
intuitively difficult to understand can be characterized by the
related explanatory variable.

The Bayesian network (Pearl, Judea 1985) is one of
graphical model that enables prediction of events and rea-
sonable decision making.The model created can be repre-
sented by network graph. The product of simultaneous prob-
abilities among the variables shows the simultaneous distri-
bution of the model. In addition, by using the probabilistic
reasoning algorithm, posterior probability calculation, sen-
sitivity analysis can be executed(Motomura 2009).

A Bayesian network is a model in which a qualitative de-
pendency relationship among multiple random variables is
represented by a graph structure and a quantitative relation-
ship between individual variables is represented by a preced-
ing conditional probability as Figure2. This is a probabilis-
tic model defined by random variables and the conditional
dependency between random variables and its conditional
probability. A variable is a node, a dependency relation be-
tween variables is represented by an oriented link extending
in the direction of the variable resulting from the cause, a
node that comes before the link is called a child node, and a
node under the link is called a parent node. For example, the
dependence relation between random variable Xi and Xj is
represented by directed rink XiXj . Xi is parent node, and
Xj is child node. When we assume that the set of parent
nodes π(Xj) = {X1, ..., Xi} with child node Xj . The de-
pendency relation between Xj and π(Xj) is quantitatively
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expressed by the following conditional probability.

P (Xj |π(Xj)) (3)

Furthermore, for each of the n random variables X1, ..., Xn,
in the same way as a child node, the simultaneous probabil-
ity distribution of all the random variables is as below.

P (X1, ..., Xn) =
∏

j

P (Xj |π(Xj)) (4)

The Bayesian network is a modeling based on discontinuous
probability distribution in which X - Y space is discretized
according to the conditional probability table and individual
probability values are assigned. However, we apply bayesian
network to big data, the number of states of the discrete ran-
dom variable becomes enormous. For that reason, the size
of the conditional probability table becomes huge and fre-
quency distribution becomes sparse, so that model construc-
tion becomes difficult. To solve this problem, it is neces-
sary to cluster the state to an appropriate granularity before-
hand(Ishigaki et al. 2010). Therefore, clustering by pLSA as
prior processing can prevent from frequency distribution be-
coming sparse(Murayama et al. 2015; Hirokawa et al. 2015).
In other words, a structure model corresponding to big data
is constructed by classifying the elderly or the region into
latent segments with pLSA and constructing a Bayesian net-
work that estimates the probability of belonging to the latent
segment from various variables. In this research, we added
aggregation by postal code as data processing. We called this
method Probabilistic Latent Spatial Semantic (PLSS) Mod-
eling.

Results

pLSA

We extracted latent segments from JAGES dataset aggre-
gated by postal code by using pLSA. The total number of
postal codes is 2133.The number of latent class was deter-
mined based on AIC(Akaike 1987). There is an initial value
dependence because EM algorithm is used for the likelihood
calculation of pLSA. Thus, by changing the initial value 5
times, the latent class was increased from 4 to 45 and the
minimum value at each cluster number was compared. The
figure 3 indicates AIC scores. As a result, since AIC has
the minimum value when K = 25, the number of clusters
25 was selected. PLSA is a method for maximum likelihood
estimation of topic model so that all variables belong to all
clusters and the degree of affiliation is given by probabil-
ity. We assigned postal codes and question answers to clus-
ters with the highest affiliation probability.In figure 4, this is
scatter plot of postal codes in which the vertical line shows
P (wi|zk) and the horizontal one zk. As can be seen from
the figure, postal codes are distributed mainly in Z003 and
Z009 and Z025. Moreover, most of affiliation probabilities is
less than 0.5 and it’s meaning variables belong to more than
one cluster at the same time. Figure 5 and 6 shows affiliation
probabilities of all postal codes and question answers in each
cluster. All clusters have different distribution of affiliation
probability.

Figure 3: AIC scores

Figure 4: Scatterplot of postal codes with highest affiliation
probability

We take these three main clusters for instance. Figure 7
shows top 10 question answers with the highest affiliation
probabilities. The columns of question answers are color-
coded, in particular, answers about hobby are green, answers
about near facilities are blue, and answers about isolation are
red. Similar answers are listed for each cluster, and the po-
tential trends of clusters can be interpreted as follows. Z003
and Z009 are the areas where hobby activities are active and
no isolation, on the other hand, Z025 is the area where peo-
ple lacked social and community ties.

We consider Nagoya city which has the largest number
of respondents among subject municipalities. First of all,
in each 16 wards constituting Nagoya City, the number of
postal codes belonging to each 25 clusters was counted.
Then, considering the cluster with the highest postal code
distribution as the cluster representing the administrative
district, a choropleth map is created and shown in figure 8.
As shown in figure 8, the representative clusters are equal in
the neighboring area. Hence, it was confirmed that the ten-
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Figure 5: Affiliation probability of postal codes Figure 6: Affiliation probability of question answers

Figure 7: Postal codes and Question answers with the top 10 highest affiliation probabilities

Figure 8: Cluster distribution in Nagoya city

dency of answers is similar when the residential areas are
located nearby. There is a high possibility that there is a cor-
relation between the response tendency of the elderly and
the resident area. The results of figure 7 and figure 8 suggest
there is regional disparities in terms of social network.

Bayesian network

In this research, we used Bayonet (Motomura 2003) to cre-
ate a Bayesian network. The determination of the graph
structure of the Bayesian network can be determined by
Greedy algorithm that searches for the optimal local tree for
each child node. We build Bayesian network by the proce-
dure 1) child nodes are defined, 2) candidate local trees are
given for each child node, 3) conditional probability is deter-
mined for each local tree, 4) an optimal local tree is searched
for Greedy for each child node. In the procedure of 4), when
choosing a tree, we select the candidate set given in advance
by the selection criterion (MDL, AIC) which takes into con-
sideration the likelihood and the complexity of the model.
Extracting regional questions out of all questions, we con-
structed a bayesian network with the answer and the vari-
ables belonging to the above three clusters in figure 9. This
questions are about the change in their area in the past 3
years and about the environment within 1 km from their
house. In this bayesian network, the upstream is occupied
by neighboring facilities, it propagates to the change of the
area, and eventually leads to cluster affiliation. This result
suggests that neighborhood facilities affect regional change,
regional change affect regional disparity. By executing prob-
abilistic reasoning on this bayesian network, the influence
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Figure 9: Bayesian Network about regional characteristics

degree between nodes can be quantitatively calculated.
We focus on the node of Increase of local communica-

tion and activity. There are three parent nodes linked to this
node,“Houses and Facilities that you can drop in casually
within 1 km from your house”, “Increase of people moving
in”, “Deterioration in security”. By giving numerical value
into each node and comparing the prior probability with the
posterior probability in figure 10, it increases from 3.7 per-
cent to 19.8 percent by regional intervention. In other words,
if you increase the number of homes and facilities that you
can drop in easily, promote an increase in the number of
people moving in and improve the public safety, it can be
expected that the local community will be revitalized. As
this inference on the top down, by giving numerical value to
the parent node on the Bayesian network and looking at the
probability transition of the child node, it is possible to de-
duce what kind of result will occur with a certain probability
under a certain hypothesis.
On the other hand, by giving numerical value to a child
node and looking at the probability transition of the parent
node at the bottom up, the most likely hypothesis can be ob-
tained when the result is given. As shown in figure 11, when
the result of No in “Expansion of income gap” is obtained,
the probability of Sometimes in “Graffiti or Garbage” de-
creased. Moreover, the probability of No in “Increase of un-
waged” and “Increase of people moving in” has increased.
This result suggests graffiti and garbage in the neighborhood
and the increase of unwaged and people moving in are fac-
tors of expansion of income gap. In this way, it is possible to
use the Bayesian network as a hypothesis construction.

Discussion

Importance of social capital

This study shows the presence of disparity of social network.
Epidemiological studies have concluded that people who are
socially integrated live longer(House, James S et al. 1988).
Berkman’s study have shown that the people who lacked so-
cial and community ties were more likely to die than those
with more extensive contacts.

The age-adjusted relative risks for those most isolated
when compared to those with the most social contacts were
2.3 for men and 2.8 for women(Berkman, Lisa F et al.1979).

Figure 10: Bayesian Network Infer : Top-Down

Figure 11: Bayesian Network Infer : Bottom-Up

These studies show the evidence that the social cohesion
enhances longevity.Robert Putnam defined social capital as
features of social organization, such as trust, norms, and net-
works, that can improve the efficiency of society by facili-
tating coordinated actions(Putnam, Robert D et al. 1994).

There are three plausible reasons why social capital affect
individual health(Kawachi et al 1999; Kawachi et al. 1997;
Kawachi et al. 1997). According to Kawachi’s study, (1) so-
cial capital may influence the health behaviors of neighbor-
hood residents by promoting more rapid diffusion of health
information, increasing the likelihood that healthy norms of
behavior are adopted (e.g., physical activity), and exerting
social control over deviant health-related behavior, (2)neigh-
borhood social capital may influence health by increasing
access to local services and amenities, (3) neighborhood so-
cial capital may influence the health of individuals via psy-
chosocial processes, by providing affective support and act-
ing as the source of self-esteem and mutual respect.

In Japan, we always hear news about dying alone and
social isolation of the elderly. On the other hand, Japan
also have communities where there are strong connections
through neighborhood associations and local governments.
Local governments have the potential to greatly contribute
to Japan’s aging society by focusing on social capital. As
part of that, this study suggest the method for regional char-
acteristics extraction and decision support for regional inter-
vention and showed the analysis results.

Social capital and Regional environment

From the view of social capital, there is hypothesis that ex-
plains the results of this study. From figure 7 and figure 8,
the east side of the city is Z009, where the cluster has good
environment, and seem to be no isolation because drinking
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with companion. On the other hand, the west side of the city
is Z025. This cluster is the area where people lacked so-
cial and community ties. Nagoya city has large scale green
parks with forest in the east side. For example, there are Hi-
gashiyama park and Heiwa park in Tikusa ward, Obata green
tract of land in Moriyama ward, Makinogaike green tract of
land in Meito ward and Odaka green tract of land in Midori
ward. All of these parks are in the east side of Nagoya. The
core of the city is the central part of Nagoya, where commer-
cial facilities and office buildings were build. With figure 9,
three cluster: Z003, Z009, Z025 have common parent node
in the most upstream, it is just “Parks and promenades suit-
able for exercise and walking.” Here is the hypothesis that
the fact that there are parks in the neighborhood gives rise to
social capital disparity. Ariane L’s study shows psycholog-
ical benefits for park users that arise from the proximity of
natural environments(Bedimo-Rung, Ariane L et al. 2005).
Other study (Godbey, Geoffrey, and Michael Blazey 1983)
has shown that older adult park users who participated in
moderate aerobic activity were in a better mood after visit-
ing the park. From the perspective of public health, it would
be beneficial to add parks and encourage social capital.

Policy Decision Support System in Aging Society

Gerontechnology is defined as interdisciplinary academic
and professional field combining gerontology and technol-
ogy(Bouma, Herman et al. 1992). This field not only sup-
ports the elderly but also will develop into a core industry
in Japan. In China, the number of elderly people will ex-
ceed 200 million in 2025. Japan is expected to help asian
countries and promotion of economic growth by gerontech-
nology.

Policy problems in aging society are also needs solution
by Gerontechnology. Policy problems are complex struc-
tures involving various factors so that there is high possi-
bility of misjudging the problem in the conventional field-
specific ways. However, PLSS Modeling reflects the com-
plexity of policy problems. As stated in introduction, there
are difficulties in policy problems: 1)Comprehensiveness;
BN capture the relationship of many variables without being
bound by field-specific views. Moreover, BN reflects knowl-
edge from multiple viewpoints and experts as prior distribu-
tion. 3)Subjectivity; The relationship between variables is
visually clear and we share the frame of problems. 4)Dy-
namics: BN respond flexibly to new data and changes of
policy problems. PLSS Modeling based on JAGES data en-
able local governments to construct hypothesis about values
and needs of elderly people. Longitudinal data integration
and analysis will improve prediction accuracy. JAGES aims
to make smart aging society by artificial intelligence and de-
velop health care simulation science. Figure 12 shows the
framework of data platform in aging society. PHR means
Personal Health Record, which is a collection of health-
related information that is documented and maintained by
the individual it pertains to. It is necessary to constantly re-
flect social feedback to the model without separating model-
ing and application using model. Therefore, we should fol-
low the cycle as Figure 13. By continuing this cycle, it is ex-
pected that system will be established to continuously calcu-

Figure 12: JAGES and PHR data platform in aging society

Figure 13: Cycle for solving problems in aging society

late the characteristics of diverse elderly people and utilize
them as useful knowledge for society. Sharing this system
will help realization of new social infrastructure in aging so-
ciety.

Conclusion

The paper has described Probabilistic Latent Spatial Seman-
tic (PLSS) Modeling which is integrated probabilistic latent
semantic analysis and bayesian network to uncover the cur-
rent geographical status of living activities of elderly people.
Finally, this paper proposed policy decision support system
to implement PLSS Modeling in the real world.

We have clarified the latent regional characteristics and
the factors of regional disparities from the elderly question-
naire data. We also mentioned what kind of intervention the
municipal government should take to solve regional dispar-
ities. It became clear that 1)there is regional disparities in
terms of social network, 2)neighborhood facilities affect re-
gional disparity, 3)the local community will be revitalized
by increasing the number of homes and facilities that you
can drop in easily, promoting an increase in the number of
people moving in and improving the public safety.

In the future, there is need to comparative controlled study
to certify causality. By using the results of clustering re-
gions, we are able to compare regions without intervention
and with intervention in the same cluster. JAGES is engaged
in intervention by holding local events. We plan health track-
ing such as blood pressure measurement at these events for
model evaluation.

Our remaining works include i) undersampling data be-
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fore constructing BN to improve the accuracy of predic-
tion of health status; ii) time series data analysis using other
year’s survey data; iii) intervention trial to certify causality;
These future works might help local government to improve
social capital and health status.
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