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Abstract

Some Hiroshima citizens live in suburban residential estates at the slope of mountains 
surrounding the city, but the living environment is unsuitable for “vulnerable road users” 
mainly elderly people. To improve their living environments, we have shown the concept of 
information sharing system to support them living in regions where public transport is not 
sufficiently developed. In addition, we have constructed a web service to support their daily 
life named MASS. Our system’s role is to facilitate the encounter between local commu-
nity people, provide the opportunity of resource sharing, generate some kinds of transport 
means, and solve the difficulties in daily life by mutual aid. Young people’s active partic-
ipation is essential to make our system more effective for vulnerable road users because 
most of the skills will be provided by young people. The analysis of the previous work un-
veiled a trend of the youth consciousness about skill sharing in their local community and 
found the limitation of Quantification Method Type II. Therefore, in this paper, to discuss 
our system’s continuity as a business, we conducted an attitude survey on young people’s 
awareness of resource sharing in their local community and analyzed it with Bayesian net-
work. From the experimental result, we re-confirmed the findings of the previous research 
and further clarified the relationship between the factors that we could not clarify so far. 
In addition, we conducted numerical experiments using the constructed Bayesian network, 
obtained results that support several hypotheses, and revealed factors that have a strong in-
fluence on the use of MASS.

Keywords: Vulnerable road users, resource-sharing, mutual aid, local community activa-
tion, Bayesian network.

1 Introduction

Most of the residential estates in the surrounding mountains of Hiroshima City are devel-
oped under the theory of neighborhood unit [1]. Still, they are located on sloping ground 
and are far from the central area. So, these living environments would be unsuitable for 
“vulnerable road users” mainly elderly people. Based on the background, we have exam-
ined a new public transport means to keep the residential service level of these areas in good
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condition for the longest possible time. In our previous studies, we had shown the concept
of a transport support model for “vulnerable road users” mainly elderly people living in the
suburban slope residential areas whose public transports are insufficient. We have also de-
signed and developed a prototype of Web service [2][3] called MASS (Mutual Aid Support
System). Today, resource sharing services like goodtiming 1, which encourage local resi-
dents to help each other, frequently appear in recent years. But at that time, the concept of
MASS was ahead of skill-sharing services [4][5] for solving regional problems by regional
resources. MASS can provide efficient transport means for vulnerable road users and mu-
nicipalities by utilizing local residents’ help, which is just the concept of sharing economy.
In addition, to further support the vulnerable road user’s daily life, we had improved this
prototype to a skill-sharing service [6]-[9]. With MASS, for example, a resident, who will
move to his/her destination with one’s mobility, such as a private car, can help another resi-
dent’s trouble (mainly older people) at the same time as his/her original purpose. We expect
that the mutual aid generated by MASS will enhance local people’s relationship building
and the regeneration of the local community.

Young people’s positive participation would be indispensable for the activation of MASS
because most of the services will be from young people. Many of the sharing services have
been successful, thanks to the active use of young people [10]-[13]. Therefore, in our previ-
ous studies, in order to discuss the continuity of MASS as a business, we have conducted an
attitude survey on young people’s awareness of resource sharing in their local community.
In our previous study [9], we conducted an attitude survey on young people’s awareness
of resource sharing in their local community and analyzed it with Quantification Method
Type II. The analysis result unveiled a trend of the youth consciousness about skill shar-
ing in their local community and found the limitation of Quantification Method Type II.
In addition, the previous study has not reached the verification of the hypothesis and the
acquisition of knowledge that determine the evaluation of MASS because the mechanism
of the impression for MASS is complicated. We assume that there is a structure where
factors as explanatory variables have relationships with each other. Therefore, in this paper,
we consider Bayesian network [14]-[18] an effective method to clarify the relationship be-
tween explanatory variables and comprehend the mechanism of young people’s judgment
for MASS. Concretely, this paper shows the analysis results of young people’s awareness
of MASS with Bayesian network. From the experimental result, we could re-confirm the
findings of the previous research and further clarify the relationship between the factors
that we have not been able to confirm so far. The experimental results suggested that al-
though young people do not need MASS to interact with and contribute to the region, they
may have accepted MASS as a general CtoC service. In addition, we conducted numerical
experiments using the constructed Bayesian network, obtained results that support several
hypotheses, and revealed factors that have a strong influence on the use of MASS. Espe-
cially, we found a possibility that the psychological resistance to engaging with others has
a strong influence on MASS. Note that the contribution of this paper is to consider the
previously reported findings [19] in more detail.

2 Mutual Aid Support System

The core service of MASS is to enhance the encounter between local community people [6]-
[9]. MASS facilitates the encounter by personal information sharing, such as each one’s

1http://goodtiming.jp/
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skills and troubles, and aims to solve a troubled resident’s problem in daily life. MASS
provides the primary two services: the time-dependent skill/trouble information sharing to
coordinate someone’s request and acceptance, and the other is the communication support
to negotiate the condition of mutual aid. Most troubles might be on a daily short trip, but
the requests are not limited to these and include gardening, dog-walking, and household
appliances maintenance. With MASS, a troubled person, who has no daily transportation
means but wants to go out, can find a person who lives near the troubled person and ask
to bring out together. Although such mutual aid is a volunteer activity, a helper can obtain
decent wages as a donation, and MASS securely manages all transactions of the charges
between users.

The flow of resource sharing is as follows:

1. A troubled resident called “client” posts a request to MASS. For example, a resident,
who wants to go out but does not have a transportation means or needs someone’s
help, sends a request.

2. Suppose a user called a “server” who readies to help another decides to accept the
request after checking the details of another resident’s request, such as conditions and
personal information. In that case, MASS connects the server and the client by the
direct message function. These users can negotiate the communication function and
aim to reach an agreement. MASS will promote the rationalization and the efficiency
of transports on people and goods.

3. Since MASS encourages each resident’s meetings, the authors expect that MASS can
contribute to reproducing a local community.

3 Bayesian Network

Constructing a structured graph while implicitly assuming a causal structure is considered
effective in narrowing down the combination and reducing the analysis time. In fact, it is
obvious from the fact that data scientists generally do something similar. Bayesian network
is one of the ways to realize such a procedure mathematically. It can trace and analyze
causal relationships existing among many items.

Bayesian network is a model that approximates the simultaneous distribution of dis-
crete probability distributions by an acyclic directed graph network structure with random
variables as nodes and conditional probability parameter sets. Especially it focuses on the
causal relationship between explanatory variables [20][21], and can represent the dependen-
cies graphically. Sometimes data scientists use Bayesian networks to model relationships
between each event from multivariate data, and the model is available to predict and infer.
The constructed model of Bayesian network can clarify the relationship between objec-
tive variables and explanatory variables and the relationship between explanatory variables.
Since we can apply Bayesian network to various data of nonlinear relationships, the range
of applications is wide.

In general questionnaires, a causal relationship surely exists between the attributes, like
that the final evaluation result depends on the basic attributes and psychological reasons of
respondents. For example, if the respondent is introversive, his/her motivation for inter-
acting with others will decrease. In the case of MASS, the mechanism of the reason for
deciding its evaluation is complicated. So, we assume that there is a relationship between
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factors as explanatory variables. In other words, the value of the objective variable is ob-
tained after many factors have influenced each other. This structure can be thought of as a
complex network. Regression analysis, which is generally used, can reveal the relationship
between objective variables and explanatory variables but cannot clarify the relationship
between explanatory variables. Bayesian network can show the relationship between the
objective variable and the explanatory variable and the relationship between the factors as
explanatory variables at the same time. Bayesian network can describe various factors re-
lated to the impression on MASS as one network. Thus, we expect that Bayesian network
can clarify the structure of the factors leading to the final evaluation. The mechanism of
the impression on the regional resource sharing can be better described. From the above
reason, we determine Bayesian network effective for clarifying young people’s thinking
process to MASS. In this paper, we apply Bayesian network to the questionnaire result,
which investigated the consciousness of the sharing system to support the vulnerable road
users and analyze what kind of characteristics customers had, what they expected, and how
they evaluated MASS.

As mentioned above, Bayesian network is a graphical model expressing the dependen-
cies between nodes by conditional probability. Each node is connected by a directed link
and the link from node X to node Y means that Y is directly affected by X . That is, it
means that there is a causal relationship between the directions of the links. The directed
link of Bayesian network represents the dependency relation between the random variables,
and the dependency can be expressed quantitatively by the conditional probability table. A
conditional probability table based on cross-tabulation is created between nodes linked and
calculated as a prior probability. The designer’s prior knowledge is applicable to network
structure and conditional probability tables. The probability value of the objective variable
can be estimated by setting the already obtained data to a node of the learned network as
evidence. When we confirm that some parameters have occurred (evidence), a posteriori
probability is calculated by giving the evidence. For example, if the fact that the parameter
y1 on node Y is observed, the evidence is set to y1 = 1.0. At this time, the posterior proba-
bility of the parameter in the node X can be obtained by calculating P(x1|y1) and P(x2|y1).
In this way, probability calculation by evidence setting is called stochastic inference. It can
be used for decision-making by changing the probability value of an event by sensitivity
analysis.

4 Experimental Result

4.1 Condition of Analysis

We conduct an attitude survey on young people’s awareness for sharing people’s resources
in the local community. We employed 88 Hiroshima residents from 20 years old to 24
years old as examinees and obtained the questionnaire’s awareness data. Each response of
the questionnaire was on the 4-grade Likert scale (strongly agree, weakly agree, weakly
disagree, strongly disagree); 4 is the maximum (positive), and 1 is the minimum (negative).
In this paper, we binarized the responses and analyzed them by Bayesian network, i.e., pos-
itive evaluations (3 and 4) were transformed into 1, otherwise 0. First, examinees listened
to about 10 minutes of presentation on MASS. Then they operated the prototype of MASS
freely with sufficient time while receiving its explanation to operate from an experimenter.
After that, each examinee answered his/her opinion for each item in the questionnaire. First
of all, we confirmed whether the examinees sufficiently understood the concept of MASS
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to check the reliability of the responses. As a result, we confirmed that all reactions are
reliable to analyze. First, we asked examinees for their subjective opinion on MASS by
following two questions:

Evaluation of MASS

• Q1: When MASS is actually launched, would you like to use it as a user to provide
your resource?

• Q2: When MASS is actually launched, would you like to use it as a user to get another
one’s resource?

Q1 and Q2 are evaluations as to whether the examinees actually wanted to use MASS.
We examined the reasons for the response of Q1 by multiple selection methods. Positive

reasons (abbreviated as P1-P4) and negative reasons (abbreviated as N1-N4) are as follows.

Positive reasons

• P1: I am interested in a new service.
• P2: I want to get rewards.
• P3: I want to make a new connection with other people in the local community.
• P4: I want to contribute to the local community.

Negative reasons

• N1: I am nervous (scared) to engage with unknown others.
• N2: I do not want to disclose personal information.
• N3: I do not go out much.
• N4: I am not interested in making money in such this way.

Similarly, we got the reasons for the response of Q2 by multiple selection methods.
Positive reasons (abbreviated as P5-P7) and negative reasons (abbreviated as N5-N8) are as
follows.

Positive reasons

• P5: I want to join the interaction with local people.
• P6: I want to reduce waste/to save money.
• P7: I feel MASS useful.

Negative reasons

• N5: I am not interested in the local community.
• N6: I feel MASS is useful, but it is uneasy to interact with unknown people.
• N7: I do not need another’s help because I can do my own thing myself.
• N8: I am worried about some kinds of accidents/troubles.

We constructed a Bayesian network with Q1 and Q2 as objective variables respectively
and P1 to P7, N1 to N8 as explanatory variables. That is, all of the positive and negative rea-
sons are nodes, and Q1 and Q2 are nodes having no children. In this study, we inputted the
questionnaire result as learning data and constructed the model automatically using the in-
formation reference amount by AIC as the threshold value. Greedy Search built the model.
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Figure 2: Bayesian network with objective variable Q2

We terminated the search when the average value of cross-tabulation became the threshold
value of 0.01 or less. There would be a causal relationship among the same type of reasons,
but causalities between different types of reasons like the relationship between positive-
negative reasons are unrealistic. Therefore, when constructing the model, we restricted the
causal relationship between positive and negative reasons.

4.2 Analysis Result

Fig. 1 and Fig. 2 shows Bayesian networks constructed automatically. The prediction
accuracy of the constructed model was 100% for both Q1 and Q2 models. Fig. 1 shows
that the three factors are directly related to the evaluation of Q1.In this figure, “contribution
to the local community” and “interaction with it” are only indirect factors, so it is inferred
that young people expect compensation more than regional contributions. N1 is also related
to other factors and is directly related to the result of Q1. This result suggests that it may
be a big psychological burden for young people to engage with unfamiliar people when
providing services. Even people in the area are unknown to them, and it may be proof
that there is little relationship with the area from day to day. This result seems reasonable
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Table 1: Prior and posterior probabilities of Bayesian network in the model with objective
variable Q1

Node state Prior Posterior Prob.
Prob. hypothesis 1 hypothesis 2 hypothesis 2+

Q1 0 0.443 0.781 0.209 0.176 0.535 0.125 0.857
Q1 1 0.557 0.219 0.791 0.824 0.465 0.875 0.143
P1 0 0.744 0.744 0.744 0.744 0.744 0.744 0.744
P1 1 0.256 0.256 0.256 0.256 0.256 0.256 0.256
P2 0 0.744 0.744 0.744 0.000 1.000 0.000 1.000
P2 1 0.256 0.256 0.256 1.000 0.000 1.000 0.000
P3 0 0.678 0.678 0.678 0.386 0.778 0.386 0.778
P3 1 0.322 0.322 0.322 0.614 0.222 0.614 0.222
P4 0 0.659 0.659 0.659 0.658 0.721 0.658 0.721
P4 1 0.341 0.341 0.341 0.342 0.279 0.342 0.279
N1 0 0.600 0.000 1.000 0.600 0.600 0.610 0.535
N1 1 0.400 1.000 0.000 0.400 0.400 0.390 0.465
N2 0 0.859 0.757 0.927 0.859 0.859 0.888 0.667
N2 1 0.141 0.243 0.073 0.141 0.141 0.112 0.333
N3 0 0.870 0.757 0.945 0.870 0.870 0.872 0.858
N3 1 0.130 0.243 0.055 0.130 0.130 0.128 0.142
N4 0 0.870 0.849 0.884 0.870 0.870 1.000 0.000
N4 1 0.130 0.151 0.116 0.130 0.130 0.000 1.000

because it is similar to that of the previous study [8][9]. This result is significant in that it
supports the findings of previous studies.

From Fig. 2, it was revealed that the negative reasons prepared by this paper did not
affect the evaluation of Q2. Only two points, “convenience of MASS ”, and “useful for
saving money”, are directly related to the evaluation of Q2. From Fig. 2, the negative
reasons are considered not to be a big problem when using the service. We thought that
young people accept MASS as a general C to C service about the major reason for this
result. Or, young people might have felt their daily lives inconvenient, and they might have
thought MASS effective as a solution to improve their life. In addition, Fig. 1 suggests the
resistance when you serve others by using MASS, but there is no resistance to contact with
other people. This trend is considered to be natural because providing service is generally
concerned. The results of both Fig. 1 and Fig. 2 showed that it is relatively easy to gather
users who receive services while gathering users who provide services may be difficult.
Building a system that brings users who offer services is considered to be an essential issue
to realize the service continuity of MASS.

When we look at the composition of the questionnaire, the content of each reason
P1 −P7,N1 −N8 is mainly asking respondents’ values. Based on this fact, we made some
hypotheses, and these are shown below. We conducted numerical experiments using the
constructed Bayesian network, verified the hypothesis, and attempted to acquire new knowl-
edge.

Hypotheses

• Hypothesis 1: A person who is nervous (scared) to engage with unknown others will
not use MASS as a service provider.
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Table 2: Posterior probabilities of Bayesian network with objective variable Q1 when giving
some settings

Node state Posterior Prob.
Setting 1 Setting 2 Setting 3 Setting 4 Setting 5 Setting 6

Q1 0 0.950 0.098 0.360 0.411 0.000 1.000
Q1 1 0.050 0.902 0.640 0.589 1.000 0.000
P1 0 0.744 0.744 0.661 0.744 0.744 0.744
P1 1 0.256 0.256 0.339 0.256 0.256 0.256
P2 0 1.000 0.000 0.513 0.656 0.624 0.897
P2 1 0.000 1.000 0.487 0.344 0.376 0.103
P3 0 0.778 0.386 0.000 0.481 0.631 0.738
P3 1 0.222 0.614 1.000 0.519 0.369 0.262
P4 0 0.721 0.658 0.531 0.000 0.641 0.693
P4 1 0.279 0.342 0.469 1.000 0.359 0.307
N1 0 0.000 1.000 0.600 0.600 0.847 0.295
N1 1 1.000 0.000 0.400 0.400 0.153 0.705
N2 0 0.757 0.927 0.859 0.859 0.913 0.782
N2 1 0.243 0.073 0.141 0.141 0.087 0.218
N3 0 0.757 0.945 0.870 0.870 0.917 0.812
N3 1 0.243 0.055 0.130 0.130 0.083 0.188
N4 0 0.849 0.884 0.870 0.870 0.949 0.761
N4 1 0.151 0.116 0.130 0.130 0.051 0.239

• Hypothesis 2: A person who wants to get rewards will want to use MASS as a service
provider.

• Hypothesis 3: A person who feels MASS useful will want to use MASS as a client.
• Hypothesis 4: A person who wants to join the interaction with local people will use

MASS as a client.
• Hypothesis 5: A person who wants to want to reduce waste/to save money will use

MASS as a client.

We set the evidence for the item corresponding to each hypothesis shown above. We
also set up contrapositive evidence to increase the accuracy of explanation and perform
numerical experiments. In Hypothesis 1, we investigate the changes of all probability by
setting the evidence for two states N1 = 0 and N1 = 1. The evidence for Hypothesis 2 is P2,
the evidence for Hypothesis 3 is P7, the evidence for Hypothesis 4 is P5, and the evidence
for Hypothesis 5 is P6.

Table 1 and Table 3 summarize the prior probabilities and posterior probabilities about
above mentioned hypotheses. In order to provide additional considerations, we performed
numerical experiments with some evidences, and the results are shown in Table 2 and Ta-
ble 4 respectively. The experimental result of setting evidence shows numerical values
supporting Hypothesis 1, Hypothesis 3, and these contrapositive hypotheses. Concerning
Hypothesis 2, we could have obtained its contrapositive hypothesis by adding evidence to
N4 (Hypothesis 2+), which can derive the opposite result. In Hypothesis 2, the probability
of Q1 = 0 when P2 = 0 is much lower and asymmetric than the probability of Q1 = 1 when
P2 = 1. This tendency suggests that the negative factors determining Q1 = 0 are complex.
Then, we added Hypothesis 2+ to investigate negative factors in more detail, which added
N4 as evidence to Hypothesis 2. In Hypothesis 2+, the probabilities when the evidence
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Table 3: Prior and posterior probabilities of Bayesian network in the model with objective
variable Q2

Node state Prior Posterior Prob.
Prob. hypothesis 3 hypothesis 4 hypothesis 5

Q2 0 0.482 0.072 0.817 0.171 0.544 0.170 0.526
Q2 1 0.518 0.928 0.183 0.829 0.456 0.830 0.474
P5 0 0.878 0.807 0.930 0.000 1.000 0.928 0.869
P5 1 0.122 0.193 0.070 1.000 0.000 0.072 0.131
P6 0 0.858 0.863 0.855 0.917 0.850 0.000 1.000
P6 1 0.142 0.137 0.145 0.083 0.150 1.000 0.000
P7 0 0.578 0.000 1.000 0.333 0.613 0.592 0.576
P7 1 0.422 1.000 0.000 0.667 0.388 0.408 0.424

Table 4: Posterior probabilities of Bayesian network with objective variable Q2 when giving
some settings

Node state Posterior Prob.
Setting 7 Setting 8 Setting 9 Setting 10 Setting 11 Setting 12

Q2 0 0.500 0.615 0.500 0.978 0.000 1.000
Q2 1 0.500 0.385 0.500 0.022 1.000 0.000
P5 0 0.000 1.000 0.000 1.000 0.768 0.966
P5 1 1.000 0.000 1.000 0.000 0.232 0.034
P6 0 0.000 1.000 0.000 1.000 0.800 0.950
P6 1 1.000 0.000 1.000 0.000 0.200 0.050
P7 0 0.333 0.613 0.000 1.000 0.240 0.952
P7 1 0.667 0.388 1.000 0.000 0.760 0.048

P2 = 1 and N4 = 0 was set, which is usual condition, and the probabilities when P2 = 0
and N4 = 1 were almost symmetric. From this result, we can understand that N4 is a major
factor as a negative reason for Q1. In Hypothesis 3, as in Hypothesis 2, the probability of
Q2 = 0 when P7 = 0 is slightly lower than the probability of Q2 = 1 when P7 = 1. There-
fore, in the case of Hypothesis 3, it is suggested that the factor determining Q2=0 is not
as complicated as that of Hypothesis 2 but is complicated. In Hypotheses 4 and 5, as in
Hypothesis 2, it is suggested that the factors of the negative evaluation are complex. At this
point, we can clarify the negative factors in the same way as the processing performed in
Hypothesis 2.

We gave various patterns of evidence and found some notable findings. Table 2 and
Table 4 show the 12 types of evidence settings described as Setting1 to Setting12. The
evidence of Setting 2 and Setting 1 are from the knowledge that these settings have decided
Q1 with a high probability.

From these results, the strategy to encourage the use of people corresponding to the
evidence of Setting 2, who wants a reward and is willing to interact with others, would
be particularly important for the spread of MASS. While we found that some factors were
giving great influence, like Setting 2, as shown in Settings 3 and 4, it became clear that the
motivation for participating in the community did not significantly affect the result of Q1.
Youths indeed have low interest in the community. As one of the motivations of MASS, we

Copyright c⃝ by IIAI. Unauthorized reproduction of this article is prohibited.

Attitude Survey of Youth for Mutual Aid Support System for Local Community Using Bayesian Network 29



have been examining to introduce MASS as a means to raise local interest. In this regard,
Settings 3 and 4 reconfirmed the significance of promoting MASS. Settings 5 and 6 are
for confirming the magnitude of the effect of the explanatory variables. Setting 6 shows
the strength of rmN1. From Setting 6, we can also confirm that rmN1 is a particularly
important factor.

Next, we show the changes in probability for Q2 in Table 4. As shown in Fig. 2, N5−N8
does not affect the objective variable, so only P5 −P7 for which evidence is set it’s shown.
As previously mentioned, we could have found the strength of the effect of P7, which is
the correctness of Hypothesis 3. In order to investigate the impact of factors related to Q2,
we experimented with Settings 7 and 8. We checked the posterior probability of these set-
tings and found that the two factors did not significantly affect MASS. Since there are only
three factors directly related to Q2, we can imagine the strength of the factor of P7 from
these results. However, Setting9 did not show that, despite the opposite, Setting10 showed
the expected results. Experiments in Settings 11 and 12 were to clarify the contradictions
shown in Settings 9 and 10. The results showed that P5 −P7 were not independent. Specif-
ically, to get a positive opinion in Q2, we found that P7 must be 1 and P5 and P6 must be
negative. The finding, the motivation of youth using MASS is only the convenience rather
than interacting with others and reducing waste, is surprising. This paper would have shown
significant results in that appealing only to convenience was important for user acquisition.
However, the most important users of this study are the vulnerable road users. Clarifying
the differences in awareness between youth and the elderly will be absolutely necessary for
the future. This study would have enough contribution because it has clarified the future
direction of MASS, as shown above.

5 Conclusion

This paper analyzed young people’s awareness of MASS with Bayesian network to un-
derstand their mechanism of the evaluation for MASS. From the results of examining the
structure of Bayesian network, we confirmed the findings of the previous research and fur-
ther clarified the relationship between the factors that we could not find so far. Specifically,
when providing MASS services, we confirmed the possibility that the setting of remunera-
tion is important, and the interaction with others becomes a psychological burden because
people in the area are unknown to many young people. When getting services with MASS,
although young people do not need MASS to interact with and contribute to the region,
they may have accepted MASS as a general C to C service. It may be relatively easy to
acquire users who receive services, while it may be difficult to gather users who provide
their resources. Therefore, we found that the strategy to gather users who offer services is
a challenge for the spread of MASS.

Next, we conducted numerical experiments using the constructed Bayesian network,
obtained results that support several hypotheses, and revealed factors that have a strong
influence on the use of MASS. The experimental result showed the changes of probability
supporting all hypotheses prepared by this paper. People who want rewards and are not
resistant to interacting with others can expect to participate in MASS with high probability
as users who provide services. Therefore, the strategy to encourage such people would be
particularly important for the spread of MASS. When using the MASS service, we found a
possibility that the psychological resistance to engaging with others has a strong influence
on the use of MASS. At the same time, it became clear that the motivation for participating
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in the community was not a significantly important factor to promote a user who provides
his/her resource. We found that convenience is a strong factor that transcends the influence
of various negative factors when using the service of MASS.

This paper clarified four modules that affect the successful implementation; skill provider’s
mind, demander’s mind, needs, and emotion to reactivate the local community by overcom-
ing the fears of connecting with unknown people and usability of MASS. We will design
some research strategy as one of the important future works in integrating these four as-
pects.

As future work, we will also construct Bayesian networks with the following three
questions as objective functions and the reasons used by this paper as explanatory variables.

• Do you think that local residents will use MASS? Give your opinion from an objective
standpoint.

• Do you think that local residents will use MASS to share resources? Give your
opinion from an objective standpoint.

• Do you think a service that supports local people’s mutual aid without relying on
public services ideal?
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