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ABSTRACT
A method for constructing two types of measures of association
between a pair of symbols that distribute over a network is
developed. The method is called here a neighborhood method in
the sense that the construction of the measures is based on
neighborhoods of vertices of the network. A family of methods of
- structural representations is developed wusing the framework
proposed formerly by the .authors. Moreover. a new method of
hierarchical cluster analysis is developed. These methods are
applied to structural representation of data on cognition of
living environment of local residents. The data are obtained
from a survey by questionnaire that requests free association
about living environment. The result of data analysis shows how
different structures of the cognition reflect different
backgrounds of two' districts and serves as a guideline for

decision making about improvement of living environment.



1. Introduction

Methods developed for structural modeling ([11. [21 have
frequently been applied to represent and to understand structure
of human cognition of complex systems. . When these methods are
applied for representing a cognitive structures of a group of
people. a problem of aggregation of individual structure into a
whole structure should be studied. This means that a method of
structural modeling should include a feature of statistical
analysis to deal with such a problem. Since important problems
in social studies require analysis and representation of a
structure of cognition for a large number of people. a method of
structural modeling that includes statistical analysis is
promising as a powerful tool of analysis in these problems.

Thus. the authors studied a method of digraph representation
with cluster analysis and applied it to cognition of living
environment of local residents [31. The present paper deals with
the same type of application based on a new mathematical wmodel.
Our motivation here 1is analysis of free (psychological)
association which was used in the survey by questionnaire above
mentioned (See [31 for the detail.) The present method may be
considered as an improved technique and an elaboration of the
previous method from applicational viewpoint. On the other hand.
the method developed here is new from theoretical viewpoint. The
method herein is based on a topological structure of free
association which the previous method does not have. The method
is called here a neighborhood method inlthe sense that the theory

is developed on a definition of a neighborhood of a network.



One of remarkable characteristics is that the present method
uses a framework developed in the previous paper [31: four
methods of analyzing cognitive structure is. developed as an
analogy of the previous methods in four quadrants (Fig. 1. See
also Fig. 2 in [31). This framework includes a new method of
hierarchical clustering which is called here a model reference
algorithm. The new algorithm wuses the neighborhood model
throughout the whole procedure of forming clusters. The idea of
‘a model reference algorithm provides a new principle of
developing various algorithms in hierarchical cluster aﬁalysis.

When the neighborhood method is applied to the analysis of
free association, the network structure in the theory will be
replaced by a simple linear structure. This simplification 1is
neééssary in the present application, since free association of
people does not have, in general, én obvious structure of
network. At the same time the theory is developed for a more
general structure of a network so that it the theory can be
used for wider appplication including analysis of a collection of

discourses and/or texts.

2. Measures defined on neighborhood

Let W={a.,b,c....} be a finite set of symbols or words.
Assume that G={V,E} is an undirected graph (network). For each
w€e€V, Ujtwi={ v i veV, v is reachable from wwith the length of
the path less than or equal to n }. [f the distance d(v.w)
between a pair of vertices v and w is defined as the minimum

number of path connecting v and w, Up(wi={ v { veV. d(v,w) <n }.



Assume that there is a map from V into W. that is. each ve v {s
named as a or b or ¢, and so on. In other words. each v is an
occurrence of a word in W. Therefore if v is an occurrence of
aeli. we write v=a; with index. Then. .V is represented as a set

of word occurrences w={at,aj,...bh.bl....cm,cn....}. We define

that 'A={ai,a .} is a set of all occurrences of aeWw ( ACV )

Pt
and B={bi.b1,;..}, and so on. Moreover M(A) is the number of
elements invA(:V. Let L and L' be linear orderings of V. They
are regarded as two ordered sequences of all the members of V.

Wle consider several measures that show degree of association
between a pair of elements in W. Below we take a and b as a
generic example for the pair in the sense that the results that
holds fof the pair ta.,b) is valid for any pair of elements in W.

These measures of association are considered on Uyg(v) above

defined. Specifically, we consider the following procedure.

1. [Define r(b,ai)] For any aieA. we consider a measure r(b,ail.

The value of r(b,a;) 1is determined by the occurrence of some bj
in the mneighborhood Uygtag). In the below we consider ways to
determine r(b,ai).

2. [Define r(b,a)l The measure of association between a and b:

rtb.a) is defined as follows.

r(b.a) 2. rib,a;) (1

all aieA

Our first task is to consider what kind of r(b,ai)'s can  be

defined as reasonable measures of association. For this purpose



we should give explicit definition 1.0-1.3 as the refinement for

~the step 1.

1.0. As described above. r(b.ai) should be determined by the

occurrence of some bj in Uptay). Note that there may be several
occurrences of b} in Uj(ag). When we find. at first. an
occurrence b} in Un(ai). we will set r(b,ai)=1. Or. more

precisely.

1.1 First set r(b.ai) «— 0.

1.2 If we find an occurrence b}eU“(ai). then r(b.a;) < Trib.a;)

Here we have a question. What should we do for other beeUytag).
bk# bj? Of course we must not count doubly the same pair of
OCCurrences (ai,b}), ‘therefore we should introduce a marking
procedure to 1inhibit double counting. There are three
alternatives of the marking as follows.

1.3-1 After we count b} in step 1.2. e mark the pair (ai’bj)
[such as FE:TBET] so that this pair will not be doubly counted.
Then we continue step 1.2 for all the other bg's in Um(ai).
Denote the measure r by the present method of the marking as
ro(b.ag). Namely. 1 (b.a;)={the number of bj‘s in Uptagdt.

1 1

1.3-2 After we count bj‘in step 1.2 we mark ag [as 513‘ We

define the measure of association by this method as rz(b,a{).

Thefefore in this case we have

rytb.ag) = 0 iff BNUplay) = o

rz(b’ai) 1 iff BOUj(ay) # @



1.3-3 After we count by in step 1.2 we mark by [as B;] to inhibit
double counting. Then we continue step 1.2 for all the other
b&‘s that are not yet counted. We define the measure r obtained
by this method as rs(b,ai). Moreover we should remark that this
measure depends on an ordering of V. Therefore in this method we
should define the proceduré more precisely.

[Assumption applied only to r;l In the definition of
r3(b,a) = Z:ré(b,at) for all aieA, we will wvisit each ajeA
according to the order determined by a particular ordering. That
is, if we use the ordering L, we will define
r3(b,a;L)=2:r3(b,ai;L) that shows explicit use of L. Namely,

rs(b,a{;L)={the number of bj‘s, bjeUmﬁa{), that are not marked

vet using the ordering L to visit vertices in V)

Note that the mark (527533, a,, or B} is valid throughout
the procedure to define r1(b,a), r,(b.aj, or rs(b,a;L).
Therefore an element that is once marked will not be counted
again in the procedure of defining the measure for the pair
(a,b). For examplé, a bﬁeU,Ja{) that is marked may occur later
in another U,la,) according to the ordering L. The occurrence boi
will not be counted to add unity to rs(b,ah;L). Of course all
the marks should disappear in calculating the measuré for another
pair such as (a,c).

We call the above procedures as simple procedures when we
add unity (r,(b,a;) < r (b,a;) + 1. k=1,2.3) when some by is
counted. On the other hand, we call a procedure as a weighted

procedure when we add some numbers that is determined by



d(ai,bé). Let us assume a monotone nonincreasing function
f:R+—{O} -> R+. A weighted procedure is obtained by modifying
step 1.2:

1.2 1If we find an occurrence b&eUm(aiJ.}then

rib.a;) < r(b,a;) + f(d(b;.a;)) . (2)

Remark. The above consideration shows not only three methods to
define three kinds of the measures of association but also it
" exhibits thét it is very difficult to consider another type of a
definition of the measure of association so long as we assume fhe

basic procedure of step 1 and step 2. {1

Remark. In this paper we are mainly concentrated on simple
procedures for two reasons. One reason is that it is difficult

to consider weighted measures of r. and rs types. as we will show

2
later. The other reason 1is that we do not have a proper
interpretation of a weighted measure in terms of probability
which we introduce for the simple measures for the purpose of

applying these measures to hypothesis testing of association

structures of different population in a later section. ]

First we show that the rs type measure is proved to be

independent of the ordering.

Prop. 1 For any two orderings L. and L°,
rs(b,a;L) = rs(b.a;L‘)
(Proof) Note that Qg(b.a:LJ is equal to the number of marked

b: 's by the procedure 1 and 2. {Or more precisely. 1.1, 1.2,

4



1.3-3, and 2.) Let B,= { b; { b;ebB. d(bé,ai) < n, for some

a 4 4
aieA }. Then each b}e Ba is marked as BJ. , whereas any bhe B—Ba is
not wmarked. Therefore for any ordering L, rstb,a;L) = M(Ba).

The rﬁght hand side of the above equation is independent of a

particular ordering. (1

Hence we write simply as

rytb.a) = ry(h,ail) = M(By)

by any ordering of V.

Prop. 2

r3(a,b) = ry(b.a)l
(Proof) If we define Ab= { a; ] aieA, d(ai,bé) <{ n, for some
bJeB }), it is easy to see that r,(b,a) = M(Ag ). On the other
hand, we already showed in the proof of Prop. 1 that
ry(a.b) = M(Ap. (] |
Prop. 3

r‘(a,b) = r,(b.a)
(Proof) The number of marked pairs (ai,bj) for calculating
either of rlta,b) or r,(b.a) is equal to the total number of
pairs: {(ai,bé) H aieA. béeB, d(ai,b;) <{n 1}. L]
Remark. Proposition 2 shows that we need not distinguish between
r, and rs. Thus we obtain only two types of the measures r1 and
that are simple. 1t should be noted that in general r, {anhd

Iy

rj) does not have the property of symmetry that is valid for ri.



As is shown above, we can define a weighted procedure. Let
‘us consider 1.3-1 with (2): mark (aL’bj)' We write the measure

defined by this as r'(b,a;f) to show explicitly the dependence of

r, on a monotone nonincreasing function f. In other words.
ry(b.aif) = 2 r, (h.a;:f)
i
all a.eA
L
r‘(b,ai;f) = 2: f(d(b},a{))

all béeUm(a{)

Note that the simple measure rl(b,a) = r‘(b,a;l), where 1(x) is

the identity I(x) =1 for all Xx.

Prop. 4

rl(a,b;f) =.r1(b,a;f)

(Proof) Let f: R -> R" be

_ , 0 (X =0)
fix) =
f(x) (x >0
and g{xsin}: R+—> R+ be
X { 0 < x < nd
g(xs;h}) =
0 (X >n)
Then.
r,(b,aif) = 2. fte(b;,apin)) = r (a,bif)
all aieA_
bjGB
(|



On the other hand, if we try to define weighted measures
ry(b,aif) we must define at first ry(b.a:f:iL) by an ordering L.
[t 1is easy to see that the measure ra(b,a;f;L) now depends on a
particular ordering, i.e., r3(b,a;f;L) # rz(b.a:fiL') in general.
Therefore we can not define rs(b,a;f) that is independent of a
particular ordering. We have the same problem 1in defining
rl(b(a sE). Therefore we do not attempt to define r, (or r3) by

a weighting procedure.

3. Probabilistic argument and framework

| In a foregoing paper we discussed a wmethod, or more
precisely, a family of methods for represehting a system
structure [3]. The methods therein were applied to representation
of association structures. There were two main points in these

methods of representation. (See Fig. 1.)

1. Two kinds of measures of association for a pair of words were
used: one was a symmetric measure of similarity and the other
was a nonsymmetric measure. The symmetric measure was used for
clustering and the nonsymmetric measure was used to obtain a
digraph representation of association structure.

2. The two measures had statistical interpretation. More
precisely, they were considered as estimates of two probabilistic
parameters. Therefore two methods of hypothesis testing were
developed for comparing structures of association from different

populations,

Here we will try +the same approach for analyzing - free

association using the method of neighborhood. We have already



developed a symmetric measure r,(b,a) and a nonsymmetric measure
r,(b.a). Therefore the point 1 is satisfied. We show that r,
and r, by the simple procedure have a probabilistic character.

Let us now define two normalized quantities q1 and qlz

ritb,a)
q1(b.a) =z —
M(AIM(B)

rz(b,a)

1]

.q_{(bh.a)
2 MCA)

Prop. 5 0 < qa, <1 and 0 < q, <1
q1(b,ai =0 iff for any QieB and a; €A, d(bj,ai) > n.
q1(b,a) = 1 iff max d(b.,a{) < n.
a.e A. b;eB
{ ¢
qz(b,a) = 0 iff for any bJeB and aieA, d(bJ,ai) > n.
qltb,a) =1 iff for any aieA there exists a bjeB
such that d(bj,ai) < n.
(Proof) It is easy to show these relations from the definition

of q and q ., therefore the proof is. omitted here. (I

In relation to two quantities q, and q,, we introduce two

1
probabilistic parameters p1 and p2 as follows.

1) Let wus choose randomly aieA and bJeB and let p1 be the

probability:
p‘= Prob{ d(b},ai) < n }
2} Let us choose randomly aieA, then

P, = Prob{ there exists at least one bJeB such that



d(b. ,a

5 RN ¢ 3

It is clear that the above q, and q, are estimates of P, and P, .
respectively.

In ‘the‘foregoing paper [3] we introduced a “"framework" for
four methods of structural representation. That is we filled in
all the four corners of Fig. 1. Two quantities that satisfy the
above points 1 and 2 can be used as elements of the framework.
Here we defined two measures q, and q, that satisfy the point 1
and 2. Therefore we obtained a new family of methods based on
the consideration of the neighborhood.

Now we define four methods in Fig. 2 in the framework as
follows [3].

i) [Digraph based on qzl Let d and 8 be two threshold parameters
(0 <d <1, B>1 ). e define two kinds of edges:

a —>b iff qz(b,a)_zdd qz(b,a) 2f3qz(a,b)

a <> b iff q,(b,a) 2d, q,(a,b) >d,

BT < a,(b.a)/a,ta,b) < B .

ii) [Clustering based on q1] We discuss a new algorithm
developed for neighborhood method in the next section.
iii} [Hypothesis testing based on pi and p2] Assume that
q:(b,a), qg(b,a), and M(Ah) with the superscript k means the
quantities for two populations .shown by k=1.2. Then the
is tested by applying the 2 x 2 table in

. 1 2
hypothesis Pl = P,

Fig.3. (See [41). We define

1 R
0 = q (bya)y 012. =M(A ) - 0

11 2 1



2 2
0, = 9, (b.a). 0, =M(A ) - 0O,

The following T is calculated and comparred against x(1-qd). the

chi-square distribution with one degree of freedom [(41:

. . 1 2 . .
iv) The hypothesis p‘ = p‘ is tested in the same way. We define

i 1 1
= q,(b,a)  Op = M(A JM(B ) - Oy

Q
i

1 2
L, = MAhHMBS) - o,

fl
i

2
02, q'(b,a) 0

4. A model reference algorithm for hierarchical clUstér analysis
An algorithm of hierarchical agglomerative clustering that
uses the neighborhood method throughout the process of forming
clusters is developed. For this purpose we begin by a review of
general procedure of hierarchical agglomerative clusteriné. In
the sequel we consider solely hierarchical agglomerative
.clustering, therefore we call it simply as clustering or

hierarchical clustering.

Procedure HC (a general description of hierarchical clustering)

HCO (assumption) The set of objects to be clustered is
LCES IS PRERRIED g Assume that the similarity between a pair of
objects is defined by some mathematical model and is denoted as

S(Xi’xj)’ 1<i,j<n, i#j. (The word similarity means that a large



value of S(x;.x;) implies that x; and x; are similar: a small

value of s means that X; and xj are not similar.) Let N be the

number of clusters in each step of successive formations of
clusters. Let Y, . Yy....» Yy be clusters, that is. disjoint
partition of X: Y,UY,U...UYy = X. Y,NY; = 6. i#J. Let s(Yi,¥)
be similarity between a pair of clusters. (The way of definition

of s(Yi,Y-) is given after the description of procedure HC.)

4
HC1 Let N:i:=n: Yi:={xi},i=1.2....,N;
s(Y(,Y;) i = s(xi,xé), 1<i, Jj<N, i#j.
HC2 Find the maximum of s(Yi,%j). 1<i,J<N, i#J.
Assume that s(Y, .Y, ) = max s(Y;,Y:)
PR gci.gen, b
i#j

HC3 Merge Y1> and Y%, and let Yr:= YPUY Save information that

g
is necessary for the output of the dendrogram, such as the
similarity level of the merge, members in Y? and in Y%, and
SO on.

HC4 N:=n-1. If N=1, then output the dendrogram that shows

process of successive formation of clusters using the saved

information.

HC5 Update similarities s(Y,.¥;). i=zl,....N. 1i#r. Go back to
step HC2.
End of HC.

Remark The above procedure does not include detailed description
of hierarchical clustering such as what type of information
structure is needed for the output of a dendrogram and-algorithm'
for drawing a dendrogram. These details are unneceséary for the

discussion of a new algorithm which will be described below. []



The underlined part. method of update of similarity between a
pair of clusters, is essential in hierarchical clustering. First
we show three well-known methods of the update.

a) {(single link) s(Yr,Y{) = max s{v.w)
VeYr
weYi

b) (complete 1link) s(Yr,Yi)‘= min s(v,w)
VeYr
WGY{

1
c) (average link) s(Yr,Yi) SO s(v,w)
) !Y,&-lYil veY,
weYi
(IY(l is the number of elements in Y(.)

Let us consider relation between the two Kinds of

similarities s(xi,x-J between a pair of obJjects and s(YL,Y‘)

d 4
between a pair of clusters. First, s(xiﬁxj) is defined by some
mathematical model that is named here as MDL. We write s(xi,xj)

= Proc(xi,XJ;MDL) to show explicitly that s(xi.xé) is <calculated

by a procedure based on MDL. In HC1, S(Yi,%;) = S(Xi’xj) =

Proc(xi,xi;MDL) = Proc(Yi,YJ;MDL). On the other hand, after
update of similarity s(Yr,Yi) #z Proc(Yr,Yi:MDL) or
Proc(Yr,Yi;MDL) is not defined. In other words., a hierarchical

clustering uses two different mathematical models: one is for

defining S(XL’XJ); the other is for updating s(Yi,Yé). The
centroid method and the Ward method'ESJ are exceptional. They
are based on a single mathematical model of Euclid geometry. In
centroid method, Proc(xl,g;:C) = {Euclid distance between x; and
Xj}' Then Proc(xi,xJ:C) is naturally extended to
Proc(Yi,Y3;C)={Euclid distance between centroids of Yi and Y;}.



In case of the Ward method Proc(Yi,Yé;W)lis directly defined:
Proc(Yi,Yj;W) = {error sum of squares from centroid of YiUYj }
- {error sum of squares from centroid of Yi} - {error sum of

squares from centroid of Yj}

Remark The symbols C and W represents mathematical models of
centroid method and the Ward method, respectively. Note that in
these methods the measure for the clustering’are not similarity

but dissimilarity. [1]

Now we propose an idea of model reference hierarchical
clustering:

Assume that a procedure of calculation of a similarity measure

(or dissimilarity measure) between X; and X; based on MDL

4
(i.e.. Proc(xi,g};MDL) ) is extended in a natural way to a
procedure of calculation of a similarity (or dissimilarity)
between a pair of subsets Proc(Yi,%;;MDL) based on the same
model MDL. If in HC5, the update uses Proc(Yi,Yé;MDL) based on
the same model MDL:
S(Yr’YL) = Proc(Yr,YizMDL)

then we call the hierarchical clustering with this update
procedure as a model reference algorithm for hierarchical

clustering.

The centroid method and the Ward method are examples of the
model reference algorithms by this definition. The above idea is
used not only on Euclid geometry model but also other types of

mathematical models. - For example, we showed already another type



of a modél reference algorithm based on extensions of binary
measures of similarity using fuzzy sets [6].

Thus, a model reference algorithm uses a single mathematical
model for both the initial definition of similarity and the
update of the similarity. An advantage of a model reference
algorithm 1is that levels of similarity of clustef formations are
meaningful when we refer to the mathematical model. whereas in a
former type of algorithms such as al), b), and c) the merge level
‘is artificial and has no relation to the original model. On the
other hand, a drawback of a model reference algorithm is that a
tree reversal [5] in a dendrogram may occur. A tree reversal
means that a cluster Y#J% formed at the similarity level s, may
be merged with Y, to form (ﬂL}%})UYh at the level s, , and it
may occur that s, > s, . In other words, a cluster formed
earlier may have the merge level of similarity less than the
merge level of another cluster formed later. In the centroid
method this property of tree reversal may occur.

Now we apply this concept of a model reference algorithm to

the neighborhood method g If we denote the calculation of a,

e
as Procl(ag ,b sN), it 1is shown that the procedure is naturally
extended to clusters A and. §: ProcC A, §T;iN). Moreover the
derived method does not have the tree reversal.

Let X\ and § are two disjoint subsets of W. Assume that
A={a,c,...} and {={(b,d,...}. Then occurrences \; and S of A and
{ are naturally defined as all the occurrences of members in X
and §. We define also \={set of elements in the occurrences of A}

and 7= {set of elements in the occurrences-of ¢}. Therefore, A=

W dy o188y 58,0060 )y Z=203,8,...3=(b b, 0d 0d, 0.2



Now we can define r1(A,§) by the same procedure as we define

r1(a,b). Note that

r,(A,S) = 2, r,(a,b) . (3)
aeA :
beg
is valid.
Prop. 6 Assume that A, %, and w are disjoint subsets of W, then

MAUD = M) + MDD

r, (AU = r, (A.w) + 1, (§,0)

(Proof) The first equation follows from,AJ\Z= . The second
equation follows from (3). [l

Cor. 1 Assume that . 3, and w are disjoint subsets of W, then

Q(A,w) +r (5,w)

qi(xug,w) = (4)
[ MAAD + M(Z) 1 MKW

where {), is the set of occurrences of w. []

Now, we state two lemmas.

Lemma 1 Assume that four real numbers t,zo, t,20, u1>0, u2>0

_____ 2
satisfy
ty t,
.——(_.___
Uy Uy
Then,
t, t,+ t,
< <
u, u,+ U, u,

(Proof) Omitted. [1]

procedure HC does not have any tree reversal is that the merged



cluster Yr(;Y#JY%) in HC5 satisfies

max[s(Y?,Yi),s(Y ’Yi)] 2 stY,,Y;) (5)

¥
for all i=1,2,...,N, i #r, 1 #p, 1 # q.

(Proof) Consider a set S1 of similarities S1={5(Yi,% }} Dbefore
the merge and SZ={S(Yy,Y£)....} after the update. The above

condition shows that

max s 2> max s
seS1 seSz

Therefore the merge levels are nonincreasing as the successive

formation of clusters proceeds. []

min[q1(A,aﬂ,q1(§,an] < q,(AUs,w) < max[q1(A,w).q1(§,an].
(Proof) Obvious from Cor. 1 and Lemma 1. [1]

Let wus consider now hierarchical clustering of W based on
the neighborhood method. Consider a version of the algorithm HC
in which the update at HC5 is performed by (4). It is clear by
the above explanation that this wversion of HC 1is a model
reference algorithm. Moreover from Cor. 2 any tree reversal does

not occur in this method.

5. Application to data obtained from free association
S5A. A survey based on free association

A survey by questionnaire was conducted on living
environment of local residents in two areas. The questionnaire
asked responders the following question (cf. [31): "What do vou
associate with the words: easiness of living and happiness 1in

living?" Responders are requested to write down their



associations freely. The two areas of the4survey are called here
SETAGAYA and DAIGO. SETAGAYA is 1in a residential area Iin
Setagaya ward in Tokyo. DAIGO is in a village in the northern
part of Ibaraki prefecture. The latter region is an agricultural
area surfounded by hills and mountains.

" The data for the analysis here are free associations of 38
responders in SETAGAYA and those of 52 responders in DAIGO.
Associations 1in each area are connected into one sequence. At
the same time in a sequence two associations of two responders
are separated by a large number of dummy words as in Fig.4a so
that a neighborhood would not connect words in associations of
two different responders. Therefore we obtained two sequences Gg
for SETAGAYA and Gy for DAIGO. We deal with Gg and G4 as the
networks by defining edges that connect only neighboring words
(Fig. 4b).

Fifty-four words were selected as members in W in SETAGAYA
and another set of 54 words were selected in DAIGO. Then the
method of neighborhood was applied: digraphs were defined by 1)
in Section 3; clusters were generated using the model reference
algorithm in Section 4; hypothesis testings were performed using
iii) and iv) in Section 3.

Two digraphs with clusters are shown as Fig. 5 for SETAGAYA
and Fig. 6 for DAIGO. Edges are defined by i) with the
thresholds (d,ﬁ) = (0.30,1.5) in both figures. Areas surrounded
by dashed lines are clusters obtained by the method in Section 4:.
two dendrograms were generated by the model reference algorithm
and clusters formed at the level of similarity q1=0.006 in both

dendrograms are shown on the two digraprhs. Dendrograms



themselves are omittd here. Result of the hypothesis testings is
shown as Tables 1 and 2. Table 1 shows the result of hypothesis
testing on p1 and Table 2 shows that on P, . The level of
significance 1is alpha=0.05 1in both tables. The - hypothesis
testing 1is defined on pairs of 26 words that are common to both
areas of the survey. The upper part of Table 1 shows pairs of
associated words in which the result of the test tells that
(p1 in SETAGAYA) > (p1 in DAIGO) (Associations in SETAGAYA is
‘stronger than in DAIGO.) The lower part of Table 1 exhibits
pairs of assoéiated words in which the test shows
that associations in DAIGO is stronger than in SETAGAYA. In the
same manner, the upper part (resp. lower part) of Table 2 shows

pairs of associated words satisfying (p2 in SETAGAYA) > (pz in

DAIGO) (resp. (PQ in DAIGO} > (pz in SETAGAYA).)

5B Discussion on the result of structural representations
Several points of comparison of the two structures are

described in the following.

1) [conveniencel Each region has a cluster concerning

convenience. In Fig. 5, the cluster has the largest number of

words and the edges of association concentrate on three words:

"traffic”. "convenient", and "near". The cluster has also
"public", "facilities", "school", and "hospital". In Fig. 6, the
cluster contains "traffic"”, "convenient", and "school".

Concentration of edges 1is weaker in DAIGO +than in SETAGAYA
and ‘"public", "facilities" are not observed in the cluster of

convenience in DAIGO.



2) [clusters with ‘"green"l Each region has a cluster that
contains "“green". The two clusters in both regions have "green".
"air", and "noise" in common. In SETAGAYA, "spacious", "garden",
and ‘"trees" are included in the <cluster: in DAIGO “river",
"stream"; "Qater", and "hills/mountains" are seen. Thus, the
cluster in DAIGO covers a larger scenery of natural surroundings.
whereas the view in SETAGAYA is limited to a smaller space such
as gardens.

3) [household, human factorsl In Figs 5 and 6. both regions
have words "house". "home". and “family". The word "house" here

means a building, whereas "home" and "family" means human

relationship of a household. In SETAGAYA we observe a cluster
having “family" and "self". The cluster includes also "room",
"room arrangement", and "space". In DAIGO, we find a cluster

that has “family", "self", "people", "neighbor". and "community".
In SETAGAYA "neighborhood”. "people", and "relation" form another
cluster. In this way, human relationship in SETAGAYA is
associated with rooms inside the house. At the same time
relationship with neighboring people is considered to be in
another category. On the other hand. human relationship in a
family is directly related to relationship with community and
people in neighborhood in DAIGO.

Human relation in neighborhood is an important factor in
Japanese 1living environment. This factor is stronger in DAIGO
than in SETAGAYA as we see Figs. 5, 6, and the result of the
hypothesis testing. Table 1| shows that relation with neighboring
people 1is related to convenience in DAIGO. This observation

agrees with a tendency observed in Fig. 6. We find in Fig. 6



that "neighborhood" and "relation" are included in a cluster of

convenience.

To summarize, the association structufe'in SETAGAYA in
centered to convenience, with facilities and house as buildings:
whereas the structure 1in DAIGO shows that human factor is
stronger in this region. The human factor includes self, family,

neighbors, and community, which is not exhibited in SETAGAYA.

6. Conclusions

As an analogy of Fig. 1, we observe significances of the
present method in four quadrants described by two
axes of (methodological)/(applicational) aspect and
(presentvresults)/(possibilities in the future) of Fig. 7.
(MP: methodology-present) A new method of the neighborhood has
been developed that assumes a topological structure in
association or- discourse. According to the framework of
symmetric/nonsymmetric measures and macroscopic/local
characteristics. the neighborhood‘method has been augmentéd into
four methods that fill in the framework.
(AP: application-present) The method has been applied to data of
free association obtained from a survey by questionnaire. The
result has\exhibited categories shown by clusters of cognition on
living environment, Kkey concepts in these clusters, and how the
same Kkey concepts of living environment reflect different
backgrounds of two diStricts.

(MF: methodology-future) The method of neighborhood should be



- applied to a network structure, e.g., semantic net, derived from
a discourse, a text. or a set of knowledge. For this purpose

relations in a semantic het should be simplified for the

aggregation of the structures. At the samé time, the basic
method of neighborhood should be dgeneralized so that it
distinguishes different types of relations. One possibility is

to consider . a n-ary measure of relation . instead of binary
measures considered here.

(AF: application-future) A new form of free association or free
writing in a survey by quetionnaire has a great advantage over
the conventional form in the sense that the free form admits
various types of unexpected or exceptional responses. This
feature 1is very important in studying environmental cognition,
since decision making for improvement. of 1living environment
should not fail to grasp these unexpected structures. The reason
why this type of the freely answered questionnaire has not been
studied is due to lack of advanced techniques for the data
analysis. Now we have shown a new method of analysis using
clustering, digraph representation, and statistical hypothesis
testing. The result is summarized into a figure that show
structures of cognition in a compact manner. Thus the present
method will give a major influence for studies of the new type of

survey by questionnaire.
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Fig. 3 A 2 x 2 table.
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Fig. 4a Associations of responders and a sequence.
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Fig. 4b A sequence as a network.
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