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Abstract
Semantic spaces are used as a representational format for modeling similarities of signs.
As a multidimensional data structure they are bound to the question of how to explore
similarity relations of signs mapped onto them. This paper introduces an abstract data
structure called dependency scheme as a formal format which encapsulates two types
of order relations, whose variable instantiation allows to derive different classes of trees
for the hierarchical analysis of text similarity data derived from semantic spaces.

1 Introduction

Semantic spaces have been proposed as a highdimensional numerical format for representing
semantic similarities of signs. They prove to be efficient in computational linguistics [9, 11],
computational psychology [4, 5], and IR [3]. These approaches have in common that they
use numerical measures for modeling sign similarities: words are judged to be similar to the
degree that they occur in similar contexts, whereas texts are judged to be similar to the
extent that they have semantically similar constituents. A touchstone for the effectiveness
of semantic spaces are indirect meaning relations: they allow to interrelate words even if
they never co-occur, but tend to occur in similar contexts. Furthermore, texts are judged to
be similar even if they only share function words, but deal with similar contents.

A fundamental question raised in this context is how to explore similarities of signs
mapped onto semantic spaces. In case that texts are represented as points in semantic
space, this question forms a text mining task called tezt linkage [8], which refers to the
exploration of implicit, content based relations of texts and their annotation as typed links
in hypertexts. In linguistic terms, these relations are intertextual in the sense that they
are neither necessarily explicit, nor do they necessarily underly text production, but may
support text reception by embedding texts into textual contexts. In order to narrow down
a mining algorithm for solving the task of text linkage, three criteria are referred to:

1. Thematic progression: Intertextual relations go beyond pairwise text linkage by order-
ing texts as manifestations of thematic progression; e.g. sequences of chronologically
ordered news dealing with the same topic. Thus, the text linkage algorithm needs to
produce correlates of these higher level structures.

2. Linguistic interpretability: Besides thematic progression, the concept of priming guides
linkage: in contrast to word priming, where single primes are used to associate related
signs, context priming refers to the fact that textual contexts of text components sustain
appropriate, while suppressing inappropriate senses [12]. Thus, the linkage algorithm
needs to produce text sequences in which preceding texts prime succeeding ones.



3. Contextsensitivity: According to the dynamics of human information processing, a text
corpus does not have a fixed hypertext structure. Thus, a flexible information structure
is needed which allows to dynamically link texts dependent on varying contexts.

In literature many techniques for visualizing highdimensional feature spaces are discussed:
representing a sign’s environment by means of [ists runs the risk of successively ordering
thematically diverse units. Obviously, lists neglect the poly-hierarchical structure of semantic
spaces which may induce divergent thematic progressions starting from the same polysemous
unit. Salton et al. [10] describe a method called breadth m-depth n-search for generating trees:
starting from a focal unit, its m nearest neighbors in space are determined as its immediate
successors. This procedure is repeated for all successors until the tree’s height equals n. A
central problem of this method relates to the question of how to specify and linguistically
interpret the parameters m and n. A data structure which overcomes this deficiency is given
by minimal spanning trees (MST) used in the area of hypertext authoring [2]. As will be
shown, a central problem of MSTSs relates to the purely associative links they produce. An
alternative is given by networks also used in hypertext area [1]. Networks pose the problem
that they rapidly get complex even for small sets of units. Finally, cluster analysis may be
used. Above all, they face the problem of how to name the resulting clusters.

This paper proposes cohesion trees (CT) as a hierarchical data structure for exploring
semantic spaces. In contrast to the latter techniques, their central organization units are
chains of texts: suppose a text = to be inserted into a tree 1" visualizing dependencies in
semantic space and two paths P, = (ay,...,a,), Py = (by,...,by) of textual nodes of T' to
which x may be attached. Suppose now a measure £ evaluating the cohesion of paths P,
based on the meaning representations of their constituents in the space. Finally suppose
that £ states that (because of indirect relations of texts a;,b;, ¢ < n, j < m, and z) path
P,z is more cohesive than Pz, although the pair (a,,z) is more cohesive than (b,,,z). In
order to augment cohesion not only of text pairs, but of text chains, the CT generates path
Pz instead of Pyx. Thus, CTs do not only reflect dependencies of directly linked, but
cohesion relations of indirectly linked nodes. A traversal through a semantic space produced
by a CT is bound to the requirement that it is cohesive, i.e. thematically homogeneous to a
descending degree as the path grows. In this sense cohesion serves as a linguistic criterion
for hierarchical text linkage: the more similar the lexical organization of two texts, the more
probably they are linked provided that the path into which they enter progresses thematically,
if they are attached to it. CTs shift the perspective from binary text links to whole paths
of such links. They are formally described as instances of the so called dependency scheme,
whose application area are two-level-hypertext systems for the poly-hierarchical traversal of
the same document collection starting from varying focal texts.

2 The Dependency Scheme

As a formalism for hierarchical data analysis, the dependency scheme is defined as an ab-
stract class of trees encapsulating two types of order relations for modeling priming effects.
The variable instantiation of these relations allows the derivation of different types of tree-
like interpretation structures reflecting the criterion of thematic progression with varying
strength. The scheme is introduced in two steps:



Definition 1 Let V be a set of signs represented as feature vectors 7; € X C R"”, n€ N, and
§:X? — R{ asymmetric distance measure—vectors assigned to z; €V are always referred to
via 7;. E.g. X is a set of text vectors in Salton’s model [10], V' a text corpus, and § a measure
derived from the cosine coefficient. The complete weighted undirected graph G = (V, E, w)
induced by (X,0) is a graph with edge set E = {{v,w}|v # w} C V2, |E| = @, and
weighting function w({v,w}) =1 — 6(¥, @) /M(d). M(J) is the maximal value ¢ assumes.

Definition (1) does not demand that ¢ is a metric. It only assumes that there is a dis-
tance measure for comparing signs in V. Moreover, § does not need to be a total function.
If (X,0) only induces a connected graph, a complete weighted graph can be derived by
introducing edges between unconnected nodes whose weight is a function of the shortest
path between these nodes in the input graph. Thus, the semantic space models listed above
induce weighted graphs G' = (V, E,w) which can be used for the derivation of 2!V*I/2 different
undirected graphs. On this background the question arises, whether there exists a subset
of “meaningful” trees in the sense that their construction can be interpreted in linguistic
terms. Instead of using informal terms, this subset is formally approximated by means
of the dependency scheme in order to guarantee unambiguity and correctness of linguistic
interpretation as well as extendability of formalization:

Definition 2 Let G = (V, F,w) be a graph induced by (X, ) according to def. (1), zeV
a node, and Q = (<}, {<? |y € V' \ {z}}) a tuple, where <}, <?C V? are linear order
relations with infimum x and y € V' \ {z}, respectively. The graph D(G,z,Q) = (V,&,v)
with & = {{v,w}|v<lwA-FyeV:iy<lwAy<?v}and v: &€ — R (the restriction of w
to E) is called Q-tree induced by x. For variable G, x and €2, D(G, z, ) is called dependency

scheme. v <!, w, where i € {1,2}, v,w,y € V, abbreviates v # w A v <}, w.

Theorem. For a complete weighted undirected graph G = (V,E,w), node © € V, and
Q= (<3 {0 ly € V\{z}}), the instance D(G,x,Q) of the dependency scheme is a tree.

The proof of this theorem is left because of lack of space. The scheme is based on two
types of order relations: (i) Relations of type <! model priming effects induced by root x of
D(G,,9Q). <! determines the order, in which nodes y € V are inserted into the tree: the
more similar z and y, the shorter the distance §(z,y), the shorter the path between = and
y in the tree. In other words: units “primed” by z because of higher similarity are inserted
“earlier”. (ii) Relations of type §§ model priming effects induced by a node’s predecessor:
y is attached to the infimum inf<2(V;) of the set V; of nodes already inserted into the tree.
The variable specification of g; allows the derivation of tree-like structures, which diverge
with respect to the type of priming they model as shown in the following.

2.1 Dependency Trees

Dependency trees serve for the perspective visualization of semantic spaces using varying
roots as temporary, local centers. They are introduced by instantiating the kernel order
relations of the dependency scheme by means of an alphabetic order <? with infimum x:

Definition 3 Let G = (V, E,w) be a graph induced by (X, J) according to def. (1), and z
a node. <,CV?is a linear order, which orders nodes with respect to the distances of their
representations in X: v <, w iff 06(7,%) < 6(, Z) V (6(0, Z) = 6(w, T) A v <% w).
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v <, w means that the pair of signs v, x is more similar than w, z. In case of a semantic
space (X, J) underlying G, v <, w says that the meaning representation ¥ of v is closer to &
than the meaning representation @ of w. In other words: compared with {z, w}, {x, v} realize
more similar usage regularities. x is the infimum of <., which is reflexive, antisymmetric,
transitive, and linear. Hence, <, defines a chain over V. <, orders signs relative to x, whose
meaning representation serves as a local center of the semantic space under consideration.

Definition 4 Let G = (V, E,w) be a graph according to definition (1) and € V' a node.
For Q = (<, {<y |y € V \ {z}}), the Q-tree D(G, z,) is called dependency tree (DT).

In case where the underlying space (X, ) is a semantic space, DTs represent the environ-
ment of a sign’s meaning representation as a tree. D'T's have been algorithmically invented by
Rieger [9], whereas Lin [6] proposes an informal definition of DTs. Both approaches restrict
the set of vertices to the set of words and lack algebraic specifications of DTs. Furthermore,
their connection with other tree structures are left out as well as their systematic evalua-
tion. The basic mechanism underlying the organization of DTs is context free association
together with an initial ordering under the control of x’s (i.e. the chosen root’s) meaning
representation: (1) The order of signs to be inserted into the dependency tree D(G,z, ()
is determined by <, and thus by the distances of the nodes’ meaning representations with
respect to Z. (2) Any sign w € V is linked with that sign v already inserted into the tree
which is not only closer to « than w (i.e. v <, w), but also closer to w than any other vertex
y with y <, w. In other words, v is connected with its strongest associate in the sense of
the (dis-)similarity data modeled by ¢ already inserted into the tree.

2.2 Cohesion Trees

If the vertex set is restricted to lexical units, DTs can be said to model word priming effects,
where the root serves as an initial prime: DTs result from a process of spreading activation
without taking path context into account. This deficiency, which in case of textual vertices
may cause the generation of incohesive, thematically diverging chains of texts, is overcome
with the help of the concept of cohesion tree as a further instance of the dependency scheme.
As in case of DTs, CTs are introduced by instantiating the dependency scheme’s constitutive
order relations. This is done with the help of the concept of path sensitive distance:

Definition 5 Let (V, E) be a graph. A sequence P, , = (v1,...,v,) of vertices V(P,,,,) =
{v1,...,v,} TV is called path from v; to vy, if for each pair of vertices v, vi41 € V(Py0,)
there exists a distinct edge {v;, v;11} € E. vy is the start and v, the end vertex of P, , . All
other vertices are inner. Py, is cyclic, if vy = v,. P is simple, if all its inner vertices are
distinct.

Definition 6 Let G = (V, E,w) be a graph induced by (X, J) according to definition (1)
and P = (vy,...,v;) a simple path in G. The path sensitive distance 6*(P,x) of v € V with
respect to P is defined as 6*(P,z) = ﬁ Yuev(p)wid (T, 7;) € [0,1], where 3, cypywi < 1.
M(9) is the maximal value § assumes.

Definition 7 Let G = (V, E,w) be a graph induced by (X, J) according to definition (1)
and P the set of all simple paths in G with start vertex x and y € V a node. The well-

ordering =, C P? orders all paths in P with respect to y: Py, 5y Pry iff §*(Pry,y) <
5*(me;y) \ (5*(P$U)y) = 5*(meay) ANV <y w)'
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Definition 8 Let G = (V| E,w) be a graph according to definition (1) and € V' a node.
For Q = (<, {C, |y € V\ {z}}), the Q-tree C(G, z,Q) is called cohesion tree (CT).

In def. (6) the impact of indirectly linked nodes are modeled with the help of bias w; as
an implicit parameter of def. (8). Computing w; includes, but is not limited to 3 alternatives:

1. Order independence: if w; is constant for all v; € V(P), then the position of a vertex
in path P is seen to be irrelevant.

2. Context sensitivity: if w; is increasing with path length, the syntagmatic order of P is
reflected in the sense that the shorter the distance of vertex x to a vertex in P, the
higher the impact of their distance measured by d. In other words: the descending
impact of more distant units allows a weak topic change as the path grows. A function
meeting this condition looks as follows: let P = (vy,...,v;) be a path of k nodes and
¢ € (0,1] a constant, then w;, i =1,..., k, is computed as w; = ch”“ € [0,1].

3. Context independence: if all w; are set to 0, except wg, then C(G, z, ) is reduced to a
DT. Thus, DTs form a special case of CTs in the sense that they neglect path contexts.

Relations of type T, model context priming effects by specifying the predecessor of a
node y to be the end vertex of the most cohesive path P of the set of candidates, to which
y may be attached. y is not simply the strongest associate of P’s end vertex, but primed
by P as a whole. C, is based on ¢* which extends ¢ in the sense that it does not only
reflect distances of meaning representations of pairs, but of sequences of signs. ¢* takes
the syntagmatic order of paths into account: the more distant two signs in a path, the less
their mutual impact, the less their contribution to 6*. On the other hand, this negative
distance effect may be compensated by higher “similarity” of signs, i.e. by lower values of .
Preceding signs constitute a context which may superimpose or compensate the impact of a
path’s end vertex. This context effect retrogrades as the distance of nodes in the path grows,
and consequently, topic changes latently controlled by preceding nodes can be realized.

To summarize: In contrast to lists, CTs represent the environment of a sign mapped
onto a semantic space as a tree, whose branches are evaluated with respect to their thematic
cohesion. In contrast to MSTs, CTs do not only reflect direct node-to-node dependencies,
but also relations of indirectly linked units. Finally, in contrast to DTs, CTs do not only
reflect priming induced by single nodes, but context priming induced by whole paths.

2.3 A Sample Analysis

In this section, DTs and CTs are exemplified. It is shown that minimal spanning trees
(MST), DTs, and CTs represent different concepts. Let G = ({a,b,¢,d}, E,w) be a com-
plete weighted undirected graph induced by (X, ) and 0 be a metric over {a, b, ¢, d}, where
§(c,d) < 6(b,d) < 6(b,c) < 6(a,b) < 6(a,c) < 0(a,d). This situation is visualized in
figure (1, left), where smaller values of § are represented by shorter distances of nodes.
The MST M(G) of G is a tree with edge set {{a,b}, {b,d},{d,c}}. In order to compare
MSTs and DTs, a dependency tree D(G,a,$,), QL = (<o, {<p, <cy <a4}), is built. First,
171 = ({a,b},{{a,b}}) is constructed, since b = inf- ({b,¢,d}). Two nodes, ¢ and d, are
left. Since §(a,c) < 6(a,d) and b = inf< ({a,b}), T2 = ({a,b,c}, {{a, b}, {{b,c}}) is built,
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Figure 1: The difference of DTs with respect to MSTs (left), and CTs (right).

which in contrast to M(G) covers the edge {b, c}. In the 3rd step, T35 = D(G, a,€2,) is built
extending V5 by node d and E, by edge {c,d}. Hence, D(G, a,€2) is no MST. In case of graph
G it holds that D(G,a,$,) # D(G,b,$%) = D(G,¢,Q2.) = D(G,d,Qy) = M(G) for corre-
sponding €2y, (2., 24. G induces two DTs, but only one MST. In order to compare now DT's
and CTs, we suppose a situation as visualized in figure (1, right), where smaller values of §
are represented by shorter edges, whereas labels indicate the order <,, in which the nodes
are inserted into the DT and CT, respectively. Suppose that a DT D(G,a,), 2 = (<,
A< |z €{b,c,dye, f,g}}), and a CT C(G,a,), Q' = (<, {Cs |z €{b,c,d,e, f,g}}), have
already been constructed with two paths (a,c, f, g) and (a,b, d,e) each. Now the question
arises, to which node h is to be attached. In case of the DT, edge {h, g} is constructed, since
d(g,h) < d(e, h). In contrast to this, CTs reflect the path context: distances §(h,e),d(h,d),
d(h,b) are compared with 6(h, g),d(h, f),0(h, c). If the concrete values of w; in definition (6)
determine that e T, g, edge {h, e} is finally constructed.

Based on the algorithm for computing semantic spaces described in the next section, a
MST and a CT using the same newspaper article as root have been generated (see figure
2). The textual root deals with a football game broadcast in so called pay tv. In figure (2)
each textual node is represented by title and topic category as found in the newspaper. Al-
though both trees start with content related units, the MST rapidly diversifies thematically.
Furthermore, no text dealing with the broadcast topic is found in the outline of the MST.
In contrast to this, the CT comprises two thematically homogeneous branches: one of it
comprises texts dealing with football, whereas the other covers texts dealing with football
broadcasting rights. According to this example CTs seem to be more adequate for model-
ing higher level structures of thematic progression than MSTs. Whether this judgment is
persistent has to be shown by systematic evaluation.

3 Evaluation

In order to evaluate the concepts introduced so far, a semantic space of about 2,000 lexical
dimensions was computed using a text corpus C' of 502 texts (of the Stiddeutsche Zeitung)
following the procedure described in [9] and [8]: (i) Syntagmatic regularities of words a,b €
W, |W| =n, in C are measured with the help of a correlation coefficient. The correlations
are used to map words onto corpus points as elements of the so called corpus space C CR™. (ii)
Dissimilarities of syntagmatic regularities are mapped by an Euclidian metric § operating on
C. The resulting distance values are used to generate a so called semantic space S CRR™. Each
word a; € W is mapped onto a meaning point §; = (s, ..., Sin) € S with coordinate values
sij = 1—=6(6;,¢;)/(2y/n) € [0, 1], where ¢, ¢; are the corpus points of lexemes a;,a; € W. (iii)



Mun braucht der FC Bayern einen Auswarts-Sieg [Sports] Mun braucht der FC Bapern einen Auswars-Sieg [Sports]

B~ Klinsmann erlost die Bayem in letzter Minute [Sparts] Bl Klinsmann erast die Bapern in letzter Minute [Sports]
B- Tapferer Optimizmus nach dem Spektakel [Sports] B T apterer Optimizmus nach dem Spekiakel [Sports]
Miinchner Geschenke zu Gladbachs Osterfest [Sports] El- Miinchner Geschenke zu Gladbachs Osterfest [Sports]
B- Schaumschlager im Superschlager [Sports] B- Schaumschlager im Superschlager [Sports]
Ansturm auf die Klagemaver [Sports] - nzturm auf die Klagemauer [Sports]
El- Erst Badener Lisd, dann Purkt fiir 1880 Miinchen [Sparts] E| Erst Badener Lied, dann Punkt fur 1860 Minchen [Sports]
Bl Keine Fartschiitte im Flackenwitbel [Sports] B 1:1 bei Feyenoord Rotterdam [5ports]
- 1860 und die Mot mit den steigenden Anspriichen [Sports] Bl Mehmet Schall (FC Bayem] [Sparts]
E| “wirklich kein Anlal zu eitlem Planspiel [Sports] B Keine Fortschritte im Flockernwirel [Sports]
§ OB Im Landeanflug auf den Minchner Flughafen [Bavarial B Wirklich kein Anlaf zu eitlem Planspiel [Sports]
- Magzenkarambolagen legen Verkehr lahm [Bavaria) - 1860 und die Nat mit den steigenden Anzpriichen [Sports]
i Borugsia Dortmund [Sports] -- Borussia Dortmund [Sports]
El- Meister Liber Meierz Datenbank, [Sports] -- M azzenkarambolagen legen Verkehr lahm [Bavaria]
- Peter Meururer last Stefan Engels ab [Sports] (- Meister Liber Meiers Datenbank. [Sportg]
- Preisschiefen ohne Torjgger [Sports] B Taktk des Tauschens [Media]
B Stalt Yertrag bekommt Kirbel den Abschied [Sports] BI- Premiere will auch die Champions League [Media]
Die Eishockeyfans walen Haie und kregen Hasenflife [Sports] Bl Das neue Femsehen macht emst: Bayern-tatch in Barcelona nur gegen Bezahlung [Media)
Bl Nilssons Geduld fuhrt die DEG zuriick 2ur Meisterschaft [Sports] B "wir sind nur der Yorreiter [Media]
Die Bullen rennen alles ber den Haufen [Sports] Bl ORF kautt Bayern-Riickspiel [Media]
- PC-Spieltips fir Manager [Job] Bapein in Barcelona - live fir alle? [Media]

Figure 2: The MST (left) and CT (right) of the text sample.

Finally, texts are mapped onto & by means of a weighted mean of meaning points assigned
to their lexical constituents: Tr = 3 g cw(s,) Wik € S is the meaning point of text z € C,
W (zy) is the set of all types of all tokens in zj, and wy, is a bias having the same function
as the tfidf-scores in information retrieval. In linguistic terms, lexical meaning points model
paradigmatic usage regularities, whereas textual meaning points model lexical cohesion. As
a result of mapping texts onto S, they can be compared regarding the similarity of their
lexical organization. This kind of similarity is modeled with the help of a measure o based
on the Euclidean metric 6: o(Z, ) = 1 — §(Z,§)/M(0). The more similar the paradigmatic
usage regularities of the lexical constituents of two texts, the shorter the distance of their
meaning points, the more similar the texts.

Next, (S,0) is used to derive a weighted graph (C, F,w) according to definition (1).
For each text x € C seven types of trees are computed: besides MSTs, DTs, and CTs, so
called maximal degree trees (MDT), maximal height trees (MHT), random predecessor trees
(RPT), and random successor trees (RST). For vertex set V = C, |V| = m, the MDT of
x € C is a tree with m — 1 leafs, whereas the MHT is a tree of height m — 1 with only one
leaf, where the nodes are inserted according to the chain induced by <,. An RPT using
xz € C as its root is a tree, in which nodes v € V'\ {z} are inserted according <,, but where
the predecessor of v is randomly chosen under the nodes already inserted. An RST is a tree
with root x € C, where the successors and their predecessors are randomly chosen. Whereas
MDTs and MHTs model simple list structures of minimal and maximal height, RPTs and
RSTs are randomly organized. Both classes of trees are used to evaluate CTs. As a result,
3514 different trees were automatically computed and compared regarding their cohesion.

The literature discusses several measures for evaluating weighted trees. The weighted
length, which is always minimized by MSTs, cannot serve as a measure for the cohesion
of trees, since it only considers directly linked nodes and therefore runs the risk to ignore
dependencies of indirectly linked units. Furthermore, the weighted path length used in the
area of binary search trees cannot be applied either, because it only considers leafs and their
heights without evaluating inner nodes. In the following, a measure is developed based on
three premises: (i) In order to account for cohesion of trees, the measure has to consider
dependencies of directly as well as indirectly linked nodes. Thus, paths (and not pairs of
nodes or leafs as in case of the weighted length and path length, respectively) are used as the
fundamental unit for measuring cohesion: the more similar the nodes of a path-—regardless



of their order—, the more cohesive the path. (ii) The cohesion of a tree is a function of the
cohesion of its paths. (iii) MDTs as well as MHTs assume low cohesion scores: as a result of
their structural simplicity, they correspond to simple lists. Premise (i) guarantees that the
criterion used for constructing cohesion trees is not used for their evaluative comparison with
other trees, since it abstracts from path order. A measure, which takes these constraints
into account, looks as follows: Let D(x) = (V, £, v) be a tree with root z and P the set of all
paths in D(z) with start vertex = and end vertex y € L(D(x)), where L(D(z)) is the set of
all leafs of D(x). The cohesion of a path P, ,, = (v1,...,v;) € P is a function of the average
distance of its constituent nodes: the less this distance, the more similar the nodes according
to o, the more cohesive this path. Thus, the cohesion score of path P, ,, is computed as:

§(Pom) =1 =3 > M(9)7'0(ui, vj) (1)

i=1 j=i+1
where n is the dimension of the underlying semantic space and A\ = ﬁ is a scaling factor,
which causes that £(P,,,,) €[0,1]. In order to prevent that the MDT (with shortest possible
paths) induced by z is assigned the highest cohesion score, the sum is scaled by the number of
all distances in the path. Finally, a cohesion value for the whole tree is derived by summing

the cohesion scores of all its paths:

1
r(D(x)) = 7 2 &(P) € [0,1] (2)
PeP
where [ = |L(D(x))| is the number of leafs in D(z). Now, the sum is scaled in order to

prevent that the corresponding MHT induced by x is assigned the highest cohesion score.
In table (1), the cohesion scores (3 k(D)) are summarized for each of the tree types and
all instances in the test corpus. Average maximum degrees (D), average (maximum) height
(H), and the sums of weighted lengths 3 £(x) are shown. The values are interpreted as
follows: MSTs are of shortest length, thereby reaching high cohesion scores. DT's are longer,
have a comparable average maximum degree, but are much flatter than MSTs. At the same
time, they achieve a higher cohesion score. CTs are deeper than DTs, but flatter than
MST. They are longer than DTs and have a low average maximum degree. But CTs realize
the highest cohesion score. This result is even more obvious if the scores for each text are
compared in isolation: in 494 cases, C'Ts realize the highest score under all tree types. Thus,
in the absolute majority of test cases C'Ts improve the cohesion of their paths compared to
all other tree types. Finally, RPTs and RSTs have low cohesion scores, whereas MHTs and
MDTs are of lowest cohesion. Thus, even randomly organized trees realize a higher cohesion
score than these list-like structures. The case of RPTs shows that even if the predecessor
of a node is chosen by chance, to hierarchically organize texts leads to more cohesive paths
than to list them — the predominant procedure for organizing search results in Internet.

4 Conclusion

A scheme for hierarchical analysis of text similarities and two of its instances were described.
Besides DTs, CTs have been introduced as an alternative to lists, cluster analysis and asso-
ciative MSTs. The scheme is based on order relations, which were linguistically interpreted
using the concept of priming. Future work aims at an algebra of tree-like interpretation
structures and the replacement of lists as a basis for organizing search results in Internet.



Type| D| H|Y L(z) | X x(D) | rank |
MDT | 501 1| 9765.7 3446 | 7

MHT 1] 501 | 8321.5 344.6 6
RST | 284 | 11.4 | 9796.6 345.2 )
RPT | 27.7 | 10.9 | 8474.5 385.2 4
MST 8 | 35.6 | 3454.0 407.0 3
DT 7.8 | 22.1 | 3551.6 410.0 2

1

CT 5.7 | 31.5 | 3678.7 413.8

Table 1: Results for the text corpus.
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