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Abstract

This paper proposes a novel method, referred to as ParGenFS, for finding a most
specific generalization of a query set represented by a fuzzy set of topics assigned
to leaves of the rooted tree of a taxonomy. The query set is generalized by “lifting”
it to one or more “head subjects” in the higher ranks of the taxonomy. The head
subjects should cover the query set, with the possible addition of some “gaps”,
taxonomy nodes covered by the head subject but irrelevant to the query set. To
decrease the numbers of gaps, we admit some “offshoots”, nodes belonging to the
query set but not covered by the head subject. The method globally minimizes
the total number of head subjects, gaps and offshoots, each suitably weighted.
Our algorithm is applied to the structural analysis and description of a collection
of 17685 abstracts of research papers published in 17 Springer journals related to
Data Science for the 20-year period 1998-2017. Our taxonomy of Data Science
(TDS) is extracted from the Association for Computing Machinery Computing
Classification System 2012 (ACM-CCS), a six-level hierarchical taxonomy manu-
ally developed by a team of ACM experts. The TDS also includes a number of
additional leaves that we added to cater for recent developments not represented
in the ACM-CCS taxonomy. We find fuzzy clusters of leaf topics over the text
collection, using specially developed machinery. Three of the clusters are indeed
thematic, relating to the Data Science sub-areas of (a) learning, (b) information
retrieval, and (c) clustering. These three clusters are then lifted in the TDS using
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ParGenFS, which allows us to draw some conclusions about tendencies in devel-
opments in these areas.

Keywords: hierarchical taxonomy, parsimony, generalization, additive fuzzy
cluster, spectral clustering, annotated suffix tree

1. Introduction

The issue of the automation of structuring and interpretation of digital text
collections is of ever-growing importance because of both practical needs and theo-
retical necessity. This paper concerns an aspect of this, the issue of generalization
as a unique feature of human cognitive abilities. Among various meanings of the
term, we focus on two definitions from the Merriam-Webster dictionary: the verb
“generalize” means “to give a general form to” (1) or “to derive or induce (a
general conception or principle) from particulars” (2a) (see [23]).

The existing approaches to computational analysis of structure of text collec-
tions do not usually involve generalization as a specific goal. The most popular
tools for structuring text collections are clustering and topic modelling. Both op-
erate with features at the same level of granularity as individual words or short
phrases in the texts, and thus do not have generalization as an explicitly stated
goal.

Nevertheless, publications on text analysis frequently point to the hierarchical
nature of the universe of concepts and meanings, thus somehow involving general-
ization. One can distinguish between at least three directions in which the matter
of generalization is addressed, be it more or less explicitly:

(i) Activities related to developing taxonomies, especially those involving what
are referred to in linguistics as hyponymy/hypernymy relations: a hyponym
is a concept whose semantic field is part of the semantic field of another
concept, its hypernym (see, for example, [38,39,44], and references therein).
A recent paper [41] should also be mentioned here, as it is devoted to sup-
plementing a taxonomy with newly emerging research topics.

(ii) Conventional activities in text summarization. Usually, summaries are cre-
ated using a rather mechanistic approach of sentence extraction. There is,
however, also an approach for building summaries as abstractions of texts by
combining some templates such as Subject-Verb-Object (SVO) triplets (see,
for example, [21, 30]).

(iii) “Operational” generalization. This refers to using generalized case descrip-
tions involving taxonomic relations between generalized states and their parts
to achieve tangible goals, such as improving the characteristics of text re-
trieval (see, for example, [29] and [42].)
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We, however, neither develop nor change taxonomies. Rather, we use a tax-
onomy for straightforwardly deriving a general conception within the taxonomy
from particulars that are also parts of the taxonomy, although of a greater granu-
larity. We assume that a straightforward medium for such a derivation, a rooted
tree of a taxonomy of the field, is available. The tree represents a main hy-
ponymic/hypernymic relation in the domain, so that an A-tagged node is the
parent of a B-tagged node if the relation “B is an A” is true. We are concerned
with a case in which we wish to generalize a fuzzy set of leaves of the taxonomy
that represent the essence of some empirically observed phenomenon. Specifically,
one may be interested in patterns of novel research in a domain like Data Science,
a newly emerging area of Computer Science. The most popular Computer Science
taxonomy was manually developed by the world-wide Association for Computing
Machinery, an authoritative representative body in the field. The latest release of
this taxonomy was published in 2012 as the ACM Computing Classification Sys-
tem (ACM-CCS) [1]. We consider the part related to Data Science, in a slightly
modified form obtained by adding in a few leaves, as described in [13]; see also a
somewhat reduced version in [27].

Information on research being conducted in Data Science is taken from a col-
lection of research papers published relatively recently in a number of journals
representative of the domain of our concern. We extract tight clusters of ACM-
CCS topics using the papers in the collection, each representing core tendencies of
the development of the domain as reflected in the collection. It should be expected
that the clusters are fuzzy, in accordance with the fuzzy nature of semantics. We
are interested in finding a most appropriate generalization of such a cluster, fol-
lowing an approach illustrated in Figure 1(a).

Figure 1: A taxonomy fragment with black boxes corresponding to a query set; a straightforward
case (a) and a more complex case (b).

Figure 1(a) depicts a fragment of a taxonomy, with a query represented by
a leaf cluster comprising all the children of the parental node A. Of course, the
taxonomy concept assigned to A is a most natural generalization of the cluster,
in this case suggesting an interpretation of the cluster as all those topics that fall
in the concept A. We then extend this approach to generalize less obvious cases,
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such as that in Figure 1(b), and consider how this approach can be applied to
real-world scenarios.

The rest of the paper is organized accordingly. In Section 2, we present a
mathematical formalization of the generalization problem as one of parsimoniously
lifting a fuzzy set of leaves representing a given query to higher ranks of the
taxonomy. We then provide a recursive algorithm that finds a globally optimal
solution to the problem. In Section 3, we describe an application of this approach
to deriving tendencies in the development of Data Science; these are discerned from
the abstracts of the 17685 research papers published over a recent 20-year period in
17 Springer journals related to Data Science. After a brief description of the state
of the art in the analysis of research papers, we describe our approach to finding
and generalizing fuzzy clusters of research topics. Specifically, the taxonomy of
Data Science (TDS) used in this paper is presented in subsection 3.2.2; a method
for developing a matrix of topic-to-paper relevance values based on automated
processing of the text collection is described in subsection 3.2.3; in subsections
3.2.4, 3.2.5 and 3.2.6, we describe a spectral method for finding fuzzy clusters of
research topics from TDS using relevance and co-relevance data; the three most
homogeneous of six fuzzy clusters found are presented in section 3.2.7; in subsection
3.2.8, we present the results of lifting these clusters in the TDS taxonomy; then, in
subsection 3.2.9, we present our conclusions on the tendencies in the development
of the corresponding parts of Data Science suggested by the lifting results. Section
4 concludes the paper.

2. Parsimoniously lifting a fuzzy leaf set in a taxonomy: model and
method

2.1. Statement of the problem

Mathematically, a taxonomy is a rooted tree whose nodes are annotated by
taxonomy topics.

We consider the following problem. Given a fuzzy set S of taxonomy leaves,
find a node h(S) of higher rank in the taxonomy that covers the set S as tightly
as possible. Such a “lifting” problem is a mathematical analogue of the human
facility for generalization, that is, “the process of forming a conceptual form” of a
phenomenon represented, in this case, by a fuzzy subset of leaves.

The problem is not as simple as it may seem to be. Consider, for the sake of
simplicity, a crisp set S represented by the five black box leaves on the fragment
of a tree shown in Figure 1(b). Figure 2 illustrates the situation in which the set
of black box leaves is lifted to the root, which is shown by blackening the box at
the root, and also its children. If we accept that set S may be generalized by the
head subject at the root, this would lead to a number of white boxes (here four)
being covered by the root, and thus being included in the same concept as S, even
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though they do not belong in S. In such a situation, these (four) nodes will be
referred to as gaps. Any gap should incur a “penalty”, as well as there being a
“charge” for any introduced head subject. Altogether, the number of conceptual
elements introduced to generalize S here is one head subject, that is, the root
to which we have assigned S, and the four resulting gaps. An alternative lifting
decision is illustrated in Figure 3: here the set S is lifted just to the root of the left
branch of the tree. We can see that the number of gaps has drastically decreased
to just one. However, another anomaly has emerged: a black box leaf on the right,
a node belonging to S but not covered by the root of the left branch to which
the set S is mapped. This type of error will be referred to as an offshoot. With
this lifting, only three items emerge: one head subject, one offshoot, and one gap.
This is fewer than the number of items introduced by lifting S to the root of the
tree (viz. five, one head subject and four gaps), which appears to make the former
preferable. Of course, this conclusion is only valid if the weight of an offshoot is
less than the total weight of three gaps.

Therefore, when lifting a leaf set to higher ranks in the taxonomy, there may
emerge two types of errors: gaps and offshoots. These are completely determined
by the choice of head subject. If one likens assigning a general concept to the
process of classification, then gaps correspond to false positives and offshoots to
false negatives.

The goal of finding a most appropriate generalization for S within the taxonomy
can be formalized as that of finding one or more head subjects that cover S with the
minimum number of elements introduced, viz. head subjects, gaps and offshoots.
This goal realizes the principle of Maximum Parsimony (MP) in describing the
phenomenon in question. This principle expresses a general idea, called Occam’s
razor, that the simplest explanation of the observations should be preferred [33].

Consider a rooted tree T representing a hierarchical taxonomy in which the
nodes are annotated with key phrases signifying various concepts. We denote
the set of its leaves by I. The relationship between nodes in the hierarchy is
conventionally expressed using genealogical terms: each node t ∈ T is said to be
the parent of the nodes immediately descending from t in T , its children. We use
χ(t) to denote the set of children of t. Each interior node t ∈ T − I is assumed
to correspond to a concept that generalizes the topics corresponding to the leaves
I(t) descending from t, viz. the leaves of the subtree T (t) rooted at t, which is
conventionally referred to as the leaf cluster of t.

A fuzzy set on I is a mapping u from I to the non-negative real numbers that
assigns a membership value u(i) to each i ∈ I. We refer to the set Su ⊆ I, where
Su = {i ∈ I : u(i) > 0}, as the base of u. In general, no other assumptions are
made about the function u, other than, for convenience, commonly limiting it to
not exceed unity. Conventional, or crisp, sets correspond to binary membership

5



functions u such that u(i) = 1 if i ∈ Su and u(i) = 0 otherwise.
Given a fuzzy query set u defined on the leaves I of the tree T , one can consider

u to be a (possibly noisy) projection of a higher rank concept, u’s “head subject”,
onto the corresponding leaf cluster. Under this assumption, there should exist a
head subject node h among the interior nodes of the tree T such that its leaf cluster
I(h) more or less coincides (up to small errors) with Su. This head subject is the
generalization of u that we seek. The two types of possible errors associated with
the head subject, if it does not cover the base precisely, are false positives and false
negatives, referred to in this paper as gaps and offshoots, respectively; these are
illustrated in Figures 2 and 3. We are interested in finding such a generalization of
a given fuzzy u in which the total number of head subjects, gaps and offshoots is
as small as possible. To this end, we introduce penalties for each of these elements.
Assuming, for the sake of simplicity, that the black box leaves in Figure 1(b) have
membership values equal to unity, one can easily see that the total penalty when
the head subject is raised to the root (Figure 2) is equal to 1 + 4λ, where 1 is the
penalty for a head subject and λ is the penalty for a gap, since the lift in Figure 2
involves one head subject, the root, and four gaps, the white box leaves. Similarly,
the penalty for the lift to the root of the left-hand subtree (Figure 3) is equal to
1 + γ + λ, where γ is the penalty for an offshoot, as there is exactly one head
subject, one gap and one offshoot in Figure 3. Therefore, depending on the values
of γ and λ, either the lift in Figure 2 or that in Figure 3 should be chosen. This
will be the former if 3λ < γ, or the latter otherwise.

Figure 2: Generalization of the query set from Figure 1(b) by mapping it to the root, at the cost
of four gaps.

To properly define the concept of gap in general, let us first consider u-irrelevant
nodes in the tree T . A node t ∈ T is referred to as u-irrelevant if its leaf-cluster
I(t) is disjoint from the base Su. In other words, a node is u-irrelevant if all of its
descendants are u-irrelevant too.

Consider a candidate head subject node h in T . As mentioned above, estab-
lishing node h as a head subject can be considered as a gain of the meaning of u
at the node. An h-gap is a node g of T (h), other than h, at which a loss of the
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Figure 3: Generalization of the query set from Figure 1(b) by mapping it to the root of the left
branch, at the cost of one gap and one offshoot.

meaning has occurred, that is, g is a maximal u-irrelevant node in the sense that
its parent is not u-irrelevant. The set of all h-gaps will be denoted by G(h).

An h-offshoot is a leaf i ∈ Su that is not covered by h, i.e., i /∈ I(h). The set
of all h-offshoots is Su − I(h).

Some fuzzy topic sets u may refer to general concepts widely dispersed in the
taxonomy. In such a case, defining just one head subject may be insufficient.
Therefore, we permit cases in which two or more head subjects are needed to
cover Su accurately.

The concepts introduced motivate the following definition.
Given a fuzzy topic set u on I, a set of nodes H will be referred to as a u-cover

if: (a) H covers Su, that is, Su ⊆
⋃
h∈H I(h), and (b) the nodes in H are unrelated,

i.e. I(h) ∩ I(h′) = ∅ for all h, h′ ∈ H such that h 6= h′. The interior nodes of H
will be referred to as head subjects and the leaf nodes as offshoots, so the set of
offshoots in H is H ∩ I. The set of gaps in H is the union of G(h) over all head
subjects h ∈ H − I.

We associate a penalty with any u-cover H that takes into account the rela-
tive importance of head subjects, gaps and offshoots, using the following penalty
weights: 1 for a head subject, λ for a gap, and γ for an offshoot.

To properly define the overall penalty, we extend the u-membership values from
I to all the nodes in T . The algorithm ParGenFS (Parsimonious Generalization
of Fuzzy Sets) for finding a parsimonious generalization of u, which we describe
below, does not depend on the way the u-values are assigned, so any extension of
the membership values to u(t) for t ∈ T − I is acceptable, provided the value of
u(t) is zero for all u-irrelevant nodes t.

Although every gap is assigned with a membership value of zero, we may
consider some gaps more important than others, depending on the membership
values assigned to their parents. A gap is less significant if its parent’s membership
value is smaller. Therefore, a measure v(g) of “gap importance” should also be
defined and be reflected in the penalty function. We assume here that the gap
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importance v(g) of a gap g is u(par(g)), where par(g) is the parent of g.
The penalty function p(H) for a u-cover H is then defined by:

p(H) =
∑

h∈H−I

u(h) +
∑

h∈H−I

∑
g∈G(h)

λv(g) +
∑
h∈H∩I

γu(h). (1)

These concepts are illustrated in Fig. 4.

Figure 4: Illustration of concepts related to fuzzy leaf sets in a taxonomy: (a) taxonomy T with
seven leaves A1, A2, A3, A4, B1, B2, B3 of which four, A1, A2, B1, B2 have positive membership
values presented below in thousandths; they are normalized so that their squares total to unity;
(b) T after extending the membership values to the interior nodes A, B, and Root with the same
normalization: the sum of the squares of the membership values of the nodes at the same level
of the hierarchy is unity; (c) summary gap importance values V (·).

Figure 4(a) presents a taxonomy with two interior nodes A and B, as well as
the root, with a fuzzy query set u defined on the leaves. The membership values
are given in thousandths and are normalized so that the sum of the squares of
the membership values is unity (up to an admissible error). The normalization
accords with the quadratic normalization of fuzzy clusters used in the algorithm
FADDIS (described later, see section 3.2.4). Figure 4(b) extends the membership
values to the interior nodes, so that 106 at A and 994 at B are close to the square
roots of the sum of the squares of the membership values of the leaves covered by
the corresponding node; i.e.,

√
1052 + 112 ≈ 106 and

√
8432 + 5272 ≈ 994. Figure

4(c) takes account of the gap importance values v(t) and shows the summary gap
importances at the interior nodes. Specifically, each potential gap g in function

8



(1) gets a v-value coinciding with the membership value of its parent: v(A3) =
v(A4) = 106, v(B3) = 994. The V -value at a parental node t is calculated as
the sum of the v-values of the gap leaves in I(t). We consider this value as the
summary gap importance at t, and denote it by V (t); so V (A) = 106 + 106 = 212,
V (B) = 994, and V (Root) = 212 + 994 = 1206.

2.2. Algorithm ParGenFS for finding a most specific generalization

Here we propose an algorithm for finding a u-cover H that globally minimizes
the penalty p(H). Such a u-cover will be a parsimonious generalization of the
query set u.

Our algorithm is applied to the taxonomy tree after it has been preprocessed
by pruning from it all non-maximal u-irrelevant nodes, i.e. descendants of gaps.
Simultaneously, the sets of gaps G(t) and the summary gap importance values,
V (t) =

∑
g∈G(t) v(g) in formula (1), can be computed for each interior node t. We

note that the elements of Su are in the leaf set of the pruned tree, and the other
leaves of the pruned tree are precisely the gaps.

We assume that the tree T has already been pruned and that all of its nodes
are annotated with the membership values u(t). The sets G(t), together with the
gap importance values v(t) and V (t), are assigned as described above. This is
shown for the example in Figure 5 in the next subsection.

We can now apply our lifting algorithm ParGenFS. For each node t, the algo-
rithm ParGenFS computes two sets, H(t) and L(t), containing those nodes in T (t)
at which gains and losses, respectively, of head subjects occur (including offshoots).
The associated penalty p(t) is computed as described below.

An assumption of the algorithm is that no gain can happen after a loss, which
is a consequence of the fact that all of the descendants of a gap are u-irrelevant.
Therefore, H(t) and L(t) are defined assuming that the head subject has not
been gained (nor therefore lost) at any of t’s ancestors. The algorithm ParGenFS
recursively computes H(t), L(t) and p(t) for each node t from the corresponding
values for its children, the nodes in χ(t).

Specifically, for each leaf node i that is not in Su, we set both L(i) and H(i) to
be empty and the penalty p(t) to be zero. For each leaf node i ∈ Su, we set L(i)
to be empty, H(i) to be the set {i} containing just the leaf node, and the penalty
p(i) to be γui.

To compute L(t) and H(t) for any interior node t, we distinguish between two
possible cases: (a) when the head subject has been gained at t, and (b) when the
head subject has not been gained at t.

In case (a), the sets H(·) and L(·) at its children are not needed. In this case,

9



H(t), L(t) and p(t) are defined by:

H(t) = {t}
L(t) = G(t)

p(t) = u(t) + λV (t).

(2)

In case (b), the sets H(t) and L(t) are just the unions of the corresponding
sets for its children, and p(t) is the sum of their penalties:

H(t) =
⋃

w∈χ(t)

H(w)

L(t) =
⋃

w∈χ(t)

L(w)

p(t) =
∑
w∈χ(t)

p(w).

(3)

To obtain a parsimonious lift, whichever case gives the smaller value of p(t) is
chosen. When both cases give the same values for p(t), we may choose arbitrarily
– in the formulation of the algorithm below, we always choose (a). The output
of the algorithm consists of the values at the root, namely, H – the set of head
subjects and offshoots, L – the set of gaps, and p – the associated penalty.

Algorithm ParGenFS

• INPUT: u, T

• OUTPUT: H = H(Root), L = L(Root), p = p(Root)

I Base Case

for each leaf i ∈ I
L(i) = �
if u(i) > 0

H(i) = {i}
p(i) = γu(i)

else

H(i) = �
p(i) = 0
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II Recursion

pgain = u(t) + λV (t)

pnogain =
∑

w∈χ(t) p(w)

if pgain ≤ pnogain

H(t) = {t}
L(t) = G(t)

p(t) = pgain

else

H(t) =
⋃
w∈χ(t)H(w)

L(t) =
⋃
w∈χ(t) L(w)

p(t) = pnogain

It is not difficult to see that the algorithm ParGenFS does lead to an optimal
lifting, as is shown in the following theorem.

Theorem 1. Any u-cover H found by the algorithm ParGenFS is a (global) min-
imizer of the penalty p(Root).

Proof of Theorem 1. We prove this result by induction on the number of nodes
n in the tree. If n = 1, there is only one node i and, in the Base Case of ParGenFS,
the definition of the sets H(i) and L(i) is such that the only possible non-empty
set is H(i) = {i}, when i ∈ Su. The penalty in this case is γu(i), which is clearly
the correct minimum penalty. When i /∈ Su, the penalty is obviously zero.

Let us now assume that the statement is true for all rooted trees with fewer
than n nodes. Consider a rooted tree T (t) with n nodes, where n > 1. Each child
w of the root t is itself the root of a subtree T (w) with fewer than n nodes. So,
by the induction hypothesis, H(w) and L(w) are the optimal sets for T (w), and
p(w) is the minimal penalty.

If the head subject is not gained at t, then the optimal H- and L-sets at t
are clearly the unions of the corresponding sets for the subtrees T (w); this follows
from the additive structure of the penalty function in eqn. (1). If, however, the
head subject is gained at t, then H(t) = {t} and L(t) = G(t). Therefore, the
minimum penalty for the subtree T (t) must be the smaller of the penalty values
p(t) = u(t) +λV (t) and p(t) =

∑
w∈χ(t) p(w), as determined in the algorithm. The

result now follows by induction on n.

A few words on complexity issues. Computationally, algorithm ParGenFS is
rather straightforward. It processes each node of the taxonomy tree only once. At
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each node it computes simple arithmetic expressions and unions of node subsets,
which may take just a constant time or, at most, is proportional to the number of
nodes. Therefore, the total number of operations is bounded above by a quadratic
function of the number of leaves. We used a conventional Python 3.5 environment
for the computations. All visualizations were obtained with the help of the ETE
toolkit for Python (http://etetoolkit.org/ ).

2.3. An illustrative example

We now apply the algorithm ParGenFS to the taxonomy and query set shown
in Figure 5(a). This shows a three-level tree, whose nodes are labeled A, B, C,
A1, A2, . . . , etc., together with a fuzzy query set u having base Su = {A1, A2,
B1, B2}, and membership values as shown. The membership values are given
in thousandths for convenience of reading and are normalized according to the
quadratic condition defined later in eqn. (15).

Figure 5(b) shows the pruned tree, with the membership values extended to
all nodes and the associated summary gap importance values V (·) shown at the
non-leaf nodes.

Figure 5: (a) Illustrative taxonomy T and a fuzzy query set with membership values assigned to
leaves in thousandths; (b) T after pruning and annotating with membership values and summary
gap importance values V (·).
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Tables 1 and 2 illustrate successive steps of the algorithm ParGenFS at the
interior nodes A, B (Table 1) and the root (Table 2), with penalty weights λ =
0.2 and γ = 0.9. The computations leading to the smaller penalty values are
highlighted in boldface.

Table 1: Computational results of ParGenFS at nodes A and B of the pruned tree for the fuzzy
query set u in Figure 5; the gap and offshoot penalty weights are λ = 0.2 and γ = 0.9.

i H(i) L(i) p(i) t H(t) L(t) p(t)
A1 {A1} � 0.9× 0.105 Gain {A} {A3, A4} 0.106 + 0.2× 0.212

= 0.095 = 0.148
A2 {A2} � 0.9× 0.011 A

= 0.010
A3 � � 0 No Gain {A1,A2} � 0.095 + 0.010

= 0.105
A4 � � 0
B1 {B1} � 0.9× 0.843 Gain {B} {B3} 0.994 + 0.2×0.994

= 0.759 = 1.193
B2 {B2} � 0.9× 0.527 B

= 0.474
B3 � � 0 No Gain {B1, B2} � 0.759 + 0.474

= 1.233
C � � 0

Table 2 shows that the “No Gain” scenario at the root corresponds to the
smaller penalty value 1.298. The query set u thus leads to an optimal u-cover with
just node B being a head subject, leaving A1 and A2 as offshoots, and a gap at
B3.

Table 2: Computational results at the root for the fuzzy query set u in Figure 5, following the
computations shown in Table 1; the gap and offshoot penalty weights are λ = 0.2 and γ = 0.9.

t H(t) L(t) p(t) t H(Root) L(Root) p(Root)
A {A1, A2} � 0.105 Gain {Root} {A3, A4, B3, C} 1 + 0.2× 2.206

= 1.441
B {B} {B3} 1.193 Root No Gain {A1,A2,B} {B3} 0.105 + 1.193

= 1.298
C � � 0.00

3. Applying ParGenFS to the analysis of a collection of research papers

3.1. Analysis of research publications: state of the art

For a few past decades, the analysis of research paper collections has reached
a degree of maturity exemplified by two recent reviews related to (a) science of
science [12] and (b) science mapping [7]. These studies encompass various types of
data analysis, such as collaboration network analysis, author or paper intercitation
or co-citation data analysis, cluster-analysis of text-to-keyword tables, and text
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visualization. Most popular are data on intercitation and co-citation networks, as
well as on similarity between papers. An intercitation network is defined by links
to cited papers (or authors) forming, thus, a directed graph. A co-citation network
is a weighted undirected graph in which the weight of the link between, say, papers
i and j is determined by the number of cited papers common to both. A (content)
similarity score between papers is defined by counting common keywords or, more
rarely, by similarity between their structures (see, for instance, [2]).

A reference can be found in the literature for virtually any topic related to the
structure and content analysis of research papers. The following three directions
deserve a special mention, however: (a) general properties of citation networks,
(b) attempts at deriving taxonomies of specific domains, and (c) the analysis of
emergence and evolution of research directions and fields.

The general properties of citation networks, item (a) in the list above, typically
relate to various manifestations of power law and locally Gaussian distributions
[3, 12].

Deriving taxonomy or taxonomy-like structures from the stream of research pa-
pers, item (b) in the list above, is a subject of specific concerns because this method
of summarization of enormous flow of publications can be extremely helpful for
both individual interest and organizational planning [19, 16, 44, 37]. Manually de-
veloped taxonomies, such as the ACM-CCS [1], take enormous effort and time to
create. However, so far, no sound technology for automated taxonomy generation
has been developed.

Discovering major similarity groupings and their contents, item (c) in the list
above, potentially allows the user to see trends in the evolution of a research
domain; see, for example, [7, 18, 34] for recent results and references. Especially
interesting to us are papers like [8], in which specific thematic co-citation clusters
were found in Information Science, including some areas of our particular interest,
such as “Information retrieval”. Summarization of contents in a similarity text
grouping is being pursued by various pathways. One pathway tries to discern main
categories from the texts, as exemplified by Latent Dirichlet Allocation (LDA)
based topic modeling (see, for example, [43, 5]). Yet another pathway involves
using knowledge of the domain, usually represented by an expert-driven taxonomy
such as ACM-CCS [1] (see, for example, [17, 31]). One may say that our analysis
in this paper also follows this knowledge-driven approach.

3.2. Finding and lifting thematic fuzzy clusters over a text collection

Our analysis involves finding and generalizing fuzzy clusters of taxonomy leaf
topics. We proceed sequentially through the following stages:

• Preparing a scholarly text collection;

• Preparing a taxonomy of the domain under consideration;
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• Developing a matrix of relevance values between taxonomy leaf topics and
research publications from the collection;

• Finding fuzzy clusters according to the structure of relevance values;

• Lifting the clusters over the taxonomy by using the algorithm ParGenFS to
conceptualize them;

• Drawing conclusions from the generalizations found by ParGenFS.

Each of these stages is described in one or more of the following subsections.

3.2.1. Scholarly text collection

We have downloaded a collection of 17685 research papers, together with their
abstracts, published in 17 Springer journals related to Data Science over the 20
years, 1998–2017. We take the abstracts of these papers as a representative collec-
tion. The list of the journals is shown in Table 3. The text collection is publicly
available on GitHub, URL: https://github.com/dmitsf/ParGenFS/blob/master/
datasets/paper abstracts.zip.

Table 3: List of Springer journals related to Data Science used as the source for our text collection.
Some journals start later than 1998 because of unrelated issues.

# Title Volumes Years
1 Pattern Analysis and Applications 1–20 1998–2017
2 Journal of Mathematical Imaging and Vision 14–29 2001–2017
3 World Wide Web 1–20 1998–2017
4 Artificial Intelligence Review 22–48 2004–2017
5 Annals of Mathematics and Artificial Intelligence 23–80 1998–2017
6 Journal of Classification 15–34 1998–2017
7 Knowledge and Information Systems 1–52 1999–2017
8 Machine Learning 30–106 1998–2017
9 Swarm Intelligence 1–11 2007–2017
10 Applied Intelligence 14–47 1998–2017
11 Neural Processing Letters 7–45 1998–2017
12 Data Mining and Knowledge Discovery 2–31 1998–2017
13 Machine Vision and Applications 15–28 2004–2017
14 Social Network Analysis and Mining 1–7 2011–2017
15 International Journal on Document Analysis and Recognition 1–20 1998–2017
16 International Journal of Multimedia Information Retrieval 1–6 2012–2017
17 Pattern Recognition and Image Analysis 16–27 2006–2017
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3.2.2. TDS Taxonomy

Taxonomy is a form of knowledge engineering that is currently growing in
popularity. Best known are taxonomies such as those within the bioinformat-
ics Genome Ontology project (GO) [14], the health and medicine SNOMED CT
project [20], and the Interactive Advertising Bureau (IAB) industrial taxonomy
(see https://www.iab.com). Mathematically, a taxonomy is a rooted tree, the nodes
of which are labeled by main concepts of a domain. The tree corresponds to a re-
lation of inclusion: the fact that node A is the parent of node B means that B is
part, or a special case, of A. An important characteristic of a rooted tree is that
each node has only one parent.

There are two major approaches for developing a domain taxonomy: auto-
mated and manual. The latter currently is by far the more mature and developed.
However, even this approach suffers from deficiencies, as summarized in [40]: “Tax-
onomy design decisions regarding the used classification structures, procedures and
descriptive bases are usually not well described and motivated.” The automatic
approach can exploit a multitude of digital resources and methods for semantic
analysis. A rather comprehensive attempt is described in [40]. Our preferences,
at this moment, are for taxonomies manually established by a representative body
of specialists. Indeed, such a taxonomy does not depend on the purely empiri-
cal data utilized by automatic methods. Moreover, a manual taxonomy usually
balances the theoretical insight and practical experience accumulated in the com-
munity represented by the body issuing it. Such is the Computing Classification
System (ACM-CCS 2012) produced by the world-wide Association for Computing
Machinery [1]. The subdomain of our choice is Data Science, comprising such ar-
eas as machine learning, data mining, data analysis, etc. We take the part of the
ACM-CCS 2012 taxonomy that is related to Data Science and add a few leaves
related to more recent Data Science developments. Our taxonomy of Data Science
(TDS) is presented in full in [13], with all of its 317 leaves. The higher ranks of
the taxonomy are presented in Table 4.

3.2.3. Evaluation of relevance between texts and keyphrases

After ground-breaking discoveries of methods for automatically developing sets
of topics relevant to collections of documents [4, 5], it has become popular to
concentrate on keywords taken from the documents being analyzed. We, how-
ever, prefer using topics produced manually by committees of experts because of
the obvious advantages: comprehensiveness and stability. Therefore, our list of
keyphrases comprises the leaf topics from the TDS taxonomy. Accordingly, we
focus on the relevance between taxonomy keyphrases and the texts. The most
popular and well-established approaches to scoring keyphrase-to-document rele-
vance include the so-called vector-space approach [35] and the probabilistic text
model approach [33]. These, however, concentrate on individual words and rely
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Table 4: ACM Computing Classification System (ACM-CCS) 2012 higher rank subjects related
to Data Science.

Subject index Subject name
1. Theory of computation
1.1. Theory and algorithms for application domains
2. Mathematics of computing
2.1. Probability and statistics
3. Information systems
3.1. Data management systems
3.2. Information systems applications
3.3. World Wide Web
3.4. Information retrieval
4. Human-centered computing
4.1. Visualization
5. Computing methodologies
5.1. Artificial intelligence
5.2. Machine learning

on text pre-processing.
We utilize a method first developed by R. Pampapathi et al. [32] and subse-

quently extended by Chernyak and Mirkin [9,10]: the AST method for evaluating
keyphrase-to-text relevance scores using just string frequency information. An ad-
vantage of the method, as described by the authors, is that it requires no manual
effort, but works rather reliably.

An Annotated Suffix Tree (AST) is a weighted rooted tree used for storing text
fragments and their frequencies. To build an AST for a text string, all suffixes
from this string are extracted. The k-suffix of a string x = x1x2 . . . xN of length
N is the contiguous end fragment xk = xN−k+1xN−k+2 . . . xN . For example, the
3-suffix of the string INFORMATION is the substring ION , and ATION is
the 5-suffix. Each AST node is assigned a symbol and the so-called frequency
annotation (frequency of the substring corresponding to the path from the root to
the node, including the symbol at the node). The root node of an AST has no
symbol or annotation (see Figure 8). An algorithm for building an AST for any
given string x = x1x2 . . . xN is given below.

1. Initialize the AST T to consist of a single node, the root R.

2. Find all the suffixes of the given string: {xk = xN−k+1xN−k+2 . . . xN |k =
1, 2, . . . , N}.

3. For each suffix xk find its maximal overlap, that is, the longest path in T
from the root that coincides with a beginning fragment x̄kmax of xk, say of
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length kmax. At each node of the path for x̄kmax add 1 to the annotation. If
the length of the overlap x̄kmax is less than k, the path is extended by adding
new nodes corresponding to symbols from the remaining part of this suffix
xk. The annotations of all the new nodes are set to be 1.

To accelerate the working of the method, one should use efficient versions of
algorithms utilising suffix trees and suffix arrays (see, for example, [15]).

Having built an AST T , we can score the string-to-document relevance over
the AST. To do this, we follow [25] by computing the conditional probability p(u)
of node u in T :

p(u) =
f(u)

f(parent(u))
, (4)

where f(u) is the frequency annotation of the node u.

For the immediate offspring of the root R, the formula has the following form:

p(u) =
f(u)∑

v∈T :parent(v)=R
f(v)

. (5)

For each suffix xk of string x the relevance score s(xk, T ) is defined as:

s(xk, T ) =
1

kmax

kmax∑
i=1

p(xki ). (6)

The AST relevance score of string x and text T is defined as the mean of all
the suffix scores:

S(x, T ) =
1

N

N∑
k=1

s(xk, T ). (7)

In practical computations, we split any document into a set of strings, usually
consisting of 2 or 3 consecutive words, create an empty AST for the document and
use the above algorithm to sequentially add all these strings into the AST.

To lessen the effects of frequently occurring general terms, the scoring function
is modified by five-fold decreasing the weight of stop-words. The list of stop-words
includes: “learning”, “analysis”, “data”, “method”, and a few suffixes: “s”, “es”,
“ing”, “tion”. After an AST for a document has been built, the time complexity of
calculating the string-to-document relevance score is O(m2), where m is the length
of the query string. This does not depend on the document length, in contrast to
the popular Levenstein-distance based approaches.
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Let us build an AST, for example, for a document consisting of the single
string ‘inference’. We start with the AST being a single node (the root), split the
document into short strings and sequentially add suffixes of these strings to the
AST. In this example, we just add all the suffixes of the only string to the AST:
from ‘inference’ to ‘nference’ to ‘ference’, etc., down to ‘e’ (see Figures 6 and 7).
The final AST for the string ‘inference’ is shown in Figure 8.

Root

i [1]

n [1]

f [1]

e [1]

r [1]

e [1]

n [1]

c [1]

e [1]

Figure 6: AST for string
‘inference’: step 1.

Root

i [1] n [1]

n [1]

f [1]

e [1]

r [1]

e [1]

n [1]

c [1]

e [1]

f [1]

e [1]

r [1]

e [1]

n [1]

c [1]

e [1]

Figure 7: AST for string
‘inference’: step 2.

Let us calculate the relevance score of the string ‘fence’ for the AST in Figure
8. The string has five suffixes: ‘fence’, ‘ence’, ‘nce’, ‘ce’, ‘e’. Relevance scores for
these suffixes according to formula (6) are given in Table 5. According to formula
(7), the score for the whole string is:

S(‘fence’, T ) =
1

5
· (0.5555 + 0.6667 + 0.5740 + 0.5555 + 0.3333) ≈ 0.537.

19



Root

i [1] n [2] f [1] e [3] r [1] c [1]

n [1]

f [1]

e [1]

r [1]

e [1]

n [1]

c [1]

e [1]

f [1] c [1]

e [1]

r [1]

e [1]

n [1]

c [1]

e [1]

e [1]

r [1]

e [1]

n [1]

c [1]

e [1]

r [1] n [1]

e [1]

n [1]

c [1]

e [1]

e [1]

n [1]

c [1]

e [1]

c [1]

e [1]

e [1]

e [1]

Figure 8: Final AST for string ‘inference’.

Table 5: Computing the relevance scores for suffixes of the string ‘fence’

Suffix Match Score

‘fence’ ‘fe’ 1
2 ·
(
1
9 + 1

1

)
≈ 0.5555

‘ence’ ‘ence’ 1
4 ·
(
3
9 + 1

3 + 1
1 + 1

1

)
≈ 0.6667

‘nce’ ‘nce’ 1
3 ·
(
2
9 + 1

2 + 1
1

)
≈ 0.5740

‘ce’ ‘ce’ 1
2 ·
(
1
9 + 1

1

)
≈ 0.5555

‘e’ ‘e’ 1
1 ·
(
3
9

)
≈ 0.3333

Consider another example, the string ‘since’, which looks less similar to the
string ‘inference’ that generated the AST. The suffix scores are given in Table 6.
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For the whole string, we have:

S(‘since’, T ) =
1

5
· (0 + 0.5555 + 0.5740 + 0.5555 + 0.3333) ≈ 0.404.

Table 6: Computing the relevance scores for suffixes of string ‘since’

Suffix Match Score

‘since’ ‘’ 0

‘ince’ ‘in’ 1
2

(
1
9 + 1

1

)
≈ 0.5555

‘nce’ ‘nce’ 1
3

(
2
9 + 1

2 + 1
1

)
≈ 0.5740

‘ce’ ‘ce’ 1
2

(
1
9 + 1

1

)
≈ 0.5555

‘e’ ‘e’ 1
1

(
3
9

)
≈ 0.3333

3.2.4. Defining and computing fuzzy clusters of taxonomy topics

Clusters of topics should reflect co-occurrence of topics: the greater the number
of texts to which both topics i and i′ are relevant, the greater the inter-relation be-
tween i and i′, the greater the chance for topics i and i′ to fall in the same cluster.
We have tried several popular clustering algorithms. Unfortunately, no satisfac-
tory results have been obtained. Therefore, we present here results obtained with
the Fuzzy ADDItive Spectral clustering (FADDIS) algorithm from [26] developed
specifically for finding thematic clusters. This algorithm implements assumptions
that are relevant to the task:

LN Laplacian Pseudo-Inverse Normalization [22,26]: A similarity data transfor-
mation that models – to an extent – heat distribution and, in this way, makes
the hidden cluster structure sharper.

AA Additivity [36]: Thematic clusters behind the texts are additive, so the sim-
ilarity values are sums of the contributions from different hidden themes.

AN Non-Completeness [24]: Clusters do not necessarily cover all the keyphrases
available, as some of them may not be relevant to the text collection under
consideration.

3.2.5. Co-relevance topic-to-topic similarity scores

Given a keyphrase-to-document matrix R of relevance scores, it is converted
to a keyphrase-to-keyphrase similarity matrix A that scores the “co-relevance” of
keyphrases according to the text collection. The similarity score aii′ between topics
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i and i′ can be computed as the inner product of vectors of scores ri = (riv) and
ri′ = (ri′v) where v = 1, 2, . . . , V = 17685. The inner product is moderated by
a natural weighting factor assigned to texts in the collection. The weight of text
v is defined as the ratio of the number of topics nv relevant to it and nmax, the
maximum of nv over all v = 1, 2, . . . , V . A topic is considered relevant to v if its
relevance score is greater than 0.2 (a threshold found experimentally, see [9]). The
numbers of texts in our collection to which different numbers of topics are relevant
are shown in Table 7.

Table 7: The distribution of numbers of relevant topics in our text collection

Number of texts Number of relevant topics
1237 0
2353 1
7114 2,3, or 4
6124 5–11
857 12 or more

This topic-to-topic similarity measure has the following properties [26]:

• The similarity matrix is positive semi-definite.

• The similarity between two topics is positive if and only if there is at least
one text to which both are relevant.

• The greater the individual relevance scores, the greater the similarity.

• Given a pair of topics, the greater the set of texts to which both are relevant,
the greater the similarity.

3.2.6. Additive fuzzy spectral clustering

Let us denote the total set of leaf topics by I and assume that a fuzzy cluster
on I is represented by a fuzzy membership vector ~u = (ui), such that 0 ≤ ui ≤ 1
for all i ∈ I, together with an intensity µ > 0, a scale parameter that relates the
membership scores to the similarity scores. For a set of research topics I and a
membership vector ~u = (ui), representing a semantic substructure of the corpus
of research papers under consideration, the product (µui)(µui′) = µ2uiui′ can be
considered as the contribution of the research direction represented by the cluster
under consideration to the total similarity score aii′ between topics i and i′. In the
additive fuzzy clustering model in [26], the entries in the topic-to-topic similarity
matrix A can be considered as resulting from additive contributions of K fuzzy
clusters, up to small errors that are to be minimized:

aii′ =
K∑
k=1

µ2
kukiuki′ + eii′ , (8)

22



where ~uk = (uki) is the membership vector of cluster k and µk is its intensity.
These assumptions require that clusters are extracted according to an additive
model. The method developed in [26], Fuzzy ADDItive Spectral (FADDIS), finds
clusters in eqn. (8) one-by-one, which accords with the assumptions above. Some
theoretical and experimental computation results in [26] demonstrate that FADDIS
is competitive with popular fuzzy clustering approaches.

A fuzzy cluster (~u, µ) is extracted to minimize the one-cluster least-squares
criterion

E =
∑
i,i′∈I

(wii′ − ξuiui′)2 (9)

with respect to unknown positive ξ = µ2 and fuzzy membership vector ~u = (ui),
for a given similarity matrix W = (wii′).

Initially, W = A. Then the matrix W is changed by subtracting from it that
part of the similarities that is accounted for by the found cluster: W ← W−µ2~u~uT ,
where µ and ~u are the intensity and membership vector of the cluster, respectively.

In this way, A is additively decomposed in accordance with the model (8) in
a step-by-step fashion; so the number of clusters K can be determined during the
process. The first-order optimality condition for the criterion E in eqn. (9) states
that an optimal ξ satisfies:

ξ =

∑
i,i′∈I wii′uiui′∑
i∈I u

2
i

∑
i′∈I u

2
i′
,

or, in matrix terms,

ξ =
~uTW~u

(~uT~u)2
. (10)

By substituting this value of ξ into eqn. (9), we obtain

E = S(W )− ξ2
(
~uT~u

)2
,

where S(W ) =
∑

i,i′∈I w
2
ii′ is the similarity data scatter. Denoting the last term

by G(~u), we have

G(~u) = ξ2
(
~uT~u

)2
=

(
~uTW~u

~uT~u

)2

. (11)

This provides for a decomposition of the similarity data scatter into explained and
unexplained parts, according to the equation above:

S(W ) = G(~u) + E. (12)

Therefore, to minimize E, one has to maximize G(~u) in eqn. (11), or equivalently
its square root:

g(~u) = ξ~uT~u =
~uTW~u

~uT~u
. (13)
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The value g(~u) in eqn. (13) is the so-called Rayleigh quotient, whose maximum is
the maximum eigenvalue of W reached at the corresponding eigenvector. This re-
calls the celebrated spectral clustering approach (see a tutorial in [22]). According
to this approach, one first solves the unconstrained problem of maximizing g(~u)
with respect to any ~u, to obtain the normalized eigenvector ~z corresponding to
the maximum eigenvalue of W . Then its projection ~u onto the set of non-negative
fuzzy membership vectors is found:

ui =

{
0, if zi ≤ 0;

zi, if 0 < zi ≤ 1.
(14)

As the criterion in eqn. (13) involves division by the squared Euclidean norm of
~u, the Euclidean normalization condition is most natural and the extracted cluster
~u is normalized accordingly, so that

~uT~u = 1. (15)

The process of extracting fuzzy clusters one-by-one stops when any of the
following conditions is satisfied:

1. The value of ξ given by eqn. (10) at the current step is negative.

2. The contribution of the last extracted cluster is too low. For example, a
cluster should contribute at least as much as an average entity, so that the
threshold 1/N should be considered a well-defined conservative value for the
threshold.

3. The residual scatter E becomes smaller than, say, 5% of the original simi-
larity data scatter.

4. A pre-specified number Kmax of clusters have been extracted.

To make the hidden cluster structure in similarity data sharper, we apply the
so-called Laplacian normalization [22]. This normalization is usually applied with
the so-called minimum normalized cut criterion and thus involves the minimum
eigenvalue, whereas FADDIS uses the maximum one. This is why this normaliza-
tion is modified in [26] to involve the inverse eigenvalues. Specifically, the so-called
Laplacian pseudo-inverse transformation (Lapin, in short) is applied. Given a sim-
ilarity matrix W , the N × N diagonal matrix D is computed, with (i, i)-th entry
equal to di =

∑
i′∈I wii′ , the sum of row i of W , and the Laplacian is defined as

Ln = I−D−1/2WD−1/2. Then the Laplace Pseudo INverse transformation (Lapin)
is defined as

L+
n = ZΛ̃−1ZT ,

where Z is the matrix of eigenvectors corresponding to non-zero eigenvalues, from
the spectral decomposition Ln = ZΛZT , and the diagonal matrix Λ̃−1 is obtained
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from Λ by removing zero eigenvalues and replacing each non-zero eigenvalue λ by
1/λ. Lastly, the eigenvector corresponding to the maximum eigenvalue of L+

n is
taken to generate the fuzzy cluster for the model (9).

3.2.7. FADDIS thematic clusters

After computing the 317 × 317 topic-to-topic co-relevance matrix, converting
it to a topic-to-topic Lapin transformed similarity matrix, and applying FADDIS
clustering, we sequentially obtained 6 clusters, of which three clusters seem espe-
cially homogeneous, as can be seen from the lists of most represented topics in
these clusters, which are shown in Tables 8, 9 and 10. We denote the clusters
using the letters L (Learning), R (Retrieval) and C (Clustering).

Table 8: Cluster L (Learning): topics with membership values greater than 0.15

u(t) Code Topic
0.300 5.2.3.8. rule learning
0.282 5.2.2.1. batch learning
0.276 5.2.1.1.2. learning to rank
0.217 1.1.1.11. query learning
0.216 5.2.1.3.3. apprenticeship learning
0.213 1.1.1.10. models of learning
0.203 5.2.1.3.5. adversarial learning
0.202 1.1.1.14. active learning
0.192 5.2.1.4.1. transfer learning
0.192 5.2.1.4.2. lifelong machine learning
0.189 1.1.1.8. online learning theory
0.166 5.2.2.2. online learning settings
0.159 1.1.1.3. unsupervised learning and clustering
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Table 9: Cluster R (Retrieval): topics with membership values greater than 0.15

u(t) Code Topic
0.211 3.4.2.1. query representation
0.207 5.1.3.2.1. image representations
0.194 5.1.3.2.2. shape representations
0.194 5.2.3.6.2.1 tensor representation
0.191 5.2.3.3.3.2 fuzzy representation
0.187 3.1.1.5.3. data provenance
0.173 2.1.1.5. equational models
0.173 3.4.6.5. presentation of retrieval

results
0.165 5.1.3.1.3. video segmentation
0.155 5.1.3.1.2. image segmentation
0.154 3.4.5.5. sentiment analysis

Table 10: Cluster C (Clustering): topics with membership values greater than 0.15

u(t) Code Topic
0.327 3.2.1.4.7 biclustering
0.286 3.2.1.4.3 fuzzy clustering
0.248 3.2.1.4.2 consensus clustering
0.220 3.2.1.4.6 conceptual clustering
0.192 5.2.4.3.1 spectral clustering
0.187 3.2.1.4.1 massive data clustering
0.159 3.2.1.7.3 graph based conceptual

clustering
0.151 3.2.1.9.2. trajectory clustering

3.2.8. The generalization step: Lifting clusters L, R, and C within TDS

The three clusters above are lifted in the TDS taxonomy using the algorithm
ParGenFS with penalty weights λ = 0.1 and γ = 0.9. The offshoot penalty
γ = 0.9 is chosen to be slightly less than 1.0, the penalty for a head subject. The
gap penalty λ = 0.1 reflects our desire to lift a cluster to a parental node even
when the cluster membership values of the topics at the children are quite modest.
Consider, for example, a crisp cluster in which just 2 of the 10 children of a node
t are members of the cluster under consideration. Lifting the head subject to t
would create 8 gaps and cost 1 + 8 ∗ λ, giving a penalty cost of 1.8 when λ = 0.1
or 2.6 when λ = 0.2. Not lifting the two member children, but making them head
subjects themselves, leads to a penalty cost equal to 2. Therefore, in the case
when λ = 0.1, this would lead here to lifting the cluster whereas, when λ = 0.2, it
would not.
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Node shape and size:

topics that relate to the cluster

head subjects

topics that don't relate to the cluster
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topic with minor membership 0<u(t)<=0.2

topic with medium membership 0.2<u(t)<=0.4 

topic with high membership u(t)>0.4

topic with no membership (u(t)=0)

Figure 9: Lifting results for Cluster L (Learning). The gaps are numbered as in Table 11.

Another issue deserving attention is the metod of extending leaf membership
values to interior nodes of the taxonomy. Since our fuzzy clusters are found using
the FADDIS algorithm described above, the leaf membership values are normalized
according to the Euclidean norm condition in eqn. (15). This normalization is
extended to the interior leaves, as shown in the example in Figure 5 (b), where
the membership values of the interior nodes, A, B and C are 0.106, 0.994 and 0,
respectively; the square root of the sum of their squares is 0.9996 which is indeed
unity up to a small admissible error.

The results of lifting Cluster L (Learning) are shown in Figure 9. The clus-
ter has been lifted to three head subjects: Machine Learning, Machine Learning
Theory, and Learning to Rank. These head subjects reflect the structure of the
general concept “Learning” according to our text collection. The list of gaps is
less instructive, probably reflecting a relatively modest coverage of the domain by
the publications in the collection (see Table 11).
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Table 11: Gaps at the lifting of Cluster L

Number Topics
1 ranking, supervised learning by classification, structured outputs
2 sequential decision making in practice,

inverse reinforcement learning in practice
3 statistical relational learning
4 sequential decision making, inverse reinforcement learning
5 unsupervised learning
6 learning from demonstrations, kernel approach
7 classification and regression trees, kernel methods, neural networks,

learning in probabilistic graphical models, learning linear models,
factorization methods, markov decision processes, stochastic games,
learning latent representations, multiresolution, support vector machines

8 sample complexity and generalization bounds, boolean function learning,
kernel methods, boosting, bayesian analysis, inductive inference,
structured prediction, markov decision processes, regret bounds

9 machine learning algorithms

Similar comments can be made with respect to the results of lifting Cluster R
(Retrieval), which are shown in Figure 10. The two head subjects, Information
Systems and Computer Vision, reflect the structure of “Retrieval” in the set of
publications under consideration. The gaps for Cluster R are listed in Table 12.

root

artificial

intelligence

computer

vision

10

information

systems

information

systems

applications

14

world

wide

web

13

data

management

systems

12

98

32

7

1

information

retrieval

11

654

Figure 10: Lifting results for Cluster R (Retrieval). The gaps are numbered as in Table 12. The
elements in the figure are explained in the legend to Fig. 9

We show no figure for the results of lifting Cluster C, because the corresponding
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Table 12: Gaps at the lifting of Cluster R

Number Topics
1 data streams, incomplete data, temporal data, uncertainty, inconsistent data
2 multidimensional range search, point lookups, unidimensional range search,

proximity search
3 data compression, record and block layout
4 query intent, query suggestion, query reformulation
5 test collections, relevance assessment, retrieval effectiveness, retrieval efficiency
6 question answering, document filtering, recommender systems,

information extraction, expert search, clustering and classification,
summarization, business intelligence

7 relational database model, entity relationship models, hierarchical data models,
network data models, physical data models

8 relational database query languages, mapreduce languages, call level interfaces
9 data exchange, data cleaning, mediators and data integration, entity resolution,

data warehouses
10 interest point and salient region detections, shape inference, object detection,

object recognition, object identification, tracking, reconstruction, matching
11 document representation, users and interactive retrieval,

retrieval models and ranking, specialized information retrieval
12 database management system engines
13 site wrapping, data extraction and integration, traffic analysis, knowledge discovery
14 data cleaning, collaborative filtering, association rules, clustering,

data stream mining, graph mining, process mining, text mining,
data mining tools, sequence mining

taxonomy fragment is too large and the lifting results are too fragmentary. There
are 16 head subjects, which are presented in Table 13 together with their TDS
codes.

One can see from the list in Table 13 that the core clustering subjects are sup-
plemented by methods and environments – this indicates that the ever-increasing
role of clustering activities should be better reflected in the taxonomy.

3.2.9. Drawing conclusions

We can see that the topic clusters found from the text collection do indeed
highlight areas of current and nascent developments. The three clusters under
consideration closely relate to the following developments:

• theoretical and methodical research in learning, as well as integrating the
subject of Learning to Rank within the mainstream;

• representation of various types of data for information retrieval, including
annotated visual data; and
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Table 13: Head subjects at the lifting of Cluster C

Number Topic Code
1 clustering 3.2.1.4
2 graph based conceptual clustering 3.2.1.7.3
3 trajectory clustering 3.2.1.9.2
4 clustering and classification 3.4.5.8
5 unsupervised learning and clustering 1.1.1.3
6 spectral methods 5.2.4.3
7 document filtering 3.4.5.2
8 language models 3.4.3.3
9 music retrieval 3.4.7.2.4

10 collaborative search 3.4.3.4
11 database views 3.1.3.7
12 stream management 3.1.3.12
13 database recovery 3.1.3.3.3
14 MapReduce languages 3.1.4.3.1
15 logic and databases 1.1.2.10
16 language resources 5.1.1.9

• various types of clustering in different branches of the taxonomy related to
a variety of applications and methods.

In particular, one can see from the “Learning” head subjects (see Figure 9)
that the main work here still concentrates on theory and method rather than
applications. The good news is that the field of learning, formerly focused mostly
on tasks of learning subsets and partitions, is currently expanding towards learning
ranks and rankings. Of course, many subareas remain to be covered: these can be
discerned from the list of gaps in Table 11.

Moving to the lifting results for the information retrieval cluster R (see Figure
10 and Table 9), we can clearly see the current tendencies. Rather than relating
the term “information” to texts only, as was the case in previous stages of the
process of digitalization, visual data is becoming an integral part of the concept
of information. There is a catch, however. Unlike the multilevel granularity of
meanings in texts, developed during millennia of the process of human communi-
cation via language, there is no comparable hierarchy of meanings for images. One
may only guess that the elements in this cluster related to segmentation of images
and videos, as well as those related to data management systems, are going to be
fundamental to a future multilevel system of meanings for images and video data.
This is a direction for future developments clearly seen from Figure 10.

We cannot help but compare this conclusion with conclusions made in [8] re-
garding similarly named clusters, viz. “Information Retrieval”. One was found as
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an author co-citation cluster over a collection of 5963 records and a corresponding
633-strong author co-citation network, and the other as a document co-citation
cluster over a network of 655 references for the period 1996–2008. The authors
point out that the interpretation of the latter cluster should be less ambiguous
than the former. Two aspects of each cluster have been pointed out in [8]: “(1)
prominent members of a cluster as the intellectual basis and (2) themes identified
in the citers of the cluster as research fronts.”

Prominent members of the Information Retrieval cluster in [8] are books on the
subject by G. Salton and C. Van Rijsbergen, as well as a paper by S. Robertson -
all well known to specialists. The main themes identified in “main citers” are sum-
marized as title words: “information retrieval”, “probabilistic model”, “query ex-
pansion”, and “using heterogeneous thesauri” [8]. Another summarization comes
from sentences selected according to algorithms for summarization. These sen-
tences are: “The relationships identified between the five best terms selected by
the users for query expansion and the initial query terms were that: (a) 34 % of the
query expansion terms have no relationship or other type of correspondence with a
query term; (b) 66 % of the remaining query expansion terms have a relationship
to the query terms. We provide data on: (i) sessions – changes in queries during a
session, number of pages viewed, and use of relevance feedback; (ii) queries - the
number of search terms, and the use of logic and modifiers; and (iii) terms - their
rank/ frequency distribution and the most highly used search terms.” [8].

One can see how different is our description of the cluster from that in [8]. The
latter cites aspects found in a few representative papers, whereas our description is
based on a taxonomy integrating various aspects of the research. We do not discuss
the differences related to the difference in the text collections. It is probably worth
noting that using a collection of publications from a later period, 2009-2016, the
authors of a follow-up work [16] claim that the Information Retrieval cluster is
widening to “Information Behavior” to cover more aspects of Information Sciences.

Regarding the “Clustering” cluster C with its far too many head subjects, one
may conclude that perhaps the time has already come, or will imminently, when
the subject of clustering must be raised to a higher level in the taxonomy that
embraces all these head subjects. At the beginning of the Data Science era, a
few decades ago, clustering was usually considered a more-or-less auxiliary part
of machine learning, viz. unsupervised learning. Perhaps, we are soon going to
see a new taxonomy of Data Science in which clustering is not just an auxiliary
instrument but rather a model of empirical classification, a major part of knowledge
engineering. When discussing the role of classification as a knowledge engineering
phenomenon, one encounters three conventional aspects of classification:

• structuring phenomena;

• relating different aspects of phenomena to each other;
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• shaping and maintaining knowledge of phenomena.

Each of these can become a separate direction of research in knowledge engineering.

4. Conclusion

This paper presents a formalization of the concept of generalization, an impor-
tant part of the human ability for conceptualization. According to the Merriam-
Webster Dictionary, to generalize is “to derive or induce (a general conception or
principle) from particulars”. We assume that such an operation may require the
availability of a coarser granularity of the structuring of the domain. This is cap-
tured by the idea of lifting a query set to higher ranks in a hierarchical taxonomy
of the domain.

The hierarchical structure of a taxonomy entails the possibility of inconsisten-
cies between a query set and the taxonomy structure. These inconsistencies can
be of one of two types – gaps or offshoots, which potentially arise at a higher rank
“head subject” in order to cover the query set. A gap is a node of the taxonomy
that is covered by a head subject but does not belong in the query set. An offshoot
is a node of the taxonomy that does belong in the query set even though it is not
covered by a head subject. The higher the rank of a candidate for a conceptual
head subject, the larger is the number of gaps. The lower the rank of the head
subject, the larger is the number of offshoots. Our algorithm ParGenFS finds
a globally optimal lifting that balances the numbers of head subjects, gaps, and
offshoots depending on the associated penalties for each of these elements.

We cannot compare our approach to any similar ones because, to the best our
knowledge, this is the first attempt at formalizing the notion of generalization as
applied to a set of concepts.

We illustrate the usefulness of this approach using a set of 17685 abstracts
of research papers, published by Springer in 17 journals related to Data Science
during the 20 years from 1998 to 2017. We use this set to obtain six fuzzy clusters
of taxonomy topics according to their co-relevance. We can easily interpret only
three out of the found clusters, which probably reflects the inherent randomness of
research processes and some tendencies that we failed to notice because they have
not yet been explicitly formulated. It should be pointed out that our approach
to finding interpretable clusters of taxonomy topics over the textual data requires
using rather sophisticated methods, including spectral clustering, the weighting of
publications, and Laplacian transformation. This complexity perhaps comes, at
least partly, from the way we estimate the similarity between concepts – by consid-
ering them as just strings and consequently ignoring any imposed pre-structuring
deriving from pre-selected keywords or NLP constructions. The lifting of these
clusters in the TDS taxonomy suggests several general conclusions about current
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research in Data Science. These conclusions, even if not entirely unexpected, give
a glimpse into the hidden research processes, as captured by the authorship of the
Springer journals. We emphasise that the essence of our interpretations differs
significantly from that in the approach based on the analysis of citation networks.
The difference stems from the fact that our approach involves a coarser granula-
tion than that in the texts under consideration, whereas the analysis of citation
networks remains on the same level of granularity.

The proposed approach to generalization can be utilised in a number of similar
tasks, such as the positioning of a research project, the interpretation of a concept
that is not present in the taxonomy, or the annotation of a set of research articles.
These all are parts of the processes of long-term research analysis and planning
within which our approach should be positioned.

Among major issues requiring further development in this direction, three of
the most relevant are:

• Specifying penalty weights

• Taxonomy modification

• Taxonomy development

The subject of automation of the choice of penalty weights in ParGenFS algo-
rithm is of key importance in our approach. We think that reasonable computa-
tional progress on the penalty weights can be achieved by replacing the criterion
of maximum parsimony by the criterion of maximum likelihood. The latter crite-
rion can be formulated and applied if each node of the taxonomy is assigned with
probabilities of “gain” and “loss” of topic events. The ParGenFS algorithm could
then straightforwardly be modified to use the criterion of maximum likelihood in
place of the current criterion because of the additivity of the log-likelihoods. We
intend pursuing this approach for the TDS taxonomy in the near future.

The issue of taxonomy modification can be addressed, in our opinion, in the
framework of the approach to generalization developed in this paper. Consider,
for example, our results on lifting the “Clustering” fuzzy cluster C: we obtained
16 head subjects for this cluster, resulting in 16 penalty units for the head sub-
jects. However, we could allow, within the same framework, one other admissible
event, in addition to those of introducing head subjects, gaps and offshoots. This
additional event could be the introduction of a new node into the tree as a head
subject. For our example of Cluster C, this new node could be the node “cluster-
ing” as the parent of all the 16 head subjects, thus decreasing the number of head
subjects by 15, although possibly increasing the number of gaps. Of course, the
introduction of a new node must be penalized too, say, by 5 penalty units – still,
a likely reduction in the penalty if the number of new gaps is small. We plan to
develop the necessary machinery in a follow-up paper.
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The issue of taxonomy development needs more attention, both from research
communities and planning committees. Specifically, most urgent directions for
further advancements here are:

- developing better methods of automating the process of creating taxonomies
(an interesting approach to this is described in [19]); and

- practical usage of domain taxonomies by specialists, for example, at confer-
ences and meetings of research communities and committees (the need for this is
pointed out in [28]).
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