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Abstract

Beyond the search for content and information, such as texts and
documents of all types in information retrieval, class-based search
provides information on suitable, superordinate categories, suit-
able sources, and appropriate generic terms or classifications based
on document rankings and their properties.

The starting point and basis of this thesis is existing research on
voting techniques in expertise retrieval, which addresses the search
for suitable experts on a searched topic based on the relevant and
ranked documents of a collection. In this thesis, the concept of
expert search is derived, generalized, and referred to as a class
search. To find these suitable superordinate classes in response
to a query, associated scored and ranked documents with their
properties vote for them. This voting process does not correspond
to the classic electoral voting systems, but uses voting techniques
that aggregate the probative value of voting documents for each
class in different ways.

Following theoretic analyses, the properties of conventional and,
in the course of the work, also new voting techniques are examined
in a larger experimental setup, and their applicability in general
scenarios is investigated. In addition to their use at the document
level, voting techniques are further investigated at the level of
document passages; the relevance of document rankings resulting
from passages that vote for their documents is examined.

In addition to similarity measures, the applicability of voting tech-
niques is also examined and evaluated at the level of distance mea-
sures. Using the example of hierarchical clustering, the application
of voting techniques is related to known clustering techniques, and
their systemic behavior is analyzed.

With its theoretical considerations and evaluations of practical sce-
narios, this work provides a broad overview of voting techniques,
their characteristics, differences, and their diverse application sce-
narios.
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Zusammenfassung

Hinausgehend über die Suche nach Inhalten und Informationen,
wie z.B. Texte und Dokumente aller Art im Information Retrieval,
liefert die klassenbasierte Suche Informationen über geeignete,
übergeordnete Kategorien, passende Quellen und geeignete Ober-
begriffe bzw. Klassifizierungen auf der Basis von Dokumentenran-
kings und deren Eigenschaften.

Ausgangspunkt und Grundlage dieser Thesis ist die bestehende
Forschung zu Voting-Techniken im Expertise Retrieval, die sich
mit der Suche nach geeigneten Experten zu einem Thema auf Ba-
sis relevanter und gerankter Dokumente einer Kollektion befasst.
Das Konzept der Expertensuche wird in der Thesis abgeleitet, ver-
allgemeinert und als Suche nach Klassen bezeichnet. Um diese
geeigneten Klassen als Antwort auf eine Anfrage zu finden, voten
die bewerteten und gerankten Dokumente mit ihren Eigenschaf-
ten für ihre zugehörige Klasse. Dieser Voting-Prozess entspricht
nicht den klassischen Wahlsystemen, sondern verwendet Voting-
Techniken, die die einzelnen Relevanzbewertungen der für ihre
Klasse abstimmenden Dokumente auf unterschiedliche Weise agg-
regieren.

Nach theoretischen Analysen werden die Eigenschaften bekannter
und auch neu entwickelter Voting-Techniken in einem größeren
Szenario evaluiert und ihre Anwendbarkeit in allgemeinen, klas-
senorientierten Szenarien untersucht.Neben ihrer Anwendung auf
Dokumentenebene werden Voting-Techniken weiterhin auf Ebene
von Dokumentpassagen evaluiert; die Relevanz von Dokumenten-
Rankings, die aus den für ihre zugehörigen Dokumente votenden
Passagen resultieren, wird untersucht.

Neben Ähnlichkeitsmaßen wird die Anwendbarkeit von Voting-
Techniken auch auf der Basis von Distanzmaßen untersucht und
bewertet. Am Beispiel des hierarchischen Clusterings wird die An-
wendungvonVoting-Techniken auf bekannteClustering-Techniken
adaptiert und deren systemisches Verhalten analysiert.

Mit ihren theoretischen Überlegungen und Auswertungen prak-
tischer Szenarien gibt die Arbeit einen breiten Überblick über
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Voting-Techniken, ihre Eigenschaften, Unterschiede und ihre viel-
fältigen Anwendungsszenarien.
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1 : B a l o g e t a l . d e fi n e e x p e r t i s e r e t r i e v a l a s t h e

l i n k i n g o f h u m a n s t o e x p e r t i s e a r e a s , w h i l e e x -

p e r t s e a r c h i s t h e d i r e c t s e a r c h f o r a p e r s o n w i t h

s p e c i fi c e x p e r t i s e [B a l + 1 2 ] . W e u s e b o t h t e r m s

s y n o n y m o u s l y i n t h i s t h e s i s .

1 Introduction

1.1 Motivation

The B a s i s o f t h i s t h e s i s : R e s e a r c h i n t h e fi e l d o f

v o t i n g t e c h n i q u e s i n e x p e r t i s e r e t r i e v a l

starting point for this thesis is the search for experts in re-
search or in enterprises. In particular, in larger organizations, the
search for suitable experts who can support tasks with their spe-
cialist knowledge arises. An approach to finding experts is the
document-based approach, in which documents in a collection
are associated with one or more authors as candidates for the
requested expertise. Balog et al. give in their survey “Expertise
Retrieval” [Bal+12] an overview of document-based approaches,
including voting techniques. The basis for the application of voting
techniques is the search for an expert topic in a collection of docu-
ments. The documents in the resulting ranking then vote for their
associated candidate(s) as potential experts. The result is a ranking
of suitable experts for the requested topic derived from the votes
of the documents1.

A milestone in this domain is established by Macdonald with his
work “The voting model for people search” [Mac09], in which he
applies and evaluates variants of voting techniques for expertise
retrieval.

Building F u r t h e r a p p l i c a t i o n s c e n a r i o s f o r v o t i n g

t e c h n i q u e s :

on the application in expertise retrieval, the document-
based approach and the use of voting techniques are conceivable
in other scenarios:

As S u i t a b l e c o m p a n i e s , b i b l i o g r a p h i c c o l l e c t i o n s o r

f o r u m s

an example, the search for suitable providers or suitable com-
panies can be performed by indexing their websites as documents
and voting for their associated companies in response to queries.
The search for suitable bibliographic collections can be realized
based on their indexed documents by having their documents vote
for their associated collection in response to a query. Matching
threads in forums can be found by having their posts vote for their
associated thread in response to a search query.

In C l a s s i fi c a t i o n o f t h e r e q u e s t i t s e l faddition to searching for the appropriate company, collection, or
forum to be found, as mentioned in the examples, the request itself

1



2 chapter 1. introduction

can be classified according to the search result. A conceivable sce-
nario is a classification of e-mails based on existing messages that
are already assigned to categories. Thus, classifications according
to properties such as spam or thematic affiliations are possible.

InF u r t h e r a n a l y s i s o f k n o w n a n d i m p l e -

m e n t a t i o n o f n e w v o t i n g t e c h n i q u e s

addition to the other conceivable scenarios of an application
of the document-based approach in conjunction with voting tech-
niques, the thesis examines the properties and behavior of known
techniques and develops proposals for additional voting techniques
in the course of the thesis. We examine the various factors that
influence voting techniques and identify parameters that are of
decisive importance for the quality of the rankings.

TheE v a l u a t i o n s c e n a r i o : T h e s e a r c h f o r a j o u r -

n a l s u i t a b l e f o r t h e r e q u e s t e d t o p i c o r f o r

t h e p u b l i c a t i o n o f a n a r t i c l e o n t h e t o p i c

following scenario is chosen as a concrete example and evalu-
ation scenario in this thesis: We are looking for a journal that fits
our query thematically, for example, to publish an article in it or to
search for suitable articles. For this purpose, we use a collection of
scientific papers published by AMiner [Tan+08] in our setup and
test scenario in Chapter 5.

1.2 ProblemDescription

In this thesis, we generalize the principle of expert search and call
it the search for classes. The search for categories or classes in which
collections of documents can be divided is pursued. Exemplary
applications of a search described above each represent instances
of these classes.

AlthoughA d o p t i o n o f t h e p r o b a b i l i s t i c a p p r o a c h the generalization of the problem is based on expert
search, the basic assumptions remain the same. Smirnova andBalog
describe a widely used model of the probabilistic and document-
centered approach to voting techniques in expertise retrieval in
their article “AUser-OrientedModel for Expert Finding” as follows
[SB11]:

“The key idea behind the model is to simulate how a user may search for
experts using a standard document search engine: first, finding docu-
ments which are relevant, and then, examining each of these documents
for associated persons. By scanning through a number of documents,
the user can obtain an idea of which people are more likely to be experts
on the query topic.”

This document-centeredprobabilistic approach separates the query
from the candidate by assuming conditional independence be-
tween the two. Reference to associated candidates is established
only via the matching documents.



1.2. problem description 3

Following Smirnova and Balog, we transform this probabilistic
approach to expertise retrieval into a general and class-based form:

The search for a suitable class 2, matching a query ?, can be regarded
as a probability >(2|?). According to the Bayes rule, the equation
is then formulated as follows:

>(2|?) = >(?|2) · >(2)
>(?)

or from a ranking perspective:

>(2|?) ∝ >(?|2) · >(2) (1.1)

In addition, considering the explanation of Smirnova and Balog,
the relationship between a query ? and the class 2 is the weighted
sum of the relevance scores >(?|3) of the documents related to a
class:

>(?|2) =
∑
3

>(?|3) · >(3 |2) (1.2)

Under the assumption of the quoted work that >(2) in equation 1.1
has a uniform probability distribution, equation 1.2 would repre-
sent the final ranking in a general class-based scenario.

There I d e a l b e h a v i o r n o t f o r r e a l c o l l e c t i o n sare aspects in real-world scenarios that the model does not
properly take into account and that lead to unintended behav-
ior. For example, within collections, classes are not evenly repre-
sented by documents and have different numbers of documents.
This M o d e l f a v o r s c l a s s e s w i t h m a n y d o c u m e n t s .means that the likelihood >(?|2) of equation 1.2 as a sum of
probabilities leads to a bias that potentially values classes with
many documents higher in total, and thus favors them.
The S u m m e d p r o b a b i l i t i e s a r e n o t i n d e p e n d e n t .addition of individual document probabilities voting for a
class is only meaningful to a limited extent, since they are not inde-
pendent probabilities. For example, the probabilities of two voting
documents 31 and 32 for a class 2 are not mutually exclusive; rather,
part of the probative value of document 32 may already be con-
tained and reflected in the preceding document 31. We counteract
this with damping factors for the summands of 3, which are also
intended to compensate for the bias caused by classes with many
documents.

The A s s o c i a t i o n s o f d o c u m e n t s w i t h c l a s s e sprobability that document 3 is associated with class 2 is ex-
pressed by >(3 |2) in equation 1.2. In the example of TREC col-
lections [CVS05; SVC06], these associations are made from the
participation or mention of experts in documents. Using the ex-
ample of classes, documents are declared as associated or not, but
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values between 1 and 0 are also possible here.
This is a major difference from the expertise retrieval model, in
which this probability is specified as an association with the candi-
date 20with >(3 |20). In expertise retrieval, a candidate is, according
to the prerequisite, involved in the document 3 with its knowledge
and its individual contribution, while in the general case of a class-
based search, a document 3 is usually associated with the class 2
and is assumed to be a typical example of this class. In this the-
sis, we investigate to what extent this association of document 3
with candidate 20 can be transferred to a general scenario as an
association with a class 2.

Collections have certain specific characteristics, such as an even
or uneven distribution of documents between classes. Voting tech-
niques react differently and produce results of varying quality,
depending on the collection structure. Thus, the results of the eval-
uations of expertise retrieval can also be based only on the proper-
ties of these collections. In this thesis, we highlight and evaluate the
general properties and validity of the qualities of voting techniques.

InE v a l u a t i o n f o r n e w a n d i n d i v i d u a l c o l l e c t i o n s addition to the analysis of known techniques and new tech-
niques developed in the course of the thesis and their behavior in
different collection structures, the evaluation methodology plays
an important role. During research on voting techniques applied
in expert search, two collections of TREC tracks were used mainly
for evaluation [Bai+07; CVS05], unfortunately involving additional
challenges due to ambiguities and uncertainties in the association
of documents with experts. Evaluation of class-based search results
is not trivial as results are difficult to judge and as there are only
view collections that have relevance assessments. In our evaluation
scenario in Chapter 5 Search for Classes - Evaluation of the In-
troduced Voting Techniques, we choose a different approach that
makes uncertainties such as noise and inaccuracies negligible due
to the high number of evaluated results.

The challengesG e n e r a l i z a t i o n o f t h e p r o b -

l e m a s b a s e l i n e r e s e a r c h

are elaborated and described in detail in Section
1.4.3 Influencing Factors of Voting Techniques on page 8. However,
the search for ideal classes is not examined in this thesis according
to practical, accompanying conditions such as availability, actuality,
popularity, financial or geographical aspects, as different influenc-
ing and individual factors are important for each example and
instance of a class-based search.
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1.3 Thesis Structure

In C h a p t e r 1 : I n t r o d u c t i o nthe remainder of Chapter 1, voting techniques are categorized
in the context of information retrieval, and their application in
the general scenario of class search is established. The basic ap-
proach is explained, and factors that influence the class search are
presented. These factors include document properties and their in-
dexing, the search for documents, processing of the result set, and
the subsequent voting process for classes based on the documents
found. Section 1.5 of this chapter addresses research questions re-
garding the generalized application of voting techniques and the
contribution of the thesis.

Following C h a p t e r 2 V o t i n g T e c h n i q u e s : T h e o r e t i c a l

B a c k g r o u n d

the introduction, Chapter 2 addresses the theoretical
background of voting techniques. Techniques known from ex-
pertise retrieval are shown with their algorithmic and functional
aspects using a virtual scenario as an example, in which the basic
characteristics of each technique are also outlined.

The C h a p t e r 3 V o t i n g T e c h n i q u e s : A p p l i c a t i o n s f r o m

t h e L i t e r a t u r e

current state of research and the literature relevant to this
thesis are summarized in Chapter 3. Aspects of voting techniques
applied in expertise retrieval that can be transferred to a general
scenario of searching for classes and which are also relevant in this
domain are presented and discussed.

Further C h a p t e r 4 E x t e n d e d T e c h n i q u e s a n d I n t e r r e l a -

t i o n s h i p s

developed voting techniques are presented in Chapter 4.
In the course of evaluation and research, we have modified exist-
ing voting techniques and developed new techniques, which we
present and describe with their characteristics using the example
scenario in Chapter 2.

In C h a p t e r 5 S e a r c h f o r C l a s s e s - E v a l u a t i o n o f t h e

I n t r o d u c e d V o t i n g T e c h n i q u e s

Chapter 5, we evaluate techniques explained and discussed in
Chapters 2 and 4 using a scenario based on a bibliographic collec-
tion. We develop three different search scenarios and apply newly
introduced types of evaluation. After discussing and evaluating
the results in Section 5.4 Experimental Results, we evaluate further
parameters in Section 5.5 Systemic Behavior of the Applied Tech-
niques that are influential on the success of voting techniques for
class-based search.

In Section 5.6 Principle of Inclusion and Exclusion, we consider a
further technique for aggregating documents of a class based on the
addition of probabilities. The central problem is the transferability
of the addition of probabilities to an aggregation of BM25-based
scored and ranked documents per class. The performance of the
developed technique is evaluated using the previous class search
scenario.

Chapter 5 closes with another example from the literature in which
the voting-based search for relevant threads in a large travel forum
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is discussed. We use this example to test the performance of the
newly introduced techniques in comparison to known techniques
from the literature.

InC h a p t e r 6 P a s s a g e s a s V o t -

e r s f o r t h e i r D o c u m e n t s

Chapter 6, the voting scenario is no longer viewed from a class
perspective, but from a document perspective: Documents are
divided into passages, which then vote for their documents in
response to a query.Using various collections, the evaluation shows
to what extent a ranking with higher relevances can be achieved
with this technique compared to a classic search using BM25.

Section 6.4 Investigations Using Pseudo-Collections uses an artifi-
cially generated pseudo-collection to examine the behavior of the
voting techniques based on the document structure and the term
distribution.

BasedC h a p t e r 7 V o t i n g T e c h n i q u e s A p -

p l i e d t o C l u s t e r i n g A l g o r i t h m s

on distance measures and not similarity measures, the trans-
ferability of voting techniques to agglomerative clustering is evalu-
ated in Chapter 7. The idea here is that each point distance between
two clusters can be seen as a voting candidate, and thus the dis-
tances between clusters can be determined for different voting
techniques. We evaluate this consideration using example scenar-
ios with classic benchmark data sets.

InC h a p t e r 8 C o n c l u s i o n the final chapter,we categorize the evaluations from the previous
chapters and give an overview of all voting procedures and their
transferability to the universal scenario, the search for classes. The
objectives of the thesis and its contribution are summarized, and
a further outlook on scenarios and the transferability of voting
techniques is given.

1.4 Voting Techniques in the Context of Informa-
tion Retrieval

InD a t a f u s i o n t e c h n i q u e s a s t h e

o r i g i n o f v o t i n g t e c h n i q u e s

the area of information retrieval, voting techniques represent
a manifestation of data fusion techniques that were originally de-
signed to transform results or rankings from different sources of
evidence into a single ranking that effectively represents the rele-
vancies of the results as a common ranking [Bal+12]. In this context
of information retrieval and data fusion, the terms meta-search or
combining evidence are also used to manifest the results of different
systems in a ranking.

Voting techniques, based on the general principle of data fusion
techniques, do not merge the rankings of several sources into a
single ranking but consider the documents of a single ranking as
individual voters who vote for a class associated with the docu-
ment.
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This thesis discusses and evaluates voting techniques that find their
origin in data fusion techniques such as CombSUM or CombMNZ
[Wu12], which will be discussed and evaluated in the course of this
thesis, among other established and newly proposed techniques.

Voting A p p l i c a t i o n o f v o t i n g t e c h n i q u e s i n e x p e r t i s e

r e t r i e v a l

techniques have been explored inmany articles, especially in
the field of expertise retrieval by Macdonald et al. [Mac09; MO06]:
Expertise retrieval deals with the search for experts on a query
topic in both companies and academia. Documents related to can-
didates as potential experts provide their evidence of expertise and
vote for their associated candidate(s) in response to a query. This
leads to an expert ranking in response to the query.

Generalization of combining evidence In G e n e r a l i z a t i o n o f t h e e x p e r t s e a r c h t o t h e c l a s s

s e a r c h

this thesis, the prin-
ciple of combining evidence is generalized, and the notion of expert
search is extended and called class search. Each document in a col-
lection has, based on its membership, a general association with a
class for which it votes during the voting process.

1.4.1 Searching forClasses as an InformationNeed

The search for classes is based on a collection of documents, each
of which can be assigned to one or more classes. A search query is
formulated to the collection in order to find suitable and matching
classes. Subsequently, a determined document ranking on the basis
of similarity measures provides documents that belong to clusters
on the basis of their properties or associations, and result in a class
ranking.

As E x a m p l e s c e n a r i o s o f a c l a s s - b a s e d s e a r c ha generalization of the explored voting-based expert search, the
search for classes can have many different scenarios:

In S e a r c h f o r a s u i t a b l e f o r u m t h r e a dthe work of Albaham et al., the search for matching forum
threads related to a query is evaluated by applying voting tech-
niques using the example of two different forums. Individual mes-
sages vote here as documents for their associated thread [AS12].
Furthermore, S e a r c h f o r a s u i t a b l e s e r v i c e p r o v i d e rthe search for a suitable service provider has already
been realized via voting techniques: In their work, Blank et al. de-
scribe the search for a suitable IT service provider. Based on a
crawl, the individual websites in the index act as voting documents
for their associated company [BBH16].

The M a i n e v a l u a t i o n s c e n a r i o : S e a r c h f o r a n

a p p r o p r i a t e j o u r n a l

main evaluation scenario of this thesis is to find a journal
that thematically best fits a query and is potentially suitable for
publication on the query topic. In this scenario, according to the
query, the indexed articles vote for the journal in which they were
published. The result is a class or journal ranking that yields the
publications that fit best to the query topic.



8 chapter 1. introduction

Figure 1.1: Search for appropriate classes: The search for the best matching classes calculates a class ranking.
The first step is to query the collection, i.e. the indexed documents, in order to find the best matching classes.
The color of the documents and the lowercase letters indicate which documents belong to the corresponding
classes A to E. The similarity search calculates a ranking of documents, which serves as a basis for the applica-
tion of voting techniques. The resulting ranking provides classes that best match the query, sorted in descending
order of quality.

1.4.2 Basic Process of Voting Techniques in Infor-
mation Retrieval

Figure 1.1 shows the basic voting technique process, which we
divide into three steps:

The search for classes that best match starts with a query to the
indexed documents, the collection query. Based on the similarity
search, which can be implemented with different retrieval tech-
niques, a document ranking with matching documents from the
collection is established, summarized in the figure by the ranking
on document level. By applying voting techniques, a ranking on class
level is obtained that returns classes that match the original query
in descending quality.

1.4.3 Influencing Factors of Voting Techniques

In this thesis, parameters that control a search for classes and in-
fluence its success are investigated and evaluated. Based on Figure
1.1, Figure 1.2 shows the aspects that are influential for an effective
search for classes and are discussed and/or evaluated with their
adjustments and settings.
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Figure 1.2: Search for appropriate classes: aspects and factors influencing the behavior and performance of
voting techniques, numbered in process order and discussed in Section 1.4.3 Influencing Factors of Voting
Techniques.

The aspects in Figure 1.2 and discussed in the following paragraphs
are numbered in the order of the process steps and do not reflect
the order in this thesis or their weighting within it.

Aspect 1 - Query structure and length The more precise the
request, the more qualitative the results. In Section 5.5.2 Influence
of the Query Length we investigate how the length of queries in the
evaluation scenario affects the quality of class results, in particular,
which voting techniques are more or less affected.

Aspect 2 - Affiliation of class profiles The elements or doc-
uments in the collection can be assigned to either one or more
class profiles. Based on the evaluations in this thesis, the relations
between classes and documents are one-to-many, but the evidence
of expertise can exist with cardinality m:n even provided with
various weighted associations, as in the evaluations of the Enter-
prise TREC tracks on expertise retrieval (see also Section 3.1.1 The
Voting Model for People Search in Chapter 3 Voting Techniques:
Applications from the Literature).

Aspect 3 - Composition of the collection The composition of
the collection as the ratio of large and small classes with respect
to the number of documents determines the choice and parame-
terization of the voting techniques and their success. To this end,
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in our evaluations in Section 5.5 Systemic Behavior of the Applied
Techniques we give an overview of how the techniques act in rela-
tion to the quantitative composition of the collection, i.e. the ratio
of small and large classes.

Aspect 4 - Structure and length of the documents The length
and structure of the documents in the collection determine the
quality of the results at the class level. Based on a collection of sci-
entific papers, in our evaluation scenarios, we investigate how the
length of the voting documents influences the ranking at the class
level in Chapter 5 Search for Classes - Evaluation of the Introduced
Voting Techniques.

Furthermore, Chapter 6 Passages as Voters for their Documents is
dedicated to the question to what extent term distributions play
a role and whether and in which cases concatenated documents
for each class also provide good or even better results via a simple
search.

Aspect 5 -Measure of similarity The influence of the similarity
measure on the document level is discussed in this thesis, using
BM25 with standard parameterization in the evaluations of this
thesis. Furthermore, the findings from the literature in the context
of expertise retrieval are presented in the thesis in Chapter 3 Voting
Techniques: Applications from the Literature.

Aspect 6 - Quality of document ranking This point is related
to the previous aspect 5, since the quality of the document rank-
ing results from the similarity search. Basically, there are very few
collections that provide assessments for both the document- and
class-level results. In Section 3.1.2 The Influence of the Document
Ranking in Expert Search, we describe the findings from the litera-
ture in the scenario of expertise retrieval research.

Aspect 7 - Number of initial voting documents Not only the
composition of the collection in terms of different class profile
sizes influences the behavior of voting techniques, but also the
number of basically voting documents. A document-level ranking
does not have to be completely included in the voting process, but
only a limited number of documents can be considered. Truncat-
ing the set of voting documents can be done either score-based
or quantity-based. Thus, in 5.5.3 Influence of Initially Voting Can-
didates and 5.7.2 Results for New York Travel Forum Task we
consider the influence of the number of initial voting documents
on class ranking.
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Aspect 8 - Suitable voting techniques and their behavior
This section covers the largest part of the thesis and includes evalua-
tions of existing and new voting techniques introduced in different
settings and scenarios. In addition to the findings of the literature
discussed in Chapter 3 Voting Techniques: Applications from the
Literature, in Chapter 5 Search for Classes - Evaluation of the Intro-
duced Voting Techniques the performance and behavior of voting
techniques are investigated, also with respect to changes in settings
in the previously mentioned aspects.

Aspect 9 - Evaluation methods In Chapter 3 Voting Tech-
niques: Applications from the Literature, we present methods of
evaluation in the context of expertise retrieval and from the liter-
ature, before developing new variants to assess the relevance of
class rankings, starting in Chapter 5 Search for Classes - Evaluation
of the Introduced Voting Techniques.

Assessing expert or class rankings is a difficult task. Within the
TREC conferences, evaluation methods are used, which we de-
scribe in Chapter 3 Voting Techniques: Applications from the Liter-
ature. Furthermore, we have developed two new evaluation meth-
ods for class rankings via our experimental setup,whichwe present
in Chapter 5 especially in Sections 5.4.2 Rank Distribution of the
Original Journal and 5.4.3 Journal Relationships as Measure for
Relevance.

1.5 Contribution of thisThesis

Generalized application of voting techniques Based A p p l i c a t i o n o f v o t i n g t e c h n i q u e s i n g e n e r a l

c l a s s i fi c a t i o n s c e n a r i o s

on the
factors discussed previously, this thesis examines and states the
effective application of voting techniques transferred to other do-
mains and classification tasks in information retrieval. Starting
from the state of research on expertise retrieval based on voting
techniques and supporting documents, this work generalizes the
topic and labels it as a search for classes. In analogy to a topic-based
query that gets a subsequent response with potential experts on
this topic, the generalized scenario of a system yielding suitable
classes for a request is developed. In the course of developing a
search for classes, we go into the underlying principles, but not the
optimization, for single practical and individual scenarios. Each
practically oriented form of a search on class level has additional
individual aspects that must be taken into account in a typed sys-
tem. The specific aspects which would have to be considered for
a production-ready system in a certain application domain are
beyond the scope of this thesis.
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Document and collection structures Voting-basedS u i t a b i l i t y o f v o t i n g t e c h n i q u e s d e p e n d i n g

o n c o l l e c t i o n a n d d o c u m e n t s t r u c t u r e s

classifica-
tion techniques are not suitable for all scenarios, as we show using
various settings and collections with different structures. The pre-
dicted strength of evidence for a query being associated with a
class decreases with increasing coherent document structures and
more uniform term distributions across documents.

Furthermore, we evaluate to what extent a search on larger doc-
uments can be expected to yield better results in the context of
a search for matching classes. Three scenarios are designed for
this purpose: Searching on titles of documents, their abstracts, and
their full text. We show that increasing the quantity of information
in the form of supporting document sizes conditionally increases
the class-search effectiveness and quality of class-based search re-
sults. Following studies of expertise retrieval, we also investigate
the effect of cutting off the basic number of voting documents and
varying the allowed number of voters per class.

New variants of voting techniques CombiningN e w c o m b i n a t i o n s o f s c o r e - a n d r a n k i n g - b a s e d

d o c u m e n t v a l u e s p e r c l a s s a s s t a b l e i n d i c a t o r s

score-based
information from the document level and ranking-based informa-
tion in the scope of the class level can improve voting effectiveness
and produce stable and competitive results. This thesis introduces
newly developed voting techniques that combine document score
and class-based ranking factors of voting documents within each
class. The summarization of document scores in combination with
a class-scoped, ranking-based damping function leads to a stable
indicator that a class is relevant to the requested query. Even in
scenarios where the use of voting techniques is not recommended,
competitive results are achieved. This thesis evaluates the new tech-
niques in different forms and variations and relates the results to
techniques known from the literature.

New evaluation techniques InI n c l u s i o n o f r e l a t i o n s h i p s a n d r e l a t i o n s

f r o m m e t a d a t a a s a b a s i s f o r e v a l u a t i o n

addition to manual assessments
and ground truth data, relationships and affinities extracted from
document metadata can be used for a meaningful evaluation of
voting techniques.

In the main experimental setup of this thesis, items are removed
from the original collection and used as requests. By determining
the rank of the class known from the removed item, we can per-
form evaluations in large volumes. If relationships between classes
of indexed documents can be established, for example, based on
metadata, other returned and ranked results can also be evaluated
regarding relevance for the request.

From similarity to distance measures VotingV o t i n g t e c h n i q u e s a p p l i e d i n h i e r a r c h i c a l

c l u s t e r i n g y i e l d r e s u l t s t h a t fl u e n t l y a p p r o x -

i m a t e t h e w i d e l y u s e d m e t h o d s a n d c a n

h e l p i d e n t i f y s e a r c h e d c a t e g o r i z a t i o n s .

techniques po-
tentially have a broad and not yet exhausted application potential as
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a supplier of decision and classification features. Beyond a general-
ization within information retrieval, we transfer voting techniques
to another domain, hierarchical agglomerative clustering.

Voting techniques can be applied to hierarchical clustering in that
points of a cluster serve as voters and the distances between clus-
ters result from these voting results. Depending on the parameter-
ization and setting of the techniques, results of well-known and
often applied clustering techniques are approximated, and new
in-between solutions can be defined.





2 Voting Techniques:
Theoretical Background

This S e c t i o n 2 . 1 R a n k i n g o n D o c u m e n t L e v e l :

I n t r o d u c t i o n o f t w o a p p l i e d d o c u m e n t r a n k i n g

t e c h n i q u e s

chapter presents voting techniques as they are used in the lit-
erature on a theoretical basis. We start with the underlying ranking
procedures at the document level, which are discussed in Section
2.1. The two ranking techniques TF/IDF and BM25 are presented
with their formulas and functions.

The S e c t i o n 2 . 2 R a n k i n g o n C l a s s L e v e l : I n t r o d u c t i o n

a n d d i s c u s s i o n o f e x i s t i n g v o t i n g t e c h n i q u e s

basic search is followed by voting techniques that further pro-
cess the results obtained at the document level in Section 2.2. In this
section, the presented techniques are evaluated for two reasons:
firstly, because they are considered in many papers as standard,
and, on the other hand, because they show good performance in
expertise retrieval. In Chapter 4 Extended Techniques and Inter-
relationships, we will also introduce new variants of voting algo-
rithms based on those in this chapter, which also yield good results
with respect to our experiments.

2.1 Ranking on Document Level

This section introduces both scoring functions TF/IDF and BM25
yielding the document scores for the subsequent voting process
whose techniques and variants are introduced in Section 2.2.

Both scoring functions are based on a term frequency component
which expresses the number of occurrences of a query term in a
document and an inverse document frequency component which
determines its weight based on the number of term occurrences
throughout the collection.

The term frequency component is document specific for each docu-
ment in the collection, while the inverse document frequency results
from the composition of the indexed terms and documents as a
collection-specific characteristic.

For our experiments, we used Elasticsearch in version 7.0.0 to in-
dex the document collection and to obtain scoring at the document

15
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1 : I n f o r m a t i o n t o E l a s t i c s e a r c h i s a v a i l a b l e a t h t

t p s : / / w w w . e l a s t i c . c o / g u i d e / e n / e l a s t i c s e a r c h / r e f

e r e n c e / c u r r e n t / i n d e x . h t m l

2 : I n f o r m a t i o n t o t h e u s e d s t e m m e r a l g o r i t h m i s

a v a i l a b l e a t h t t p s : / / w w w . e l a s t i c . c o / g u i d e / e

n / e l a s t i c s e a r c h / r e f e r e n c e / c u r r e n t / a n a l y s i s - s t

e m m e r - t o k e n f i l t e r . h t m l . S t o p w o r d e l i m i n a t i o n i s

d e s c r i b e d i n h t t p s : / / w w w . e l a s t i c . c o / g u i d e / e n / e

l a s t i c s e a r c h / r e f e r e n c e / 7 . 0 / a n a l y s i s - s t o p - a n a l y

z e r . h t m l

3 : T h e n o t a t i o n i s a n a l o g o u s t o t h e E l a s t i c s e a r c h

g u i d e a n d a s s o c i a t e d b l o g s . F o r T F / I D F , t h e f o r -

m u l a c a n b e f o u n d a t t h i s U R L : h t t p s : / / w w w . e l a

s t i c . c o / g u i d e / e n / e l a s t i c s e a r c h / g u i d e / 2 . x / s c o r i

n g - t h e o r y . h t m l

level.1 All experiments are based on the Porter stemming algorithm
of the search engine and applying stopword elimination.2

2.1.1 TF/IDF

Our first experiments were based on the Elasticsearch TF/IDF-
based document ranking, which takes different document lengths
into account via a normalization factor in order to yield compara-
ble results for all documents. The formula is made up of three mul-
tiplicatively linked components; the term frequency, the inverse
document frequency, and the normalization factor. It is defined as
follows:

The score(d,q) of a document d given a query q which consists of
terms t is computed as:3

A2=@4(3, ?) =
∑

B 7< ?

(
B5 (B 7< 3) · 735 (B)2 · <=@;(3)

)
(2.1)

The term frequency tf as the first factor describes the frequency of
term t in document d and is defined as

B5 (B 7< 3) =
√
5 @4?C4<2G (2.2)

The inverse document frequency for term t as second factor across
the collection is computed as

735 (B) = 1 + log
( <C;�=2A

3=2�@4?(B) + 1

)
(2.3)

where numDocs is the number of all documents in the collection
and docFreq(t) is the number of documents containing term t.

The document length normalization as the last factor is defined by
the term

<=@;(3) = 1
√
<C;)4@;A

(2.4)

where numTerms is the number of terms in document d.

In their book Introduction to Information Retrieval, the authors
Manning et al. show further variants of the TF/IDF formula with
different term weightings [MRS08, sec. 6.4.3].

Our previous studies have shown that applying TF/IDF as a rank-
ing function yields slightly worse rankings than using BM25 for
all experiments [WH18]. Since the results were slightly worse, in

https://www.elastic.co/guide/en/elasticsearch/reference/current/index.html
https://www.elastic.co/guide/en/elasticsearch/reference/current/index.html
https://www.elastic.co/guide/en/elasticsearch/reference/current/index.html
https://www.elastic.co/guide/en/elasticsearch/reference/current/analysis-stemmer-tokenfilter.html
https://www.elastic.co/guide/en/elasticsearch/reference/current/analysis-stemmer-tokenfilter.html
https://www.elastic.co/guide/en/elasticsearch/reference/current/analysis-stemmer-tokenfilter.html
https://www.elastic.co/guide/en/elasticsearch/reference/7.0/analysis-stop-analyzer.html
https://www.elastic.co/guide/en/elasticsearch/reference/7.0/analysis-stop-analyzer.html
https://www.elastic.co/guide/en/elasticsearch/reference/7.0/analysis-stop-analyzer.html
https://www.elastic.co/guide/en/elasticsearch/guide/2.x/scoring-theory.html
https://www.elastic.co/guide/en/elasticsearch/guide/2.x/scoring-theory.html
https://www.elastic.co/guide/en/elasticsearch/guide/2.x/scoring-theory.html
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4 : F u r t h e r i n f o r m a t i o n r e g a r d i n g t h e B M 2 5 i m p l e -

m e n t a t i o n i n E l a s t i c s e a r c h i s a v a i l a b l e a t h t t p s :

/ / w w w . e l a s t i c . c o / b l o g / p r a c t i c a l - b m 2 5 - p a r t - 2 - t h

e - b m 2 5 - a l g o r i t h m - a n d - i t s - v a r i a b l e s

this thesis we pursue the following BM25 approach to rank at the
document level.

2.1.2 BM25

This technique, as our alternative and further pursued scoring tech-
nique at the document level, is to be parameterized for variables 9
and 1. The parameter 9 regulates the impact of term frequency sat-
uration while the variable 1 controls the influence of the document
length on the scoring of a document.

The results of previous investigations [WH18] show that changing
the parameters within the upper and lower meaningful limits did
not result in large changes compared to the standard parameteri-
zation. In particular, worse results could only be obtained in the
case of longer texts such as abstracts when setting 1 = 0.1, which
means dampening the document length consideration.

Based on these findings, we use BM25 with the standard parame-
terization setting 9 = 1.2 and 1 = 0.75.4 The formula for the BM25
scoring is defined as follows:

The A2=@4(3, ?) of a document d given a query qwhich consists of
terms t is computed as follows:

A2=@4(3, ?) =
∑

B∈?
735 (B) · B5 (B 7< 3) · (9 + 1)

B5 (B 7< 3) + 9 ·
(
1 − 1 + 1 · |3 |

0D63:

) (2.5)

The term frequency tf describes the number of occurrences of term
t in document d, |3 | represents the document length, and avgdl is
the average document length over all documents in the collection.

The inverse document frequency idf for term t is computed as

735 (B) = log
(
1 + <C;�=2A − 3=2�@4?(B) + 0.5

3=2�@4?(B) + 0.5

)
(2.6)

where numDocs is the number of all documents in the collection
and 3=2�@4?(B) is the number of documents containing term t.

Based on the probabilistic ranking principle, the paper “The Proba-
bilistic Relevance Framework: BM25 and Beyond”[RZ09] written
by Robertson and Zaragoza presents the development and further
variations of the BM25 ranking algorithm.

Since we use a standard parameterization for BM25 applying 9 =

1.2 and 1 = 0.75, the expression A2=@4(3, ?) at the document level
refers to this parameterization of BM25 in the following sections
of the thesis.

https://www.elastic.co/blog/practical-bm25-part-2-the-bm25-algorithm-and-its-variables
https://www.elastic.co/blog/practical-bm25-part-2-the-bm25-algorithm-and-its-variables
https://www.elastic.co/blog/practical-bm25-part-2-the-bm25-algorithm-and-its-variables
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2.2 Ranking on Class Level

Based on the rankings on document level, various approaches, ei-
ther introduced in expert retrieval or novel, varied combinations,
are applied in this thesis to derive a class ranking. The interface
between the ranked documents and the voting process includes
two parameters. The first parameter determines the total number
of ranked documents to be considered and is discussed in the next
paragraph. The second parameter comprises three key figures from
the document ranking that can be used for the class ranking. These
key figures are explained after the first parameter in the following
sections. After an introductory discussion of these points, this sub-
section presents the voting techniques with their properties and
formulas and relates them to each other.

Number of ranked documents to consider AsT h e n u m b e r o f v o t i n g d o c u m e n t s c a n b e

l i m i t e d b a s e d o n t h e i r s c o r e o r n u m b e r .

a prerequisite,
we define '(?) as the set of documents retrieved for the query ?.
Thedocument ranking techniquesTF/IDF aswell as BM25 basically
can yield an unrestricted amount of ranked and scored documents.
This overall amount of documents returned can be limited by defin-
ing a threshold for their score as well as setting a global maximum
number of highest-ranking documents to be considered for the
following processing step. In this thesis, variants of retrieved doc-
ument volumes that act as initial voters are considered. We define
this number of initial voting documents as |'(?) |. Adjusting this
number has a major impact on the quality of the results for certain
techniques. Taking into account toomany initial voting documents
can degrade the results [Mac09]. In this work, we mainly set the
size |'(?) | to 3, 000 documents that are considered by the voting
process, based on experiments and evaluations in Section 5.5.3 in
which we examine the effects of changing this value.

Threekeyfigures for the voting process InT h r e e k e y fi g u r e s r e s u l t f r o m t h e d o c u m e n t

r a n k i n g a s p o t e n t i a l i n p u t f o r t h e v o t i n g p r o c e s s .

general, for voting-
based techniques, class ranking is based ondifferent inputs [Mac09]:

I Number of documents in the search result associated with a
class: This number is to be distinguished from the number of
initial voters and is related to the number of voting documents
per class. This key figure states in purely quantitative terms
that the number of voting documents for a class determines its
success and thus its relevance to the query ?. This quantitative
indicator alone is only a limited expression of class relevance,
as the success of any class is potentially dependent on its size.

I Ranks of the documents associated with a class: In this case, the
global rank achieved for the document at the document level
is included in the voting process. As the ranks are implicitly
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Figure 2.1: Exemplary progression of the score values and the document ranking for |'(?) | = 50. All voting
documents belong to one of classes A to E. The course of these exemplary score values is characterized by an
increasingly flat decline and lies approximately in the range of half of the measurement results resulting from
the analyzes in Chapter 5, illustrated in Figure 5.4.

formed from the sorted documents with their scores, this indi-
cator can be seen as an abstraction that neglects differentiated
scoring. In this context, classes that receive votes from docu-
ments in the top ranks obtain a higher relevance judgment for
query ? than those classes supported from documents in the
bottom ranks.

I Score values calculated for documents associated with a class:
According to the previous case, the globally achieved docu-
ment scores are included in the voting process. This indicator is
slightly similar to the previous one, but here the results are differ-
entiated based on the applied similarity measure. In particular,
steeply or flatly declining score curves of the global ranking can
be taken into account when assessing the relevance of classes.

The voting techniques introduced in the following sections use
these key figures individually or in combination.

For S a m p l e d o c u m e n t r a n k i n g a s a c a s e s t u d yplausibility and clarification, we use a sample ranking of 50
documents belonging to classes A to E according to their colors.
This document ranking is shown in Figure 2.1 and is referenced
in the calculation of each class ranking in the following sections.
The example is used to demonstrate the properties and differences
between voting techniques.

In the following, we define a scoring function A2=@4(2, ?) that com-
putes a score for class 2 and a query ?. Basic techniques to calculate
this score are presented in the following sections.
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2.2.1 Votes
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Figure 2.2: Results for the classes after application of Votes: The class
ranking is determined by the number of voting documents per class.
Class A as the one with the most votes leads the ranking.

BasedV o t e s c o r r e s p o n d s t o t h e q u a n t i t a -

t i v e e v a l u a t i o n o f v o t i n g d o c u m e n t s .

on the example of electoral voting systems, Votes takes the
number of documents found for each class as the score. Documents
that were determined relevant in the preceding search each have
one vote for their associated class. Based on the composition of a
collection, classes that have a relatively large number of documents
receive a potential benefit by applying this technique, and the re-
sults are biased due to different class sizes. Based on the document
ranking in Figure 2.1, Figure 2.2 shows the result of the voting tech-
nique: Classes are ranked in descending order of the number of
their voting documents, which is calculated using the formula:

A2=@4Votes(2, ?) = |{3 | 3 ∈ '(?) ∧ 3 ∈ 2}| (2.7)

By ignoring the quality of each vote and considering only quantities
that vote for classes, this technique is not a good performer with-
out any normalization, neither in the literature [Bal+12; Mac09]
nor in our experiments [HW21]. In particular, for collections with
very high differences in class members or for collections that have
small and unequally distributed numbers of voting candidates per
class, this technique gives results that do not correspond to their
relevance.
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Nevertheless, in this work we take it into account because it is the
only technique based exclusively on the number of voters and it
is converged by an extreme parameterized variant of our newly
introduced technique ''F introduced in Section 4.1.3.

2.2.2 CombSUM

This technique is based on the document score values of the match-
ing results. It is designated as such by Fox and Shaw [FS93] and
originally designed to combine the results of multiple retrieval
runs. In our scenario, for every class 2, CombSUM sums up the
scores at the document level of its voting documents.

In the S u m m a t i o n o f d o c u m e n t s c o r e s p e r c l a s s l e a d s

t o a b i a s f a v o r i n g l a r g e c l a s s e s .

case of constant scores, this technique would yield the same
class ranking as the Votes technique. When confronted with slow
decreasing document scores that form a flat falling curve, Comb-
SUM also tends to prefer classes having a relatively high document
count and yields results slightly tending to those of Votes. This can
also be seen in Figure 2.3, which shows the same ranking of classes
as Votes.
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Figure 2.3: Results of classes A to E for the application of CombSUM.
Due to the only slightly decreasing score progression, in this exemplary
scenario the final result corresponds to that of Votes. The flatter the
score values of the voting documents fall, the more quantity-oriented
the CombSUM results are.

The formula for class-based summation of document scores is the
following:



22 chapter 2. voting techniques: theoretical background

5 : I n S e c t i o n 3 . 1 . 1 w e g i v e a m o r e d e t a i l e d

o v e r v i e w o f t h e c a n d i d a t e n o r m a l i z a t i o n m e t h -

o d s p r o p o s e d b y M a c d o n a l d a n d t h e e v a l u a t e d

r e s u l t s .

A2=@4CombSUM (2, ?) =
∑

3∈'(?) ∧ 3∈2
A2=@4(3, ?) (2.8)

ToP r o fi l e n o r m a l i z a t i o n a s a c o r r e c -

t i o n f a c t o r f o r c l a s s s i z e d i f f e r e n c e s

prevent this bias based on class size differences, Macdonald
proposes candidate normalization methods in the scenario of the
enterprise expert search task [Mac09, sec. 6.4]. The basis of the
approaches to normalizing expert profiles is the length of each pro-
file, derived from the number of tokens as the number of terms of a
complete expert profile or the number of documents associated with
the expert5. Results improved by normalization can be achieved
with voting techniques that take into account the number of voting
documents, such as Votes. However, the results of techniques that
only take the score into account like CombSUM, but implicitly ben-
efit from the number of voters, can also be improved with profile
normalization.

As an anticipation, it is worth mentioning here that during ex-
periments with our collection setup, we also encountered huge
class size differences and slow-decreasing score values of the ini-
tially voting documents. It turned out that on average the value of
A2=@4(3, ?) at rank 5 was 80% and the value at rank 50 was still 60%
of the document with the highest score. Hence, the influence of the
lower ranks is still relatively high. Figure 5.4 on page 71 shows the
progression of the scores during our experiments with the AMiner
collection in quartiles.

InC o m p e n s a t i o n o f t h e b i a s u s i n g c l a s s -

b a s e d c u t o f f a n d d a m p i n g f a c t o r s

this thesis, CombSUM is evaluated as a standard technique, but
also represents the basis for other variants of voting techniques
that compensate for a bias caused by large class differences and
flat declining score curves. We do not follow the concept of profile
normalization as a penalty for large-sized classes because a second
index for length profiles of classes means additional overhead and
maintenance. Instead, we counter the bias with two factors. A per-
class cut-off of the voting documents and damping factors are used
as methods in the following techniques known from the literature
or newly introduced in this thesis.

2.2.3 CombMNZ

A combination of Votes from Section 2.2.1 and CombSUM from
Section 2.2.2 is represented by CombMNZ, also first presented to
our knowledge in the work of Fox and Shaw [FS93]. Per class, this
technique multiplies the sum of the scores by the number of voters:

A2=@4CombMNZ (2, ?) = A2=@4Votes(2, ?) · A2=@4CombSUM (2, ?) (2.9)
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Figure 2.4: Ranking of the classes for CombMNZ: The ranking of the
classes is similar to that of CombSUM and Votes, but by multiplying
the summed score results with the number of votes for each class, the
final class score differences in the exemplary scenario become larger. In
contrast to the normalization of class sizes, this multiplication means
that classes with many voters are explicitly favored.

In the exemplary example, which is characterized by flatly decreas-
ing scores in the initial document ranking, the result is the same as
for CombSUM and Votes, except that the differences between the
class scores are clearer here. Figure 2.4 shows the results, which
show an even higher bias in favor of larger classes with many doc-
uments.
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2.2.4 expCombSUM
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Figure 2.5: Ranking of the classes for expCombSUM: Due to the
exponentiation, even weakly decreasing document scores from the
global ranking result in high scoring differences for the classes.

ForE m p h a s i s o n c l a s s e s w i t h d o c u -

m e n t s f r o m t h e t o p r a n k s b y e x p o -

n e n t i a l t r a n s f o r m a t i o n o f s c o r e s

this technique, each document score serves as the exponent of
the Euler number 4, which causes a huge amplification and grada-
tion of the document scores. This method is introduced by Ogilvie
and Callan substantiated by the following argument [OC03]:

“This transformation is justified when the retrieval system returns the
log of the query generation probability because this places the scores
back on the probability scale.”

This technique gives first-ranked documents greater importance
and voting strength, thus expressing their higher probative value.
Figure 2.5 shows that classes whose documents lead in the global
ranking get a corresponding ranking byusing their score as a power
of 4: Class E marked green reaches position one in the ranking,
although it has only two voting documents, which nevertheless
occupy the top positions in the scoring.

The formula for expCombSUM to calculate the score of a class 2
given a query ? is:

A2=@4expCombSUM (2, ?) =
∑

3∈'(?) ∧ 3∈2
4A2=@4(3,?) (2.10)
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Applying the documents’ scores as exponents to the Euler number
emphasizes the upper scores and widens the score spectrum on
the class level. Figure 2.6 shows the enormous differences in the
document-level scores for the range 18 to 25, also listed in Table
2.1. While the lower resulting scores are still in the millions, the
following results quickly reach the single- and double-digit billion
range.
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Figure 2.6:The y-axis shows transformed document scores for exp-
CombSUM by exponentiation of 4 with the original document scores in
the cropped range of 18 to 25 on the x-axis. At first glance, the exponen-
tial values appear to start at 0, but for a score value of 18, the resulting
value is in the range of millions at 65, 659, 969, as shown in Table 2.1.
Due to the enormous differences in the transformed scores, results are
produced here, in the exemplary scenario, at class level that approximate
those of CombMAX (see Section 2.2.7).

This results in a step towards decoupling the success of a class from
its size – though still all returned results voting for their associated
class are taken into account.

Interestingly, Macdonald concludes in his thesis “The voting model
for people search” that expCombSUM also gives very good results
even if the document-level ranking function – theweightingmodel
– is not logarithm-based:

”However, we find that expCombSUM and expCombMNZ outperform
their non-exponential variants on all weighting models, including
BM25, which is not based on logarithms. [Mac09, sec. 6.3.2]
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Table 2.1: Integer values from the range of the upper scores of the
exemplary example with their resulting scores as an exponent of the
Euler number 4.

Score values Exponential values (rounded)
18 65,659,969
19 178,482,301
20 485,165,195
21 1,318,815,734
22 3,584,912,846
23 9,744,803,446
24 26,489,122,130
25 72,004,899,337

In our experimental setup in Chapter 5, we evaluate expCombSUM
based on the similarity measure BM25.

2.2.5 expCombMNZ
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Figure 2.7: Class ranking for expCombMNZ: In the upper scoring
range, the class ranking of expCombSUM can still change by including
the number of voting documents. In this case, classes B and E swap the
two top ranks, caused by the high number of voters for class B. See also
Figure 2.5

As for the previous technique, the score values of the voting doc-
uments are processed as a power of 4, the sum of which is then
further multiplied by the number of voting documents per class.

S i m u l t a n e o u s e m p h a s i s o n c l a s s e s

w i t h d o c u m e n t s f r o m t h e t o p r a n k s a n d

h i g h e r n u m b e r o f v o t i n g d o c u m e n t s

Based on the scores of expCombSUM, the results are multiplied
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with the score of Votes:

A2=@4expCombMNZ (2, ?) = A2=@4Votes(2, ?) · A2=@4expCombSUM (2, ?)
(2.11)

By rating a class in combination with the number of its voters, the
class ranking results are skewed towards a potential advantage of
classes having a higher number of voting documents - especially
for high-ranked classes in our scenario, where the multiplication
with the number of voting candidates potentially has an impact
for the class ranking. Figure 2.7 shows that classes B and E swap
their rank from the example with expCombSUM, since B has 13
voting candidates and E has only two.

2.2.6 CombSUM TOP <
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CombSUM TOP n for n=4: Relevant voting candidates for each class

Figure 2.8: CombSUM TOP < (here: <=4): Original document ranking that color-codes only the relevant
voting candidates per class. Other documents are not included in the voting for the class ranking. The relevant
scores are not transformed here and are originally taken as sums for each class.

This O n l y t h e h i g h e s t t o p n s c o r e s p e r c l a s s a r e t a k e n

i n t o a c c o u n t t o c o m p e n s a t e f o r s i z e d i f f e r e n c e s

a n d e l i m i n a t e i n t e r f e r e n c e .

approach is based on CombSUM and the assumption that
the higher ranked documents of each class mean a higher level
of significance in terms of their relevance. Therefore, it limits the
number of documents that contribute to the score of a class to
increase the quality of the voting documents [Juá+10]. At the same
time, by setting a cutoff point for potential voters, this technique
reduces the influence of class size differences and noise caused by
slow-decreasing score curves.

For each class, this aggregation sums up only the top < (in evalua-
tions of this thesis, mainly applied: < ∈ {5; 50; 100}) scores of the
documents for each class. Setting @0<9(3, ?, 2) as the rank of 3 if
only documents of 2 are considered, we yield:
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A2=@4CombSUM TOP <(2, ?) =
∑

3∈'(?) ∧ 3∈2 ∧ @0<9(3,?,2)≤<
A2=@4(3, ?)

(2.12)

Figure 2.8 shows the original document ranking and grayed out
documents that are ranked above < = 4 for each class and therefore
are irrelevant to the class ranking.

Setting < to 1 leads to CombSUM TOP 1 as an equivalent to Comb-
MAX explained in Section 2.2.7, whereas CombSUM TOP∞ has
the characteristics of CombSUM described in Section 2.2.2.

TheC h o o s i n g s m a l l e r o r l a r g e r n c h a n g e s t h e i n v a r i -

a n c e t o i n i t i a l v o t e r s a n d i n c l u s i o n o r e x c l u s i o n

o f r e l e v a n t o r i r r e l e v a n t d o c u m e n t v o t e s .

different settings for < influence the quality of the voting re-
sults. A smaller number of <makes CombSUM TOP < invariant
to changes in the number of initial voters and also removes the
noise introduced by voting on classes with large numbers of voting
documents.
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Figure 2.9: Ranking of the classes from the scenario for CombSUM
TOP 4:

Figure 2.9 shows the class ranking in the example scenario for
CombSUM TOP < with < = 4. Here, only the best 4 scoring docu-
ments in a class are considered, and in sum, result as the class score.
Compared to the CombSUM class ranking in Figure 2.3, the yellow
class B is in the first rank and no longer in the second rank. If only
the four highest scoring documents are considered on a class basis,
their sum represents the highest value in the case of class B. Figure
2.9 also shows that the difference in class scores is not as large as
in the case of CombSUM.



2.2. ranking on class level 29

This optimization of < is only possible to a certain extent, since
variations of < that are too small also exclude important and con-
clusive voting documents of a class. We will illustrate this fact by
the evaluations in Section 5.4 with variants of < or by using the
extreme variant CombMAX, which means CombSUM TOP 1. We
also refer here to Chapter 3, in which investigations of the dynamic
change of < are discussed [CLO10].

2.2.7 CombMAX

This E a c h c l a s s s c o r i n g i s d e r i v e d f r o m i t s m a x i m u m

s c o r i n g v o t i n g d o c u m e n t .

technique is based on the assumption that the best matching
document per class also defines the relevance of this class: Comb-
MAX takes the first result stemming from class c, respectively, the
document with the highest ranking, as voting candidate with its
score.
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Figure 2.10: Ranking of the classes from the scenario for CombMAX:
The score of each class is equal to the score of the highest ranked voting
document.

Related to the topic of expert search, Macdonald argues for this
method as follows:

”The intuition behind this voting technique is that a candidate who has
written (for instance) a document that is very close to the required topic
area (i.e. the user query), is more likely to be an expert in the topic area
than a candidate who has written some documents that are marginally
about the topic area” [Mac09, sec. 4.4.2]
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Since the score of a class is derived from its maximum scoring
voting document, the formula of CombMAX is defined as follows:

A2=@4CombMAX (2, ?) = max({A2=@4(3, ?) | 3 ∈ '(?) ∧ 3 ∈ 2})
(2.13)

As can be seen in Figure 2.10, the first ranked documents determine
the class ranking according to their class-wise occurrence and
order. Taking into account only the best-fitting document per class,
this technique has the highest invariance with respect to the size of
the classes or the number of documents in each class.C o m b M A X h a s t h e u l t i m a t e

i n v a r i a n c e t o c l a s s s i z e s .

The bias that
potentially arises from large differences in class sizes is eliminated.
To what extent this affects or improves the effectiveness of the
search results, we examine in Chapter 5 and its sections.

2.2.8 ''

ThisR R a s a r a n k i n g - b a s e d t e c h n i q u e r e c a l c u l a t e s

t h e s c o r e s b a s e d o n t h e h a r m o n i c s e r i e s .

technique is exclusively based on the global ranks of the voting
documents, since it uses the reciprocal rank '' = 1

@0<9
and is first

mentioned in [Zha+02].
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Figure 2.11: Document ranking of the scenario with transformed score values: The score of each document is
set to the reciprocal rank value according to its rank.

'' provides an abstraction level on effectiveness measures, since it
ignores the progression of the score values and assigns the ranking-
based values, calculated on the reciprocal rank, as scores. We note
that the scope of the revaluation, which represents a quantization
of the score-ordered documents, lies on the first stage, the search
on document level. Figure 2.11 shows the initial document ranking,
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revalued with reciprocal ranks, which only corresponds to the
initial ranking in terms of the order of the documents.

The values of the harmonic series and thus the revalued document
scores decrease disproportionately in the front ranks, while the
attenuation decreases in intensity towards the back ranks. Like
the exponential variants of CombSUM, '' emphasizes the global
front ranks; Outscoring a class with a document in position 1 in
the class ranking is difficult for classes with documents of the back
ranks. However, with descending ranks, the influence of '' on
a class ranking changes; here, the increase of the damping factor
becomes smaller and smaller.

The formula for '', adding the ranking-based scores from the
document ranking per class is:

A2=@4'' (2, ?) =
∑

3∈'(?) ∧ 3∈2

(
1

@0<9(3, ?)

)
(2.14)
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RR: Class scores

Figure 2.12: Result of the class ranking for '': The score values are
strongly damped by the revaluation with values of the harmonic series.
Still, with a correspondingly high number of small values for a class,
there is the possibility of moving up in the ranking: This is the case for
classes B and A in this scenario.

Figure 2.12 shows a similar result to expCombMNZ in terms of
ranking, but with swapped ranks for classes A and C. The first two
ranked classes B and E are ranked the same in both techniques due
to the emphasis on high document scores; for '', class A is able to
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prevail in the middle range due to the sum of 16 voting documents
compared to class C with 11 documents.

2.2.9 BordaFuse
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Figure 2.13: Result of the class ranking for BordaFuse: Due to their
rather high number of voting documents, classes B and A are ranked on
the first two positions, while class E having two high quality documents
from the upper document ranks is ranked last.

ThisB o r d a F u s e a s a r a n k i n g - b a s e d t e c h n i q u e

r e v a l u e s t h e s c o r e s i n a l i n e a r d e c r e a s i n g o r d e r .

technique has its origin in the Borda election system, in which
the most preferred candidate receives the highest score; the fol-
lowing candidates, in preference order, each receive one point
less.

BordaFuse is a technique based solely on the ranking of documents,
and each class receives the sum of its voting documents whose
score corresponds to their rank in the overall ranking [AM01]. The
following summation is made for each class:

A2=@4BordaFuse(2, ?) =
∑

3∈'(?) ∧ 3∈2

��'(?)�� − @0<9(3, ?) (2.15)

Since BordaFuse is a pure ranking-oriented technique in addition
to '', the scores for each rank are determined. While for '' there
is a value of the harmonic series determined for each document
ranked in order, for the document scores of BordaFuse there is a
linearly decreasing series. In the example scenario, the score value
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for the document at position 1 would start at 49 and fall linearly
over discrete values to 0 for the last-ranked document. In the eval-
uations of this thesis, BordaFuse is not included, but experiences
from the literature and in the context of expertise retrieval are
discussed in Chapter 3 Voting Techniques: Applications from the
Literature.

2.3 Further Voting Techniques

In this section, we present voting techniques that have not been
successful in classic expertise retrieval but are worth mentioning
or are addressed in other parts of this thesis.

2.3.1 CombMIN

CombMIN T h e m i n i m u m - s c o r e v o t i n g d o c u m e n t d e t e r -

m i n e s t h e s c o r e o f e a c h c l a s s .

as a voting technique is not pursued further, as it has not
been proven to be a performant voting technique in the literature
and in the scope of expertise retrieval [Mac09].Theminimum score
of documents that vote for a class is determined as the score of this
class. The formula for this voting technique is introduced in [FS93]
and defined as:

A2=@4CombMIN (2, ?) = min({A2=@4(3, ?) | 3 ∈ '(?) ∧ 3 ∈ 2})
(2.16)

The intuition of this method would be that the class for which even
the worst-fitting document with respect to the query fits relatively
well should be ranked high. However, this intuition ignores the
fact that, e.g. experts can be experts in multiple fields. Although its
importance as a similarity measure is low, CombMIN has its cor-
respondence in the domain of clustering algorithms as a distance
measure and is discussed further in Chapter 7 Voting Techniques
Applied to Clustering Algorithms.

2.3.2 CombMED

CombMED F o r e a c h c l a s s , t h e s c o r e - b a s e d m e d i a n o f t h e

v o t i n g d o c u m e n t s i s u s e d a s t h e a s s e s s m e n t .

is introduced in [FS93] and is based on the median of
all document scores that vote for a class 2:

A2=@4CombMED(2, ?) = ;43({A2=@4(3, ?) | 3 ∈ '(?) ∧ 3 ∈ 2})
(2.17)
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Theuse of themedian does not correspond to the notion that a high
score of a class is based on the greatest possible similarity of its
documents. CombMED considers all voting documents per class;
consequently, many lowest-rated documents disproportionately
and negatively affect the result, even if there are documents with
high probative value for a class.

2.3.3 CombANZ

ThisT h e s c o r e - b a s e d a v e r a g e o f v o t i n g d o c u -

m e n t s d e t e r m i n e s t h e s c o r e f o r e a c h c l a s s .

technique, like CombMIN and CombMED also introduced
in [FS93], takes advantage of the scores of documents voting for a
class 2 related to a query ? and yields the calculated average value
as the class score. The letter sequence “ANZ” represents the average
of nonzero values. The formula is calculated as follows:

A2=@4CombANZ (2, ?) =
1

|3 ∈ '(?) ∧ 3 ∈ 2 |
∑

3∈'(?) ∧ 3∈2
A2=@4(3, ?)

(2.18)

CombANZ as a voting technique based on average has not proven
to be promising in expertise retrieval and will not be considered in
the evaluations in Chapter 5 Search for Classes - Evaluation of the
Introduced Voting Techniques. In Chapter 7 Voting Techniques Ap-
plied to Clustering Algorithms, where we evaluate the application
of voting techniques in clustering scenarios referring to distance
metrics, we revisit the technique.
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2.4 Summary

This chapter presents two techniques for similarity search at the
document level in Section 2.1. As a preliminary stage of the voting
process, these techniques provide the fundamental key figures for
the next stage. These key figures are based on the scores of the
documents, their ranking, and the resulting number of documents
per class. Each of them has predictive power when voting for the
relevance of classes with respect to a query.

Table 2.2: Summary of class rankings resulting from the presented voting techniques in Section 2.2:

Quantity- Score- Ranking- Rank
Technique based based based 1 2 3 4 5
Votes x A B C D E
CombSUM x A B C D E
CombMNZ x x A B C D E
expCombSUM x E B C A D
CombMAX x E B C A D
expCombMNZ x x B E C A D
'' x B E A C D
BordaFuse x B A C D E
CombSUM TOP 4 x B A C D E

In Section 2.2, we present voting techniques known from the liter-
ature, evolved from data fusion techniques, or developed further
from them. They use the three key figures from the document level
either individually or in a combined form. Table 2.2 again shows
the class rankings from the example scenario in an undifferentiated
form, in terms of the ratios within each ranking.

Theupper delimited block showsVotes,CombSUM, andCombMNZ,
which all give the same result for the class ranking of the example.
Apparently, the ranking corresponds in its order to the number
of voting documents; see also Table 2.3, even if CombSUM is a
score-based method.

Table 2.3:Number of voting documents for classes A to E in the exam-
ple scenario

#Voting
Class documents

A 16
B 13
C 11
D 8
E 2

Sum: 50
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A completely different trend is shown by the ranking results of
expCombSUM and CombMAX, which rank class E at position
1 with only two voting documents. The fact that these methods
do not primarily consider a quantity, i.e., the number of voting
documents, is shown by the ranking of class A on the second-last
position.

The third delimited section with expCombMNZ, '', BordaFuse
and CombSUM TOP 4 shows similarity to the previous section in
that class E can land on a second rank. However, the differences
are fluid, as can be seen with BordaFuse and CombSUM TOP 4,
which follow Votes, CombSUM, and CombMNZ except for a swap
of positions 1 and 2.

After presenting and preliminarily analyzing voting techniques
based on the example scenario, the next chapter presents important
work from the literature of expertise retrieval and summarizes
the collected experience with voting techniques based on selected
writings.



3 Voting Techniques:
Applications from the
Literature

As S e c t i o n 3 . 1 W o r k b y M a c d o n a l d e t a l : S u m m a r y

o f s e l e c t e d r e s e a r c h r e s u l t s b y M a c d o n a l d a n d

O u n i s

part of data fusion techniques, voting techniques have become
established in expertise retrieval in recent years. A milestone in
this research is the work of Macdonald and Ounis [Mac09; MO09],
which is presented and summarized in Section 3.1. Exemplarywork
from expertise retrieval is discussed, the results of which are also
of significance for a general application scenario.

In S e c t i o n 3 . 2 L e a r n i n g A g g r e g a t i o n F u n c t i o n s

f o r E x p e r t S e a r c h : P r e s e n t a t i o n o f f u r t h e r w o r k

r e l a t e d t o t h e r e s e a r c h q u e s t i o n s

Section 3.2, we present a paper written by Cummins, Lalmas,
and O’Riordan [CLO10] in which an optimization of the technique
CombSUM TOP < (introduced and discussed in Section 2.2.6) is
considered. The procedure described in the paper is related to an
approach in the following Chapter 4 of this thesis, in which we
present new techniques.

The S e c t i o n 3 . 3 S u m m a r y o f t h e P r e s e n t e d W o r k saim of the sections in this chapter is not to focus on a complete
summary of the works, but rather to highlight the points of the
writings that are relevant to this thesis and its research questions.
A summarization is given in Section 3.3.

3.1 Work byMacdonald et al.

3.1.1 The Voting Model for People Search

In E v a l u a t i o n s a r e l a r g e l y b a s e d o n t w o T R E C

c o l l e c t i o n s

his thesis “The voting model for people search” [Mac09], Mac-
donald evaluates the techniques presented in the previous Chapter
2. Essentially, the work is based on two collections, which were the
basis for three TREC conferences with their enterprise tracks and
expert search tasks from 2005 to 2007, also referred to as EX05,
EX06 and EX07 in the following sections.

37
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W3CCollection (EX05, EX06) This collection consists of 331,037
documents collected by a crawl of the top-level domain w3.org in
2005. In addition to the actual web presence, email archives, Wikis,
code repositories, personal home pages, and other documents are
included [CVS05]. In addition, participants are provided with a list
of 1,092 potential experts.

CERC Collection (EX07) The CSIRO Enterprise Research Col-
lection (CERC) consists of 370,715 documents crawled in March
2007 from the csiro.au web domain. This collection from the Com-
monwealth Scientific and Industrial ResearchOrganisation ismore
characteristic for an enterprise, unlike the W3C Collection. For the
expert search task, the topics and their experts were determined by
the so-called science communicators, who are responsible for re-
porting and external communication, as a basis for the evaluation
[Bai+07].

Creation of candidate profiles In addition to the voting tech-
niques themselves, the relevance of the ranked candidates is based
on the documents assigned to each candidate. For each candidate
or expert, the assigned documents define the candidate profile or
also referred to as the expert profile. These assigned documents rep-
resent supporting evidence of their competence in the requested
topic and have to be created in advance for both theW3C collection
and the CERC collection. In Sections 3.4.2.1 and 3.4.2.2, Macdonald
distinguishes between two ways of generating these associations
of documents with candidates as candidate profiles:

OnT w o d i f f e r e n t m e t h o d s t o

g e n e r a t e c a n d i d a t e p r o fi l e s

the one hand, there is manual candidate profiling, in which
the profiles are created or compiled manually, by third parties
or even by the candidates themselves. The other possibility of as-
sociating documents with candidates is indicated with automatic
candidate profiling: In this variant, expert profiles are generated
from documents by evaluating the name and e-mail address in
the content, sender or recipient addresses of messages or home-
pages, self-created or visited, as a relation of the candidate to the
document.

For both collections, no candidate profiles are available, and so in
the thesis based on last name, full name, full name with aliases, and
email address, four different variants of profile sets are created via
document analysis (Section 6.2.3). The quality of the profiles is de-
termined by complete coverage of all relevant documents for each
candidate, with no documents being incorrectly assigned to the
candidates. Macdonald speaks here of minimizing false negatives
and false positives.
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Table 3.1:Overview of the three Expert Search Tasks of the years 2005-2007 (EX05-EX07), taken from the
thesis “The voting model for people search” from Macdonald [Mac09]

EX05 EX06 EX07
Corpus W3C (331,037 docs) W3C (331,037 docs) CERC (370,715 docs)
#Candidates 1,092 1,092 3,475
#Topics 50 49 50
Evaluation Method Ground Truth Supporting Documents Oracle Questionnaires
Mean #Relevant Cand. 30.18 51.48 3.04

1 : M a c d o n a l d a l s o r e f e r s t o t h e p r o c e d u r e i n t h e

f o l l o w i n g c o u r s e a n d i n t h e s p e c i a l c a s e o f E X 0 6

a s S u p p o r t i n g D o c u m e n t s

During the evaluations, it emerges that profiles based on e-mail
addresses and full names are the most accurate and have the small-
est average sizes. Ambiguities in the assignment of a document
to candidates with the same name can be avoided with a higher
probability.

Relevance assessments In T h r e e d i f f e r e n t m e t h o d s t o g e n e r a t e r e l e v a n c e

a s s e s s m e n t s

Section 3.4.5 of his thesis,Macdonald
points out the difficulties in evaluating expert searches: Document
rankings are easier to assess than expert relevance ratings. In the
evaluations in his thesis, there are three different methods for rele-
vance assessments of experts, also applied in the TREC tracks in
2005-2007.

The preexisting ground truth is applied in the 2005 expert search
task (EX05). Here, the queries are also, at the same time, the names
of the W3C working groups [CVS05], whose composition by ex-
perts is known. This ground truth can also be used as a relevance
assessment for the evaluation of expert rankings for each topic.

In the 2006 Expert Search Task (EX06), a procedure called Support-
ing Evidence is used as a relevance assessment and a basis for the
evaluation1: All participating systems submit ranked documents
supporting each candidate’s expertise in addition to the candidate
rankings for each task.

For evaluation, both the top-ranked candidates of the systems and
their top-ranked documents are pooled. Assessors now assess the
relevance of experts from the submitted rankings based on the
documents from the pool.

Macdonald’s third technique to generate a relevance assessment is
called Candidate & Oracle Questionnaires. Here, the experts them-
selves are asked about their expertise on each topic. In the context
of TREC 07 and its Expert Search Task (EX07), the technique was
modified by assigning the so-called Science Communicators to form
topics and, at the same time, to indicate associated experts.

Evaluation scenarios The first evaluations of the voting tech-
niques are carried out on the three expert search tasks from 2005 to
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2 : T h e e f f e c t i v e n e s s m e a s u r e s M A P , P @ k a n d

M R R a r e d e s c r i b e d i n d e t a i l i n t h e b o o k I n t r o d u c -

t i o n t o I n f o r m a t i o n R e t r i e v a l [M R S 0 8 , s e c . 8 . 4 ]

3 : I n t h e t h e s i s , t h e t e r m A p p r o v a l V o t e s i s s y n -

o n y m o u s w i t h t h e t e c h n i q u e V o t e s d e s c r i b e d i n

S e c t i o n 2 . 2 . 1 .

2007 (EX05-EX07) with their collections. Table 3.1 provides a sum-
mary of the collections used with their key data and the evaluation
methods used based on the assessments obtained.

In addition, separate runs are performed on the four different
candidate profile sets, as well as on various document ranking
procedures. The effectiveness measures evaluated are MAP for
the entire expert ranking, P@10 for the quality of the first-ranked
experts, and MRR for the first-ranked relevant candidate 2.

All voting results for the effectiveness measures are related to the
median of the participating systems from the TREC tasks, and
the result of the virtual documents as concatenations is used as a
further basis for comparison (called Virtual Docs in the following).

Evaluation results RegardingB e s t r e s u l t s f o r t h e f u l l

n a m e c a n d i d a t e p r o fi l e s e t

the candidate profiles, the evalu-
ation in Section 6.3.1 of the thesis gives the best results for the full
name candidate profile set. The sets based on last name and last
name + aliases provide too much ambiguous information for the
mapping and are therefore very noisy. The candidate profile set
based on email addresses, which has the smallest average profile of
all four, provides too little information on a candidate and is not
convincing in comparison.

The voting techniques are evaluated based on the first test runs in
Section 6.3.2. of his thesis. The comparison is made on the basis of
the full name profiles, which provide the best results in the previous
section. An extract of the evaluation results is presented in Table
3.2, based on the document weighting model BM25 that is also
applied as the weighting model in our experiments.

AmongS c o r e - b a s e d , e x p o n e n t i a l v a r i a n t s a r e

a m o n g t h e b e s t p e r f o r m i n g t e c h n i q u e s

the winners of the evaluation are expCombSUM and ex-
pCombMNZ, which increase the weights of the highest-ranked
documents disproportionately: “Hence, a candidate associated with
a few pieces of expertise evidence that are strongly related to the topic
(strong votes) is more likely to be expert than a candidate with many
weak votes.” [Mac09, sec. 6.3.2]

Macdonald further highlights that the MAP values of CombMAX,
CombSUM, CombMNZ and exponential variants such as exp-
CombSUM and expCombMNZ statistically significantly outper-
form the median results of the TREC runs.

ApprovalVotes3, as a quantity-based technology, shows good results
for the EX05 and EX06 tasks, but is not convincing for the EX07
task. With regard to ranking-based methods, Macdonald states
that BordaFuse produces better results than '' in all tasks for all
measures.

Score-based techniques appear differently, depending on the com-
bination: For EX05 and EX07, for CombMAX, the results are better
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Table 3.2: Extract of Macdonald’s evaluation results for selected voting
techniques for the Expert Search Tasks of the TREC Tracks 2005-2007
(EX05-EX07), based on the full name candidate profile. This extract is
limited to the document weighting model BM25 and selected voting
techniques. For a better overview, the best results within a column are
shown in deep green. Worse results are colored from light green, white
to red according to their quality.

Technique MAP MRR P@10
EX05

TREC Median 0.1402 0.5067 0.2600
Virtual Docs 0.1070 0.2979 0.1880
ApprovalVotes 0.1707 0.5335 0.2840
RR 0.1723 0.5336 0.2840
BordaFuse 0.1872 0.5625 0.3000
CombMAX 0.2398 0.6053 0.3340
CombSUM 0.1754 0.5324 0.2860
CombMNZ 0.1738 0.5344 0.2860
expCombSUM 0.2291 0.5763 0.3360
expCombMNZ 0.2040 0.5607 0.3180

EX06
TREC Median 0.3412 0.8316 0.5082
Virtual Docs 0.3452 0.6407 0.4143
ApprovalVotes 0.5163 0.8986 0.6469
RR 0.5185 0.9014 0.6490
BordaFuse 0.5409 0.9095 0.6490
CombMAX 0.4833 0.8465 0.5939
CombSUM 0.5280 0.9116 0.6469
CombMNZ 0.5240 0.9201 0.6490
expCombSUM 0.5523 0.9241 0.6571
expCombMNZ 0.5492 0.9252 0.6551

EX07
TREC Median 0.2468 0.4013 0.1060
Virtual Docs 0.3005 0.3964 0.1120
ApprovalVotes 0.2277 0.3035 0.1020
RR 0.2322 0.3080 0.1060
BordaFuse 0.2736 0.3538 0.1360
CombMAX 0.3616 0.5070 0.1480
CombSUM 0.2721 0.3588 0.1240
CombMNZ 0.2501 0.3241 0.1220
expCombSUM 0.3809 0.5106 0.1540
expCombMNZ 0.3576 0.4642 0.1460
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than those ofCombSUMandCombMNZ; forEX06, the tendencies
are reversed. Regarding CombMNZ, he notes that the additional
component, the number of voters per candidate, does not provide
any improvements in the tasks.

Techniques that focus on the top of the document ranking do not
necessarily produce good P@10 or MRR results. As an example,
Macdonald states that ApprovalVotes, considering the complete
ranking, gives better values than CombMAX for the two measures
in EX06.

The techniques CombANZ, CombMIN, and expCombANZ are left
out of the extract shown in Table 3.2 because they do not perform
well in each task and are significantly underperforming compared
to the TREC medians. In further experiments and evaluations in
the thesis of Macdonald they are not considered further.

Candidate-length normalization ToQ u a n t i t y - b a s e d a n d p a r t i a l l y s c o r e - b a s e d

t e c h n i q u e s b e n e fi t f r o m n o r m a l i z e d p r o fi l e s .

counteract the bias that
arises for some voting techniques due to size differences in the can-
didate profiles, Macdonald applies normalizations to the candidate
profiles. The basis of the approaches for normalizing the expert
profiles is the length of each profile, defined in his thesis as :_>@=.
According to Macdonald’s definition, the value of this length is
derived either from the number of tokens as the number of terms
of a complete expert profile or the number of documents associated
with the expert. Based on :_>@= and its two variants, two formulas
are used for normalization. The first variant #=@;1 revalues the
score for an expert candidate� resulting from the query & with
the reciprocal value of :_>@=:

A2=@4Norm1(�, &) = A2=@4(�, &) · 1
:_>@=

(3.1)

The second formula as variant #=@;2 allows a more precise con-
trol of the normalization and is defined as:

A2=@4Norm2(�, &) = A2=@4(�, &) · log2(1 + 2pro ·
0D6_:
:_>@=

) (3.2)

The argument of the dual logarithm consists of two summands.The
first summand with its value of 1 ensures that the resulting value
of the logarithm does not become less than zero. As the second
summand, the average profile length 0D6_: is divided by the length
of the candidate profile :_>@= and multiplied by a factor 2pro > 0,
known as the hyper parameter. The smaller 2pro is set, the higher
the impact of normalization.
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4 : A s i n t h e p r e v i o u s e v a l u a t i o n s , t h e t e s t s a r e c a r -

r i e d o u t o n f o u r d i f f e r e n t c a n d i d a t e p r o fi l e s e t s ,

e a c h w i t h f o u r d i f f e r e n t d o c u m e n t r a n k i n g p r o c e -

d u r e s , i n c l u d i n g B M 2 5 .

Four variants, the two definitions of :_>@= and the two formulas for
normalization 3.1 and 3.2, are applied to seven voting techniques
fromTable 3.2 ('' is left out). Based on the existing scenarios of the
Expert Search Tasks EX05-EX07, normalized voting techniques
are evaluated and assessed 4.

The evaluation results shown in [Mac09] in tables 6.17 - 6.20 con-
firm that quantity-based techniques, such as ApprovalVotes benefit,
and techniques such as CombMNZ or expCombMNZ often also
produce improved results, since they also consider the number
of voting documents. CombSUM and expCombSUM can bene-
fit here in some cases, since they also implicitly benefit from the
number of voters or are biased by large expert profiles. Macdonald
states that CombMAX yields the best results in most cases without
normalization. In Section 6.4.3 of his thesis, Macdonald states:

“In conclusion, we have seen that candidate length normalisation is
necessary in some settings to improve the retrieval performance of
some voting techniques, under certain noisy conditions. In particular,
the evaluation showed that normalisation is more useful on the more
difficult EX05 and EX07 topics than on the EX06 topics. We conclude
that length normalisation is important to take into account in the
Voting Model, as it can significantly improve the performance of some
voting techniques, particularly when inaccurate or noisy candidate
profile sets are applied.” [Mac09, sec. 6.4.3]

Size of the document ranking In T h e o p t i m a l n u m b e r o f i n i t i a l v o t i n g d o c u m e n t s

i s c o l l e c t i o n - s p e c i fi c a n d d e p e n d s o n t h e a p p l i e d

v o t i n g t e c h n i q u e .

Section 6.5 of his thesis, Mac-
donald examines the effect of changing the number of initial voting
documents. While in the previous experiments the number of vot-
ing documents was set at 1, 000, in these experiments he evaluates
variations from 5 to 2, 000 initial voting documents for the TREC
tracks EX05-EX07.

Applying BM25-based document search, an increase in MAP per-
formance can be observed for all techniques up to the range of
approximately 50−150 voting documents in the three TREC tasks.
An additional increasing number can have different effects and
depends on the voting technique, the collection structure, and the
number of experts searched.

In the EX05 task, performance on a MAP basis increases for some
techniques such as expCombSUM and CombMAX, as the number
of voting documents increases, while stagnating and decreasing
slightly for ApprovalVotes, CombSUM, and BordaFuse. A rather
similar picture emerges for the EX07 task.

In the EX06 task, which contains a higher average number of rele-
vant experts, the result is different. There is no noticeable tail-off
in MAP values for this task; a deterioration can be observed for
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some techniques with 1, 000 or more voting documents. For this
task, Macdonald states:

“The overall trends show that as this task has more complete judgments
with a higher number of relevant candidates, voting techniques are
able to rank higher more relevant candidates by looking further down
the document ranking for even the most tangentially-related evidence
of expertise.” [MO09, sec. 6.5]
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3.1.2 The Influence of the Document Ranking in
Expert Search

In the eponymous paper [MO09],Macdonald andOunis investigate
the impact of document ranking quality on voting techniques and
their results for expert ranking.

The P r e r e q u i s i t e : A s s e s s m e n t s f o r b o t h d o c u m e n t

s e a r c h a n d e x p e r t s e a r c h a r e a v a i l a b l e f o r t h e

C E R C c o l l e c t i o n .

two tasks from TREC 2007, for which both assessments for
the results of the document search and for the expert search are
available, serve as the basis for the evaluation here.

The starting point are the 63 document rankings submitted for the
TREC 2007 document search task [Bai+07]. On the basis of these
rankings, the expert search is performed in this investigation. The
results of both evaluations, respectively, for the document ranking
and the expert ranking, are related to draw conclusions on the in-
fluence of the document ranking on the expert ranking. Candidate
profiles are obtained based on their full names and email addresses
in the documents, as described in the previous Section 3.1.1. The
techniques Votes, BordaFuse, '', CombMAX, expCombSUM and
expCombMNZ are examined in the article.

TREC document rankings For C o r r e l a t i o n a n a l y s i s b e t w e e n t h e k e y p e r f o r -

m a n c e i n d i c a t o r s o f t h e d o c u m e n t a n d e x p e r t

r a n k i n g s

the mentioned voting tech-
niques, based on the 63 document rankings, the MAP and MRR
values for expert search are determined based on the available as-
sessments and set in relation to the MAP, MRR, nDCG, and P@N
(< = 10, 30, 50) of the document ranking runs.

The aim is to answer the question of a correlation between the two
relevance measures from the expert searches and those from the
document rankings.

The first result of the study is that there is a basic correlation be-
tween the quality of the rankings, but a direct correlation of the
corresponding measures on the document and on the expert side
cannot always be expected.

When comparing the correlations, it turns out that the two mea-
sures of CombMAX have a high correlation with the MRR of the
document ranking. This can be explained by the focus on the upper
ranks of the document ranking.

For Votes, there is a high correlation with document-based recall,
since here the number of voting candidates is included and not
their quality.

BordaFuse, expCombMNZ and expCombSUM show correlations
with MAP, nDCG, and document-based recall. Surprisingly, the
results of '' tend to be similar to those of BordaFuse, with no
significant correlation to the results for the measures of front rank
quality.
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In summary, the authors make the following comments.

“However, we do not find any 100% correlations, showing that not every
improvement in document search effectiveness can have a positive
impact on an expert search engine. The correlations found here do not
show that topic relevance document retrieval performance is perfectly
related to candidate retrieval performance. This infers that there are
some characteristics of the document ranking which are important
to the voting techniques that are not being captured by the topical
relevance document evaluation measures.” [MO09, sec. 4.1]

Virtual document rankings SinceV i r t u a l d o c u m e n t r a n k i n g s c h e c k t h e d e p e n -

d e n c y o f t h e e x p e r t r a n k i n g s f o r t h e e n t i r e

M A P r e s u l t s s p e c t r u m a t d o c u m e n t l e v e l .

the document rankings from
the TREC runs range from 0.28 to 0.45 in terms of theirMAP value,
the authors follow the question of how the relationship between
the quality of the document rankings and the expert rankings is
given in a broader range. For this purpose, they generate 400 doc-
ument rankings based on the collection using the AP simulation
algorithm [TS06], which covers the entire range of MAP in terms
of assessments. Since no document scores are formed, but only
their rankings are formed within this method, only ranking-based
voting procedures are considered: Votes, BordaFuse, and ''.

Based on the wide range for the MAP results of the document
rankings, strong correlations arise here. However, the investigation
in this scenario is only of limited value, as the measured document-
based performance indicators (MAP, MRR, nDCG, and P@N) also
show a high correlation with each other, in contrast to the realistic
63 document rankings.
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3.2 Learning Aggregation Functions for Expert
Search

To counteract the bias caused by size differences in the expert
profiles, normalization can be applied as described in Section 3.1.1.

Another option is to use ranking-based attenuation functions in
class scope or at the document level, which use document score
weighting to attenuate the influence of voting documents as the
number increases. We introduce these functions in Sections 4.1.3,
4.1.4 and 4.1.5 and apply them in Chapter 5 as part of the evaluations.

In their work which is discussed next, Cummins, Lalmas, and O’Ri-
ordan [CLO10] pursue an approach based on the voting technique
CombSUM TOP <: The preliminary considerations in the article
“Learning Aggregation Functions for Expert Search” investigate the
ideal number of <, followed by the evaluation of a scoring function
which, according to equation 4.6 on page 64, not onlymultiplies the
document scores by 1 and 0 for including and neglecting them, but
also sets a factor in front of each document score as a continuous
damping function.

Basic concept In D e v e l o p m e n t o f a n a g g r e g a t i o n f u n c t i o n b a s e d

o n a l e a r n i n g m o d e l

their paper “Learning Aggregation Functions
for Expert Search” [CLO10], the authors attempt to develop an
aggregation function based on a learning model that optimally
aggregates documents in the expert search task. In experiments,
this aggregation function is trained and evaluated using individual
query features and, in the second case, features of expert profiles.
For their experiments, the authors use the collections W3C and
CSIRO from the TREC expert search tracks of the years 2005-2008.

Manual search for an optimal < The P r e c e d i n g a n a l y s i s : D e t e r m i n e a n i d e a l < f o r

C o m b S U M T O P < f o r e a c h q u e r y

starting point of the in-
vestigations is the voting technique CombSUM TOP < and its
parameterization for the best results. In a preliminary analysis, the
optimal < for the best MAP-based result is determined for each
query of the expert search tasks. It turns out that the optimal val-
ues of < are individually different for each query and can vary
significantly.

As the best results are achieved on average for the four runs on
the two collections with < = 5, this parameterization is used as a
reference for further experiments and considerations.

Query features After E s t a b l i s h i n g a c o r r e l a t i o n o f t h e o p t i m a l < w i t h

q u e r y f e a t u r e s

the optimal <-values for CombSUM TOP
< have been determined for each query, the authors attempt to
relate these values to individual query features in order to get an
input to a prediction function. For this purpose, query features
such as 735min, 735max, query length ?:, and others are determined
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to establish a correlation with the best < for each query. However,
it turns out that direct and significant correlations with the optimal
number of voting documents for each query cannot be established.

Expert features In this section, the authors examine expert
features on the basis of relevant and non-relevant experts for each
query. For each topic, the TOP 50 experts and their document
features are used in the ranking based on the baseline CombSUM
TOP <with < = 5. The following three measures are determined
as input variables in the learning function for each expert Fi:

I <=_3=2Axi : Maximum number of documents that can be aggre-
gated for the expert profile F7

I B=>_4F>_A2=@4xi : Maximum document score of the expert pro-
file F7 in the document ranking

I B=>_4F>_@0<9xi : The highest document rank of the relevant ex-
pert profile F7 in the document ranking

BasedD e v e l o p m e n t o f a l e a r n i n g a g g r e -

g a t i o n f u n c t i o n b a s e d o n t h e f e a -

t u r e s o f q u e r i e s a n d e x p e r t p r o fi l e s

on the fact that for each query using CombSUMTOP < there
is an individual < for its best performance, the authors consider
finding a continuous weighting function using genetic program-
ming (GP), which determines the revaluation of the document
scores for two scenarios: For the query-based scenario, the learned
aggregation function determines the ideal weights for all docu-
ments based on the features of the query; for the expert-based sce-
nario, learned function-generated weights are determined based
on the properties of the expert profile, and individually revalue the
voting documents for each expert.

ForW e i g h t i n g a g g r e g a t i o n f u n c t i o n a s

a s u b s t i t u t i o n f o r C o m b S U M T O P <

both scenarios, weighting functions are determined, each based
on the individual features of the query or the expert profile. These
weighting functions are continuous in nature and generate factors
between 1 and 0 to flatten the document score according to its
ranking in class scope. To generate the dynamic for the voting
scores and the two scenarios, the authors analyze the individual
query features and the individual expert features.

BasedT R E C 2 0 0 5 c o l l e c t i o n

s e r v e s a s t r a i n i n g c o l l e c t i o n

on a genetic programming (GP) approach, it is evaluated
whether the measures determined for both query-based and expert-
based scenarios can be used to train a weighting function that fur-
ther improves the MAP and P@10 results of expert searches with
respect to the baseline CombSUM TOP <with < = 5. The aggrega-
tion functions are trained on the basis of the TREC 2005 collection,
and the evaluation is carried out with the TREC collections of the
three following years. MAP and P@10 are used as performance
indicators.
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Evaluation results For the query-based scenario, improvements
can only be observed for the TREC 2005 collection; the results
for the other collections from 2006 to 2008 are worse than those
of the baseline CombSUM TOP < from these years having < = 5.
The authors assume “that any combination (even non-linear) of the
query-based features is not likely to bring about an improvement in
performance”.

The expert-based scenario is different. Here, the aggregation func-
tion trained on expert profiles delivers significantly higher MAP
and P@10 values for both the training collection and the TREC
collections for 2007 and 2008. The results based on the 2006 col-
lection are slightly below the baseline. The reason for this is that in
this track, expert profiles with many documents were also more
relevant in the assessments.

3.3 Summary of the PresentedWorks

This chapter highlights researched aspects of expertise retrieval
using voting techniques that are also important for the generalized
search for classes. A E m p h a s i z i n g t h e t o p r a n k s o r g l o b a l r e s t r i c t i o n

o f v o t i n g d o c u m e n t s c a n i m p r o v e p e r f o r m a n c e .

fundamental observation is that voting tech-
niques that emphasize the upper ranks of the document ranking
often yield better results and are more invariant to expert profiles
of different sizes. This is shown by the results of Macdonald, an
example shown in Table 3.2 on page 41 in which the techniques that
emphasize these high ranks are outperformers on the basis of MAP,
MRR, and P@10. Ranking and score-based voting techniques can
significantly increase their performance by applying length-based
normalization of expert profiles, only CombMAX yields the best
results without normalization [Mac09, sec. 6.4]. Furthermore, the
number of initial voting documents affects the quality of the re-
sults. An optimum is to be chosen based on the collection structure
and the applied voting technique, as Macdonald states in his thesis
[Mac09].

However, T h e s t r u c t u r e o f a c o l l e c t i o n h a s a g l o b a l

i n fl u e n c e o n t h e o v e r a l l q u a l i t y o f t h e r e s u l t s .

the discussed works also show that the global perfor-
mance of the techniques varies depending on the collection. For
example, the global performance range is significantly different in
all evaluation measures between the evaluated collections, as can
be seen in the results in Table 3.2. To some extent, this behavior
can also be individually related to the selected queries or the rele-
vance ratings of the tracks. In I n d i v i d u a l l y d i f f e r e n t p e r f o r m a n c e o f v o t i n g

t e c h n i q u e s b a s e d o n d i f f e r e n t c o l l e c t i o n s

addition to the global differences in
the result ranges, the performance of individual techniques varies
differently, as can be seen in the example of CombMAX or Ap-
provalVotes in tracks EX05 to EX07. CombMAX delivers only
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moderate results on track EX06, while it is among the top perform-
ers on the other two tracks in Table 3.2. ApprovalVotes delivers
results on the mentioned track that are in the middle of the field,
but poor results in the other tracks.

InH i g h e r r e l e v a n c e o f d o c u m e n t r a n k -

i n g s i m p r o v e s r e s u l t s o f v o t i n g t e c h -

n i q u e s , b u t w i t h l i m i t e d c o r r e l a t i o n .

their paper “The influence of the document ranking in expert
search” [MO09] Macdonald and Ounis investigate the influence
of the quality of the document ranking on the results of voting
techniques. To some extent, more relevant document rankings
also have a positive influence on the subsequent expert ranking.
Depending on the evaluation measure and the processing of the
documents as voting candidates, the techniques react differently
to the rankings of different qualities.

Based on CombSUM TOP 5 as a high-performing technique, Cum-
mins, Lalmas, and O’Riordan show in their paper [CLO10] that
voting results yielded by this technique can be further improved
using an individually applied damping function.This function is de-
rivedwith effort from each expert’s profile and applied individually
for the aggregation of voting documents.



4 Extended Techniques
and Interrelationships

In S e c t i o n 4 . 1 N e w a n d M o d i fi e d T e c h n i q u e s :

I n t r o d u c t i o n o f e x t e n d e d a n d n e w v o t i n g

t e c h n i q u e s u s i n g t h e e x a m p l e s c e n a r i o

the first Section 4.1 of this chapter, new voting techniques are
presented as modified and extended variants of the techniques
presented in Chapter 2. These new techniques are also included in
the evaluations in Chapter 5.

The S e c t i o n 4 . 2 R e l a t i o n s h i p s o f t h e P r e s e n t e d

T e c h n i q u e s : C l a s s i fi c a t i o n o f t h e n e w v o t i n g

t e c h n i q u e s i n r e l a t i o n t o t h e e x i s t i n g o n e s

second Section 4.2 gives a general overview of all the tech-
niques presented with their characteristics and interrelationships.

4.1 New andModified Techniques

The modifications and innovations of the techniques discussed in
Chapter 2 are outlined below.

4.1.1 sqCombSUM

Based on s q C o m b S U M s q u a r e s t h e d o c u m e n t s c o r e s a s

a n a m p l i fi c a t i o n o f h i g h - r a n k e d d o c u m e n t s .

the idea of expCombSUM and the knowledge of slow
decreasing A2=@4(3, ?) values, this technique is newly introduced
in this thesis and amplifies the differences by the exponent 2. The
basic idea is to implement a revaluation of the scores using an ex-
ponential approach with the scores as a basis and that generates an
amplification of the high-ranking documents that is not as extreme
as that of expCombSUM.

51
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Figure 4.1: Transformed document scores (rounded) for sqCombSUM in logarithmic representation: The top
ranks of the global document ranking receive a much greater increase in value and thus greater significance for
class voting. The white markers on the bars indicate the original score value, and the white values indicate the
percentage increase by which the score increases.

Figure 4.1 shows the ranking of the exemplary scenario inChapter 2
with the squared document scores in a logarithmic representation:
The score of the document ranked first is increased by a factor of
almost 24 in this example; for documents in the lower ranks, the
value decreases approximately tenfold.

As sqCombSUM uses the square function to amplify the deltas of
the document score values, the formula is as follows:

A2=@4sqCombSUM (2, ?) =
∑

3∈'(?) ∧ 3∈2
A2=@4(3, ?)2 (4.1)

By summarizing the squared scoreswithout restricting the number
of voting candidates per class, the first-ranking documents are
emphasized, which causes a positive impact on the search results
as we evaluate in Chapter 5. Like CombSUM and expCombSUM,
all documents per class are taken into account, which still keeps
classes with a high document count potentially to be preferred –
in a more attenuated form than in the case of CombSUM.

This observation can also be made using the example scenario and
the class ranking in Figure 4.2: Although the blue class A has the
highest sum in the unchanged score ranking, candidates of class
B in sum get the highest value increases by squaring, which leads
to the swapping of the ranking places applying CombSUM and
sqCombSUM in the scenario. Despite the increase in the scores for
the top-ranked documents, class E (green) is ranked in last place;
however, the score difference to the previous position of class D is
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Figure 4.2: Plot of the class ranking and class scores for sqCombSUM
on the linear scale: While the blue class A was still in first place for
CombSUM (see also Figure 2.3 on page 21), the yellow class B, which was
previously in second place, is now in front. The reason for this is the
increase in value of the top voting candidates by squaring the scores.

rather marginal here, in contrast to CombSUM (see Figure 2.3 on
page 21).

4.1.2 sqCombMNZ

As an I n a n a l o g y t o e x p C o m b M N Z , t h e n u m b e r o f

v o t i n g d o c u m e n t s i s m u l t i p l i e d b y t h e s q u a r e d

s c o r e s .

equivalent to expCombMNZ and an extension of sqComb-
SUM, this technique sums the squared scores of the documents
for every class and multiplies this sum by A2=@4Votes(2, ?), giving an
advantage to classes with many voting documents. The formula is
defined as follows:

A2=@4sqCombMNZ (2, ?) = A2=@4Votes(2, ?) · A2=@4sqCombSUM (2, ?) (4.2)

Figure 4.3 shows the class ranking results for sqCombMNZ in the
example scenario. By including the number of voting documents
per class, the class ranking yielded by sqCombSUM as seen in
Figure 4.2 is biased towards a result like CombMNZ.
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Figure 4.3: Class ranking for sqCombMNZ: According to the order
of the classes, the ranking is the same as for CombMNZ. However, the
squaring here means an additional strengthening of the higher ranked
voting documents and thus a proportionally higher increase of the green
or yellow class.

The factor A2=@4votes(2, ?) prevails over squaring the scores within
our example scenario, keeping the ranking the same as compared
to the non-squared variant.
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4.1.3 ''F

This B a s e d o n '', t h e e x p o n e n t F c a u s e s t h e

a d j u s t m e n t o f t h e v o t i n g c h a r a c t e r i s t i c s

voting procedure is based on the '' technique presented in
Section 2.2.8. As an extension, we add an exponent F, which allows
us to adjust the characteristics. Consequently, the formula for ''F

is defined as follows:

A2=@4''F (2, ?) =
∑

3∈'(?) ∧ 3∈2

(
1

@0<9(3, ?)

)F
(4.3)

F ∈ R≥0

The choice of F sets the envelope curve from which the scores
of the voting documents are derived. By choosing very small or
very large values for F, constellations emerge that approximate the
results of two voting techniques presented:

Smaller values for F Choosing S m a l l v a l u e s o f F p r o d u c e c l a s s r a n k i n g r e s u l t s

t h a t a p p r o x i m a t e V o t e s .

small values for F or setting
F → 0 causes the envelope curve (grey curve in Figure 4.4) to
descend more flatly, increases the score values and leads to scores
having smaller differences while approximating each other. As
the score differences decrease, it boils down to the fact that the
number of voting documents per class becomes decisive.Therefore,
the results with this parameterization approximate those of the
Votes algorithm: As a limit, the extreme is A2=@4''0 , which leads to
the mathematical equivalent of formula Votes.
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Figure 4.4: Document ranking of the scenario with revalued score values: The transformed scores result from
the setting F = 1

2 , which causes a flatter curve and lower attenuation compared to Figure 2.11 on page 30.

Figure 4.4 shows an example of the envelope or revalued scores
for F = 1

2 . Here, the attenuation of the scores is lower than in the
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Figure 4.5: Class ranking for ''F with the parameter F = 1
2 : The

influence of class sizes is higher within this parameterization compared
to Figure 2.12 on page 31.

original revaluation of '' shown in Figure 2.11 on page 30. Figure
4.5 shows the class ranking based on the revalued scores. Due to
the lower attenuation of the document scores, compared to '',
the influence of class sizes, i.e., the number of voting documents,
becomes more dominant. While in '' the green class is ranked
second with only two but highly ranked documents, here the red
and blue classes can prevail with more voting documents.

Table 4.1: Top five ''F-based document score values for different
variations of F. As F increases, the score totals for the top five ranks
decrease while the ratios between the rank-based score values increase.

Technique ⊲ ''
1
2 ''

3
4 '' ''

3
2 ''2

Rank O
1 1.00 1.00 1.00 1.00 1.00
2 0.71 0.59 0.50 0.35 0.25
3 0.58 0.44 0.33 0.19 0.11
4 0.50 0.35 0.25 0.13 0.06
5 0.45 0.30 0.20 0.09 0.04

Sum 3.23 2.69 2.28 1.76 1.46

Starting from F = 1
2 , Table 4.1 shows the development of the doc-

ument scores for higher values for F. Only the top-ranked doc-
uments of the upper five ranks are considered in the table. As F
increases, the sum of document scores decreases, while the ratios
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of score values increase for each parameterization. Even in the
range of 1

2 to 2 for F shown, the changes have a fundamental effect
on the class ranking.
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Figure 4.6: Document ranking of the example scenario with revalued score values by setting F = 3
2 : The

envelope shows higher attenuation and decrease of the document scores.

Higher values for F This H i g h v a l u e s o f F p r o d u c e c l a s s r a n k i n g r e s u l t s

t h a t a p p r o x i m a t e C o m b M A X .

effect is demonstrated by an example
with the parametrization of F = 3

2 . Figure 4.6 shows the revalued
scores of the documents with the corresponding envelope. The
attenuation is stronger here with the effect that the votes of higher-
ranked documents get a higher influence. Here, the second-ranked
document receives a score of 1

2

3
2 = 0.35, while the third-ranked

document receives a score of 1
3

3
2 = 0.19, as can be seen in Table 4.1.

Due to these more decreasing scores and the higher attenuation, it
becomes increasingly difficult for low-ranked documents to place
their associated class on the higher ranks of the class ranking by
means of their number. This leads to the fact that the results of
''F are close to those of CombMAX with higher values of F. The
class ranking in Figure 4.7 shows this tendency: Classes E and B, in
green and yellow, are in the lead here, as in CombMAX (compare
Figure 2.10 on page 29), however, in contrast to CombMAX, the
blue class A can still position itself as the third place due to its high
number of voting documents. As the exponent F increases, this
effect also disappears and the result of CombMAX is obtained.

As the exponent increases, ''F more intensively prefers classes
that are referenced by high-ranked documents from the document
ranking: This strategy is also followed when applying expComb-
SUM and has proven to be promising in various results from the
literature on expertise retrieval [MO06].
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Figure 4.7: Class ranking for ''F with the parameter F = 3
2 : Due to

exponential high attenuation, the influence of highly ranked documents
increases and the results tend to those of CombMAX.

Our evaluations in Chapter 5 cover parameterizations of F where

F ∈ {1
2
,
3
4
, 1,

3
2
, 2}.

4.1.4 CombSUM ''F

AC o m b S U M ''F
a s a c o m b i n a t i o n o f s u m m i n g

u p t h e d o c u m e n t s c o r e s m u l t i p l i e d w i t h a

c l a s s s c o p e d , r a n k i n g b a s e d d a m p i n g f a c t o r .

further newly introduced technique is a combination of summed
document scores and reciprocal rank valuation per class.

The rationale is that if there are multiple documents of a class 2 in
the ranking, the highest ranked document 32,1 reveals a fit to the
query for 2 which can be quantified by A2=@4(32,1, ?)— according
to the CombMAX technique.

For the second-ranked document of this class – 32,2 of 2 – parts of
its score might already be reflected in the score of the preceding
document.Therefore, for subsequent documents of 2 in the ranking
a discounting function is used. This function is implemented by
multiplying A2=@4(32,@ , ?) by the class-scoped reciprocal rank 1

@

which is provided with an adjustable exponent F.

For every class, this aggregation sums up its voting documents’
scores, whereby each document score is multiplied with its cor-
responding, class-based reciprocal rank raised to the power of
F:
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Figure 4.8: Revaluation of the document scores from the sample scenario for CombSUM ''F , setting F = 1
2 :

Recalculation is done in the context of each class. The figure shows the voting documents of each class with

their original scores in gray and their recalculated values using the factor
(

1
@0<9(3,?,2)

) 1
2
.

A2=@4CombSUM ''F (2, ?) =∑
3∈'(?) ∧ 3∈2

A2=@4(3, ?) ·
(

1
@0<9(3, ?, 2)

)F (4.4)

The evaluations in Chapter 5 consider F set to values of

F ∈ {1
2
, 1, 2}.

This damping factor F can be used to map scenarios that approxi-
mate CombSUM or CombMAX via its extreme parameterization:

F → 0 a p p r o x i m a t e s C o m b S U M ,

F →∞ y i e l d s r e s u l t s c o n v e r g i n g C o m b M A X .

CombSUM is approximated setting small values for F → 0 which
results in a multiplication of the document scores with a value
converging 1.
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CombMAX behavior is achieved with high exponents or F →∞.
According to Table 4.1, the high attenuation of the following ranks
means that the first and highest document score in a class has by
far the highest weight and is decisive for the result of a class.
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Figure 4.9: Class ranking for CombSUM ''F setting F = 1
2

The main goal of this technique is to achieve a certain degree of
independence from class sizes and to correctly add the scores of
voting documents in a class according to their probative value.
CombMAX as one extreme of CombSUM ''F is independent
of class sizes, only the maximum voting document of a class is
taken into account. CombSUM as the other extreme applies a
simple addition of score values per class, which introduces a bias in
favor of larger classes. Furthermore, the simple sum of the scoring
documents per class does not reflect the correct relevance of a
class.

Figure 4.9 shows the class ranking of the example scenario for
CombSUM ''

1
2 . Basically, the result with its order of classes still

corresponds to CombSUM (see Figure 2.3 on page 21), but here the
scores of blue class A and second-placed yellow class B are very
close together due to attenuation by factor ''

1
2 . Furthermore, the

ratios of the scores of the first rank (class A) and the last rank (class
E) are lower than those of the CombSUM class ranking. Therefore,
the first indications of decoupling the success in the class ranking
from the class size can already be observed by applying CombSUM
''F with F = 1

2 . CombSUM ''F can represent scenarios and a
trade-off between CombSUM and CombMAX and is evaluated
with the parameters mentioned in Chapter 5.
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4.1.5 sqCombSUM ''F

This S c o r e s f r o m t h e d o c u m e n t a r e s q u a r e d f o l l o w e d

b y a c l a s s r a n k i n g - b a s e d a t t e n u a t i o n .

technique follows the intention of CombSUM ''F with the
difference in considering sqCombSUM described in 4.1.1. The tech-
nique is based on the squared scores of the global document rank-
ing, whose values are provided with a class-based attenuation in
a second step. This creates a separate context in which amplifi-
cation and attenuation are applied. At the global document level,
we leave it to squaring the scores, resulting in a moderate differ-
entiation of the global-ranked documents and emphasizing the
high-scored documents. Then, in the scope of the class, we vary the
ranking-based attenuation, using different values for F to decouple
the success of a class from its size.
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Figure 4.10: Class ranking for sqCombSUM ''F setting F = 1
2

For every class, the squared scores of the articles, multiplied by
their reciprocal rank raised to the power of F, are summed up:

A2=@4sqCombSUM ''F (2, ?) =∑
3∈'(?) ∧ 3∈2

A2=@4(3, ?)2 ·
(

1
@0<9(3, ?, 2)

)F (4.5)

In our experiments F is set to the values

F ∈ {1
2
, 1, 2}.



62 chapter 4. extended techniques and interrelationships

Depending on the exponent F, the upper ranked documents and
their squared scores for each class are emphasized differently.

Figure 4.10 shows the ranking of the classes with their scores for
sqCombSUM ''

1
2 . In contrast to CombSUM ''

1
2 , the yellow class

B, as in the case of sqCombSUM, can benefit from the squaring
of the document scores and achieves the highest score and rank
1. However, the class-based attenuation makes the difference here
in that the blue class A ranks second by a clearer margin. When
looking at the lower ranks, it is noticeable that the green class E
can outperform the light blue class D through this combination of
squaring the document scores and subsequent class-based attenua-
tion: Class E achieves rank 4 ahead of Class D – in contrast to the
scenarios of CombSUM ''

1
2 and sqCombSUM.
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1 : A n o p t i m i z a t i o n o f t h e t e c h n i q u e s u s i n g t h e

e x p o n e n t F i s d o n e b y p e r f o r m i n g a p r a g m a t i c

g r i d s e a r c h .

4.2 Relationships of the Presented Techniques

In T h e t e c h n i q u e s p r e s e n t e d r e s u l t i n 2 1 e v a l u a t i o n

c a s e s t h a t a r i s e f r o m t h e p a r a m e t e r i z a t i o n s i n

t h e n e x t c h a p t e r .

the preceding sections, voting techniques are introduced as
well-known or new algorithms to rank classes. This leads to 21
evaluated techniques in the next Chapter 5, based on different
parameterizations in selected techniques.

Figure 4.11 shows a complete overview of the techniques presented,
classified, and related to input based on quantity, ranking, or score.
On the basis of these three input parameters, the techniques pre-
sented provide different results for class rankings, as shown in
the previous chapters. The quality of the three parameters is also
determined by the composition and structure of a collection. The
number of classes in the index and their size ratios are of crucial
importance for the results of the class ranking.

Figure 4.11:The voting techniques discussed in Sections 2.2 and 4.1
are qualified based on the key figures utilized and displayed with their
relationships.

Interpolation between techniques To address this, we intro-
duce the exponent F for the techniques ''F , CombSUM ''F and
sqCombSUM ''F and evaluate to what extent voting techniques
can be adapted for optimized results.1 These techniques are lo-
cated at the intersections between quantity- and ranking-based
classifications and ranking- and score-based classifications.
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The''F
: A p p r o x i m a t i o n b e t w e e n q u a n t i t y -

a n d r a n k i n g - b a s e d t e c h n i q u e s

''F technique approximates both Votes and CombMAX by
adjusting the exponent F. This allows us to evaluate the extent to
which the settings betweenquantity-basedmethods and techniques
that focus on the first rank of each class provide optimized results.

Justs q C o m b S U M ''F
a n d C o m b S U M

''F
: A p p r o x i m a t i o n b e t w e e n s c o r -

i n g a n d r a n k i n g - b a s e d t e c h n i q u e s

like quantity-based techniques, score-based methods can also
lead to a bias that favors large classes with many voting documents,
especially in the case of slowly decreasing score values. Likewise,
it is known from the literature that the quality of the voting results
for a class is only increased to a limited extent by the number of
its voting documents [CLO10]. For this purpose, we also evaluate
sqCombSUM ''F and CombSUM ''F , which approximate the
techniques CombSUM and CombMAX by adjusting the exponent
F.

In Figure 4.11 the techniques CombMNZ, expCombMNZ, and
sqCombMNZ are to be found at the intersection between score-
based and quantity-based voting, since they include both input
measures.

AnC o m b S U M T O P <: A p p r o x i m a t i o n b e -

t w e e n C o m b S U M a n d C o m b M A X

approximation from CombSUM to CombMAX is achieved by
varying the parameter < at CombSUM TOP <. This variation can
also be interpreted as a damping function for CombSUM at the
class level in the form of a step function that results in the redefined
function for CombSUM TOP < from 2.12 as:

A2=@4CombSUM TOP <(2, ?) =∑
3∈'(?) ∧ 3∈2

A2=@4(3, ?) · 5
(
@(3, ?, 2)

) (4.6)

where 5
(
@(3, ?, 2)

)
represents the ranking-based function of a vot-

ing document in class-level scope:

5

(
@(3, ?, 2)

)
=

{
1 : @(3, ?, 2) ≤ <

0 : @(3, ?, 2) > <



1 : T h e s e t u p , a p p r o a c h a n d e v a l u a t i o n s o f S e c -

t i o n s 5 . 1 t o 5 . 5 a r e b a s e d o n t h r e e c o n f e r e n c e

p a p e r s p u b l i s h e d a s p a r t o f t h e r e s e a r c h o n t h i s

w o r k [H W 1 7 ; H W 2 1 ; W H 1 8 ] .

5 Search for Classes -
Evaluation of the
Introduced Voting
Techniques

In this chapter, we evaluate the search and voting techniques pre-
sented in the previous chapters 2 and 4 by incorporating the find-
ings of the literature discussed in Chapter 3.1 As a basis, we use
a bibliographic collection, which we have compiled and adapted
to the requirements for the application of voting techniques and
further evaluations of our search scenarios.

In S e c t i o n 5 . 1 S e a r c h S c e n a r i o s : B a s i c d e s c r i p t i o n

o f t h e e v a l u a t i o n s c e n a r i o

Section 5.1 we present the basic intention of the search with
its underlying collection and the automated search process. Three
different variants of the basic search scenario are introduced.

The S e c t i o n 5 . 2 E v a l u a t i o n M e t h o d s : P r e s e n t a t i o n o f

t w o r e l e v a n c e a s s e s s m e n t a p p r o a c h e s

following Section 5.2 presents two evaluation methodologies
and their measures used in the evaluation.

Section S e c t i o n 5 . 3 E x p e r i m e n t a l S e t u p : S e t u p f o r

t h e f o l l o w i n g e v a l u a t i o n s a n d c o l l e c t i o n

c h a r a c t e r i s t i c s

5.3 describes the setup of the evaluation, the collection with
its characteristics and composition, queries, and any inadequacies.
As a preliminary investigation,we also analyze the scoring behavior
at the document level.

After S e c t i o n 5 . 4 E x p e r i m e n t a l R e s u l t s : R e s u l t s o f

t h e e x p e r i m e n t s b a s e d o n t h e t w o r e l e v a n c e

a s s e s s m e n t a p p r o a c h e s

presenting the scenarios including our evaluation approach
and the specific setup, a detailed evaluation of the presented and
selected voting techniques is provided in Section 5.4.

In S e c t i o n 5 . 5 S y s t e m i c B e h a v i o r o f t h e A p p l i e d

T e c h n i q u e s : B e h a v i o r o f t h e v o t i n g t e c h n i q u e

r e l a t e d t o c l a s s s i z e s , q u e r y l e n g t h s , a n d i n i t i a l

v o t i n g d o c u m e n t s

Section 5.5, we relate the performance of the techniques to their
systemic behavior. The extent to which voting techniques system-
atically prefer certain class sizes is examined. In addition, we look
at the influence of the length in terms of the requests. Finally, we
look at the influence of the number of initial voting documents.

Following S e c t i o n 5 . 6 P r i n c i p l e o f I n c l u s i o n a n d E x c l u s i o n :

A g g r e g a t i o n a c c o r d i n g t o t h e p r i n c i p l e o f a d d i n g

p r o b a b i l i t i e s

the detailed evaluation of the different aspects of our
scenario, we move on and discuss a voting technique in Section
5.6 that is based on the addition of dependent probabilities and is

65
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2 : F o r o u r s e t u p o n l y j o u r n a l s c o n t a i n i n g m o r e

t h a n t w o a r t i c l e s w e r e c o n s i d e r e d .

more complex to implement. We evaluate this methodology based
on our scenario from previous sections.

InS e c t i o n 5 . 7 O n l i n e F o r u m T h r e a d R e -

t r i e v a l : F o r u m s e a r c h f o r a r e l e v a n t t h r e a d

b a s e d o n a n e x a m p l e f r o m t h e l i t e r a t u r e

the last Section 5.7 of this chapter, we evaluate the newly intro-
duced methods from this thesis on a scenario already introduced
in the literature.

5.1 Search Scenarios

TheT h e s e a r c h o f a p p r o p r i a t e j o u r n a l s a s

a n i n s t a n c e o f t h e s e a r c h o n c l a s s l e v e l

basic intention for all introduced search scenarios is to search
for journals that potentially contain publications of interest to
the user’s information needs. In a reinterpreted form, the search
scenarios also represent the search for a journal that ismost suitable
for the user to publish on a requested topic. With respect to this
environment, the search for appropriate journals is equivalent to
the search for classes that represent them. The articles published
in the journals represent voting documents, and each article votes
for the journal in which it is published.

TheT h r e e s e a r c h s c e n a r i o s b a s e d o n

a r t i c l e t i t l e s , a b s t r a c t s a n d f u l l t e x t

experiments and evaluations in the following sections are
based on the AMiner collection. The AMiner collection is a biblio-
graphic collection that contains articles with their title, abstract,
and full text [Tan+08]. This leads to three scenarios working with
this collection where the search is done over the following articles’
components:

I Titles - Only articles’ titles are indexed and serve exclusively as
search basis.

I Abstracts - In this scenario, only articles’ abstracts are searched.
The titles, main articles, and references are excluded in this sce-
nario.

I Full Text - Full text articles are indexed (mostly also including
the title, the abstract, and also references).

To automate the search and subsequent evaluation process, we
removed 10,000 articles from the collection and used their titles as
search queries for each of the three scenarios2. This is done under
the assumption that the title of a removed article and its content
represent the thematic domain of its journal. By automatically
sending these 10,000 requests to the collection, we can assess exist-
ing and newly introduced voting techniques for a large number of
requests. Figure 5.1 illustrates the evaluation setup and shows the
removal of articles whose titles serve as queries for the search. The
index serves with three different variants for the journal search.
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Figure 5.1:The setup for the evaluation is shown based on Figure 1.1 on page 8. Of all the articles originally
intended for the search, 10,000 items are randomly excluded from the index and their titles are used as requests.
The index itself is configured for three variants for the evaluation scenarios: Only titles are indexed, abstracts of
articles, or articles are completely indexed as full texts, including their entire content including references.

5.2 EvaluationMethods

Regarding the expert search task, basically three evaluation strate-
gies can be applied [MO08]: pre-existing ground truth, candidate
questionnaires, and supporting evidence. The ground truth aims
to identify potential candidates by their membership in research
groups. The latter two require manual assessment: candidate sur-
veys state their expertise for certain topics or not, and supporting
evidence is gained by judging initially given supporting documents
for each candidate.

5.2.1 Two Evaluation Scenarios

Our two evaluation approaches – technically inspired by the idea
of [CS02] – use the given relationship between articles and journals
in which they have been published, and potentially in addition
journal relationships which result from common authors between
journals as ground truth data and can be fully automated. This
results in two evaluation scenarios illustrated in Figure 5.2 and
explained in the next two sections, 5.2.2 and 5.2.3:
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Figure 5.2: Two evaluation scenarios are illustrated using the example of query b1, taken from the yellow
Journal B. Evaluation scenario 1 is based on the rank of the searched journal – the journal the query is taken
from – in the overall class ranking and is described in Section 5.2.2. Evaluation scenario 2 examines the
question of how the journals in the upper ranks are related to the searched journal on the basis of common
authors. Scenario 2 is described in Section 5.2.3.

5.2.2 Ranking of the Searched Journal

For1
s t

E v a l u a t i o n m e a s u r e : R a n k o f t h e j o u r -

n a l f r o m w h i c h t h e q u e r y w a s t a k e n f r o m

a first evaluation measure, our ground truth is based on the
information in which journal a request (that is, title of a removed
article) has been published. Knowing this, we can measure the
position of the associated journal in the ranking of the results
and evaluate the applied voting techniques. An advantage of this
approach is that we can use a huge number of queries to evaluate
our ranking methods. Employing this evaluation technique, we
assume that the request as the title of the removed article is a typical
and well-representing example of its journal.

5.2.3 Determination of Journal Relationships

One2
n d

E v a l u a t i o n m e a s u r e : G r a d e s o f r e l a -

t i o n s h i p b e t w e e n t h e c o l l e c t i o n ’s j o u r n a l s

problem of the first evaluation measure is that it does not
consider the fact that journals can be thematically related. If the
journal originally containing the query article is on rank three,
the journals on ranks one and two might nevertheless be good
matches.

In preparation for this second evaluation measure, we therefore
calculated grades of relationship between the collection’s journals
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Figure 5.3: 1st- and 2nd-grade relationships for the journal SIGIR displayed in green. Only grades above 450
for the 1st (in red) and grades above 700 for the 2nd grade (filled in yellow) are shown for reasons of clarity. The
size of the circles is derived from the number of articles stored in the test collection for each journal. (For an
explanation why Clinical Orthopaedics is related to SIGIR see Section 5.3.2)

contained in the experimental setup based on the number of com-
mon authors, assuming that this figure corresponds to a thematic
accordance or overlap. To R e l a t i o n s h i p s b e t w e e n j o u r n a l s a s t h e m a t i c

o v e r l a p o r a c c o r d a n c e

calculate this measure, we parsed the
entire AMiner collection [19] and extracted those authors who con-
tributed to the journals contained in our setup (see Section 5.3).
Since the authorships are defined for each article and each author
has their own ID, the relationships can be clearly established on this
basis. As a result, by examining all 1,916 journals and their common
authors, we gained 484,991 relationships between these journals.
75% of these are based on five or fewer common authors, the most
intense relationship is based on 18,176 common authors.

The number of common authors is calculated on the basis of all
available journals and their articles throughout the AMiner collec-
tion and is not limited to the small excerpt of the collection in this
evaluation. We do not normalize the number of common authors
at this point, as the number of outliers between large and small
journals should be smoothed due to the high number of queries
considered.

Following and inspired by the example of expertise graphs [Bal+12],
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3 : T h e c o m p l e t e d a t a s e t s a r e o f f e r e d a t h t t p s :

/ / w w w . a m i n e r . o r g / o a g 2 0 1 9 . T h e n u m b e r o f

p a p e r s o f f e r e d h a s i n c r e a s e d s i n c e t h e d o w n l o a d

f o r t h i s t h e s i s .

undirected edges expressing the number of common authors es-
tablish the relationship between journals as nodes. Using this in-
formation as a second ground truth, we can evaluate the relevance
of the journals on all ranks by examining the relationship of these
journals to the journal from which our request was taken.

InT h e g r a d e o f r e l a t i o n s h i p c o r r e s p o n d s

t o t h e n u m b e r o f c o m m o n a u t h o r s .

the following, the expression “grade of relationship” is synony-
mous with the number of common authors between two journals.

Figure 5.3 exemplary shows the relations of the SIGIR-journal,
whereby for reasons of clarity only 1st level- and 2nd level-grades of
relationship are displayed (each having a grade over 450 and 700).

5.3 Experimental Setup

5.3.1 AMiner Collection

Our experiments are based on the dump of 154, 771, 162 scientific
papers offered by AMiner3. In this collection, publication data from
online databases including the dblp bibliography, the ACM Digital
library, CiteSeer, and others are merged [Tan+08].

Table 5.1: Collection structure and voting setup for the adjusted AMiner
collection - only articles whose title, abstract and full text were available
were considered for the evaluations.

Adjusted AMiner Collection

#Journals 1,916
#Relationships 484,991
#Articles 115,292
#Queries 10,000

For our experiments, we extracted and obtained 125,292 articles
which bring along title information, their abstract, and also a down-
loadable full text PDF. The size of the test collection compared to
the total collection size is small due to the fact that at the time of
retrieval in the year 2019 by far not all articles were completely
available with abstract and their complete PDF document. Further-
more, we only considered articles from journals that contain three
or more articles. The article collection in our setup corresponds to
1,916 journals as shown in Table 5.1. According to Figure 5.1 we ran-
domly removed 10,000 articles and used their titles to search the
remaining collection. In this way, we obtained 10,000 test queries
for which we know the presumed best-fitting journal—the one in
which the article was published. About 50% (997 journals) of the
searched collection’s journals include 11 or fewer articles, about 75%

https://www.aminer.org/oag2019
https://www.aminer.org/oag2019
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Figure 5.4: Score distributions for the 10,000 queries plotted in quartiles of the article rankings for three
search scenarios. The lower boundary to the dark ribbon describes the distribution of the 1st quartile, the dark
ribbon holds 50% of the ranked documents, and the upper area holds the upper 25% of scores on each rank.

4 : T h e e x t r a c t e d j o u r n a l s , a r t i c l e s a n d q u e r i e s c a n

b e f o u n d a t : h t t p s : / / d o i . o r g / 1 0 . 4 8 5 6 4 / u n i b a f d - 3 x

t 8 e - z g 5 5 7

(1.447 journals) have 29 or fewer articles, while the largest journal
holds 4,483 articles.4

5.3.2 Properties of the Collection

While S l i g h t i n a c c u r a c i e s i n t h e b a s e m a t e r i a l a r e

n e g l e c t e d .

working with the AMiner collection, we discovered some
inaccuracies that are caused by multiple assignments and ambigui-
ties. Probably caused by ambiguities, articles are assigned to the
journal Clinical Orthopaedics and Related Research (CORR) instead
of Computing Research Repository (CoRR). In addition, some arti-
cles are mentioned twice for the same journal, though having a
different article ID.

Since these inaccuracies affect only very small numbers of articles,
we neglect this effect in our experiments.

5.3.3 Scoring Properties of Voting Articles

Articles S e a r c h o n d o c u m e n t l e v e l y i e l d s a fl a t g r a d i e n t

o f t h e d o c u m e n t s c o r e s .

that vote for their journals are ranked according to the
score computed by applying the BM25 formula. Since numerous
voting techniques are based on the score values of the voting docu-
ments, we will first examine the progression of these score values
over the 10,000 queries for a better insight.

https://doi.org/10.48564/unibafd-3xt8e-zg557
https://doi.org/10.48564/unibafd-3xt8e-zg557


72 chapter 5. search for classes - evaluation of the introduced voting techniques

5 : T h e t i t l e o f t h e a r t i c l e a s s i g n e d m u l t i p l e t i m e s i s

“ S c a l e - O u t B e y o n d M a p - R e d u c e C I S L T e a m M e m -

b e r s ”

Our first empirical measures for the voting articles’ scores evaluate
ranks from 1 to 9,000. For the first nine ranks, we look at every
rank, then every 10th, every 100th and finally every 1,000th rank.

Figure 5.4 shows the score distributions for the ranked articles up
to rank 9,000. The titles scenario (01) and the full text scenario
(03) show plateaus for the highest score values in the top ranks.
Regarding the titles scenario, this is based on the fact that one
article has been published multiple times in one or more journals,
resulting in a constant high score5. On the level on abstract search
this is not noticeable because this article is not the high-scorer in
this scenario.

The search over full text articles shows a plateau because of 9 arti-
cles which are gathered together in one PDF document as a pro-
ceedings overview. If a removed title is executed as a query, the
other articles in the summarized document implicitly vote for the
correct journal, as the requested query title is still available in their
PDF texts.

The majority of the scores descend rather flat, the average score
on rank 100 is still 70% of the top-ranked article score.
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5.4 Experimental Results

In this section, we consider three effectiveness measures for assess-
ing the quality of the class ranking. We start with two measures
considering the rank of the original journal from which the query
was taken in Sections 5.4.1 and 5.4.2. The third measure considers
the relationships between the journals to give a broader picture
and is discussed in 5.4.3.

5.4.1 Using MRR as Measure

Table M R R o f t h e j o u r n a l f r o m w h i c h t h e q u e r y w a s

t a k e n

5.2 shows the results using the mean reciprocal rank (MRR)
as a measure of the effectiveness of the aggregation techniques
applied in all scenarios. The rank of the first relevant answer in
our case is the rank of the journal from which the query was
taken and labeled @0<9searched journal in the equation 5.1. If the journal
searched for is not found in the results, we calculate its rank as a
fictitious last rank and set it to the number of journals in the index
as @0<9searched journal = 1, 916.

In our setup, the MRR is computed with |?| = 10, 000, which
corresponds to the number of removed article titles that serve as
queries against the index.

"'' =
1
|?|

|?|∑
7=1

1
@0<9searched journal (i)

(5.1)

Green cells in Table 5.2 including high values indicate good perfor-
mance in yielding the searched journal early in the results, whereas
shades of light green over white to red show worse effectiveness.
Color gradations refer to the values within a single scenario (col-
umn) and are not applied across all scenarios.

The applied techniques are shown in rows and start with variants
of CombSUM, whose number of top voting candidates considered
per class becomes increasingly limited with descending rows. The
next two variants of expCombSUM are followed by new variants
of CombSUM with a valuation of ''F . The results of the tech-
niques using the squared score follow next. The ranking-based and
exponential variants ''F are surrounded byVotes andCombMAX,
which are approximated according to the exponent set to ''F .

Performance of the applied techniques Techniques B e s t r e s u l t s a r e o b s e r v e d b y t a k i n g i n t o a c c o u n t

o r e m p h a s i z i n g u p p e r r a n k s a t c l a s s l e v e l . A n

a d j u s t m e n t o f ''F
a l s o p r o v i d e s c o m p e t i t i v e

r e s u l t s .

consider-
ing or emphasizing the first ranks in the scope of the class, such
as CombSUM TOP 5, CombSUM '', sqCombSUM '', and the
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Table 5.2:MRR for the search over titles, abstracts and full text having
3,000 initial voting articles

Scenario ⊲ Titles Abstracts Full Text
Technique O
CombSUM 0.27 0.29 0.30
CombSUM TOP 100 0.28 0.30 0.31
CombSUM TOP 50 0.31 0.33 0.34
CombSUM TOP 5 0.34 0.36 0.36
expCombSUM 0.28 0.28 0.33
expCombMNZ 0.32 0.33 0.35
CombSUM ''

1
2 0.29 0.31 0.31

CombSUM '' 0.34 0.35 0.35
CombSUM ''2 0.32 0.33 0.35
sqCombMNZ 0.27 0.29 0.30
sqCombSUM 0.30 0.31 0.31
sqCombSUM ''

1
2 0.33 0.34 0.34

sqCombSUM '' 0.34 0.36 0.36
sqCombSUM ''2 0.30 0.32 0.35
Votes 0.25 0.27 0.28
''

1
2 0.31 0.33 0.33

''
3
4 0.34 0.35 0.36

'' 0.31 0.33 0.34
''

3
2 0.27 0.28 0.29

''2 0.26 0.27 0.28
CombMAX 0.25 0.27 0.27

purely ranking-based technique ''
3
4 achieve the best rankings on

average. These techniques perform better in all three scenarios.

CombSUM as an addition of all voting scores per class does not
yield good results, a gradual limitation of the scores to be consid-
ered per class up to CombSUM TOP 5 improves performance for
all scenarios. The exponential variant expCombSUM also does not
perform well. As described in Section 2.2.4, document scores serve
as an exponent of the Euler number 4, leading to a high influence of
the global top scoring documents. Due to the large expansion of the
score spectrum, results can arise here that tend toward CombMAX.
Multiplication of the results of expCombSUM by the number of
voters per class yields improvements in the case of expCombMNZ.

VotesW o r s t r e s u l t s a r e b a s e d e i t h e r s o l e l y o n t h e p u r e

n u m b e r o f v o t e r s o r t h e b e s t v o t e r a t c l a s s l e v e l .

and CombMAX yield the worst results in all scenarios, so we
can state that techniques that only consider the number of voters
or the best voter per class are not suitable to determine the journal
searched.
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Performance of the scenarios Regarding M o r e i n f o r m a t i o n t h r o u g h a b s t r a c t s i m p r o v e s

t h e r e s u l t s f o r t h e m e a n r e c i p r o c a l r a n k .

the three scenarios
that are displayed in the columns of Table 5.2, the search for ab-
stracts yields betterMRR values than the search over titles through-
out all techniques except expCombSUM. These summaries and
introductions to the topics of the articles result in more informa-
tion to obtain better search results.

While R e s u l t s f o r t h e s e a r c h o v e r f u l l t e x t d o c u m e n t s

a r e o n l y p a r t i a l l y b e t t e r

the information content of the abstracts can increase the ef-
fectiveness of search, the search over full text documents provides
improvements for all techniques to a limited extent.Thebest results
from the search over abstracts are not exceeded when searching us-
ing full texts: Very well-performing techniques from the abstracts
scenario, such as CombSUM TOP 5, CombSUM '', and sqComb-
SUM '' yield the same results when searching via full texts. The
results of expCombSUM, expCombMNZ, and sqCombSUM ''2

benefit more from the third scenario. Results of other techniques
improve only slightly or remain the same. In summary, the search
for complete texts provides only limited improvements compared
to the search over abstracts. The cause of this limited improvement
can be noise caused by indexing complete documents, including
references, as well as artifacts that arise during extraction, such as
formulas and expressions. It should be noted that the lowest and
highest MRR values remain unchanged in both scenarios.

5.4.2 Rank Distribution of the Original Journal

This section further considers the rank of the searched journal, but
looks at its distribution in the results over the 10,000 requests for
each applied technique. The evaluation results are shown in Table
5.3.

The values for the 1st quartile, the median and the 3rd quartile rep-
resent the rank @ for which 25%, 50%, respectively 75% of the 10,000
queries rank the journal we are looking for at this rank @ or better.
Queries for which the desired journal does not have a voting article
within the considered part of '(?) are counted as the rank 1, 916
which corresponds to the number of journals in the index. As an
example, the value 52 for CombSUM in the titles scenario for the
3rd quartile means that for 75% of the queries the journal searched
for was ranked 52 or better among the 1, 916 journals in the results.

Green values of the cells from saturated to light green indicate
results having the best or rather good ranking properties within a
quartile over all techniques, whereas worse results are shown in
shadings from white to read corresponding to their results. This
time, the coloring in the table is based on a quartile level and goes
across all scenarios. This cross-scenario coloring is intended to
highlight the differences in performance between the scenarios, in
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Table 5.3: Empirical quartiles for the rank of the searched journal for search over titles, abstracts, and full text
articles; the cells are relatively colored per quartile, across scenarios.

Scenario ⊲ Titles Abstracts Full Text
Technique O 1st q. med. 3rdq. 1st q. med. 3rdq. 1st q. med. 3rdq.
CombSUM 3 11 52 2 9 45 2 9 42
CombSUM TOP 100 2 11 52 2 9 45 2 9 42
CombSUM TOP 50 2 11 52 2 9 45 2 7 42
CombSUM TOP 5 2 6 38 2 6 30 2 5 31
expCombSUM 3 9 45 2 8 36 2 7 36
expCombMNZ 2 7 41 2 6 32 2 6 33
CombSUM ''

1
2 2 9 47 2 8 40 2 8 39

CombSUM '' 2 7 42 2 6 34 2 6 35
CombSUM ''2 2 7 40 2 6 31 2 6 32
sqCombMNZ 3 11 51 2 9 44 2 8 41
sqCombSUM 2 9 45 2 8 38 2 8 38
sqCombSUM ''

1
2 2 7 40 2 6 33 2 6 35

sqCombSUM '' 2 6 38 2 6 31 2 6 32
sqCombSUM ''2 2 9 45 2 7 34 2 6 33
Votes 3 13 63 3 11 52 2 10 47
''

1
2 2 8 44 2 7 35 2 7 33

''
3
4 2 7 41 2 6 32 2 6 32

'' 2 8 41 2 7 33 2 6 33
''

3
2 3 10 46 2 8 36 2 8 36

''2 3 11 49 3 9 38 2 9 40
CombMAX 3 12 56 3 10 43 3 10 45

particular their median and 3rd quartile.

Differences between the scenarios Apart1
s t

q u a r t i l e : O n l y v i e w c h a n g e s

b e t w e e n t h e s c e n a r i o s

from a few excep-
tions, no changes in the scenarios can be identified within the 1st

quartile. Only poor performers from the previous evaluation, such
as CombSUM, expCombSUM, sqCombMNZ, or Votes, can benefit
from searching the abstracts or the full text.

TheM e d i a n : I m p r o v e m e n t s f o r t h e r e s u l t s o f

s e a r c h o v e r a b s t r a c t s a n d p a r t i a l s l i g h t

i m p r o v e m e n t s f o r f u l l t e x t s e a r c h r e s u l t s

title-based values shown in the median improve for almost
all techniques when searching over abstracts. Only the best two
results yielded by CombSUM TOP 5 and sqCombSUM '' for the
titles scenario remain the same in the abstracts scenario. In the
full text scenario, there are slight improvements for the median
values in a few cases by one rank. The best result is achieved in
the median by CombSUM TOP 5 having a value of 5 - 50% of all
requests yield the journal searched for at rank 5 or better when
applying this technique in the full text scenario.

The3
r d

q u a r t i l e : I m p r o v e m e n t s i n h i g h e r r a n g e s f o r

t h e r e s u l t s a b s t r a c t s e a r c h , d i f f u s e b u t m o s t l y

n o t s i g n i fi c a n t c h a n g e s i n t h e f u l l t e x t s e a r c h .

3rd quartile shows differences in higher ranges between scenar-
ios. Switching from search over titles to abstracts yields improve-
ments from at least 7 ranks to a maximum of 13 ranks in the case
of CombMAX. Based on the consistently positive changes in the
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results of the abstract search, the search using full text does not
provide a clear trend. In particular, well-performing techniques
deteriorate slightly in the third quartile, while techniques such as
CombSUM and its variants, which include many voting candidates
per class, but also Votes in the third quartile of the full text scenario,
benefit.

In O b s e r v e d b e h a v i o r o f t h e s c e n a r i o s t e n d t o

c o r r e s p o n d t o t h o s e f r o m t h e M R R e v a l u a t i o n i n

5 . 4 . 1

summary, it can be stated that for all voting techniques shown in
Table 5.3 the search over titles performs the worst. Searching over
abstracts generally yields improved results, while performance
increases can only be observed to a limited extent when searching
in the full text scenario, corresponding to our observation from
the MRR analysis in Section 5.4.1. Performance differences in the
scenarios are obvious for the median and the 3rd quartile; the first
quartile often has similar performance results. This is consistent
with the intuition that more detailed texts should improve the
recall, but not necessarily the precision of the front ranks.

Performance of the applied techniques The D u e t o r e l a t e d m e a s u r e s , t h e p e r f o r m a n c e o f

t h e t e c h n i q u e s t e n d s t o w a r d s t h e r e s u l t s o f t h e

p r e v i o u s e v a l u a t i o n .

best-performing
techniques correspond mostly to those of the previous evaluation.
CombSUM TOP 5, CombSUM ''F , sqCombSUM ''F (both hav-
ing F set to 1 or 2) and, as a ranking-based technique, ''

3
4 produce

the best results. The technique expCombMNZ again outperforms
expCombSUM in the results and is also one of the best performers
in this evaluation in addition to the techniques mentioned above.
Votes and CombMAX, only based on the number of voting articles
or the 1st ranked article of a journal, yield worse results. The results
of the 1st quartile for CombMAX show that this technique cannot
even benefit from the higher amount of information provided by
abstracts or full texts. The results for variants of CombSUM con-
sidering the TOP < candidates confirm that only a few top-ranked
articles should be included per journal, in our case the top 5 articles.

5.4.3 Journal Relationships as Measure for Rele-
vance

This E v a l u a t i n g t h e r e l e v a n c e o f o t h e r h i g h r a n k e d

j o u r n a l s

evaluation expands on previous ones from Sections 5.4.1 and
5.4.2. While the previous two studies consider the ranking of the
journal searched, in this section the relevance of other top-ranked
journals is analyzed. If, for example, the journal we are looking for
only appears on rank 4, are the results in the first ranks really not
relevant, or do these ranks also contain relevant results? This next
evaluation technique attempts to consider this question.

We R e l e v a n c e o f t h e r e s u l t s i n c r e a s e s w i t h h i g h e r

r e l a t i o n s h i p t o t h e j o u r n a l s e a r c h e d f o r .

assume that a large number of common authors indicates a
similar or related topic for conferences. Hence, in this evaluation,
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Table 5.4:Number of authors in common with the desired journal for the journals at position 1. The relative
coloring refers to each quartile across all scenarios. Green-colored cells indicate good performance within a
quartile with high grades of relationship; descending performance is indicated by white to red coloring.

Scenario ⊲ Titles Abstracts Full Text
Technique O 1st q. med. 3rdq. 1st q. med. 3rdq. 1st q. med. 3rdq.
CombSUM 627 108 22 697 122 24 697 117 25
CombSUM TOP 100 728 125 24 883 141 26 849 134 26
CombSUM TOP 50 919 145 27 971 156 29 944 144 26
CombSUM TOP 5 944 168 27 971 169 30 971 172 27
expCombSUM 499 78 11 499 80 13 737 124 20
expCombMNZ 766 143 23 769 142 24 944 148 27
CombSUM ''

1
2 737 128 26 846 140 27 802 127 27

CombSUM '' 1,015 175 31 1,015 176 32 1,004 148 30
CombSUM ''2 745 142 21 795 145 25 971 170 27
sqCombMNZ 652 112 23 704 125 25 704 117 25
sqCombSUM 728 125 25 802 135 26 778 127 26
sqCombSUM ''

1
2 971 162 30 1,005 166 31 971 142 29

sqCombSUM '' 971 173 30 1,020 182 33 1,015 173 30
sqCombSUM ''2 655 113 17 697 125 20 892 155 24
Votes 520 95 21 652 114 23 649 113 23
''

1
2 795 135 26 919 145 28 944 142 28

''
3
4 971 162 27 1,015 173 29 1,015 169 30

'' 656 93 12 730 115 16 795 117 16
''

3
2 416 65 9 458 72 11 471 72 10

''2 415 65 9 445 71 11 465 71 10
CombMAX 415 65 9 445 71 11 459 71 10

we investigate how many common authors exist between the top-
ranked journals and the desired journal, the one from which the
query article was taken. If the desired journal is on the rank that we
examine, the number of authors for this journal is used. Otherwise,
the number of common authors. The considerations presented in
Section 5.2.3 and Figure 5.3 suggest that this might be reasonable,
especially when we can consider the results over 10,000 queries:
In this case, outliers and problems with the relationships between
big and small journals should be smoothed by the big number of
queries considered.

Table 5.4 shows the grades of relationship (number of authors in
common with the desired journal as described in 5.2.3) for each
technique applied in the scenarios and the journal with the highest
rank. On the vertical axis, all applied techniques are listed. On the
horizontal axis, for each scenario, the quartiles are shown. The 1st

quartile shows the minimum grade of relationship between the
searched journal for 25% of the queries with the 1st ranked journal,
the median indicates the grade for 50% of the top ranked journals.
75% of the journals have a grade equal to or better (higher) than the
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figure shown in the 3rd quartile. As an example, the number 944 for
CombSUM TOP 5 in the 1st quartile for title-based search means
that for 2,500 of the 10,000 queries, the journal at rank 1 has 944 or
more authors in common with the original and searched journal.

Performance of the scenarios For T h e s e a r c h o n a b s t r a c t s p r o v i d e s i m p r o v e d

r e s u l t s . R e s u l t s o f t h e t o p p e r f o r m e r s f r o m t h e

a b s t r a c t s e a r c h a r e n o t e x c e e d e d i n t h e t i t l e s

s c e n a r i o .

all applied voting tech-
niques and in all quartiles, the search over abstracts performs equal
and mostly better than the search for titles, except expCombMNZ
which has a negligible deterioration in the median. The best results
or maximum values of the three quartiles from the abstract-based
search are not exceeded in the full text scenario. Here, the results
of CombSUM '' and sqCombSUM '' deteriorate slightly in
all three quartiles. CombSUM ''2 and sqCombSUM ''2 yield
rather worse results in the titles and abstracts scenario, but can
gain considerably in the full text search. Similarly, expCombSUM,
which also yields rather worse grades of relationship for titles and
abstracts, improves significantly.

Performance of the applied techniques In E v a l u a t i o n b a s e d o n t h e r e l a t i o n s h i p s s h o w s

c o m p a r a b l e r e s u l t s i n t e r m s o f p e r f o r m a n c e f o r

t h e v o t i n g t e c h n i q u e s .

accordance with
tables 5.2 and 5.3, in Table 5.4 voting techniques that emphasize
the first voting documents yield the best results. Like in the pre-
ceding evaluations, the techniques CombSUM '', sqCombSUM
'', and ''

3
4 show the best performing results throughout all sce-

narios. CombSUM TOP 5 shows slightly worse results, which are
still among the best. These variants seem to find a good trade-off
between considering multiple articles per journal and damping
the effect of additional articles. The results of the ''F techniques
are very sensitive to changes in the exponent F from ''

3
4 up to

2 and approximate those of CombMAX, which shows the worst
performance in this evaluation. The technique expCombSUM per-
forms worse for search on titles and abstracts, but shows a rapidly
increasing quality for search over full texts. This effect can also be
observed in MRR-based evaluation, Section 5.4.1.

Viewing the rankings As F o r a l l t e c h n i q u e s t h e g r a d e s o f r e l a t i o n s h i p

d e c r e a s e w i t h l o w e r r a n k s .

part of this evaluation, not only the
first rank results as shown in Table 5.4 were evaluated, but also
the following ranks. Table 5.5 shows an overview of the first five
positions when applying CombSUM TOP 5 and CombSUM ''

as examples of good performing techniques and Votes as a bad
performer for the grades of relationship. The first row with posi-
tion 1 corresponds to the results of the previous Table 5.4 for the
three voting techniques, the following rows show the grades of
relationship of the subsequent ranks up to position 5.
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Table 5.5:Grades of relationship for the first five positions based on the example of CombSUM TOP 5,
CombSUM '' and Votes. The coloring of the cells is applied across scenarios and rankings for each quartile.

Scenario ⊲ Titles Abstracts Full Text
Position O 1st q. median 3rd q. 1st q. median 3rd q. 1st q. median 3rd q.

CombSUMTOP 5
1 944 168 27 971 169 30 971 172 27
2 465 105 18 472 109 21 445 100 19
3 340 79 15 372 84 17 328 80 16
4 285 68 13 289 71 14 262 66 13
5 224 56 12 250 64 13 235 56 12

CombSUM ''

1 1,015 175 31 1,015 176 32 1,004 148 30
2 505 116 22 541 124 24 510 112 21
3 365 83 18 387 93 20 364 86 17
4 284 71 16 306 79 17 284 72 15
5 246 64 13 252 67 15 244 65 14

Votes
1 520 95 21 652 114 23 649 113 23
2 364 81 17 414 94 18 458 93 18
3 290 69 15 349 79 17 332 74 15
4 241 59 13 284 71 15 264 65 14
5 225 52 11 257 64 14 236 60 13

Generally, Table 5.5 shows that the application of the grade of re-
lationships determined represents a meaningful measure of effec-
tiveness and a quality indicator. For all techniques, the grades of re-
lationship within each quartile decrease with descending position.
In position 1, the grade of relationship for the well-performing
techniques CombSUM TOP 5 and CombSUM '' is still much
higher than for Votes as an underperforming technique. With de-
scending position, at the latest with position 5, these differences
become smaller, especially when comparing CombSUM TOP 5
and Votes.

5.4.4 Summary of the Results

Best performing techniques TheB e s t r e s u l t s f o r t e c h n i q u e s t h a t e m -

p h a s i z e t h e t o p r a n k i n g s a t c l a s s l e v e l

three evaluations of Sections
5.4.1, 5.2.2 and 5.4.3 result in CombSUM TOP 5, CombSUM ''

and sqCombSUM '' as very good performing techniques. The
basic principle of score processing or valuation at the class level
proves its effectiveness here – be it by taking into account the top
ranked documents per class or by the revaluation of scores using a
damping function.

''
3
4 as a ranking-based technique is also a provider of very good

results in the evaluations. The technique ''F , which approximates
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between Votes and CombMAX using values of F, finds the best pa-
rameterizationwith F = 3

4 in the evaluations. It can be inferred that
thismethod,which considers only the ranking of documents rather
than their scores, is effective in this context with its collection-
specific parameterization, and that the value for F may not easily
be applicable to other scenarios for achieving good results.

Best performing scenario Although S e a r c h i n g o v e r a b s t r a c t s i n c r e a s e s t h e q u a l i t y ,

t h e f u l l t e x t s c e n a r i o o n l y p r o v i d e s i m p r o v e d

r e s u l t s t o a l i m i t e d e x t e n t .

some techniques can in-
crease their results when searching over full texts, the best resulting
MRR value from searching via abstracts cannot be surpassed. This
is probably due to noise associated with extracting PDF documents
and including references fromeach original document. Presumably
the document ranking in the full text scenario is only improved
in its recall, which can be assumed from the example of the only
slightly changing values of CombMAX when switching from ab-
stracts to documents. The techniques expCombSUM, CombSUM
''2 and sqCombSUM ''2 can significantly improve their results
in the full text scenario of the evaluations.The latter two are among
the good performing techniques predominantly in this scenario.

Grades of relationship In T h e g r a d e s o f r e l a t i o n s h i p m e a s u r e i s n o t

i n d i c a t i v e f o r l o w e r r a n k s

addition to the MRR measure and
the rank of the searched journal, the class rankings are also evalu-
ated using the grades of relationship. The trends of the previous
evaluations are confirmed by the results. The measure becomes
problematic when looking at the lower ranks, as the differences be-
tween the results of the techniques are no longer clearly apparent.
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5.5 Systemic Behavior of the Applied Techniques

In this section, we look at the behavior of voting techniques related
to collection-based class structures, the length of requests in terms,
and finally related to the number of initial voting documents.

The following Section 5.5.1 first examines the systemic behavior of
the voting techniques with regard to different class sizes. We exam-
ine the performance development with respect to the lengths of the
requests in terms in Section 5.5.2. In Section 5.5.3, we investigate to
what extent the change in the number of initial voting documents
influences the voting techniques and their performance.

5.5.1 Impact of Class Sizes on Voting Techniques

TheE v a l u a t i n g t h e i m p a c t o f j o u r n a l s i z e d i f f e r e n c e s

o n t h e v o t i n g p r o c e s s f o r e a c h t e c h n i q u e

adjusted AMiner collection of this setup is based on journals
that exhibit a wide variation in their number of articles. One as-
sumption could be that a technique that adds up the scores over
many articles tends to prefer larger journals that contribute more
articles.These big sized journals then tend to have a higher probabil-
ity of yielding good performance results like having many authors
in common with the journal in question. In this section, we ex-
amine the composition of the journal collection and evaluate the
impact of journal sizes on voting techniques and their results. As a
result, we get to know if and which of the applied techniques sys-
tematically favor journals dependent on their number of articles.

5.5.1.1 Setup for the Investigation

For10 b i n s w i t h a n a p p r o x i m a t e c a p a c i t y

o f
1
10 o f t h e a r t i c l e s i n t h e s e a r c h i n d e x

the evaluation setup we created ten bins, each having a capacity
of 1

10 of the collection’s article count. By sorting the collection’s
journals according to their article count in ascending order, each
bin is filled with journals until the number of articles in these jour-
nals reaches the capacity of the binA s c e n d i n g s o r t i n g o f t h e j o u r n a l s a c c o r d i n g t o

t h e i r s i z e a n d s u b s e q u e n t , s t e p - b y - s t e p fi l l i n g

o f t h e 1 0 b i n s w i t h c o r r e s p o n d i n g a r t i c l e s

. This leads to the bin structure
shown in Table 5.6.

Table 5.6: Structure of the bins (journals by size): Slight variations
regarding the number of articles arise due to the fact that journals have
to be assigned to one bin as a whole.

Bin # Articles # Journals Bin # Articles # Journals
1 11,515 1,338 6 11,549 20
2 11,538 314 7 11,315 13
3 11,479 122 8 10,935 8
4 11,477 60 9 10,201 5
5 11,589 32 10 13,694 4

Overall 115,292 1,916
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Every bin is attempted to hold the same number of articles, re-
stricted by journals with their sizes which have to be assigned
to one bin as a whole. The overall result reflects the base data of
our collection, 115,292 articles (125,292 minus the 10,000 randomly
chosen query articles) in 1,916 journals.

5.5.1.2 Baseline: Origin of the Requested Journals

Figure 5.5 shows for the various techniques the number of rank 1
results originating from the respective bins. The faceted diagrams
show the ascending sorted bins on the horizontal and the number
of journals included in each bin on rank 1 on the vertical axis.
As far as possible, all diagrams reflect logical groupings of voting
techniques. In a non-biased or ideal case, having the desired journal
on rank 1 for each query, each distribution would represent the
given baseline which reflects the number of queries taken from
each bin.

5.5.1.3 Systematic Behavior of the Applied Techniques

Some T e c h n i q u e s t h a t f o c u s v e r y s t r o n g l y o n t h e fi r s t

r a n k s a p p r o x i m a t e t h e b a s e l i n e .

techniques approximate the baseline. In particular, these are
techniques that emphasize the top voting candidate(s) per class,
such as CombMAX and sqCombSUM ''2, or techniques that
extremely attenuate or amplify the initial document scores, such
as CombSUM ''2 or expCombSUM.

Other M o r e q u a n t i t a t i v e o r i e n t e d t e c h n i q u e s c l e a r l y

p r e f e r t h e l a r g e c l a s s e s f o r t h e fi r s t r a n k .

techniques like Votes or CombSUM clearly favor large jour-
nals.

Both extremes do not perform well with respect to the measures
considered in the previous evaluations. This can be seen consider-
ing the line colors in Figure 5.5. Here, green saturated lines repre-
sent good performance going over light green, white and red lines
to bad performing techniques. For each category, the values of the
bin number 5 are relatively close, whereas the spread grows for
the bins on the left and right sides.

5.5.1.4 Correlation of the Bin Distributions and the Perfor-
mances

The best performing H i g h p e r f o r m e r s f r o m t h e p r e v i o u s e v a l u a t i o n s

n e g l e c t s m a l l j o u r n a l s a n d p r e f e r l a r g e o n e s t o a

c e r t a i n e x t e n t .

techniques such as CombSUM TOP 5, Comb-
SUM '', sqCombSUM '', or ''

3
4 from previous evaluations

show a distribution over the bins by discriminating small journals
and preferring large journals in a more or less moderate way. Re-
garding bin 1, they return less than 1

10 of the requested journals
on the top rank. This lack is compensated by returning more top 1
ranks resulting out of the higher bins.



84 chapter 5. search for classes - evaluation of the introduced voting techniques
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Figure 5.5: Top 1 ranked journals per bin for all applied voting techniques in the search over titles scenario.
BASELINE represents the origin of the 10,000 requested articles. The colors of the other lines correspond to
the values from the MRR-based evaluation shown in Table 5.2 on page 74; performance increases from dark red
moving over white and light green to the best performing techniques in saturated green.

Other techniques such as CombSUM, CombSUM TOP 100 and sq-
CombSUM ''

1
2 whose MRR performances are lower show these

tendencies in a pronounced form. For bin 1 they return less than
10 journals in rank 1, for high bins, their number of top 1 results
exceed those of the techniques mentioned before.
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5.5.1.5 Summarizing the Influence of Class Sizes

Techniques unaffected by class sizes The CombMAX, exp-
CombSUMand ''F techniques with higher exponents are close to
the baseline. This means that the size structure of returned journals
at position 1 corresponds to the size structure of journals whose
articles were extracted. These techniques do not yield good results
in the previous evaluations in this chapter. They have a strong con-
nection to document ranking in that they map it rather strictly to
a class ranking. An aggregation of the voting documents per class
does not occur at all or only with little effect. Although the curves
show an ideal, independent shape with regard to differences in
class size, they provide only partially relevant results in the eval-
uations. The curve also shows that the equal distribution of the
removed queries across the bins in terms of quantity is also evenly
distributed in thematic terms, as the curves of the rank-oriented
voting techniques are close to the baseline.

Techniques strongly affected by class sizes Techniques that
directly or indirectly include the number of voting documents,
such as Votes, ''F with very small values for F and CombSUM
clearly favor large journals and deliver for BIN 1 among 10 journals
on rank 1. These techniques also did not deliver good results in the
previous evaluations from this chapter.

Techniques slightly affectedbyclass sizes Thebest-performing
techniques from previous evaluations in this chapter are shown in
Figure 5.5 in saturated green and can also be recognized by the icon
“N”. These include CombSUM TOP 5, CombSUM '', sqComb-
SUM '' and ''

3
4 . They all have a roughly similar curve which

shows that large journals are favored and smaller journals from
the left bins are disadvantaged. This can be observed in a more
extreme form with CombSUM '' yielding fewer journals from
bin 1 than the other best performing techniques.

In the AMiner collection scenario, it seems advantageous to slightly
neglect small journals and slightly favor large ones. With dampen-
ing at class level, it is possible with these techniques to reconcile the
results of journals with few and many potential voting documents,
despite the different and considerable journal sizes.
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5.5.2 Influence of the Query Length

This section examines how the results from the evaluations of the
voting techniques in this chapter relate to the length of the queries
in number of terms. The results of each technique evaluated are set
in relation to the number of terms in the queries.

TheQ u a l i t y o f t h e d o c u m e n t r a n k i n g a s a d e p e n -

d e n c y o f q u e r y c l a r i t y a n d i t s i n f o r m a t i v e c o n t e n t

query creates a document ranking, which is used to calculate
the class ranking and thus determines its quality. There are various
approaches in research to estimate the expected quality of a docu-
ment ranking based on the properties of the query, even in advance.
In their work “Query performance prediction”, He and Ounis in-
corporate the query clarity, which is inversely proportional to query
ambiguity [HO06]. Based on the work of [CZC02], the simplified
query clarity score is calculated as the sum of the Kullback-Leibler
divergence of the query model from the collection model. Further-
more, the paper proposes and evaluates definitions for calculating
the distribution of the informative amount based on 735 -properties
of the terms from the query. One result of the work of He and Ou-
nis is that the number of terms in a query on its own is not decisive
for its performance. In this evaluation, however, we assume that
with the high number of 10,000 queries, the informative content
and clarity increase on average with the length.

InT h e q u a l i t y o f t h e r e s u l t s i n c r e a s e s f o r a l l t e c h -

n i q u e s a s t h e n u m b e r o f q u e r y t e r m s i n c r e a s e s .

the context of this evaluation, we look at the statistics on the
number of terms of the 10, 000 queries after eliminating the stop
words. The distribution of the query length in terms is shown in
Figure 5.6. The most frequent query length is six terms, with a num-
ber of 1, 852 queries. Since the selection of the titles and thus the
queries are randomly generated, the distribution corresponds pro-
portionally approximately to the term distribution of the indexed
titles or the corresponding search scenario.

Figure 5.7 shows the results for the MRR measure correspond-
ing to the evaluation of Section 5.4.1 on page 73 for the different
query length classes. The techniques are summarized here in logi-
cal groups in one diagram each; the vertical axis shows the mean
reciprocal rank for the number of query terms indicated on the
horizontal axis.

The general trend is that the quality of the results increases as the
number of query terms increases. All techniques benefit equally
from the higher content of the information in longer queries. The
results improve mostly in parallel within a group, but also between
groups. From a query length of 9 terms, the performance improve-
ment stagnates and even decreases slightly.

This evaluation also shows the dependence of the techniques on
the quality of the document ranking (see also Section 3.1.2 on page
45), which improves due to the higher information content.
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Figure 5.6:Query length distribution after stopword elimination for the AMiner setup from Table 5.1 having
10,000 queries.
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5.5.3 Influence of Initially Voting Candidates

In E v a l u a t i o n o f 3 , 0 0 0 a n d 1 0 , 0 0 0 i n i t i a l v o t i n g

c a n d i d a t e s i n a m o d i fi e d s e t u p

addition to the composition and structure of the collection, the
number of initial voting documents – defined as |'(?) | in Section
2.2 – is a relevant factor for the quality of the voting results. This
influencing factor has already been well researched in the domain
of expertise retrieval [AS12; MO08]. We build on these research
results and investigate the influence of the variation in the number
of global and initial voting candidates on the applied voting tech-
niques using the AMiner collection. In this evaluation, the AMiner
collection is composed of a higher number of articles and jour-
nals, since we do not consider the full texts and are therefore not
dependent on their existence.6

Having a modified setup with 1,115,976 articles corresponding to
26,270 journals as shown in Table 5.7, we applied the same tech-
niques discussed in the sections before and changed the number of
initially voting candidates. Table 5.8 shows the results of the search
over titles that initially have |'(?) | = 3, 000 and |'(?) | = 10, 000
articles as the maximum of potential voting candidates. For plausi-
bility reasons, some extreme variants of ''F and CombSUM ''F

are also shown.

https://doi.org/10.48564/unibafd-3xt8e-zg557
https://doi.org/10.48564/unibafd-3xt8e-zg557
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Figure 5.7: Performance of the techniques in the search over titles scenario dependent on the query term
length. The horizontal axis is divided according to the length of the queries, and the vertical one shows the
mean reciprocal rank for the respective length of the queries. The colors of the lines correspond to those shown
in Table 5.2 in Section 5.4.1 for each technique. Global performance increases from dark red moving over white
and light green to the best performing techniques in saturated green

As already stated before, the values for the 1st quartile, the median,
and the 3rd quartile represent the rank @ for which 25%, 50%, and
75% of the queries will rank the journal we are looking for at this
rank @ or better. Queries for which the desired journal does not
have a voting articlewithin the considered part of '(?) are counted
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Table 5.7:Modified extract of the AMiner collection and its structure
for the evaluation of different numbers of voting candidates

Adjusted AMiner Collection

#Journals 26,270
#Articles 1,115,976
#Queries 10,000

as rank 26,270.

Global view of the results Compared E f f e c t o n t h e r e s u l t s d u e t o d i f f e r e n c e s i n t h e

s i z e o f t h e c o l l e c t i o n s

to Table 5.3 on page 76,
the results shown in Table 5.8 for the rank of the searched journal
are generally worse, as this setup covers a much larger collection
with more than ten times the number of journals.

The R e l a t i v e d i f f e r e n c e s i n p e r f o r m a n c e c o n fi r m t h e

p r e v i o u s e v a l u a t i o n s

results for the relative global performance of the techniques
tend to be similar to those of the previous evaluations. In addition
to CombSUM TOP 5, techniques like CombSUM '' and sqComb-
SUM '' provide the best results. Among the ranking-oriented
techniques, ''

1
2 and ''

3
4 deliver the best results, which also cor-

responds to the previous trends. The approximation of ''F with
greater exponents to CombMAX and lower values of F to Votes is
clearly visible here. Furthermore, the variation of F in CombSUM
''F indicates the approximation to CombSUM and CombMAX
as described in Section 4.1.4.

Comparison of the scenarios If H i g h n u m b e r o f v o t i n g c a n d i d a t e s n e g a t i v e l y i m -

p a c t s p e r f o r m a n c e f o r q u a n t i t a t i v e t e c h n i q u e s .

up to 10, 000 initial voters are
taken into account, the number of documents returned as voting
candidates increases, but the results returned in the top 3, 000
ranks remain the same compared to the smaller voting scenario.
The main effect of this is that large classes may receive further
growth. Furthermore, newly added candidates can vote for classes
that would not have been considered by the top 3, 000 ranked
documents. The fact that these new voting candidates lead to a
different, worse result, particularly in quantitative terms, can be
observed especially for Votes and CombSUM. A possible higher
recall at the document level can, depending on the course of the
scores, automatically lead to a preference for larger journals, and
thus to poorer results at the class level regarding quantitatively
oriented techniques.

The T e c h n i q u e s e m p h a s i z i n g t h e t o p r a n k s a r e

i n fl u e n c e d o n l y t o a s m a l l e x t e n t

situation is different for techniques that focus on the top global
ranks. With CombMAX, taking into account only the document
with the highest score per class, the results are almost the same
for both scenarios. Similarly, the results for the best performers
change only slightly with a higher number of voters in the first
two quartiles. In the 3rd quartile, they even benefit from the higher
number of global voting articles. This effect can be observed with
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Table 5.8: Results for selected voting techniques having 3,000 and
10,000 articles as initial voters in the search over titles scenario.

# Voting Articles ⊲ 3,000 Voting Articles 10,000 Voting Articles
Technique O 1st q. med. 3rdq. 1st q. med. 3rdq.
CombSUM 8 46 338 11 63 370
CombSUM TOP 500 8 46 338 11 63 370
CombSUM TOP 100 8 46 338 11 63 370
CombSUM TOP 50 8 46 338 10 63 370
CombSUM TOP 10 5 45 338 5 41 370
CombSUM TOP 5 5 37 338 5 35 350
expCombSUM 9 59 409 9 59 398
expCombMNZ 7 45 359 7 45 345
CombSUM ''

1
4 7 44 333 10 58 356

CombSUM ''
1
2 6 41 330 8 52 340

CombSUM '' 5 36 328 5 39 314
CombSUM ''2 5 39 333 6 41 336
CombSUM ''4 9 59 407 9 60 417
sqCombMNZ 7 45 337 11 61 365
sqCombSUM 6 39 330 8 49 320
sqCombSUM ''

1
2 5 36 334 6 39 316

sqCombSUM '' 5 36 341 5 37 324
sqCombSUM ''2 7 48 370 7 49 370
Votes 9 56 406 15 82 476
''

1
16 8 52 353 14 76 430

''
1
8 8 49 342 12 70 408

''
1
4 7 42 326 10 59 348

''
1
2 5 36 335 6 40 321

''
3
4 6 40 355 6 40 331

'' 7 47 372 7 46 353
''

3
2 9 56 398 9 55 388

''2 10 61 418 10 61 415
''4 10 66 451 10 66 451
''10 10 68 461 10 68 461
CombMAX 10 68 462 10 68 462

CombSUM '', sqCombSUM '', and also with ''
3
4 , which sig-

nificantly increase their performance in the 3rd quartile.



5.6. principle of inclusion and exclusion 91

5.6 Principle of Inclusion and Exclusion

Our evaluations applying voting techniques have shown the need
for a damping factor to reduce the impact of posterior voting
candidates for a class. Just adding the scores as a combination of
evidence will produce a misleading result. In order to determine
a damping factor from the perspective of probability theory, in
this section we refer to the problem description in Section 1.2 and
build on the approach of adding probabilities from formula 1.2. Our
considerations aim to process the voting scores of a class according
to the principle of adding depending probabilities.

5.6.1 Determining an Aggregation Function Based
on the Addition of Probabilities

The C l a s s - w i s e a d d i t i o n o f d o c u m e n t p r o b a b i l i t i e s

f o r r e p r e s e n t i n g t y p i c a l e x a m p l e s o f t h e i r

a s s o c i a t e d c l a s s

scores determined during the search at the document level
correspond to the probabilities that the documents found will
represent their associated class in the context of the query. These
probabilities are not disjoint, as their occurrence is not indepen-
dent. Based on this assumption, a scenario for a class 2 having
probability % (2) as a candidate and having two voters D1 and D2
would have an optimal aggregation of probabilities % expressed by

% (2) = % (D1 ∪ D2) = % (D1) + % (D2) − % (D1 ∩ D2) (5.2)

Extending this exemplary representation of two voters for class 2
to < voting elements D7 leads to the inclusion-exclusion principle
or the sieve formula [Gal11; Hen08] adapted in formula 5.3.

%

(
<⋃
7=1

D7

)
=

<∑
9=1

©­«(−1)9+1 ·
∑

�⊆1...<,|� |=9
% (

⋂
7∈�

D7)ª®¬ (5.3)

The T r a n s f e r o f t h e p r i n c i p l e o f i n c l u s i o n a n d e x c l u -

s i o n t o t h e a d d i t i o n o f d o c u m e n t p r o b a b i l i t i e s

formula expresses the methodical approach of first adding all
single probabilities, then subtracting the intersections of all tuple
combinations followed by adding all the intersections of triple
combinations, and so on until the number of < combinations is
reached. The set � is a subset of elements from 1 to < in each step.
The number of elements of � is determined with each step by as-
signing |� | = 9 in ascending order. All combinations of D7, the
number of which is determined by |� |, are added or subtracted in
each step – depending on the term (−1)9+1.

For a class 2 having < voting candidates D7, the sum of their proba-
bilities % (D7) is expressed in a schematic presentation like this:
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% (2) = % (D1) + % (D2) + . . . + % (D<)
−% (D1 ∩ D2) − % (D1 ∩ D3) …all pairwise combinations

+% (D1 ∩ D2 ∩ D3) …all triple combinations
. . .

+(−1)<−1 · % (D1 ∩ D2 ∩ D3 . . . ∩ D<)

Determining the intersections InD e fi n i t i o n o f i n t e r s e c t i o n s

b a s e d o n t h e t e r m f r e q u e n c y

order to apply these consid-
erations to a voting scenario, we have to transfer the expression
% (D1 ∩ D2) in formula 5.2 to our scoring formula at the document
level.

In Section 2.1.2 on page 17 the BM25-based scoring of a document is
defined as the result of a multiplicative composition of the inverse
document frequency 735 and the term frequency B5 . The 735 is a
term-based factor that results from the term distribution over the
entire collection. Since it is applied equally to all documents, we
leave this component out of these considerations.

As the second factor, the frequency of the term B5 is based on docu-
ments and is the result of the number of occurrences of the term B

in the document 3. Having one term B and 8 documents 3 we define
an intersection � as

� (B, 31, ..., 3 8) = min
7=1;8
(B5 (B 7< 37)) (5.4)

Based on the bag-of-words model, for all documents 3, this defini-
tion implicitly generates the smallest common corpus for the term
B to find the intersection for.

Applying the systematic of the adapted sieve formula 5.3 and the
definition of the intersection in formula 5.4 to our experimental
setup and search scenario, we obtain the scoring formula 5.5 for
the search for journals. This formula defines the score of a journal
based on the set of its voting documents + Journal, whose individual
documents are defined by 3C. The query ? is made up of the terms
B1, ..., B<, of which the number < is defined by |?|.

A2=@4Journal =

|?|∑
7=1

735 (B7) ·
|+ Journal |∑

9=1

(−1) (9+1) ·
∑

*⊆+ Journal ,
|* |=9

min
3C∈*

(
B5 (B7 7< 3C)

)
(5.5)
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The first factor in equation 5.5 iterates over all terms B7 included in
a query ? that has the number of terms |?| and gets his value from
the term-specific 735 .

The second factor iterates from one to the number of voting docu-
ments |+ Journal | and potentiates (−1) in order to add or subtract
intersections which are determined in the last factor according to
the definition in equation 5.4.

Example calculation A calculation using a simple examplewith
a query ? consisting of a single term is intended to illustrate formula
5.5. As a result of the query ?with |?| = 1, three documents 31, 32
and 33 vote for a journal in the example, resulting in |+ Journal | = 3.
The values of the term frequencies B5 for the query term B in the
documents are shown in Table 5.9 with the fictitious values 2,3
and 5. The value of 735 (B) is only shown as a factor symbol for the
explanation in the example.

Table 5.9: Term frequency values B5 (B) for the query term B for the
documents 31, 32 and 33

B5 (B 7< 31) B5 (B 7< 32) B5 (B 7< 33)
Query term B 2 3 5

The calculation of the journal score then results in the following
calculation 5.6 as follows:

A2=@4Journal

= 735 (B) ·
(
(1) · (2 + 3 + 5) + (−1) · (2 + 2 + 3) + (1) · (2)

)
= 735 (B) · (2 + 3 + 5 − 2 − 2 − 3 + 2)
= 735 (B) · 5

(5.6)

This example shows that the highest occurring value, 5 in the ex-
ample, prevails for the term frequency in the score calculation and
is decisive for the calculation of the journal score.

Performance of the technique In T e s t s w i t h t h e A M i n e r c o l l e c t i o n f r o m S e c t i o n

5 . 3 w i t h i n t h e t i t l e - b a s e d s c e n a r i o a d e l i v e r p o o r

r e s u l t s .

this thesis, we use this for-
mula restricting |+ Journal | to a maximum of five voting articles as
an approach to obtain an optimized CombSUM TOP 5 technique.
According to the MRR-based evaluation in Section 5.4.1, this con-
stellation produces an MRR value of 0.19 which represents a dis-
appointing result and cannot compete with the voting techniques
and results in Section 5.4.1 and shown in Table 5.2.
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Figure 5.8:Three amounts and their intersections; every subset is
numerated.

5.6.2 Adjusting the Aggregation Function

Calculating the damping factor U TheR e g u l a t i o n o f i n c l u s i o n a n d

e x c l u s i o n u s i n g t h e f a c t o r U

preceding considera-
tions and definitions completely eliminate repetitive intersections
between probabilities and amounts. This is based on the fact that
the term frequencies of a term in voting documents do not overlap,
but smaller values for frequencies are included in higher ones. The
idea is now to gradually reduce the complete elimination of lower
term frequency values by using a damping factor.

To soften this complete removal of intersections, we implement
a damping factor U. Figure 5.8 shows three sets and their intersec-
tions. The idea is not to completely remove multi-counted inter-
sections by applying the inclusion and exclusion principle, but to
partially keep the proportions included by using a damping factor
U.

Table 5.10: Schematic addition of the three circles’ amounts from Figure 5.8 by applying the principle of
inclusion and exclusion, parameterized with factor U.

1st Step: Complete addition of all circles’ cardinalities
All subareas of the upper left ellipse: Σ |1| |4| |5| |7|
All subareas of the upper right ellipse: +Σ |2| |5| |6| |7|
All subareas of the lower ellipse: +Σ |3| |4| |6| |7|
2nd Step: Reduction of circles’ intersections
Intersection of the upper left and lower ellipse: −U · (Σ |4| |7| )
Intersection of the upper left and right ellipse: −U · (Σ |5| |7| )
Intersection of the upper right and lower ellipse: −U · (Σ |6| |7| )
3rd Step: Addition of the central amount
Intersection of all three ellipses: +U · ( |7| )

Table 5.10 schematically shows the method for adding cardinalities
of three amounts, including a damping factor U. If U was chosen
to 0.7, the cardinalities of sections four, five, and six would still go
into the sum with factor 1.3. Additionally, the central intersection
between all three amounts numbered by seven would contribute
with a factor of 1.6.
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This factor U can vary between 0 and 1. Setting U = 1 would
have the effect of the first and initial approach in equation 5.5. The
other extreme, setting U = 0, would end with the result of apply-
ing CombSUM TOP <, in the case of the example shown in the
schematic addition of Table 5.10, it would be CombSUM TOP 3.

Including factor U and considering the definition in 5.4 leads to the
calculation of the score expressed in formula 5.7.

A2=@4Journal =

|?|∑
7=1

735 (B7) ·
( ∑
3D∈+ Journal

B5 (B7 7< 3D)

− U ·
( |+ Journal |∑

9=2

(−1) (9)
∑

*⊆+ Journal ,
|* |=9

min
3C∈*
(B5 (B7 7< 3C))

)) (5.7)

The first factor represents the inverse document frequency 735 of
the term B7 from the query ?. The numerator 7 iterates from 1 to
the number of query terms |?|.

The second factor in the outer brackets consists of two components:
First, the term frequencies B5 for each voting document 3D of the
entire set of voting documents+ Journal are addedwithout including
alpha. The second component, the subtrahend, is controlled in
intensity via U and incorporates the principle of inclusion and
exclusion as already defined, but starting with 9 = 2, since the
initial and complete term frequencies B5 have already been added
before.

Example calculation of the adjusted formula With reference
to the example scenario of Section 5.6.1 and its exemplary calcula-
tion of the journal score, the calculation of the journal score that
includes U would be performed as in the following equation 5.8:

A2=@4Journal

= 735 (B) ·
(
(2 + 3 + 5) − U ·

(
(1) · (2 + 2 + 3) + (−1) · (2)

) )
= 735 (B) ·

(
10 − U ·

(
(2 + 2 + 3) − (2)

) )
= 735 (B) ·

(
10 − 5 · U

)
(5.8)
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Table 5.11: Results for the MRR applying the sieve formula having a
maximum of five voting candidates with U as a damping factor. To show
marginal differences, the results are shown with three digits after the
point.

U MRR (Titles)
0.0 0.342
0.1 0.344
0.2 0.344
0.3 0.343
0.4 0.339
0.5 0.332
0.6 0.321
0.7 0.300
0.8 0.273
0.9 0.237
1.0 0.193

Performance of the technique applying U ApplyingM R R : V a r i a t i o n s o f a l p h a d o n o t p r o v i d e

s i g n i fi c a n t i m p r o v e m e n t s i n t h e r e s u l t s .

this for-
mula, having the previous setup with up to five voting documents,
to our journal search, we get results for the MRR as shown in Table
5.11. By omitting the reduction and addition procedures and setting
U to 0, we obtain the result of CombSUM TOP 5, while setting
it to 1 we get the worst results for the MRR results. It should be
noted that setting U from 1.0 to 0.5 rapidly enhances the MRR
values, while setting U from 0.5 to 0.0 only slightly enhances them.
A maximum of 0.344 is approximated for the values of U having 0.1
and 0.2, which are slightly better than the result of U = 0, which
means CombSUM TOP 5.

Taking into account the relationships, according toG r a d e s o f r e l a t i o n s h i p t o t h e s e a r c h e d j o u r n a l :

S l i g h t i m p r o v e m e n t s f o r s m a l l v a l u e s o f U .

the evaluation
in Section 5.4.3 on page 77, Table 5.12 shows the grades of the rela-
tionship of the first-ranked journals to the searched journal using
the sieve formula damped by U. As stated previously, each quartile
shows the minimum grade of relationship for 25%, 50% and 75% of
the ranked journals.

The trends of the MRR-based results in Table 5.11 are confirmed
here. Slight improvements are achieved with U ∈ {0.1, 0.2, 0.3} in
all quartiles, in the third quartile performance improves further
with U = 0.4 and U = 0.5, while it decreases in the 1st quartile and
median. This suggests that the average recall for these values of U
increases.

As U increases towards 1.0, the degrees of relationships decrease
rapidly in all quartiles.

TheI n fl u e n c e o f t h e s i e v e f o r m u l a a n d U o n

a p r e f e r e n c e f o r s m a l l o r l a r g e j o u r n a l s

last part of this section evaluating the sieve formula exam-
ines the systemic behavior of the voting algorithm. Analogously
to Section 5.5 on page 82, the extent to which variations of alpha
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Table 5.12:Number of authors in common with the desired journal
for the journals on position 1 for the search over titles. The left column
shows ascending values for U as damping factor. The coloring refers to
the context of each single column.

Scenario ⊲ Titles
U O 1st quart. median 3rd quart.
0.0 944 171 27
0.1 971 175 28
0.2 955 176 30
0.3 971 176 31
0.4 919 176 32
0.5 884 175 32
0.6 846 165 31
0.7 725 145 28
0.8 652 126 24
1.0 359 76 16

systematically lead to preferences for large or small journals is
examined. The diagram 5.9 shows the influence of differences in
journal sizes on the voting technique evaluated. On the horizontal
axis, the journals are sorted into bins ascending by size, according
to the scheme of Figure 5.5. The vertical axis shows the number of
journals ranked in the first rank for applying different values for U.
All variants have tendencies that correspond to the voting tech-
nique CombSUM TOP 5 on which they are based. The colors cor-
respond to the performances arising from Table 5.11.

5.6.3 Summary

It remains to be seen that the complete removal of overlapping
term frequency scores worsens the results. Applying equation 5.7
and choosing a small value for the damping factor U can lead to im-
proved results that possibly surpass the results obtained by Comb-
SUM TOP 5.
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Figure 5.9:Number of journals ranked on position 1: Results for applying the principle of inclusion and
exclusion in the search over titles scenario following equation 5.7 with different values for U

7 : T h r e a d s a n d m e s s a g e s w e r e t a k e n f r o m t h e

T r i p a d v i s o r N e w Y o r k T r a v e l F o r u m : h t t p s : / / w w w

. t r i p a d v i s o r . c o m / S h o w F o r u m - g 2 8 9 5 3 - i 4 - N e w _ Y o

r k . h t m l

5.7 Online ForumThread Retrieval

DuringE v a l u a t i o n o f t h e n e w l y p r o p o s e d t e c h -

n i q u e s o n a n e x i s t i n g s c e n a r i o : f o r u m m e s -

s a g e s t h a t v o t e f o r t h e i r a s s o c i a t e d t h r e a d

our research and the search for comparable scenarios, we
found a paper written by Albaham et al. having the title “Adapt-
ing Voting Techniques for Online Forum Thread Retrieval” and
discussing the search for appropriate threads in online forums re-
garding a certain information need [AS12].

5.7.1 The New York Travel Forum Task

One of the paper’s two investigation scenarios is related to the
search for relevant threads in a New York travel forum.7 In this
scenario, all thread messages returned for a query act as voters
for their associated thread. Many of the voting techniques that
are the subject of this thesis are also applied by the authors in this
paper. Our aim is to evaluate how these techniques perform in
comparison to our newly proposed techniques and, furthermore,
to determine how these results reconcile our evaluation results
regarding the AMiner collection. 25 queries were obtained by ex-
tracting keywords from frequently searched topics [BM10] and
manually judged in order to establish an evaluation basis.

https://www.tripadvisor.com/ShowForum-g28953-i4-New_York.html
https://www.tripadvisor.com/ShowForum-g28953-i4-New_York.html
https://www.tripadvisor.com/ShowForum-g28953-i4-New_York.html
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8 : M A P v a l u e s a r e b a s e d o n t h e d e fi n i t i o n i n

t h e b o o k I n t r o d u c t i o n t o I n f o r m a t i o n R e t r i e v a l

[M R S 0 8 ] .

9 : T h e s t a n d a r d t o o l t r e c _ e v a l i s u s e d t o d e t e r -

m i n e t h e v a l u e s p r o g r a m m a t i c a l l y a n d i s a v a i l a b l e

u n d e r h t t p s : / / g i t h u b . c o m / u s n i s t g o v / t r e c _ e v a l

Regarding D i f f e r e n c e s i n t h e s e t u p o f t h e e x p e r i m e n t a l

s e t t i n g s

the experimental settings, there are differences between
our AMiner setup and the baseline of the configuration of the
paper. First, all the evaluation results in the considered paper are
based on manual judgments, whereas our ground truth in this
thesis is established by the relationships of titles, their articles, and
belonging journals. For comparability reasons, we continue to use
BM25 for the similarity search, while the effectiveness measure of
the paper is based on the query language model [PC17]. The results
shown in the work of Albaham et al. do not correspond directly to
the values resulting from our experiments with the collection.

The excerpt from the New York Travel Forum contains 83,072
threads, which include 590,021 messages, the initial messages in-
cluded. The evaluation setup is designed with 25 queries and 4,478
query relevance judgements as shown in Table 5.13.

Table 5.13: Collection structure and setup for the New York travel
forum retrieval task

New York Travel forum

#Threads 83,072
#Messages 590,021
#Queries 25
#Qrels 4,478

Regarding the structure of the collection, about 50% of the threads
have a message count of 5 or fewer messages, about 75% of the
threads include 9 or fewer messages. The highest message count
for one thread is 1, 217.

While working with the collection, we noticed that 21 threads
having the same key and content are included twice. These double
entries are not part of the relevance ratings; for comparability
reasons, we do not make any corrections at this point.

5.7.2 Results for New York Travel Forum Task

Number of initially voting messages Table 5.14 shows the
mean average precision (MAP)8 of the techniques applied for three
variations of the initial voting messages in the columns.9 Due to
the predominantly small number of messages in the threads, the
results for CombSUM, CombSUM TOP 100 and CombSUM TOP
50 are equal for each variation of the initial voting messages. A
raising number of voting candidates mostly affects and worsens
the performance of techniques which take all or many items into
account. Examples for this observation are, particularly, Comb-
SUM, even in its limited variants, and Votes. Less effects are to be

https://github.com/usnistgov/trec_eval
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Table 5.14:Mean average precision (MAP) results for the online thread
retrieval task for three variations of initially voting messages. The
coloring refers to MAP values within a column. Green, white and red
tones are related to the performance of the voting techniques among
themselves and not across the variants of the initial voters.

Number of Voting Messages ⊲ 1,000 5,000 10,000
Technique O
CombSUM 0.220 0.195 0.171
CombSUM TOP 100 0.220 0.195 0.171
CombSUM TOP 50 0.220 0.195 0.171
CombSUM TOP 5 0.223 0.212 0.209
expCombSUM 0.185 0.194 0.195
expCombMNZ 0.217 0.237 0.239
CombSUM ''

1
2 0.225 0.214 0.198

CombSUM '' 0.237 0.243 0.236
CombSUM ''2 0.241 0.262 0.265
sqCombMNZ 0.221 0.196 0.173
sqCombSUM 0.236 0.237 0.224
sqCombSUM ''

1
2 0.243 0.258 0.256

sqCombSUM '' 0.240 0.262 0.268
sqCombSUM ''2 0.215 0.230 0.233
Votes 0.178 0.141 0.111
''

1
16 0.218 0.174 0.136

''
1
2 0.215 0.235 0.238

''
3
4 0.196 0.211 0.214

'' 0.187 0.198 0.199
''

3
2 0.178 0.185 0.186

''2 0.175 0.181 0.181
CombMAX 0.170 0.175 0.176

seen for CombMAX and techniques that emphasize the first ranks.
Some techniques even benefit from a high number of voters, in
particular CombSUM ''2, sqCombSUM ''

1
2 , and sqCombSUM

''.

Performance of the applied techniques BestT e c h n i q u e s t h a t e m p h a s i z e t h e t o p r a n k s

a t c l a s s l e v e l a c h i e v e t h e b e s t r e s u l t s .

results for the
mean average precision are obtained by techniques that combine
score valueswith a class-scoped and ranking-based damping factor.
These newly introduced techniques in this thesis include Comb-
SUM ''2 and the exponential variants sqCombSUM ''

1
2 and

sqCombSUM ''. Not only do they show the best results within
the scenarios, but their performance is relatively robust to changes
in the number of initial voters. These observations state the results
of the investigations and experiments with the AMiner collection.
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As in previous experimental results, the variants ''F approximate
the techniques Votes and CombMAX. ''

1
2 provides the best results

for this group and can even benefit from an increasing number
of initial voting messages. The effect of a very low exponent for
''F approximating the worst results of Votes becomes obvious
for a high number of initial voting messages. For 1, 000 voters, it is
remarkable that ''

1
16 gives the best results in this category of ''F .

Only an increase in initial voters shows the real approximation for
''

1
16 at 5, 000 and 10, 000, thus a noticeable deterioration.

In I n r e l a t i o n t o t h e b e s t r e s u l t s o f A l b a h a m e t a l . ,

n e w t e c h n i q u e s f r o m t h i s t h e s i s d e l i v e r b e t t e r

r e s u l t s

addition to BordaFuse and expCombMNZ, CombSUM per-
forms best for the MAP measure with 1, 000 initial voting mes-
sages in Albaham et al.’s paper. Although the results from Table
5.14 as absolute numbers do not match those of the paper due to
the different setup, by looking at the results in relative terms it
can be concluded that the CombSUM ''F and sqCombSUM ''F

variants can outperform those techniques based on MAP. In Table
5.14, CombSUM and expCombMNZ deliver good results, but are
not among the top performers in our analyzes.





6 Passages as Voters for
their Documents

In B a s i s o f t h i s c h a p t e r : E x t r a c t e d p a s s a g e s t h a t

v o t e f o r t h e i r a s s o c i a t e d d o c u m e n t s

this chapter, we investigate how passages that vote for their
documents can improve the results of document retrieval. This
analysis focuses in particular on longdocumentswhose relevance is
to be determined. The idea is to split these documents into passages
and then apply voting techniques for document retrieval: Every
passage relevant to the query votes for its document.

We S e c t i o n 6 . 1 P a s s a g e R e t r i e v a l a s a n O b j e c t o f

R e s e a r c h i n I n f o r m a t i o n R e t r i e v a l p r o v i d e s a n

e x e m p l a r y o v e r v i e w .

begin with Section 6.1 with a brief overview of passage retrieval
and its areas of application.

In S e c t i o n 6 . 2 V i r t u a l D o c u m e n t s : I n i t i a l c o n -

s i d e r a t i o n o f t h e t h r e e r e v e r s e s c e n a r i o s , t h e

c o n c a t e n a t i o n o f A M i n e r t i t l e s , a b s t r a c t s , a r t i -

c l e s , a n d B M 2 5 - b a s e d d o c u m e n t s e a r c h o n t h a t

b a s i s

the following Section 6.2 we first reverse the train of thought
and discuss what results can be expected for BM25-based retrieval
with the contents of previously voting articles from the AMiner
collection in their concatenated form.

We S e c t i o n 6 . 3 P a s s a g e s a s V o t e r s : E x e m p l a r y

S t u d i e s : E x t r a c t e d p a s s a g e s t h a t v o t e f o r t h e i r

d o c u m e n t s , u s i n g s e l e c t e d t e s t c o l l e c t i o n s f r o m

c o n f e r e n c e s a n d l i t e r a t u r e

then check the effectiveness of passage voting in Section 6.3
using selected collections as an example. Passages extracted from
collections’ documents vote for their associated documents using
the voting techniques presented. We compare these results with a
flat document search based on BM25.

In S e c t i o n 6 . 4 I n v e s t i g a t i o n s U s i n g P s e u d o -

C o l l e c t i o n s : P s e u d o - c o l l e c t i o n s w i t h a p r e d e -

fi n e d d o c u m e n t a n d t e r m s t r u c t u r e p r o v i d e

i n f o r m a t i o n o n t h e q u a n t i t a t i v e b e h a v i o r o f

v o t i n g t e c h n i q u e s .

Section 6.4 we develop a test environment consisting of virtual
documents to experimentally substantiate the results of previous
evaluations. Since the voting results cannot be evaluated qualita-
tively when using a pseudo-collection, we analyze the systemic
and quantitative behavior of the voting techniques based on the
structure and term distribution of the pseudo-collection.

103
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6.1 Passage Retrieval as an Object of Research in
Information Retrieval

Relevance assessment of long documents TheD i s t r i b u t i o n o f t h e s e a r c h e d t e r m s i n

l o n g d o c u m e n t s a s a r e l e v a n c e f a c t o r

passage re-
trieval approach addresses the challenges in information retrieval
that arise, in particular, with long documents. From a technical per-
spective, BM25 takes into account the frequency of term occurrence
in combination with moderate document length normalization;
see formula 2.5 on page 17. However, the distributions of searched
terms within long texts, which can be decisive for the relevance of
the document, are not taken into account by this formula. If the
searched terms are not equally distributed but concentrated in a
section of a long document, this can be decisive for the relevance
of the document. A document having a section with a high concen-
tration of query terms and therefore of high importance to the user
can be more relevant than a document with an even distribution
of query terms.

AC o m b i n a t i o n o f d o c u m e n t - b a s e d

a n d p a s s a g e - b a s e d r e l e v a n c e s

case illustrating how the relevance of entire documents and their
individual passages is combined is discussed by Callan in his paper
“Passage-Level Evidence in Document Retrieval” [Cal94]. Within
its experimental setup, the relevance of rankings can be increased
by combining passage-based and document-based relevances.

JustR e t u r n o f p a s s a g e s f r o m t h e u s e r ’s p e r s p e c t i v e as the relevance analysis of passages of long texts can be advan-
tageous from a technical point of view, there are also advantages
from the user’s perspective: The user’s need for information might
be better served by the return of suitable passages from a very long
document than by returning the whole document, as Salton, Allan,
and Buckley state in their paper “Approaches to Passage Retrieval
in Full Text Information Systems” [SAB93].

Generation of passages InG e n e r a t i o n o f p a s s a g e s

b a s e d o n d i f f e r e n t f e a t u r e s

his paper “Passage-Level Evidence
in Document Retrieval” [Cal94], Callan defines three different ways
of extracting passages: In the discourse-based extraction, passages
are generated on the basis of sentences, paragraphs, and sections.
Semantic division is achieved on the basis of logical sections re-
sulting from the content structures.Window-based extraction of
passages divides long texts into sections based on a fixed number
of terms. For the generation of window-based passages, Callan
also considers overlapping sliding windows. The rationale behind
this approach is the risk-reduction of splitting small blocks of re-
lated text or information into two different passages, potentially
reducing their relevance.

Recent approaches UntilU s e o f p a s s a g e r e t r i e v a l i n t h e r e c e n t p a s t recently, approaches based on passage
retrieval have been used to improve document and information
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retrieval. With the publication of the MS MARCO dataset, exem-
plary tasks in the field of question answering are proposed, which
are solved using passages from the Web [Ngu+16].

The A g g r e g a t i o n o f p a s s a g e s c o r e s t o a s s e s s

d o c u m e n t r e l e v a n c e

approaches that aggregate passage scores to assess the rele-
vance of the entire document are pursued byDai andCallan in their
article “Deeper Text Understanding for IR with Contextual Neural
Language Modeling” [DC19]. Using BERT (Bidirectional Encoder
Representations from Transformers), passages obtained by using
a 150 word sliding window with a progression of 75 words are
evaluated in terms of their relevance. The relevance of the passage
of each document is then aggregated using three techniques. The
BERT-MaxP technique is based on the maximum passage score
of a document as its relevance. BERT-FirstP takes the relevance
of a document from its first passage, and BERT-SumP adds all the
passage scores of a document [DC19; LNY21].

This last approach comes close to this chapter’s concept of establish-
ing a document ranking using passages and their scores to create
a document ranking via voting techniques. The aforementioned
BERT-MaxP then corresponds to the technique CombMAX and
BERT-SumP corresponds to the voting technique CombSUM.

6.2 Virtual Documents

In C o n s i d e r i n g A M i n e r d o c u m e n t s a s p a s s a g e s o f

v i r t u a l d o c u m e n t s r e p r e s e n t i n g v i r t u a l j o u r n a l s

this section we go back to the setup of the AMiner collection
from Section 5.3 and address the question of what results can be
expected from a concatenation of journal articles and a subsequent
BM25-based document search.

We concatenate the titles, abstracts, and complete texts of the arti-
cles into three experimental setups. For each variant, we get 1,916
entries in the index, corresponding to the number of journals in
the AMiner collection. According to the evaluations from Chapter
5, we use the 10, 000 queries to determine the MRR value of the
searched journal (Section 6.2.1) and the grades of relationship of the
top ranked journals (Section 6.2.2). In this way, we check to what
extent a BM25-based search with its document length normaliza-
tion over long concatenated documents with large differences in
lengths is applicable for the search for appropriate journals.

6.2.1 MRR for the Searched Journal

Table 6.1 shows the results for the mean reciprocal rank (MRR),
which is the rank of the journal for which we are searching in each
of our 10,000 requests. In R e s u l t q u a l i t y f o r c o n c a t e n a t e d t i t l e s i s b e s t f o r

v i r t u a l d o c u m e n t s .

contrast to the voting scenarios discussed
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Table 6.1:MRR for the BM25-based search over concatenated titles,
abstracts and full texts for each journal. Note the coloring which only
refers to this setup of concatenated AMiner-articles and excludes the
previous evaluations from Section 5.4.

MRR of the
searched journal

Titles 0.23
Abstracts 0.22
Full Text 0.19

and previous evaluations, performance decreases as information
increases from concatenated titles over abstracts to full texts.

BasicallyA p p l i e d v o t i n g t e c h n i q u e s y i e l d b e t t e r r e s u l t s

c o m p a r e d t o t h e s e a r c h o v e r v i r t u a l d o c u m e n t s .

, the results of these three scenarios cannot compete with
those of Section 5.4.1 Using MRR as Measure. Here, the best value
for the MRR reached 0.34 in the titles scenario (CombSUM TOP
5, CombSUM '', sqCombSUM '', ''

3
4 ). A value of 0.36 for the

MRR was reached within the abstract and full text scenarios.
All the results of the three concatenated setups cannot reach the
performance of the voting scenarios, whose worst MRR value is
0.25 for CombMAX and Votes in the titles scenario (see also Table
5.2 on page 74).

In the domain of expertise retrieval, Macdonald substantiates the
worse results for virtual documents in his thesis as follows:

“However, in the expert search scenario, the (virtual) documents are
very large [...], so there is a high chance that many query terms will
occur in a large fraction of the virtual documents, and hence removing
these terms would result in no documents being retrieved. Moreover,
in such a scenario, the weighting model will struggle to differentiate
between an informative term and a non-informative term, because
the term specificity, measured by the number of profiles a query term
occurs in, will be similar for many terms, as many documents about
varying topics will exist in the profiles of many candidates.” [Mac09,
sec. 6.3.2].

Based on this reasoning from Macdonald, the declining perfor-
mance of the title, abstract, and full text scenarios can also be jus-
tified. As the length and information content of the concatenated
virtual documents increases, the specificity of the journal profiles
decreases and converges. As the specificity decreases, the probative
value of the virtual documents for each journal decreases, and thus
the quality of the search results.
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Table 6.2:Number of authors in common (grades of relationship) with the desired journal for the results on
positions 1 to 5. Note that the coloring refers to the performance of this section’s setup and is not related to
the values from the previous evaluation in Section 5.4.3. The relative coloring relates to each quartile across all
scenarios.

.

Scenario ⊲ Titles Abstracts Full Text
Position O 1st q. med. 3rd q. 1st q. med. 3rd q. 1st q. med. 3rd q.
1 219 39 6 203 38 6 147 24 4
2 183 33 5 177 31 5 118 21 3
3 162 28 4 156 27 4 104 19 3
4 142 27 4 136 26 4 101 18 3
5 123 23 4 127 23 4 90 16 3

6.2.2 Journal Relationships on the Upper Ranks

In A l l r e t u r n e d g r a d e s o f r e l a t i o n s h i p a r e l o w e r t h a n

t h o s e r e t u r n e d b y v o t i n g t e c h n i q u e s . S e a r c h i n g

o v e r c o n c a t e n a t e d t i t l e s p r o v i d e s t h e b e s t

r e s u l t s f o r v i r t u a l d o c u m e n t s c e n a r i o s .

analogy to Section 5.4.3 Journal Relationships as Measure for
Relevance, Table 6.2 shows the relationships of journals ranked
at positions 1 to 5 with the journal we are looking for. For every
scenario, the 1st quartile shows the minimum relationship as the
number of common authors for 25% of the results, the median
shows the minimum relationship for 50% of the returned journals,
and 75% of the results have a relationship equal or better than
shown in the 3rd quartile.

These results confirm those in the previous Table 6.1. The search via
titles delivers better results than the other scenarios in which the
search via full texts performs the worst. The best results are below
the values determined by the voting-based search that yielded a
maximum grade of relationship of 1,015 (CombSUM '') and a
worst result of 415 (CombMAX) for the title-based 1st quartile (see
also Table 5.4 on page 78).

The G r a d e s o f r e l a t i o n s h i p a s a m e a n i n g f u l m e a s u r epresentation in Table 6.2 shows that the evaluation of the re-
sults and the ranks using degrees of relationship is meaningful. All
positions of journals are determined independently on the basis
of the search and shown in total, based on quartiles, with their
derived relationships. In all rows and within the quartiles, there
are decreasing values that prove this measure.

6.2.3 Systemic Behavior and Influence of the Col-
lection Structure

Following I n c o n t r a s t t o v o t i n g t e c h n i q u e s , t h e s e a r c h o v e r

c o n c a t e n a t e d t i t l e s r e t u r n s m o r e s m a l l j o u r n a l s

o n t h e fi r s t r a n k .

the intention of Section 5.5 Systemic Behavior of the
Applied Techniques, we examine to what extent the search over
concatenated documents favors large or small journals. Figure 6.1
shows the bin structure as designed in Table 5.6 in combination
with the results at position 1 of the virtual document search based
on concatenated titles.
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Figure 6.1: Top 1 ranked journals per bin for the search over concate-
nated titles (virtual documents). BASELINE represents the origin of the
10,000 requested articles.

Contrary to all results in the voting scenario, not large journals
with many articles tend to be preferred here, but concatenated
small ones more often achieve rank 1 above the baseline.

One reason for this is the fact that large journals provide broader
thematic content and are not as focused on specific topics. Further-
more, document length normalization leads to a saturation of the
score values for high-term occurrences, which has a more intense
effect for longer journals or their concatenated article-titles.
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1 : T h e I N E X 2 0 0 9 c o l l e c t i o n w i t h o u t a n n o t a t i o n
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2 : Q u e r i e s a n d r e l e v a n c e j u d g e m e n t s f r o m t h e

I N E X 2 0 1 0 A d H o c T r a c k a r e a v a i l a b l e a t h t t p s :

/ / i n e x . m p i - i n f . m p g . d e / d a t a / d o c u m e n t c o l l e c t i o n .

h t m l

3 : P @10 v a l u e s a r e b a s e d o n t h e d e fi n i t i o n i n

t h e b o o k I n t r o d u c t i o n t o I n f o r m a t i o n R e t r i e v a l

[M R S 0 8 ] .

6.3 Passages as Voters: Exemplary Studies

This section evaluates the extent to which the use of voting tech-
niques can achieve better results than traditional document re-
trieval. For this purpose, we use collections and divide their docu-
ments into passages. Based on the query, the passages vote for their
associated documents, and as a result, we obtain a document rank-
ing. We compare these results with those based on BM25 document
retrieval.

Following the considerations of Section 6.1, we select the passages
in Section 6.3.1 INEX 2009 Collection discourse-based, resulting
from the structuring markup in the source documents.

In the following experiment in Section 6.3.2 Robust04 Collection
the passages are created window-based. In addition, following the
literature [Cal94; DC19], we select passages with different lengths
and overlaps in this section to compare the results.

6.3.1 INEX 2009 Collection

For our first experiment, we utilized a dump of English Wikipedia
articles taken in October 2008.1 This dump contains 2, 666, 190
articles with their structuring markup. A preliminary version of
this collection is described in [SSK07]. In this experimental case,
we used semantically related sections for the generation of pas-
sages. These sections are predefined by the markup like <div> and
<template> layers. Other undefined or unmarked passages are over-
taken as body text as one passage. After O n a v e r a g e f e w p a s s a g e s p e r d o c u m e n t ,

s e m a n t i c a l l y d e fi n e d b y m a r k u p

removing the tags, we

Table 6.3: Collection structure and passage voting setup for the INEX
2009 Collection

INEX 2009 Collection

#Articles 2,666,190
#Passages 10,338,753
Avg. passage length (terms) 113
#Queries/Topics 107
#Qrels 39,031

obtained 10, 338, 753 passages for the index to search, resulting in
an average ratio of 3.88 passages per article. Queries and relevance
judgments are taken from the INEX 2010 Ad Hoc Track [Arv+10].2

Table 6.4 shows the results of the extracted passages voting for
their associated articles. In accordance with the article retrieval
analyses from the INEX 2010 Ad Hoc Track, we use the P@10 mea-
sure here.3 Good results for P@10 are shown in green, whereas
colors that fade from white to red mark worse values. Since the

https://www.mpi-inf.mpg.de/departments/databases-and-information-systems/software/inex/
https://www.mpi-inf.mpg.de/departments/databases-and-information-systems/software/inex/
https://www.mpi-inf.mpg.de/departments/databases-and-information-systems/software/inex/
https://inex.mpi-inf.mpg.de/data/documentcollection.html
https://inex.mpi-inf.mpg.de/data/documentcollection.html
https://inex.mpi-inf.mpg.de/data/documentcollection.html
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Table 6.4: P@10 results for extracted passages voting for their
Wikipedia articles

EvaluationMeasure ⊲ P@10
Technique O
Article Search 0.529
Voting Passages
CombSUM 0.396
CombSUM TOP 100 0.396
CombSUM TOP 50 0.396
CombSUM TOP 5 0.454
expCombSUM 0.489
expCombMNZ 0.512
CombSUM ''

1
2 0.435

CombSUM '' 0.475
CombSUM ''2 0.527
sqCombMNZ 0.398
sqCombSUM 0.460
sqCombSUM ''

1
2 0.515

sqCombSUM '' 0.521
sqCombSUM ''2 0.517
Votes 0.315
''

1
16 0.346

''
1
2 0.514

''
3
4 0.496

'' 0.475
''

3
2 0.467

''2 0.469
CombMAX 0.467

average value for the number of passages resulting from one article
is lower than 4, the results for the variants CombSUM, CombSUM
TOP 100, and CombSUM TOP 50 are the same.

The application of voting techniques does not produce results that
exceed the P@10 values of a document search performed with
BM25 similarity search. In view of the potentially low number of
voting passages, the Votes technique as the worst performer in
this scenario is unsuitable. When applied, many articles obtain the
same integer-based rating values, but are necessarily distributed in
the ranks. On average, this setup has only a few semantically struc-
tured passages per document. However, the CombMAX example
shows that not just one passage is of value in scoring the document
in response to the query. Including more relevant passages of a
document by applying damping improves performance, as seen in
the ''F and CombSUM variants revalued by ''F .

Strong competitive results are obtained by applying CombSUM
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4 : F u r t h e r i n f o r m a t i o n t o t h e T R E C 2 0 0 4 R o b u s t

T r a c k i s a v a i l a b l e a t h t t p s : / / t r e c . n i s t . g o v / d a t a / r

o b u s t / 0 4 . g u i d e l i n e s . h t m l

''2 and the variants of sqCombSUM ''F . Variations of ''F can
compete with the basic search, but do not pass it. It is interesting
that ''

1
2 yields the best results for these variants before a low

exponent F = 1
16 approximates the results of Votes.

6.3.2 Robust04 Collection

For a next experiment using passage voting for the associated doc-
ument, we used a well-known corpus from the TREC 2004 Robust
Track [Voo04]. This corpus contains 528,155 articles from Financial
Times, Federal Register, FBIS, and LA Times4 The composition
and structure of this collection are shown in Table 6.5. For our
experiments, we used the 250 queries that come with qrels for our
evaluation.

Table 6.5: Composition of sources and amount of documents for the
TREC 2004 Robust Track collection

Source #Docs

Financial Times 210,158
Federal Register 94 55,630
FBIS 130,471
LA Times 131,896

Total 528,155

In G e n e r a t i o n o f p a s s a g e s w i t h s t a t i c l e n g t hcontrast to the previous evaluation, the passages in this collec-
tion are statically defined as windows of a fixed number of terms.
Furthermore, in the following examples, different step sizes are
defined for the extraction of passages, which may differ from the
length of the window.

6.3.2.1 Consideration of Alternative Values for the 735

For our first experiment, we generate document passages that have
a length of 150 words and a sliding window with a progression
of 75 words. This results in 3, 384, 229 passages and an average
number of 6.4 passages per document.

To investigate the extent to which changes in inverse document
frequency (735 ) values caused by the generation of passages affect
the evaluation scenario, we extend it.

Change of 735 values for passages Table C h a n g e s i n 735 v a l u e s r e s u l t i n g f r o m t h e

g e n e r a t i o n o f p a s s a g e s

6.6 exemplary shows
the 735 values and their document parameters for determination
for two query terms taken from the 250 topics.Theupper half of the
table shows the values related to 735 for the original collection, the
lower half for the generated passages. The term “Country” occurs

https://trec.nist.gov/data/robust/04.guidelines.html
https://trec.nist.gov/data/robust/04.guidelines.html
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very frequently in the collection with 229, 735 instances, while the
term “polyandry” occurs only once in the collection. Considering
the development of the 735 values for the passages, it becomes
visible that the term “Country” can increase its value by factor 2.20,
while the factor for the higher 735 for “Polyandry” is only increased
by factor 1.11 from its collection-based value to its passage-based
value.

Table 6.6: Two exemplary chosen query terms and their related 735 values, including parameters for determi-
nation. The upper half of the table shows the values for the original Robust04 collection. The lower half shows
the parameters and the resulting 735 values based on generated passages that have a length of 150 words and a
sliding window of 75 words.

“Country” “Polyandry”
#Collection documents 528,155
#Collection documents containing term 229.735 1
735 value (documents) 0.83 12.77
#Passages 3,384,229
#Passages containing term 543.039 2
735 value (passages) 1.83 14.12
Increasing factor for 735 value 2.20 1.11

This example demonstrates that frequently occurring terms can
increase their 735 values by a higher factor than rare distributed
terms when generating passages: The number of documents re-
sulting from the generation of passages increases by a factor of
6.41 in the example. The number of passage documents contain-
ing “Polyandry” doubles, while the number of passage documents
with “Country” increases by a factor of 2.36. This relatively small
increase in the number of documents containing “Country” results
in a higher increase in the 735 values for this term.

Alternative applicationof the document-based 735 values In
A p p l y i n g t h e c o l l e c t i o n - b a s e d 735 v a l u e s o f t h e

q u e r y t e r m s f o r e a c h t o p i c i n a s e c o n d s c e n a r i o

order to evaluate the described effect on the 735 values, we evaluate
if the collection or original document-determined 735 values have
a higher informative value with regard to term significance.

Based on the formulas 2.5 and 2.6 on page 17, we evaluate whether
determining the value 735 (B) alternatively based on the original
distribution of B over the articles leads to better results in the pas-
sage voting. The intention is to determine whether the original
distribution of the query terms across the collection documents
gives a more realistic representation, and thus leads to a better
ranking of the voting passages.

Technical realization In addition to the values of 735 based on
the passage index, we also determine the values based on the orig-
inal collection for each query term. The article-based values for
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Table 6.7: Robust04 Collection: nDCG@20-based results for passages
voting for their associated documents. The first line shows the result
for the BM25-based article search. The left column of the following
lines displays the outcomes utilizing the original 735 which results from
indexing the extracted passages. The right column shows results for
usage of the article-based 735 .

EvaluationMeasure ⊲ nDCG@20
Technique O
Article Search 0.41
Voting Passages Passage-based 735 Article-based 735

CombSUM 0.232 0.239
CombSUM TOP 100 0.232 0.239
CombSUM TOP 50 0.232 0.240
CombSUM TOP 5 0.332 0.337
expCombSUM 0.399 0.400
expCombMNZ 0.398 0.396
CombSUM ''

1
2 0.275 0.284

CombSUM '' 0.333 0.338
CombSUM ''2 0.391 0.396
sqCombMNZ 0.233 0.241
sqCombSUM 0.301 0.307
sqCombSUM ''

1
2 0.347 0.352

sqCombSUM '' 0.382 0.384
sqCombSUM ''2 0.401 0.400
Votes 0.159 0.159
''

1
2 0.311 0.311

''
3
4 0.347 0.347

'' 0.355 0.355
''

3
2 0.360 0.360

''2 0.361 0.361
CombMAX 0.391 0.390

5 : n D C G @20 v a l u e s a r e b a s e d o n t h e d e fi n i t i o n

i n t h e b o o k I n t r o d u c t i o n t o I n f o r m a t i o n R e t r i e v a l

[M R S 0 8 ] .

the 735 of a query term correspond to the value resulting from the
indexing of the articles of the original collection. After determining
the passage and article-based 735 values for each topic and its query
terms, we index the passages. For this evaluation scenario, Elastic-
search has been configured so that document scores are calculated
only on the term frequency-based components from formula 2.5
and then manually multiplied by the respective components 735
defined in formula 2.6 for the two scenarios.

Results Table P a s s a g e v o t i n g r e s u l t s d o n o t o u t p e r f o r m

B M 2 5 - b a s e d s e a r c h e s , b u t c a n c o m p e t e f o r

s o m e v o t i n g t e c h n i q u e s .

6.7 shows the results of this experimental setup.
In accordance with the experiments from [DC19], we adopt the
effectiveness measure nDCG@20.5 The top line shows the result
for the BM25-based article search that has a value for nDCG@20 =

0.41. The applied voting techniques cannot exceed this result, but
certain techniques can come close to approximating it.
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Differences between the 735 based scenarios TheR e s u l t s o f t h e t w o 735 - b a s e d

s c e n a r i o s d i f f e r o n l y m a r g i n a l l y

results in
Table 6.7 show that applying the article-based 735 of the query
terms does not make about any fundamental change. The results
of Votes are the same in both columns, as the score of a passage is
not relevant to the technique. The changes in the scores are only
marginal and in some cases occur only in the fourth decimal place,
which is not shown here.

Performance of the voting techniques TheB e s t r e s u l t s f o r t e c h n i q u e s w i t h e x -

t r e m e e m p h a s i s o n t h e t o p r a n k s

techniques exp-
CombSUM and sqCombSUM ''2 provide the best results for the
nDCG@20 measure. The emphasis on the high-ranked passages
by using their scores as exponents or squaring their scores has
a positive effect. This is also shown by the very good results for
CombSUM ''2 and CombMAX. As in the previous evaluation,
based on the INEX collection, Votes delivers worse results. The
same applies to CombSUM, whose values change to a positive level
for the variant CombSUM TOP 5.

6.3.2.2 Variation of Window Lengths and Overlaps

In the previous evaluation in Section 6.3.2.1, we apply a window
size of 150 terms in length and a step size of 75 terms to generate
the passages. In this section, we evaluate, based on the information
structure of the news texts, whether shorter window sizes provide
passages of higher relevancy or whether longer window sizes are
more relevant if they do not segment and split relevant and related
content. Therefore, in an additional evaluation configuration, we
investigate the impact of variations in window lengths and over-
laps on the results of passage voting. To achieve this, we create
window sizes of 50, 100, and 200 terms, each with different step
sizes for the window. Table 6.8 shows the different setups in the
first four rows. The resulting number of passages is shown below
the rows determining the window sizes and step sizes; the fourth
row shows the passage-document ratio which results from the
average resulting number of passages per document.

Performance of the voting techniques AsR e l a t i o n o f v o t i n g t e c h n o l o g y p e r f o r -

m a n c e s i s c o n s i s t e n t i n t h e s c e n a r i o s

a n d c o n fi r m s t h e p r e v i o u s e v a l u a t i o n .

in the previous
evaluation, the results confirm techniques that emphasize the upper
ranks, either at the document or at the class level. In all scenarios,
expCombSUM and sqCombSUM ''2 deliver very good or even
best results. With a higher exponent F, the results of CombSUM
''F and ''F , which approximates CombMAX, also improve.

Performance of the scenarios AP a s s a g e l e n g t h s o f 2 0 0

t e r m s y i e l d t h e b e s t r e s u l t s

window length of 50 terms
and the same step size deliver the worst results across all voting
techniques used. A length of 100 terms improves the results, but for
most techniques only if the windows overlap. An equal step size of
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Table 6.8: nDCG@20 results for different variations of voting passages for the Robust04 collection: The term
length or window size includes sizes of 50, 100 or 200 terms including different step sizes. The coloring of the
cells refers to the entire results of the table and is to be regarded as scenario-independent.

Window size (terms) 50 100 100 200 200 200
Step size (terms) 50 50 100 50 100 200
# Passages 5,707,727 5,185,722 2,985,085 4,254,210 2,495,195 1,621,808
Passage-document ratio 10.8 9.8 5.7 8.1 4.7 3.1
CombSUM 0.227 0.249 0.223 0.258 0.238 0.217
CombSUM TOP 100 0.227 0.249 0.223 0.258 0.238 0.217
CombSUM TOP 50 0.227 0.250 0.223 0.259 0.238 0.217
CombSUM TOP 5 0.309 0.351 0.303 0.363 0.338 0.284
expCombSUM 0.348 0.389 0.374 0.406 0.406 0.401
expCombMNZ 0.364 0.395 0.382 0.395 0.401 0.398
CombSUM ''

1
2 0.258 0.281 0.261 0.295 0.280 0.262

CombSUM '' 0.307 0.334 0.315 0.346 0.334 0.321
CombSUM ''2 0.367 0.395 0.384 0.391 0.392 0.394
sqCombMNZ 0.230 0.251 0.226 0.259 0.240 0.221
sqCombSUM 0.278 0.297 0.289 0.308 0.302 0.301
sqCombSUM ''

1
2 0.320 0.341 0.335 0.350 0.348 0.350

sqCombSUM '' 0.357 0.383 0.371 0.384 0.385 0.387
sqCombSUM ''2 0.369 0.396 0.389 0.400 0.408 0.405
Votes 0.182 0.198 0.163 0.200 0.167 0.141
''

1
2 0.327 0.348 0.341 0.349 0.352 0.358

''
3
4 0.349 0.377 0.367 0.383 0.393 0.388

'' 0.349 0.383 0.370 0.392 0.398 0.394
''

3
2 0.345 0.385 0.369 0.396 0.398 0.395

''2 0.344 0.383 0.368 0.398 0.398 0.393
CombMAX 0.340 0.382 0.368 0.398 0.396 0.392

100 terms dampens the quality of the results. The best results are
achieved with the largest intended window size of 200 terms for
most techniques, in particular, with a step size of 50 or 100 terms.

6.3.3 Summary: Passages as Voters

Essentially, a scenario in which passages vote for their documents,
with the low average number per document of passages evaluated
here, seems only suitable to a limited extent. Aggregations cannot
express their strengths in the INEX 2009 and Robust04 scenarios
(6.3.1,6.3.2) and yield worse results than the basic BM25-based doc-
ument search, which best reflects the relevance of the documents
with its factors 735 , B5 and integrated document length normaliza-
tion. In these scenarios, direct and indirect quantity-basedmethods
such as Votes and CombSUM perform very unsatisfactorily and
are not suitable because evidence-based aggregation is of limited
effectiveness here.
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However, techniques that already deliver very good results in the
evaluations of Chapter 5 and whose resulting values are close to
the BM25-based results should be noted. CombSUM ''2 and sq-
CombSUM ''2 deliver very good results alongside expComb-
SUM, which come close to the BM25-based document search.
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6.4 Investigations Using Pseudo-Collections

We start from the hypothesis P s e u d o - c o l l e c t i o n s a r e c o m p o s e d o f v i r t u a l

d o c u m e n t s t h a t c o n t a i n p a s s a g e s a n d t e r m

d i s t r i b u t i o n s .

that the effectiveness of voting tech-
niques strongly depends on the distribution of search terms and
topics throughout the collection based on articles or passages. Es-
pecially with long documents in which only one or a few passages
are relevant, a basic search over complete documents with docu-
ment length normalization does not yield best relevance rankings.
To make the different systemic behavior of voting techniques and
flat BM25-based search plausible, we have created a routine for
generating pseudo-collections of documents having passages and
different term distribution structures. A subsequent search and
evaluation demonstrate the systemic behavior of the applied voting
techniques.

6.4.1 Experimental Setup

According to the previous Section 6.3, we continue research on
the passages that vote for their associated documents in this sec-
tion. Using an artificially generated collection and a comprehen-
sively structured scenario, we examine the systemic behavior of
the applied voting techniques. The pseudo-collection consists of
documents with a static static length, each having a fixed number
of passages. We assume a query with a single term. This term is
distributed differently across the documents and their passages.

Table 6.9 shows the structure of the pseudo-collection. The query
term is included in the collection 871 times in total and is dis-
tributed differently across the 50 documents with their 500 pas-
sages.

Table 6.9: Composition of documents and passages for the pseudo-
collection

Structure of the pseudo-collection

#Documents 50
Document length (terms) 2,000
Passage length (terms) 200
#Passages per document 10

For E a c h d o c u m e n t h a s a d i f f e r e n t t e r m b u r s t i n e s s ,

r e g a r d l e s s o f t h e f r e q u e n c y o f t h e q u e r y t e r m .

each document, the term burstiness changes as a parameter
for the frequency of its recurrence in each document and passage.

Figure 6.2 shows the distribution of the query term in the 50 doc-
uments from two perspectives. The upper bar chart shows the
frequency of the query term for each of the 50 documents on the
vertical axis. The documents are sorted in ascending order on the
horizontal axis according to this frequency. The colors of each bar
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Figure 6.2: Virtual Documents with their query term distributions: The upper bar chart shows the documents
with their number of query terms. Colors from green to dark blue indicate a more concentrated to more
uniform distribution of the query term across the passages. The lower heatmap breaks down the number of
terms for each passage. The white areas show the absence of the query term, while the red areas with their
intensity indicate the number of terms for each passage.

are the result of the distribution of the query term in each doc-
ument. If the search term is distributed relatively evenly across
the passages of the document, the quotient of passages that con-
tain this term and the total number of passages in a document
is approximately 1. We define this quotient as the term passage
distribution:
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)4@; >0AA064 37AB@71CB7=<()%�) = #�=2 >0AA064A 7<2:C37<6 )4@;
#�=2 >0AA064A

(6.1)

Documents or bars whose colors tend towards dark blue show
an even distribution of the query term, while lighter green bars
indicate a concentration of the query term on a few passages.

The second diagram in Figure 6.2 shows on the horizontal axis
the documents in the same sorting in relation to the 10 passages,
shown on the vertical axis. The heatmap shows the concentration
of the query term for each document and its passages with a more
or less intense shade of red. For passages that do not contain the
term, a white area is displayed within the heat map. Depending on
the frequency of occurrence, the tone for each passage is displayed
in a light or dark red color.

After having created a collection with the given structure, we send
a request to the collection with the query term whose distribution
over the documents and passages we have defined. For each of
the 50 documents, we compare the results of the search on all
documents using BM25 with those of the passage voting using
selected voting techniques.

6.4.2 Experimental Results

For our search over the pseudo-collectionwe applied the following
voting techniques:

I CombSUM

I CombMAX

I CombSUM ''F having different variants of F

I Votes

Figure C a s e - r e l a t e d c o m p a r i s o n o f t h e r e s u l t s o f

p a s s a g e v o t i n g w i t h t h o s e o f t h e d o c u m e n t

s e a r c h

6.3 shows a comparison of the results for the voting-based
application of CombSUM and a flat document search using BM25.
Thehorizontal axis displays the rank for a document resulting from
its voting passages, whereas the vertical axis represents the ranking
results for the flat BM25 based search over the whole documents.
The canvas contains all 50 documents arranged according to their
ranking in both search techniques.

Documents near the bisecting line show almost identical ranking
behavior for document search and voting passages. Documents
lying above the bisector are rated better by the voting passages,
while documents further to the right of the bisector yield higher
ranks when applying document-based search.
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The color of the documents corresponds to the color shown in
Figure 6.2 and is the result of the passage distribution of the term.
Documents colored darker blue have a relatively even distribution
of the query term.
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Figure 6.3: Comparison of the document ranking for the BM25-based
flat document search and passages that vote for their associated docu-
ment applying CombSUM.

CombSUM FigureD o c u m e n t s w i t h a h i g h e r T D P o f t h e q u e r y

t e r m b e n e fi t f r o m t h e u s e o f C o m b S U M .

6.3 shows that documents having a relatively
uniform distribution of the query term reach the upper ranks
when using CombSUM. In contrast, in document-based search,
documents with the highest number of hits are ranked in the top
ranks, regardless of the distribution of the query term. While the
distribution of terms plays a crucial role in the passage voting, the
BM25-based search evaluates the entire document. For example, a
document with ID 26 (see←) that incorporates the query term 18
times has position #4 for passage voting, while it only has position
#22 for the flat document search. Looking at the document that
has ID 13 (see ←), we can observe a very low ranking for the
passage voting, but for the BM25-based scoring it ranks #2. In
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addition to the number of terms requested in the document, their
distribution in the passages also plays a decisive role for the results
of CombSUM.
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Figure 6.4: Comparison of the document ranking for the BM25-based
document search and passages that vote applying CombMAX.

CombMAX Figure D o c u m e n t s w i t h a l o w e r T D P o f t h e q u e r y t e r m

b e n e fi t f r o m t h e u s e o f C o m b M A X .

6.4 shows the relationship between BM25-
based document rankings and the rankings produced by passage
voting using CombMAX. Applying a voting technique that consid-
ers only the best-scored passage tends to yield the opposite result:
CombMAX prefers documents with a high term density and low
distribution over the passages. The document with ID 11 (see←)
has only 15 term occurrences, but is ranked #3 for CombMAX due
to its dense term distribution, while it is ranked #37 in the docu-
ment search. In contrast, in document 27 (see←) the query term
is frequently present, which causes the document to be ranked
at position #3 in the document search, but the relatively uniform
distribution causes a ranking at position #30 in the CombMAX
example.

Document ranking using CombMAX represents a combination
of a high number of searched terms and a dense occurrence of
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them. Positive if both factors interact; otherwise, there happens
to be a trade-off between the two, and the document is ranked
accordingly.
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Figure 6.5: Comparison of the document ranking for the flat search
and passages that vote applying CombSUM ''

3
2 . Results from previous

examples of CombSUM and CombMAX lying opposite to and further
away from the angle bisector move towards it here and cross it to the
other side.

CombSUM ''
3
2 FigureD e p e n d i n g o n t h e v a l u e o f F , t h e r e s u l t s r a n g e

b e t w e e n t h o s e o f C o m b S U M a n d C o m b M A X .

6.5 shows the results of CombSUM ''
3
2

compared to the BM25-based document search, corresponding to
the two previous diagrams. According to Figure 4.11 on page 63,
the results of CombSUM ''F with a small F approximate those of
CombSUM, while a large value for F approximates the results of
CombMAX. In the case of F = 3

2 , Figure 6.5 shows how the results
with high and low TPD, which are found mostly on opposite sides
of the angle bisector in the previous examples, are moving toward
it and even crossing it to the other side.

In the comparison shown for the BM25-based document search,
the results swap the sides of the angle bisector with increasing
exponent. With a low exponent F (results approximate those of
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CombSUM), documents with a high TPD are still to the left of the
dividing line; as the exponent increases, they migrate to the right
and swap positions with documents with a low TPD.
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Figure 6.6: Comparison of the document ranking for the flat search
and passages that vote applying Votes.

Votes In the context of passage voting, Votes does not qualita-
tively evaluate the number and frequency of the query term, but
uses the number of passages containing the query term as an eval-
uation criterion. In the examples from Section 6.3, Votes has been
shown to be unsuitable for use in passage voting. This is particu-
larly true if the documents are only divided into a few passages and
if the query terms are distributed coherently across documents and
passages. The results when using Votes tend to be similar to those
of CombSUM (Figure 6.3) and are shown in Figure 6.6. The scat-
tering of documents in this figure is even more diffuse than in the
CombSUM example and therefore does not show any connection
or correlation with the document-based results.

Ranking as a function of the number of terms and their dis-
tribution Figure 6.7 shows the document rankings for the voting
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Figure 6.7: Results of the rankings for the flat document-based search (BM25) and selected voting techniques
as a function of the number of terms in the document and term distributions over passages. The horizontal
axis shows the number of terms in the virtual documents, the vertical axis their distribution over passages,
expressed as the TDP value. Green shades indicate good results in the ranking, worse results are shown in the
transition from white to red.

techniques discussed as a function of their term frequencies and
their distributions. The horizontal axis shows the number of terms
per document, while the vertical axis shows their term distribution
as the TPD ratio. The colors define the ranking of the documents,
with a saturated green indicating a good ranking and a variation
from white to red indicating a worse ranking.

The document search, based on BM25, provides rankings that focus
exclusively on the number of existing query terms and disregard



6.4. investigations using pseudo-collections 125

the distribution within the documents. This results in a coloring
based entirely on the termdistribution fromgreen to red on the left.
The example of CombSUM shows that documents that perform
worse in document ranking can also be ranked in the top positions.
For example, the document with ID 31 (see→) is ranked at the top,
while it is ranked lower in the flat document search. In contrast,
the document with ID 13 (see ↑), which was highly rated in the flat
search, is rated lower.

As before, Votes shows a similar picture, with the good ratings
focusing on documents with a high TPD ratio.

CombSUM ''
3
2 shows a balanced scoring for documents, taking

into account both the number of terms in the document and the
term passage distribution. The document with ID 13 (see ↑) scores
high due to the number of occurrences of the query term, but also
documents with a lower number of term occurrences of less than
20 with a correspondingly high TDP get positions on the higher
ranks.

In the case of CombMAX, documents with a low term passage
distribution are highly rated. For example, a document with ID 39
(see←) is rated low regardless of the high occurrence of the query
term. The even distribution of the query term worsens the rating
by CombMAX.

6.4.3 Summary: InvestigationsUsingPseudo-Collections

The scenario shown is a simple virtual scenario. If several query
terms with different distributions are considered, the results over-
lap and are no longer as clear and easy to visualize. However, this
analysis can show a basic trend. The coherent distribution vs. the
incoherent distribution of terms within the documents or their
passages contain arguments for or against the use of voting tech-
niques. In the case of coherently structured documents, variants
of CombSUM ''F as a voting technique can also produce good
results, such as the flat BM25-based document search.





7 Voting Techniques
Applied to Clustering
Algorithms

This F r o m s i m i l a r i t y m e a s u r e s t o d i s t a n c e m e a s u r e schapter investigates the application of voting techniques based
on distance measures in the context of hierarchical agglomerative
clustering (HAC). This variant of clustering starts with the calcu-
lation of a distance matrix of all points, which are then merged
step by step. It has been researched and discussed from the 1950s to
the present; earlier examples include contributions by Anderberg
[And73], Sneath and Sokal [SS73] and Everitt [Eve74].

The basic idea in this thesis is that the distances from the points
of one cluster to the points of a second cluster are considered as
voting candidates. The distance between both clusters is calculated
by applying voting techniques.

Three S e c t i o n 7 . 1 C o r r e s p o n d e n c e o f V o t i n g T e c h -

n i q u e s t o A g g l o m e r a t i v e C l u s t e r i n g A l g o r i t h m s :

best known methods in the context of agglomerative cluster-
ing and their logical equivalents in the domain of voting techniques
are presented in Section 7.1

Section S e c t i o n 7 . 2 E x t e n d e d T r a n s f e r o f V o t i n g

T e c h n i q u e s t o A g g l o m e r a t i v e C l u s t e r i n g :

T r a n s f e r o f v o t i n g t e c h n i q u e s b a s e d o n a

g e n e r i c a p p r o a c h

7.2 extends this scenario and introduces additional vot-
ing techniques that are transferred to agglomerative clustering.
Starting from a generic approach, we develop techniques based on
CombSUM TOP < and CombSUM ''F .

In S e c t i o n : 7 . 3 C l u s t e r i n g D a t a S e t s U s i n g

V o t i n g T e c h n i q u e s : E v a l u a t i o n b a s e d o n

t w o - d i m e n s i o n a l g e o m e t r i c d a t a s e t s

Section 7.3, the methods from Section 7.2 are applied and evalu-
ated based on known geometric data sets.

The S e c t i o n 7 . 4 S u m m a r y o f A p p l y i n g V o t i n g

T e c h n i q u e s t o A g g l o m e r a t i v e C l u s t e r i n g :

S u m m a r y a n d v i s u a l i z a t i o n o f r e l a t i o n s h i p s

chapter concludes with a summary of voting techniques ap-
plied in the domain of agglomerative clustering and how they relate
to each other in Section 7.4.
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7.1 Correspondence of Voting Techniques to Ag-
glomerative Clustering Algorithms

TheE u c l i d e a n d i s t a n c e a s d i s t a n c e m e t r i c agglomerate variant of hierarchical clustering is based on dis-
tance metrics that define dissimilarities or distances between par-
tial clusters. By employing a chosen distance metric, the distance
between temporary clusters can be measured on the basis of link-
age criteria to merge the closest two in a clustering step. In our
work, we apply the Euclidean distance as a metric that defines the
distance 3 between two points 0 and 1 in a <-dimensional space as

3(0, 1) =
√
(01 − 11)2 + (02 − 12)2 + . . . + (0< − 1<)2. (7.1)

InI n d i v i d u a l d i s t a n c e s a c t a s v o t i n g c a n d i d a t e s order to establish correspondence with voting techniques, in-
dividual distances from the points of one cluster to the points of
another cluster are considered voting candidates. The distance
between two clusters results from the applied voting technique,
which determines a total distance from the individual distances.

When applying linkage or voting techniques to merge partial clus-
ters, it is insignificant whether partial clusters consist of one sin-
gle point or multiple points. Three main linkage criteria (single-,
complete- and average-linkage) are common techniques used in
hierarchical clustering and considered in this work.

The basic scenario in the following examples is made up of a num-
ber of clusters that are successively merged. In each step of the
clustering process, the two clusters that are to be merged next are
searched for as a pair. When each pair is checked for merging, the
points of the two clusters as a pair serve as voters who vote in
fusing the clusters.

The following sections first establish logical correspondences be-
tween three existing linkage criteria and voting techniques, fol-
lowed by an extension of this scenario transferring additional vot-
ing techniques to agglomerative clustering in Section 7.2.

7.1.1 Single-Linkage

Single-linkageS i n g l e - l i n k a g e c o r r e s p o n d s w i t h C o m b M I N determines the distance between the cluster in-
stances as the minimum distance between the associated points of
each cluster. The distance � between the cluster � and � is defined
as the minimum distance value 3 between two points 0 and 1:

�(�, �) = min
0∈�,1∈�

{3(0, 1)} (7.2)
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Figure 7.1: Single-linkage: The distance between cluster A and cluster B
is determined by the smallest distance between the clusters’ points.

With respect to Figure 7.1 the distance of clusters A and B would
result from the distance of the points 5 and 3.

A typical characteristic of single-linkage is the chaining effect, in
which points along a chain can be connected to each other, even if
they belong to different clusters. Single-linkage is therefore sensi-
tive to slight outliers.

In his book Cluster Analysis, Everitt comments on the clustering
characteristics of this method:

“Possibly chaining has been regarded as a defect because the majority
of users are looking for homogeneous, compact clusters, although in
general there is no reason to believe that these are the only types of
of structure present in their data. However, because of the chaining
effect single linkage may fail to resolve relatively distinct clusters if a
small number of intermediate points are present between the clusters”
[Eve74, sec. 3.5]

As we are turning from previous considerations of similarity mea-
sures to distance measures in this domain, single-linkage corre-
sponds to CombMIN as voting technique (see also Section 2.3.1 on
page 33).

7.1.2 Complete-Linkage

In C o m p l e t e - l i n k a g e c o r r e s p o n d s w i t h C o m b M A Xthis procedure, the maximum distance between two points of
clusters A and B is used to determine the distance as a linkage
criterion.

Regarding Figure 7.2, the distance from both clusters would result
from points 7 and 2, which are the points of each cluster having the
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Figure 7.2: Complete-linkage: The distance between cluster A and
cluster B is determined by the highest distance between the clusters’
points.

maximum distance. Expressed in a formula, complete-linkage de-
fines the distance � between two clusters � and � as the maximum
distance value 3 of points 0 and 1:

�(�, �) = max
0∈�,1∈�

{3(0, 1)} (7.3)

Complete-linkage tends to create compact and spherical clusters,
since it seeks to reduce the maximum distances within the clusters.
In their bookNumerical Taxonomy: The Principles and Practice of
Numerical Classification, Sneath and Sokal write about the behavior
of complete-linkage:

“TheMethod will generally lead to tight, hyperspherical, discrete clusters
that join others with difficulty and at relative low overall similarity
values” [SS73, sec. 5.5]

Taking into account only the maximum distance, we adopt Comb-
MAX as the corresponding voting technique. CombMAX is intro-
duced in Section 2.2.7 on page 29.

7.1.3 Average-Linkage

ThisA v e r a g e - l i n k a g e c o r r e s p o n d s w i t h C o m b A N Z linkage criterion is based on the average distances between
all combinations of points in the two clusters and is expressed as
distance � between cluster � and �:

�(�, �) = 1
|�| · |�|

∑
0∈�,1∈�

3(0, 1) (7.4)
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Figure 7.3: Average-linkage: The distance value of two clusters is
determined by taking the average of all distance combinations from the
two clusters’ points.

In the domain of voting techniques, average-linkage has its equiva-
lent in CombANZ which is defined in Section 2.3.3 on page 34.

7.2 Extended Transfer of Voting Techniques to Ag-
glomerative Clustering

In addition L i n k a g e c r i t e r i a m u s t b e i n v a r i a n t t o t h e n u m b e r

o f c o n t r i b u t i n g p o i n t s a n d d i s t a n c e s .

to the standard techniques discussed with correspon-
dences to voting techniques, this section discusses further voting
techniques applied to hierarchical clustering. As a prerequisite, we
have to define that the results of an applied technique may not be
based on the number of voting candidates. Calculated distances
would be misrepresented if they were based on the number of clus-
ter points. With this restriction, the use of Votes in this domain is
not applicable.

7.2.1 Using the Weighted Average as a Generic Ap-
proach

A general approach to the distance-based application of voting
techniques in agglomerative clustering is provided by the weighted
average formula as an extension of formula 7.4.

Applying the approach according to the formula 7.5, each distance
3(07, 18) ismultiplied by an individualweighting factorEij.The sum
of these products is then divided by the sum of the applied weights,
resulting in the distance �(�, �) for the (temporary) clusters A
and B.
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�(�, �) = 1∑
7∈{1...|�|}, 8∈{1...|�|} Eij

∑
07∈�,18∈�

3(07, 18) · Eij (7.5)

If all weights Eij were set to the value 1, the results would be like
those of the average-linkage or CombANZ formula.

The variantsR e - i m p l e m e n t i n g C o m b S U M t o C o m b A N Z of CombSUM such as CombSUM ''F or Comb-
SUMTOP < are subsequently implemented as CombANZ ''F and
CombANZ TOP <. The average must be calculated at this point to
achieve independence from the number of voting distances, which
would otherwise be implicitly given by the summation of their
values.

ToS o r t i n g t h e d i s t a n c e s a c c o r d -

i n g t o t h e i r a b s o l u t e v a l u e

determine a weighting according to the reciprocal rank ''

corresponding to a ranking, the distancesmust be sorted according
to their absolute value before applying the formula – either in
ascending or descending order. In the following, we refer to these
variants as “increasing” or “decreasing”.

Informal procedure for CombANZ ''F The steps for im-
plementing CombANZ ''F are described below in an informal
procedure:

Step 1: Sort all distances 3(07, 18) between points of two clusters A
and B in ascending or descending order. The result is a ranking of
distances, starting with either the largest or the smallest distance.

Step 2: Multiply each distance 3(07, 18) by the weight Eij. In the
case of ''F , this weight is based on the rank in which the distance
was sorted and is ( 1

@0<9
(
3(07 ,18)

)
) )

F .

Step 3: Calculate the sum of all weighted distances.

Step 4: Divide the resulting sum by the sum of all weights. The
result is the distance between clusters A and B calculated on the
basis of CombANZ ''F .

7.2.2 Transferring further Voting Techniques

To get an overview, we consider both score-based and ranking
combined methods. As a score-based method, we evaluate Com-
bANZ TOP < and for a combined application, we look at variants
of CombANZ ''F . Each of these techniques can be applied in two
different ways: CombANZ TOP < can be implemented starting
with the < smallest distances or the < highest distances between two
temporary clusters. Consequently, CombANZ ''F can be applied
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by starting the potentiation with the highest or lowest measured
distances. In summary, the following techniques are evaluated:

I CombANZTOP < (increasing) – This technique considers the
top < smallest distances in increasing order. Setting < = 1 results
in the application of single-linkage or CombMIN, while the
highest number of < leads to an average-linkage that expresses
CombANZ.

I CombANZ TOP < (decreasing) – Here the top < highest dis-
tances are considered in decreasing order. Setting < = 1 yields
the same results as applying complete-linkage orCombMAX. By
increasing the values for <, we approximate the average-linkage
that stands for CombANZ.

I CombANZ''F (increasing)–This technique considers all vot-
ing distances. Sorted in increasing order, the distances of each
cluster are weighted by their reciprocal rank potentiated with
F. Applying exponents which converge to 0 we obtain results
which correspond to average-linkage (CombANZ)whereas high
values for F yield results approximating single-linkage which
corresponds to CombMIN.

I CombANZ ''F (decreasing) – This technique considers all
voting distances. Sorted in descending order, the distances of
each cluster are weighted by their reciprocal rank potentiated
with F. Applying exponents which converge to 0 we obtain re-
sultswhich correspond to average-linkage (CombANZ)whereas
high values for F yield results approximating complete-linkage
which corresponds to CombMAX.

We apply these techniques to two-dimensional data sets introduced
in the next section.
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7.3 Clustering Data Sets Using Voting Techniques

7.3.1 Noisy Blobs Data Set
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Figure 7.4:Original of the Noisy Blobs data set having three clusters
and consisting of 500 observations.

This data set is taken from scikit learn1 and represents three clusters
as isotropic Gaussian blobs. Figure 7.4 shows the original data set
that has three clusters and consists of 500 points.

Given the number of observations < = 500, the maximum possible
value of the voting distances can be expressed as

max
<=500

|+=B7<6 37AB0<24A| =
(
500
2

)2

= 62, 500 (7.6)

CombANZ TOP < (increasing) Figure 7.5 shows the results
of the increasing variant of CombANZ TOP <. For all results, the
output of three clusters was also adopted according to the orig-
inal. The plot on the upper left shows CombANZ TOP 1, which
in the increasing variant is synonymous with single-linkage. The
chaining effect, typical for single-linkage [MRS08] can be observed
here, which results in one large cluster in blue and two negligible
clusters in the output (yellow and red). This effect continues for in-
creasing < (plot 2 having < = 1, 000 and plot 3 having < = 12, 000)
yielding varying small clusters, before two large clusters emerge at
approximately < = 13, 000 (lower left plot 4). Having a value for <
exceeding about 13, 500 voting distances, a final stage is reached
where a stable identification of the three clusters is established and
the result corresponds to CombANZ or average-linkage.

https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_blobs.html
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Figure 7.5: Increasing CombANZ TOP < techniques applied to Noisy
Blobs data set. A stable identification of the three clusters is reached
with high values for <, approximately < = 13, 500 shown in plot 5.

CombANZ TOP < (decreasing) Figure 7.6 shows the results
for the decreasing variant of CombANZ TOP <. In the decreasing
variant, CombANZ TOP 1 corresponds to CombMAX or complete-
linkage. All three clusters have already formed roughly here (plot 1).
As < progresses, small differences arise (plots 2-4), but by < = 5, 000
at the latest, nomore deviations from the approximatedCombANZ
or average-linkage variant can be observed (plots 5 and 6).

Regarding the Noisy Blob scenario, the two techniques CombANZ
TOP < and CombANZ ''F in the descending variants show com-
parable results. The first mentioned technique converges from
CombMAX to CombANZ, whereas the second technique, begin-
ning with F = 0 - converges in the opposite direction between
those. Starting from < = 1, which stands for CombMAX, there
emerge slight shifts between the three identified clusters when
increasing <.
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4 CombANZ TOP 1,000 5 CombANZ TOP 5,000 6 Average/CombANZ

1 CombANZ TOP 1 
Complete/CombMAX 2 CombANZ TOP 100 3 CombANZ TOP 500
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Figure 7.6:The decreasing variant of CombANZ TOP < shows detec-
tion of three clusters throughout all variations of <. A stable status is
reached when < exceeds the limit by about 5,000 (plot 5).

7.3.2 Factoextra Multishapes

−3
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x
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2

3
4

5
6

Multishapes: Original

Figure 7.7:Original of the Multishapes data set having five clusters
and per definition an extra cluster which defines the noise. The data set
consists of 1, 100 observations.

As a second scenario to apply the voting techniques introduced in
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2 : S h a p e d a t a i s o n e c o m p o n e n t o f t h e R p a c k a g e

f a c t o e x t r a w h i c h i s d o c u m e n t e d u n d e r h t t p s : / / w

w w . r d o c u m e n t a t i o n . o r g / p a c k a g e s / f a c t o e x t r a / v

e r s i o n s / 1 . 0 . 3 / t o p i c s / m u l t i s h a p e s

Section 7.2, we choose the Multishapes data set from the R package
factoextra2.

It consists of five geometric shapes that are enriched with noise.
Having 1, 100 observations, the maximum number of voters is
302, 500 according to equation 7.6.

The original cluster is shown in Figure 7.7. In our investigations,
we neglect the additional 6th cluster that defines the noise. Keeping
the noisy points, we specify 5 clusters as a result.

4 CombANZ RR2 5 CombANZ RR5 6 Single/CombMIN

1 CombANZ RR
1

16

Average CombANZ
2 CombANZ RR

1
4 3 CombANZ RR
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Multishapes: CombANZ RRx (increasing)

Figure 7.8: Results of clustering after applying CombANZ ''F with
different values for F having the distances arranged in increasing order.
Changes in the lower geometries arise for values of F between 1 and 5.

CombANZ ''F (increasing) Figure 7.8 shows the clusterings
for technique CombANZ ''F when sorting the distances of (tem-
porary) clusters in ascending order. Applying the parameterization
having F = 1

16 , the first and smallest voting distance is kept with its
value, the other distance values are slightly damped according to
their ranking. The plot 1 in Figure 7.8 corresponds to the result of
average-linkage or CombANZ due to only slight dampening. With
F = 1

4 we still get the same result in plot 2, with further increasing
values of F, the results of the lower three geometries – the two hor-
izontal clusters and the point-shaped cluster – change. With F = 5,
the distance values following the smallest distance are dampened

https://www.rdocumentation.org/packages/factoextra/versions/1.0.3/topics/multishapes
https://www.rdocumentation.org/packages/factoextra/versions/1.0.3/topics/multishapes
https://www.rdocumentation.org/packages/factoextra/versions/1.0.3/topics/multishapes
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to such an extent that the result is the same as with single-linkage
or CombMIN, as can be observed in the plots 5 and 6 of Figure 7.8.

4 CombANZ RR2 5 CombANZ RR5 6 Complete/CombMAX

1 CombANZ RR
1

16

Average CombANZ
2 CombANZ RR

1
4 3 CombANZ RR

−1 0 1 −1 0 1 −1 0 1
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Cluster 1 2 3 4 5

Multishapes: CombANZ RRx (decreasing)

Figure 7.9: Results of clustering after applying CombANZ ''F with
different values for F having the distances arranged in descending order.
The lower horizontal geometries – in the original two clusters – cannot
be separated across all parameterizations of F. The circles cannot be
separated either and are structured in different variations across three
clusters (blue, red and yellow).

CombANZ ''F (decreasing) Figure 7.9 shows the application
of CombANZ ''F in descending order of distance. With the very
small exponent F = 1

16 in plot 1, the clustering result still cor-
responds to the standard technique average-linkage or the Com-
bANZ voting technique. The two circles are structured into three
clusters here, which does not change as F progresses. Similarly,
the two horizontal clusters cannot be separated across all values
of F, but remain combined in a green cluster. With F = 5 at the
latest, the result of CombANZ ''F in Plot 5 no longer changes
and provides the same result as complete-linkage or CombMAX
in Plot 6.

CombANZTOP < (increasing) The technique CombANZ ''F

in its decreasing variant yields results that lie between average-
linkage and, with increasing values of F, complete-linkage. Figure
7.10 with CombANZ TOP < (increasing) provides results that lie
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4 CombANZ TOP 10,000 5 CombANZ TOP 20,000 6 CombANZ TOP 100,000 
 Average/CombANZ

1 CombANZ TOP 1 
 Single/CombMIN 2 CombANZ TOP 1,000 3 CombANZ TOP 5,000
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Figure 7.10: Results of using CombANZ TOP < for different values of
<when sorting the distances in increasing order. For < = 1 the results
are the same as for single-linkage or CombMIN (plot 1), for high < the
results are the same as for average-linkage or CombANZ (plot 6). The
lower three geometries can be correctly classified into clusters with a
parameterization of < = 20, 000, shown in plot 5 (yellow, red and green).

between single-linkage and, with increasing <, average-linkage.
In plots 1 to 5, the two round geometries are returned only as
one single cluster in blue, the lower classifications alternate with
different values for <. CombANZ TOP <with having < = 20, 000
is the only example that returns three clear clusters for the lower
geometries in yellow, red, and green, as shown in the plot 5. As <
increases further, results are achieved that correspond to those of
average-linkage or CombANZ, shown in plot 6.

7.4 Summary of Applying Voting Techniques to
Agglomerative Clustering

This chapter presents approaches to transfer voting techniques to
agglomerative clustering. Based on the weighted average, voting
techniques that are value- and/or rank-based can be transferred
to distance-based agglomerative clustering methods. Using two
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examples, we demonstrate the results that lie between the results
of the three linkage techniques presented, single-, complete-, and
average-linkage, due to their parameterization.

Figure 7.11: Voting techniques applied to agglomerative clustering with their parameterization: Applying
variants of < or F, results are obtained that lie between those of the three known clustering techniques.

FigureS m a l l c h a n g e s i n t h e p a r a m e t r i z a -

t i o n o f < o r F c a n c a u s e f u n d a m e n -

t a l c h a n g e s i n c l u s t e r i n g r e s u l t s .

7.11 shows, how the presented implementations of voting
techniques deliver results through their parameterization that are
between the three known clustering methods. The results of the
example data sets examined show that a parameterization that
changes for < or F in small steps produces either no, small, or
even fundamental changes in the results from step to step. No
stepwise correspondence of the results based on parameterization
does emerge; small changes can already fundamentally change the
cluster properties. The clustering results shown in Figure 7.5 show
an example of this effect: In the CombANZ TOP < (increasing)
variant, two large and one negligible cluster can still be recognized
at 13,000 voters (plot 4), while within an increase of < = 500
the clustering fundamentally changes to three large clusters (plot
5). This is due to changes in the distance calculations in the first
clustering steps, which have a fundamental effect on following
earlier temporary clusters, and thus the resulting three clusters.

Although the clustering results do not change uniformly accord-
ing to parameterization, variants of the voting techniques that lie
between the three clustering techniques considered can provide
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better or more meaningful results. An example of this can be seen
for the Multishapes example in Figure 7.10. Using CombANZ TOP
< (increasing) with < = 1 (single-linkage or CombMIN), three large
clusters are formed as a result. As < increases, one (< = 1, 000), two
(< = 5, 000) and three (< = 10, 000) clusters are formed, respec-
tively, while < = 20, 000 produces the most visually meaningful
result for geometric groups having four clusters, shown in the
graph 5 (yellow, red, green, and blue).





8 Conclusion

In this chapter, the results of previous chapters are summarized and
reviewedwith reference to the contribution of the thesis, described
in Section 1.5.

The S e c t i o n 8 . 1 E v a l u a t i o n o f V o t i n g S c e n a r i o s :

S u m m a r y a n d c o m p a r a t i v e a n a l y s i s o f t h e

e v a l u a t i o n t e c h n i q u e s

conclusion beginswith a look at the applied evaluation strategy,
on which the results are based. In Section 8.1 we summarize the
advantages and disadvantages of the evaluation techniques applied
from Chapters 5 and 6, with their differences from the evaluation
techniques in expertise retrieval.

In S e c t i o n 8 . 2 I n fl u e n c i n g F a c t o r s f o r t h e S u c c e s s -

f u l A p p l i c a t i o n o f V o t i n g T e c h n i q u e s : S u m m a r y

o f i n fl u e n c i n g f a c t o r s a n d h i g h l i g h t i n g s t a b l e

a n d h i g h - p e r f o r m i n g v o t i n g t e c h n i q u e s

Section 8.2 we summarize the factors that influence the per-
formance of voting techniques and give a final assessment of the
methods that yield stable and performant results.

In S e c t i o n 8 . 3 P a s s a g e V o t i n g : S u m m a r y a n d

a s s e s s m e n t

Section 8.3 we summarize the exemplary studies on passage-
based voting from Chapter 6 and give an assessment of the appli-
cation of this technique.

The S e c t i o n 8 . 4 V o t i n g T e c h n i q u e s i n t h e D o m a i n o f

A g g l o m e r a t i v e C l u s t e r i n g

application of voting techniques in the domain of agglomera-
tive clustering is summarized in Section 8.4.

A S e c t i o n 8 . 5 S u m m a r y a n d O u t l o o k : F u r t h e r t a s k s

a n d a p p l i c a t i o n s

summarizing outlook with further tasks and possible applica-
tions in the domain of voting techniques is given in Section 8.5.

8.1 Evaluation of Voting Scenarios

In C l a s s - b a s e d s e a r c h a s p r e c i s i o n - o r i e n t e d s e a r c h

f o c u s i n g o n t h e u p p e r r a n k s

the domain of expertise retrieval, it has been stated that the
search for experts almost focuses on the highest ranked results, is
precision oriented, and therefore MRR is well suited as an evalu-
ation measure [JKA16][Bal+12, sec. 4.1]. In correspondence to the
scenario of expertise retrieval, we further assume in our evalu-
ations that the classes listed in the middle- or lower-end of the
ranking are generally of little interest to the user.

Establishing a test environment is the foundation for evaluation.
This encompasses not only the collection, but also the queries em-
ployed and the relevance assessments of the ranked experts or
classes.

143
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Query generation TheQ u e r i e s a r e e q u a l l y d i s t r i b u t e d – t h e -

m a t i c a l l y a n d a c r o s s c l a s s s i z e s .

basis for our evaluations are queries,
also called topics in the context of TREC tracks, which were ran-
domly extracted from the AMiner collection (see Section 5.1 Search
Scenarios and Figure 5.1 on page 67). The evaluated queries are ex-
tracted evenly across class sizes (see Section 5.5 Systemic Behavior
of the Applied Techniques and the baseline in Figure 5.5 on page
84). We also assume that the queries are equally weighted in terms
of the topic distribution of the collection. With regard to the length
of queries, all voting techniques benefit almost equally from longer
queries. It should be noted at this point that the distribution of the
query lengths in terms between 1 and 20 comes close to a normal
distribution with a slight bias towards shorter lengths.

TheseC o m p e n s a t i o n f o r a m b i g u i t i e s

a n d u n c h a r a c t e r i s t i c e x a m p l e s

t h r o u g h a h i g h n u m b e r o f r e q u e s t s

queries from the evaluations in Chapter 5 Search for Classes
- Evaluation of the Introduced Voting Techniques are not created
manually and are therefore not potentially influenced by thematic
preferences. Nevertheless, there may be inaccuracies, which in our
experience are compensated for by the high number of requests:
There may arise ambiguities in query terms. There are also a small
number of queries that are not thematically profiled and are more
general in nature. Another concern with respect to the evaluation
in Chapter 5 is that we assume that the queries represent a typical
example of the journal from which they are taken. We also accept
this point and assume that exceptions are compensated for by the
high number of queries.

Generation of profiles InN o p r i o r c r e a t i o n o f c l a s s p r o fi l e s r e q u i r e d . his thesis “The voting model for peo-
ple search”, Macdonald describes the automatic generation of ex-
pert profiles based on the references to candidates in the documents
(see also the summary in Section 3.1.1) and the associated challenges
[Mac09]. In contrast, the evaluation setup in Chapter 5 uses the
given relationships of documents to classes, in this case of articles
to journals. A generation of class profiles in advance is not required
in the scenario of this thesis.

Relevance assessments Another factor influencing the evalua-
tion results is the quality of the assessments. In general, the results
of an expert ranking are not easy to assess [Mac09, sec. 3.4.5]: Man-
ual assessments are difficult to realize in large numbers and can be
incomplete due to insufficient information from the assessors and
non-existent and incomplete assessments from potential experts.
In their paper “Evaluation of Retrieval Algorithms for Expertise
Search”, Jayasinghe, Karimi, and Ayre highlight similar problems:
Judges lack domain knowledge or knowledge of the person they
are supposed to assess in terms of their expertise. Furthermore,
the authors point out that there is a lack of motivation within
an organization to classify and evaluate direct colleagues despite
anonymization of the survey [JKA16].
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In E v a l u a t i o n b a s e d o n p r e e x i s t i n g g r o u n d t r u t hthis thesis, we present two evaluation measures in Sections 5.2.2
Ranking of the Searched Journal and 5.4.3 Journal Relationships as
Measure for Relevance that are not based on manual assessments,
but on the given association of articles with journals, and thus on
preexisting ground truth. The journal from which the query was
taken is considered a suitable candidate in the form of a class in
the scenario of this evaluation. We also look at the best-ranked
journals or classes and their relationship to the journal searched
for. The fact that in exceptional cases a journal title extracted as
a query is not typical for this journal can be neglected due to the
high number of queries. The R e l a t i o n s h i p s o f j o u r n a l s o n l y a s a n e v a l u a t i o n

c r i t e r i o n f o r u p p e r r a n k s

second measure of evaluation, the
relationship to the journal searched for, also proved to be signifi-
cant for the top ranks. In the lower ranks, this measure no longer
provides such meaningful results because of the low values and
resulting low differences for the grades of relationship.

8.2 Influencing Factors for the Successful Applica-
tion of Voting Techniques

Theanalyses in this thesis are based on custom scenarios and collec-
tions, as well as collections from the literature. Various collection-
dependent structures are critical for the successful use of voting
techniques.

8.2.1 Class Sizes and their Ratios

Influence of class sizes Influenced V o t e s a n d C o m b M A X a s e x t r e m e c a s e sby the number of its vot-
ing documents and thus indirectly affected by its size, each of the
evaluated voting techniques yields different results for a class and
prefers large class sizes more or less. The limits in this context are
variable, extending from CombMAX, unaffected by the potential
number of voting documents per class, to Votes, which strongly
yields results depending on class sizes. In the case of CombMAX,
a single best voting candidate per class is often not sufficient to
provide a relevant class ranking. Votes, on the other hand, often
delivers too many hits per class, which are summed up with the
same amount regardless of their score and deliver diffuse results.
The ''F

c a n p r o d u c e o p t i m i z e d r e s u l t s i n b e t w e e n

t h e t w o t e c h n i q u e s .

ranking-based technique ''F with individual parameteriza-
tions for F can provide a transition between CombMAX and Votes
(see also Figure 4.11 on page 63 showing the relationships between
voting techniques). This often produces qualitative rankings that
yield very competitive results in the evaluations, but only because
it approximates between the two techniques and provides an op-
timum between the two approaches. A general statement on the
best parameterization cannot be made at this point. Figure 5.5 on
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page 84 shows the systemic behavior in relation to class sizes for
all voting techniques and their parameterizations evaluated.

Compensation of class size ratios AsE m p h a s i s o n s c o r e s o f h i g h l y r a n k e d d o c u m e n t s the variability in class
sizes within a collection increases, there is a greater need for the
capability to mitigate the impact of larger classes. An extremely
uneven distribution of potential voters among classes can cause a
bias, which skews a class ranking towards large classes.

Techniques that emphasize the score of highly ranked documents
at the document level mitigate the influence of large classes, in
favor of the probative value of relevant, top-ranked documents –
regardless of their class size. These techniques include expComb-
SUM, sqCombSUM, and, as discussed in the preceding paragraph,
''F .

AnotherL i m i t i n g t h e n u m b e r o f v o t i n g

d o c u m e n t s a t d o c u m e n t l e v e l

way of compensating for the influence of large classes is
to limit the number of initial voting documents. As this potentially
affects large classes, this measure also reduces the influence and
thus the bias that is caused. In this thesis, a restriction improved the
performance of the affected techniques to a limited extent. Results
in the example of the AMiner collection are shown in Section
5.5.3 Influence of Initially Voting Candidates on page 87, but in the
literature this limitation only contributed to a limited extent to
improving the results [Mac09].

LimitingL i m i t i n g t h e n u m b e r o f v o t -

i n g d o c u m e n t s a t c l a s s l e v e l

the voting documents at the class level, rather than docu-
ment, is done by the CombSUM TOP < techniques and also leads
to a reduction in the influence of large classes and thus to an im-
provement in the results, as stated in our evaluations. The results
of CombSUM TOP 5, which are among the best results in our
evaluations, show that this approach is appropriate.

TheD a m p e n i n g t h e s c o r e s a t c l a s s l e v e l

a s a s t a b l e a n d p e r f o r m a n t a p p r o a c h

stable and often best results in our evaluations are provided by
techniques that implement a damping function based on the har-
monic series at the class level. These include CombSUM ''F and
sqCombSUM ''F . Classes with few voting documents have a cor-
responding result against large classes whose influence is reduced
by the damping function. However, a residual influence of the class
size remains with sufficiently highly scored and valid documents.
The major difference from the known voting techniques, which
revalue the scores at the entire document level, is the processing at
the class level. In line with the consideration of Section 5.6 Prin-
ciple of Inclusion and Exclusion, the dependent probabilities for
relevance within a class are not added together, but are added after
this revaluation. This damping factor based on the harmonic series
and its ''F variants gives very good results in our evaluations.
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8.2.2 Document Lengths and Information Value

Information content on query and document side Our H i g h e r i n f o r m a t i o n c o n t e n t a t d o c u m e n t

l e v e l i m p r o v e s t h e c l a s s r a n k i n g o f a l l v o t i n g

t e c h n i q u e s .

eval-
uations based on the AMiner collection in Chapter 5 Search for
Classes - Evaluation of the Introduced Voting Techniques are based
on three scenarios: Searching over titles, abstracts and whole arti-
cles. Almost without exception, the search over abstracts provides
better results for the applied voting techniques than the search
over titles. Searching over the entire extracted articles can only
increase the results to a limited extent, but this may also be due
to the noise caused by extraction of the PDF documents and the
inclusion of references. We make this observation both on the basis
of the MRR (Table 5.2 on page 74) and for the journals in the first
five ranks with their relationships to the searched journal (Table
5.4 on page 78).

We L o n g e r q u e r y t e r m l e n g t h s i m p r o v e t h e r e s u l t s o f

t h e v o t i n g t e c h n i q u e s e q u a l l y .

show a further correlation of the voting performance with
the query lengths in terms in Section 5.5.2 Influence of the Query
Length. All voting techniques benefit almost equally from longer
queries and yield better values for the MRR (see Figure 5.7 on page
88). Due to the higher information content, document rankings
with higher relevance are likely to be created, which also supports
the relevance of the class rankings.

8.3 Passage Voting

In T h e i n v e r s e s c e n a r i o o f s e a r c h i n g o v e r c o n c a t e -

n a t e d A M i n e r a r t i c l e s c o n fi r m s t h e c h o i c e o f

v o t i n g t e c h n i q u e s .

Chapter 6 Passages as Voters for their Documents we look at
passages that vote for their associated documents. In the first exper-
imental Section 6.2 Virtual Documents, we first turn the scenario
around and initiate a flat BM25-based search over very long virtual
documents, concatenated from article titles, abstracts, and full texts
from the AMiner scenario in Chapter 5. This BM25-based search
over virtual documents yields far worse results for the searched
journal than the voting-based search of the Chapter 5. Shorter con-
catenated documents, composed of smaller journals, are preferred
here by document search, as can be seen in Figure 6.1 on page 108.
The term specificity is likely to be higher for these shorter virtual
documents, leading to preferred and thus better results for the
smaller journals.

In I n t h e p a s s a g e s c e n a r i o o f s h o r t e r a r t i c l e s ,

s e l e c t e d v o t i n g t e c h n i q u e s a l s o y i e l d g o o d

r e s u l t s .

the experiments based on the collections INEX 2009 and Ro-
bust04 of Sections 6.3.1 INEX 2009 Collection and 6.3.2 Robust04
Collection, we have comparatively few passages per document.
Here, voting passages work less well and do not reach the results
of the BM25-based search using the original, complete documents
at all or with difficulty. In case of shorter collection documents
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and thus few voting passages per document, the aggregation model
seems not convincing. Voting techniques such as CombSUM or
Votes – explicitly or implicitly depending on the number of voters –
yieldworse results. Techniques such as expCombSUM,CombSUM
''F or sqCombSUM ''F with a higher value for F, emphasizing
highly ranked passages and ranking their associated documents
more relevantly, appear to be suitable to a limited extent in the two
collection scenarios.

In summary, voting-based aggregation via passages in the INEX
2009 and Robust04 collections is only suitable to a limited extent.
This is probably due to the following points: Documents are com-
monly shorter, and the number of passages per document does
not vary much in both scenarios. In the case of the INEX 2009
collection, the passages are divided due to the markup, and thus
also semantically, which explains the acceptable results of tech-
niques such as expCombSUM, expCombMNZ, CombSUM ''2

and sqCombSUM ''2. All techniques emphasize the upper ranks
of the passage ranking. In the case of the Robust04 collection, these
techniques still work acceptably for larger window sizes with 200
terms. However, the principle of aggregation is not as successful
with both collections as it is in the voting scenario of the AMiner
collection. Here, the passages as articles are distributed very un-
evenly across the journals and also have a much sharper thematic
focus.

8.4 Voting Techniques in the Domain of Agglom-
erative Clustering

InV o t i n g t e c h n i q u e s a s a n a p p r o x i m a t i o n

b e t w e e n k n o w n c l u s t e r i n g t e c h n i q u e s

Chapter 7 Voting Techniques Applied to Clustering Algorithms,
we use a generic approach, the weighted average, to show that
aggregation techniques can also be applied to distance measures
in the area of agglomerative clustering. In this scenario, previous
considerations on the addition of probabilities and on aggregation
of similarity values change.

The distance between two (temporary) clusters is calculated on the
basis of the weighted average, and the influence of the distances
considered is increased or decreased by the voting process, which
determines the weighting factors. CombANZ TOP < and Com-
bANZ ''F can yield results that range between known techniques
such as single-linkage or complete-linkage and thus more or less
reflect their typical properties in the calculation of clusters.



8.5. summary and outlook 149

8.5 Summary and Outlook

In this thesis, we investigate the characteristics of known and new
introduced voting techniques and demonstrate a scenario for gen-
eralized transferability, which we test with custom evaluation ap-
proaches.

The C o m b S U M ''F
a n d s q C o m b S U M ''F

a s

p r o m i s i n g a p p r o a c h e s

new techniques presented in Chapter 4 Extended Techniques
and Interrelationships show that approximations can be made
between known techniques and that optimized results can be ob-
tained. Based on probabilistic considerations and subsequent eval-
uations, we introduce CombSUM ''F and sqCombSUM ''F

techniques that provide good results in all scenarios of this thesis
and a promising approach for future use cases. For both techniques,
the factor ''F of the harmonic series is not only a method to ap-
proximate between different voting techniques, but also models a
general, estimated addition of probabilities when overlaps between
the probability values to be added are not known. Improvements
are conceivable according to the approach described by Cummins,
Lalmas, and O’Riordan [CLO10] and summarized in Section 3.2.
In this scenario, with effort and to a certain extent, the weight-
ing factors for the voting documents of experts are individually
determined based on the expert profiles.

As A p p l i c a t i o n o f v o t i n g t e c h n i q u e s w i t h i n d i v i d u a l

a d j u s t m e n t s a n d e n h a n c e m e n t s t o o t h e r

s c e n a r i o s

described in the beginning Section 1.1 Motivation of this thesis,
the use case for voting techniques in the domain of information
retrieval is twofold:

Search for classes On the one hand, the search for a suitable
class provides the basis for further investigation of its elements.
As described in Section 1.1, instances of suitable classes can be ap-
propriate companies, bibliographic collections, and other artifacts
whose documents vote for their associated categories on the basis
of a query. This thesis examines the basic characteristics of voting
techniques; in a productive scenario, individual improvements and
enhancements are necessary with respect to specific aspects.

Classification task On the other hand, the voting result can also
serve as a classification of the request itself, on the basis of which
further tasks or decisions are taken. This includes, for example, the
categorization of emails, messages, and documents.

The A p p l i c a t i o n o f v o t i n g t e c h n i q u e s i n o t h e r

d o m a i n s

application of voting techniques in other domains should be
examined, as they often already exist in a related form. InChapter 7,
we discuss the transfer of voting techniques to agglomerative clus-
tering. Furthermore, the application in ensemble learning should
be examined in perspective. As Wang defines in his paper “Some



150 chapter 8. conclusion

fundamental issues in ensemble methods”, “An ensemble in the con-
text of machine learning can be broadly defined as a machine learning
system that is constructed with a set of individual models working
in parallel and whose outputs are combined with a decision fusion
strategy to produce a single answer for a given problem.” [Wan08]. An
investigation into the extent to which the application and transfer
of voting techniques is suitable for individual cases of machine
learning and other fusion scenarios will possibly provide further
application scenarios in the future.
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