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Executive Summary

The main goal of work package (WP) 6 is the development of a natural
language processing (NLP) system called DeLite which automatically
assesses the linguistic accessibility of Web documents for users with
special needs. The system computes scores of readability for an arbitrary
German text and highlights those parts of the text causing difficulties with
regard to readability. The highlighting is done at different linguistic levels,
beginning with surface effects closely connected to morphology (like
complex words) down to deep semantic phenomena (like semantic
ambiguity). DeLite uses advanced NLP technology developed outside of
the project but connected to DeLite by Web Services using a clearly
defined interface. The system has been evaluated in a test with 315 users
validating a corpus of 500 texts with 6135 sentences. The results of the
human judgements regarding the readability of the texts have been used
as a basis for automatically learning the parameter settings of the DeLite
component which computes the readability scores. To show the possibility
of transferring the results achieved in WP6 of BenToWeb to another
language (in this case to English) a feasibility study has been carried out
on the basis of a newly built core lexicon for English and a NatLink system
adapted to the most important linguistic phenomena of English. Finally,
recommendations for further guidelines regarding the linguistic aspect of
accessibility to the Web are derived, which will be reported to the Web
Accessibility Initiative of the W3C (World Wide Web Consortium).
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Introduction

The development of the DeLite system for automatically controlling texts
with regard to their readability is heavily leaning on the NLP techniques of
IICS1, which support the DeLite system but have not been neither
developed nor financed within the BenToWeb project. Thus, while being an
essential prerequisite for the functioning of the DeLite system, these NLP
techniques (especially the parser with its basic lexicon, henceforth
abbreviated as NatLink) and the underlying language model are only
briefly described in this report.2 The method warranting a distinct
separation of the DeLite system developed in this project and the NatLink
modules developed outside the project consists in the use of Web Services
with a clearly defined formal language interface between these
components.
To give a short overview of the work done in WP 6 of the project we start
with a summary of the most important activities and achievements of our
group over the full three-year's period of the project, sorted by the
corresponding deliverables.
Deliverable 6.1 [DELIV1] – Investigations concerning the readability
of texts (official title: Description of syntactic-semantic phenomena which
can be automatically controlled by NLP techniques if set as criteria by
certain guidelines)
•

Investigation into the linguistic phenomena
readability of texts (readability criteria)

influencing

the

•

Definition of measurable indicators quantitatively mirroring the
effects of the aforementioned linguistic phenomena on readability
(readability indicators)

Deliverable 6.2 [DELIV2] – The DeLite system and its connection to
NatLink (official title: Interface to the NatLink Server of FUH)
•

Design and Development of the DeLite system

1

IICS is an acronym denoting the chair of applied computer science of the University at
Hagen (FUH), department of Intelligent Information and Communication Systems.
2
Since it is neither the objective of this project nor the task of the WP6 reports to
describe the principles of the syntactic semantic analysis used in DeLite nor the
underlying language model, the reader must be referred to a monography [helbig06],
regarding the semantic formalism MultiNet, and to the most important papers describing
the principles of the semantically based lexicon approach [hartrumpf_helbig_etal03] and
the Word-Class Controlled Functional Analysis [helbig86], [helbig_hartrumpf97]. A
general overview of the IICS publications ordered by topics can be found at:
http://pi7.fernuni-hagen.de/publications/
2007-10-31
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•

Definition of a formal language interface between DeLite and
NatLink

•

Extending the functional capabilities of NatLink to the needs of
DeLite (especially with regard to the syntactic and discourse
levels); generation of extra data specific to every level of NLP

•

Development of a technical interface 'DeLite - NatLink'

Deliverable 6.3 [DELIV3]– Corpus work and domain specific lexicon
(official title: Domain-specific computer lexicon needed by the NatLinkParser)
•

Gathering and processing of corpora of the application domain

•

Creation of a domain-specific lexicon

Deliverable 6.4 – Evaluation report, Recommendations and Transfer
to English (official title: Evaluation report and recommendations for the
further development of guidelines and for the standardization tasks from
an NLP point of view. Quantitative evaluation to extend project results to
other languages)
•

Organization of readability tests with 300 users

•

Elaboration of recommendations with regard to the readability of
texts.

•

Organization of a large experiment for judging the readability of
texts with hundreds of participants

•

Development of convenient learning mechanisms on the basis of
these data

•

Automatic learning of parameters (weights) associated with the
readability indicators

•

Adapting of DeLite and the NatLink system to English

•

Development of special tools for semi-automatic lexical transfer
from one language to another

•

Creation of a basic lexicon for English

•

Evaluation of the DeLite readability function, the associated
readability indicators and the machine learning algorithms

2007-10-31
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•

Short summarization of the total work done during the BenToWeb
project

•

Development of guidelines for a good text readability

The document is organized as follows:Section 3 gives a short description
of the architecture and the user interface of the DeLite readability checker.
In Section 4 we describe the online study carried out to obtain human
readability ratings for all texts of a given text corpus. This includes the
data model, the Web server application providing the graphical user
interface for entering the text ratings and several methods to filter the
data by removing runaways. Section 5 contains a description of the
readability function used by DeLite. Section 6 characterizes the methods
for determining the parameters of this function by the application of
machine learning techniques. The evaluation of these methods is given in
Section 7. Section 8 discusses the adaptation to other languages like
English and includes a feasibility study and a description of our English
prototype. Section 9 contains the recommendations for the W3C
guidelines [WCAG] based on the linguistic indicators that have been found
to be important for the readability of texts. Finally, Section 10 gives a
conclusion and a description of possible future work.

2007-10-31
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DeLite

DeLite
is
a
readability
checker
for
German
and
English
([gloeckner_hartrumpf_etal06],
[jenge_hartrumpf_etal06],
[hartrumpf_helbig_etal06],
[brueck_hartrumpf2007],
[brueck_leveling2007] and [brueck_hartrumpf_helbig08]). It calculates
several readability indicators on the basis of a deep syntactico-semantic
analysis of the NatLink parser ([helbig_hartrumpf97], [hartrumpf03]) and
of a computer lexicon for each of these languages. Currently, the German
version is best developed, as it covers a wide range of syntactic and
semantic phenomena. This is not yet the case for English, for which,
according to the project tasks, only a basic lexicon and a parser covering
the most important linguistic phenomena is provided.

3.1

System architecture

The DeLite system consists of several software components and interacts
with various other NLP components developed by IICS, which is illustrated
in Figure 1.
The background of all components are coloured depending whether they
are developed inside or outside the DeLite (or BenToWeb) project in the
following way:
•

White: Component is developed inside the DeLite project

•

Light blue: Component is developed outside the DeLite project (e.g.,
LIA). Note that some of these components had to be extended to
optimally support DeLite.

•

Dark green: The Component partly belongs to the DeLite project
which is the case for the lexicon. The general part was developed
earlier, the domain-specific extension is part of DeLite.

2007-10-31
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Figure 1: Interaction of DeLite with other software components.

The interaction between all components can be characterized in the
following way:
•

The user enters the text (s)he wants to analyze in a text field of the
web-based graphical user interface ('cut and paste' is supported
too).

•

The Web browser calls DeLite to start a readability check of this
text.

•

The text is analysed by the syntactico-semantic parser NatLink
[helbig_hartrumpf97]. The result of this analysis consists of
morphological information, a syntactic dependency tree, and a
semantic network according to the MultiNet formalism [helbig06].
An example for such a semantic network is shown in Figure 4.

•

On the basis of this analysis the text is investigated with regard to
possible readability violations. Whereas the dependency tree
returned by NatLink is used to recognize syntactic readability
problems, like deeply embedded sentences or syntactic ambiguities,
the semantic network is employed by the semantic indicators, e.g.,
in counting the number of network nodes or the number of
propositions per sentence. Morphological information and token

2007-10-31
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information are required to identify long compounds. Based on the
indicator values, a global readability score is calculated and difficultto-read text passages are identified and returned to the web-based
user interface.
•

All text passages with potential readability problems are highlighted
in the Web browser GUI.

•

The user has the possibility to re-analyse the text after manual
improvements. This allows to iteratively improve the text until no
further readability violations can be found.

Figure 2: The Layer Structure of DeLite.

2007-10-31
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Inside the DeLite server the input document is processed as follows (see
Figure 2):
•

The deep syntactico-semantic analysis is done by the Controller.

•

The Preparation Layer segments the input text into words, phrases
and sentences.

•

The individual indicator values are determined by the Calculation
Layer. For that, each indicator is attached to a certain processor
depending on whether the indicator requires information about
words, phrases, sentences or the entire document. The
corresponding processor iterates over all objects of its associated
type that exist in the text and triggers the calculation of the
associated indicators. Examples for indicators operating on word
level are the indicators word length or number of different readings.
Semantic and syntactic indicators usually operate on a sentence
level. By this calculation step a mapping from text segments to
indicator values is established.

•

In the Evaluation Layer, the individual indicator values are
aggregated, normalized and combined to a single readability score.
Furthermore text segments are identified, where an indicator value
exceeds a predefined threshold and thus identifies difficult-to-read
text passages.

•

Finally, all this information is marked up in XML and a user-friendly
HTML format and returned to the calling process by the Export
Layer.

3.1.1

The semantically based computer lexicon
HaGenLex

The computational lexicon HaGenLex (Hagen German Lexicon)
[hartrumpf_helbig_etal03] is a general domain lexicon for German, which
has been developed since 1996 at the IICS. Each lexical entry carries
detailed morpho-syntactic and semantic specifications. HaGenLex
currently comprises about 26,000 fully described entries (13,500 nouns,
7500 verbs, 3300 adjectives, and 600 adverbs). The creation and
maintenance of the entries in HaGenLex is supported by the workbench
LIA, which provides user-friendly editing and browsing facilities.
The semantic specifications in HaGenLex are based on the descriptive
means of the MultiNet knowledge representation formalism [helbig06].
The MultiNet elements used in HaGenLex include a hierarchy of ontological
sorts, a set of lexical semantic relations (such as synonymy, antonymy,
2007-10-31
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etc.), and an inventory of semantic roles (such as Agent, Experiencer,
etc.). The primary purpose of HaGenLex is to support the syntacticosemantic analysis of German sentences and texts by means of the NatLink
parser.
Although HaGenLex has already reached a large size, it did not contain all
of the domain-specific vocabulary needed for DeLite. Hence a method was
developed to automatically extend the lexicon by employing a web search
engine.
The following steps were carried out (see Figure 3):
1. Acquisition of domain-specific text corpora (Text Crawler): One part
of the text corpus was obtained by contacting the appropriate
municipal administrations. The other part was retrieved by using a
Web search engine which gathered text materials about a given
domain. The language of all automatically retrieved texts had to be
checked in order to avoid the usage of texts written in foreign
languages. Currently, texts not written in the German are ignored.
Note that a subset of the gathered texts was used for the online
readability study.
2. Converting texts: All texts were first converted into plain text
format. For the part of the text corpus gathered by using the web
crawler “Nutch”, the conversion was done by “Nutch” automatically.
For the other part of texts the software tools “pdftotext” and
“html2text” were used.
3. Preprocessing: All texts were tokenized and tagged in the CES XML
format.
4. Calculating word frequencies: Word frequencies were calculated for
words and abbreviations. This information was used to determine if
a token should be entered into the domain-specific lexicon. The
result of this process is a list which maps a word to its frequency of
occurrence.
5. Lexical and morphological analysis: Subsequently, lexical and
morphological analysis was used to extract lexical entries for the
flat, for the deep and for the compound lexicon. The deep lexicon
contains full entries with orthographic, morphological, syntactic, and
semantic features. In the flat lexicon, semantic information is
missing, and no valency information is available on the syntactic
level.
6. Creating new Lexical Entries and Refinement of Existing Entries with
LIA: In some cases, NatLink was not able to deduce all the
2007-10-31
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information required for a lexeme. Moreover the extracted
information was not always correct. Thus, the corresponding lexical
entries had to be adjusted or created manually. Manual adjustments
can be comfortably made by using the GUI-based tool LIA
[hartrumpf_helbig_etal03]. This tool was already employed
successfully in a variety of other projects of IICS.

2007-10-31
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Internet

1. Textcrawler
Raw material of
domain specific
documents
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texts
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html2text,
Nutch

ASCII Texts

3. Preprocessing
Refined texts
(CES XML)
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word frequencies

<wi,fi>

Repository of
domain specific
lexems

Repository of
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lexems

5. Lexical and
morphological
Analysis

NATLINK

LIA

6. Manual
Correction and
Completion

Figure 3: Workflow for constructing the domain-specific lexicon
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The NatLink parser

To automatically derive semantic networks for German sentences (or
phrases), the NatLink parser [hartrumpf03] has been developed, based on
the paradigm of word-class function analysis (WCFA) [helbig86]
[helbig_hartrumpf97].
The grammatical knowledge of NatLink is encoded in word-class functions
(WCFs). For each word-class (syntactico-semantic categories comparable
to a specific set of parts of speech), a WCF is implemented. The WCFs
together with a central control mechanism model two phases of activity
during analysis (or understanding) of the current word in a sentence: 1.
opening expectations (valencies) about what might or should follow; 2.
saturating these expectations (valencies) by connecting complements
(arguments from valency frames) and adjuncts to their governors. The
parser employs a morpho-lexical analysis that uses HaGenLex
[hartrumpf_helbig_etal03] (see Section 3.1.1), an additional flat lexicon
without semantics and valency frames, a lexicon of compound words,
several name lexicons, a morphological analyzer, and an analyzer of
compound words. The WCFs construct a semantic network during parsing
mainly by SN unification of the semantic components from lexical entries.
Although NatLink is oriented towards constructing semantic networks3, it
is also able to build labelled dependency trees4. The emphasis is on
understanding acceptable sentences, not on modelling grammaticality
distinctions.
To disambiguate syntactic and semantic alternatives, a hybrid rulestatistical approach is employed: symbolic, hand-written rules license
possible alternatives, one of which is selected based on statistics derived
from annotated corpora. To deal with sparse data problems a back off
model is applied, which distinguishes different dimensions of description
such as detail of alternative description and number of alternatives.
Examples of disambiguation problems tackled by NatLink are
interpretation and attachment of prepositional phrases (with a combined
accuracy of 82%; [hartrumpf03]) and coreference resolution (with an Fscore of around 70%; [hartrumpf01]). The precise identification and
resolution of ambiguities is especially important in the context of DeLite,
because some readability criteria correspond to ambiguities.
The parser is able to analyze large corpora including newspaper corpora
and encyclopaedias like Wikipedia; in total, it has already parsed around
35 million different sentences. Its coverage depends on the corpus: on
average, complete semantic networks are delivered (at a speed of 20004000 sentences per hour) for 60% of all sentences, and an additional 25%
3
4

An example for a semantic network is given in Figure 4
An example for a dependency tree is given in Figure 5

2007-10-31
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receive a semantic network containing only nominal chunks. NatLink is a
central building block for other NLP applications like question answering
systems and natural language interfaces.

Figure 4: Example of a semantic network for the sentence “Er verließ das Haus, in dem
die Frau, die er liebte, wohnte, sofort.” (“He left the house, where the woman he loved
lived, immediately.”)

2007-10-31
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Figure 5: Example of a dependency tree, expanded to the depth of
five, for the sentence “Er verließ das Haus, in dem die Frau, die er
liebte, wohnte, sofort.” (“He left the house, where the woman he
loved lived, immediately.”)

2007-10-31
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User interface of DeLite

Figure 6: Screenshot of DeLite where a pronoun reference ambiguity is indicated.

The readability checker DeLite contains a GUI to comfortably support the
checking of texts with regard to their readability (see Figure 6). The types
of readability problems are categorized on the following five levels:
morphological, lexical, syntactic, semantic, and discourse level. If the user
clicks on a the name of a readability problem type on the right side the
associated critical passages are highlighted in the text field with a
corresponding color.
In the case shown in Figure 6 the sentence contains a pronominal
ambiguity5. The pronoun “er” (“he”) can either refer to “Mr. Müller” or “Dr.

5

English translation of the example sentence: Dr. Peters invites Mr. Müller for dinner
because it's his birthday today (literally: Dr. Peters invites Mr. Müller for dinner since he
has birthday today.).
2007-10-31
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Peters”. For a better understanding of the readability problem, both
possible antecedents are displayed in bold face by DeLite.

Figure 7: Screenshot of DeLite where a syntactic complexity is indicated.

Figure 7 shows a second example with a text containing a complex
syntactic structure. DeLite indicates that the sentence contains deeply
embedded sub-clauses (indicator value for center embedding depth: 2)
and that the highlighted noun phrase consists of a large number of words.
Generally in DeLite, each indicator is dealt with by a separate module
which makes it easy to exchange, remove or add indicators.
Currently, DeLite is only a diagnostic tool. A useful extension would be to
extend this system to an authoring tool which automatically generates
suggestions for improving the text.

2007-10-31
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Readability study

To acquire the empirical material for automatically learning the weights of
the indicators mirroring their influence on the readability of texts, a study
with human users has been carried out. The aim of the study was to
gather human judgements about to what degree a given text is easy to
read. The judgements obtained during the experiments have been used as
a kind of gold standard for the learning experiments.

4.1

Text preparation

For the readability study a lot of data preparation was necessary. To a
large part this concerns the preparation of the sample texts, which was
done in the following way:
•

PDF texts of the municipal domain were extracted using a Web
crawler.

•

All texts were converted into plain text format.

•

Texts not appropriate for the readability study were filtered out. This
comprises texts not written in German or texts where the conversion
into plain text format failed. The latter usually occurred if the PDF
texts were encrypted and therefore protected against conversion.
Also texts which consisted mainly of lists (e.g., scales of charges and
feeds) were not used.

•

Due to technical limitations of the conversion program, considerable
work was necessary to retain the original layout as much as
possible.

•

All hyphens, used for syllable divisions, had to be removed since
currently they cannot be processed by NatLink correctly. The
syllables which were connected by a hyphen were merged together
afterwards.

Additionally, 1000 texts were pre-rated according to their readability on a
seven point Likert scale. According to this rating, 500 texts were selected
in such a way that about the same amount of texts was available for each
degree of difficulty.

2007-10-31
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Data model

To deal with the large amount of data, several database tables were
created. The associated database model is displayed in Figure 8. The table
“User” contains personal information about each test person: Educational
background (e.g., high school, college, university), profession, sex, age,
and German language skills. This information is important in order to
verify whether the data is really representative for the population.
Additionally, it allows to exclude all participants which have not the
required German language skills.
The table “Rating” contains the information about how a test person rated
a certain texts. A single rating entry consists of both a global rating and
ratings on several special aspects (like that whether a sentence contains
too many propositions). Furthermore, the entry also contains the time a
user needed to rate a single text. This information was used to filter out
people who answered too quickly for reading the text thoroughly (see
Section 4.4).
All texts are divided into text sets in such a way that a text set always
contains 10 texts and the degrees of difficulties, inside the same text set,
are uniformly distributed. If a user finished all texts from his/her text set
(s)he will be asked to continue with another text set. A user is always
assign to that text set which was assigned to (and completed by) the least
users yet. In this way all texts are rated about the same number of times.

2007-10-31
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Rating

UserID
TextID
Global
Time needed
Too many thoughts
To many negations
....
1..n

1..n

1

1

User

Text

PersonID
Sex
Age
Educational background
Profession
German language skills

TextID
TextContents

1

1..n

1

1

UserTextSet
UserID
TextSetID

TextSet
1

1..n

TextSetID
TextID

Figure 8: Data model for the readability study
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User interface for the text rating

Figure 9: User interface for our readability study

The readability study was conducted using a Web application.
The participants were asked to judge the global readability as well as the
readability referring to phenomena on the various linguistic levels (see
Figure 9):
•

Lexical level: The text contains too many infrequent words or
abbreviations

•

Morphological level: The words are too long6

•

Syntactic level: The sentences are too long, the grammatical
structure is too complicated

•

Semantic level: The sentences contain too many propositions, the
sentences contain too many negations

•

Discourse level: The references are unclear

6

Note that in German noun compounds are written as one word, allowing compounds like
'Donaudampfschifffahrtsgesellschaft'.
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Answers were given on a seven-point Likert scale [likert38]:
•

I strongly agree

•

I agree

•

I agree somewhat

•

I can't decide

•

I disagree somewhat

•

I disagree

•

I strongly disagree.

4.4

7

(with the proposed judgement)

Data filtering

The association of a text with a readability value can either be done
directly by the participants or by deriving this information indirectly.
A popular indirect method is the so-called Cloze-Procedure [taylor53]. By
this method, several words are removed from the text and marked as
missing. The test persons must try to fill the gaps. The average number of
correct fills is a measure for the text readability.
Another indirect method is to ask the test persons questions about the
content of each text (used for instance in [anger65]). Text with many
wrong answers are usually more difficult to read.
Using direct ratings has the advantage that this method is easier to handle
and that the obtained ratings can be used without any complicated
transformations. Furthermore, direct ratings represent the average human
judgement for a text, corresponding to the global score in DeLite, more
naturally than any derived value.
On the other side, using direct ratings, there is no guarantee that the
participants read the texts carefully. In an extreme case, the ratings could
be done randomly or even by usage of a softbot8, which produces
automated ratings.
Since we decided to use the test person's rating directly, several methods
were employed for filtering out outliers. Both, individual ratings and all
ratings of particular (strangely rating) users are considered for possible
removal. Filtering out all ratings of a user is based on the assumption that
a user who is not reading a text carefully does this probably more than
once.
7

The original questions are in German. For better understandability the English
translations are given here.
8
an autonomously acting computer program.
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Filtering ratings of a particular text

The ratings for a particular text were constrained to an interval from one
to seven on a Likert scale. Consider a text which is difficult but not very
difficult to read. In the case, the text is rated by enough participants,
most of them will rate this text as difficult, only a small portion as easy or
very easy. Also the number of people rating it as very difficult is smaller
than the ones rating it as difficult. Hence, the rating follows at least
approximately a normal distribution. Therefore a comparison with the
standard deviation is appropriate for outlier detection. All ratings for a text
were excluded for which the standard deviation differs by more than two
times from the average rating for this text.

4.4.2

Removing all ratings of a particular user

Large difference to average rating
The square sum of the deviation of each test person's ratings from the
average ratings was determined for all documents rated by this person. If
this value was considerably higher than the average deviation over all test
persons, then all ratings of this person were excluded.
It is rather improbable that a rating of a particular test person coincides
completely with the average ratings for all texts this person processed.
Usually, since a rating is made on a discrete seven point Likert scale, this
is even impossible (e.g., 1.5 is a possible average rating since this value
cannot be reached by a single rating.). Furthermore the frequency of very
large deviations should also be small. Thus, it is assumed that the
distribution of average square deviations is at least approximately
normally distributed and again a comparison with the standard deviation
is appropriate for outlier detection.
Let
be the average rating for a text di,

•

yi

•

r ki the rating of test person ak for text di

•

m the number of test participants

•

R k the index set of all text IDs rated by person ak

•

v k : =1 / m ∑  r ki − y i 2 deviation from the average rating for test
i∈ Rk

person ak
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A user is filtered out if his/her mean square deviation differs from the
average by at least 1.5 times the standard deviation.
Let  s ,  s
denote the average value and sample
determined over all participants.

variance of vk

v k is considered to be an outlier if
v k − s
1.5
s
In this case all ratings of this test person were excluded.
Example: Assume a test person rated ten texts in the following way:
Text

#1

#2

#3

#4

#5

#6

#7

#8

#9

#10

Rating rij 2

4

3

7

7

1

2

4

6

5

Avg. yi

4

3

6

6

6

6

2

1

3

4

The average square deviation vk of this test person is given as:
((2-4)²+(4-4)²+(3-3)²+(7-6)²+(7-6)²+(1-6)²+(2-6)²+(4-2)²+(6-1)²+(5-3)²)/10
=8.5

Assume the total average square deviation of all test persons is 5, its
standard deviation 2.
8.5 −5 3.5
=
=1.751.5
2
2
Thus, this user would be filtered out as outlier.
Too fast ratings
For all test persons, the time they needed for each rating was measured.
There were no people which rated a text in zero seconds. On the other
side the number of people that needed a very long time were also rather
small. Thus, we assumed, at least approximately, that the reaction time is
normally distributed, and again a comparison with the standard deviation
is possible to filter out outliers.
However, the amount of time a person really needs to rate a single text
cannot be determined directly. Actually, only the time span a user needs
to switch from one text to another is measured. There is no guarantee
that people worked on their texts all the time without any interruption.
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This was also supported by our data. For instance there was one person
where this time span lasted an entire week! This would have the
consequence that, due to the large variance, not a single test person could
be filtered out.
Thus, instead of sample variance and average value, the median and the
left variance was used for the data normalization of the time span t j .
Both median and left variance are not sensitive of large values to the right
side of the average which caused this problem.
t k −median
1.5
var left,s
The left sample variance is defined as the variance regarding only data
points being not larger than the average value:
var left,s =

1
n

∑ [t kis ]−1

l

∑ [t ki s ]t ki −s 2
k=1

i=1

where the function [p] is defined as follows:

{

[ p ]= 1, if p is true
0, otherwise

Note that in our approach the formula for the left variance was slightly
modified by replacing  s by the median.
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Readability function

Readability checkers typically use a linear combination of indicator values.
The parameters of this linear combination can be obtained employing
ordinary linear regression. An example of such a readability function is the
Flesch Reading Ease Score [Flesch48] which is given as:
R=206.835−1.015×ASL −0.846×AWL  where
ASL denotes the average sentence length and AWL the average word
length.
Readability functions of this type have several drawbacks. First, the
parameters have no intuitive meaning and are therefore difficult to
interpret or to be set manually.
Second, a high number of indicators in such a formula can easily lead to
overfitting. Thus additional work might be needed to reduce the number
of indicators to an optimal set. Thus for DeLite, our readability checking
tool for German texts, a different approach is employed which is described
in the next section.

5.1

The DeLite Approach for Computing
Indicators

The combination of indicator values into a single readability score is a twostep algorithm. In the first step, all indicator values are mapped to a
common value ranging from zero to one. In the second step, all indicators
are combined using a weighted sum.
In contrast to traditional readability formulas, as described above, we do
not have to care about selecting an optimal set of indicators, since after
the training period all indicators with a weight of zero can be eliminated
from the readability function. Furthermore by using (non-negative and
normalized) weights instead of unconstrained parameters, the importance
of each indicator is immediately obvious. Manual adjustments, if
necessary, are easily done.
On the other side, our optimization problem contains inequality
constraints which make the usage of ordinary linear regression impossible.
In Section 6 an alternative approach to handle this combination problem is
described.
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Normalizing indicator values

Non-normalized indicators have very different probability distributions,
mean value and variances (consider, for example, the sentence length
versus the number of syllables in a word). Therefore indicator values are
normalized, mapping them into the interval [0, 1].
For simplicity, we presume non-negative indicator values, and that higher
non-normalized indicator values correspond to a worse readability.
The normalization is achieved by applying a derivation of the Fermifunction to the non-normalized indicator values. This function N is shown
in the following equation:
N x =1−

1
−

1e

 x− 


It is based on two additional parameters, μ and δ, which have to be
determined for every individual indicator.
The parameter m is the location of the 0.5-intercept (N(x) = 0.5), s
specifies the gradient of the Fermi-function. The form of this function for
an arbitrarily chosen indicator is shown in Figure 10.

Figure 10: Normalization function N(x) derived from the Fermi
function for µ = 10, δ=3.
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Combining readability indicators

The readability score r for a text is calculated by a weighted sum,
combining all indicator values vj. The general structure of this function is
given as:
m

r(v) =

∑ wjvj
j=1

In the remainder of this paper, normalized weights are assumed, i.e.,
m

∑ w j=1
j=1

∀ j w j0
Note that usually higher indicator values (like number of ambiguities) are
associated with worse readability.
In summary, to compute the readability score r, for each indicator Ij, its
weight wj and its normalization parameters μj and δj have to be
determined.
In Section 6 several machine learning approaches accomplishing this are
described and evaluated.
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Machine learning algorithms

In this section, the algorithm for determining the parameters for the
normalization function and the weights for combining the normalized
indicator values is described (see also [brueck_leveling2007]).

6.1

Determining parameters of the
normalization function

The parameter μj of the normalization function for a given indicator Ij
determines the 0.5-intercept. It usually corresponds to some point near
the center of the distribution of the indicator values.
Several methods for calculating the parameters μ and δ of the
normalization function were tested, including techniques based on
analyzing conditional probabilities. In that, the parameters quantiles9,
median, and mean value are used alternatively.
Selecting the mean value of the indicator-value distribution for μ yielded
the smallest error and proved to be quite robust with regard to outliers.
The parameter δ was obtained by computing the arithmetic means for
solutions of N(x) for given values of μ and maximum and minimum values
of the indicator value under consideration. After determining the weights,
the parameters can be fine-tuned further.

6.2

Determining indicator weights

Basically there exist two types of machine learning algorithms to
determine the parameters in a weighted sum: algorithms that depend on
a specific probability distribution and algorithms which make no such
assumption. A method of the first type is, for instance, the Expectation
Maximization Algorithm (EM) [dempster77]. Note that this algorithm
cannot be applied directly to a data set if the indicators are highly
correlated among each other. In this case a transformation technique like
Principal Component Analysis [jolliffe86] is necessary to create a new
dataset with independent indicators.
Since there exist a lot of different indicators with varying probability
distributions, we prefer a method of the second type. Two types of
9

A x% quantil is a point at position p = a∙d∙(x/100) from the ordered data set where a
can be any natural number such that 0≤p≤d if d denote the data size. If p is not an
integer it is often rounded off.
2007-10-31

Page 34 of 62

BenToWeb – FP6—004275

Deliverable D6.4 (Public)

regression algorithms were investigated, since regression can also be used
on highly correlated data. Thus, no data transformation is necessary in
this case. However, the indicator values still have to be linearly
independent of each other.
We want to minimize the square (or absolute) error between our
readability function and the user ratings. In the case of the quadratic
error, the solution for the optimization problem given by the equation
n

m

i=1

j=1

2

wopt =min argw ∑  y i −∑ x ij w j 
k

has to be found.
The variables specified above have the following meaning:
•

yi: average user rating for text di. This value is determined from the
global readability judgement of the test persons. Values of the
discrete seven-point Likert scale are converted into a value between
zero and one by a linear transformation. A value of one represents
optimal, a value of zero worst readability.

•

wj: weight for indicator j (to be determined)

•

xij: value between null and one for text di and indicator Ij

Using vector notation with:
•

Xi: (xj1 ... xjm)'

•

w: (w1 .. wj)'

this equation can be rewritten as follows:
n

wopt =min argw ∑  y j−X j w2
j=1

Because all weights must be non-negative, an ordinary linear regression
cannot be used. Instead of that, this problem has to be solved by
quadratic programming which would raise the complexity enormously.
Thus, two alternatives were investigated, one approximation which is
based on linear regression (see Section 6.2.2) and an exact, robust
regression method (see Section 6.2.1).
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Robust regression with linear optimization

The minimization is done using linear optimization
regression method. In this case the parameters
minimizing the sum of the absolute instead of the
method is called robust since it is not as sensitive to
regression.

which is a robust
are estimated by
square error. This
outliers than linear

The minimization problem for determining the weights of our readability
function can be defined as follows:
n

wopt =arg min w ∑ ∣ y i −Xi w∣
i=1

Now we introduce additional variables z1,..,zn and change the optimization
problem as follows:
n

argmin w ∑ z i with
i=1

z i ∣y i−X i w∣
The problem is equivalent to the original problem since the solutions for zi
are the lowest numbers which are greater than
∣ y i −X i w∣
[bertsimas_tsitsiklis2002].
Since

z i ∣y i−X i w∣⇔ z i  y i −X i w∧z i− y i −X i w
the constraints can be changed to:
z i  y i −X i w

z i − y i −X i w
This problem can be solved by common linear optimization algorithms. A
popular and efficient algorithm to solve this problem is the Simplex
Algorithm. It reduces the costs continually by walking on the vertices of
the polyhedra which constrains the solution space. Since the cost vector
and the constraints are both linear, the solution is guaranteed to be
located on such a vertex.
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Iterative linear regression

It is also possible to get a good approximation of weights minimizing the
square error by using a linear regression with Lagrange restriction. Such a
regression minimizes the expression
n

m

i=1

j=1

2

wopt =min argw ∑  y i −∑ x ij w j 
k

with an additional equality constraint of the form:
Lw=q.
L is generally a matrix with m columns and an arbitrary number of rows,
q is a vector with the same number of rows as L.
In our case this equation represents the condition that all weights sum up
to one. Since there is only one condition the matrices L and q contain here
exactly one row: L=(1 ... 1)T and q=(1). Actually, in this special case, L is
a vector and q a scalar value.
This optimization problem can be transformed to [greene93]:
Wd =v
with:



W=

XT X
L

LT
0

   
d=

w
XT y
v=

q

(λ is the Lagrange Multiplier and can be ignored in the solution). The
solution can now be found by:
d =W −1 v
However, the weights calculated by this method might be negative.
Negative weights have one of the following reasons:
•

First, they can occur if some of the indicators are not correlated with
our output function.

•

Second, they can be caused if some of the indicators are strongly
correlated among each other.

The first problem can be avoided by setting all weights to zero for
indicators which are not correlated with our output rating R. The
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regression as described above is only applied to the remaining indicators.
However, the second problem cannot be solved so easily.
The following iterative algorithm is proposed:
•

Solve the restricted regression as described above.

•

Determine all weights which are negative and remove the associated
indicators from the regression model.

•

Now start the regression again.

•

Repeat all steps above as long as any negative weights are found.

A further improvement of this method could be to remove, instead of the
indicators with negative weights, the indicators which are most strongly
correlated to those indicators, since very highly correlated (normalized)
indicators are nearly exchangeable. In this way we could eventually
further reduce the square error. On the other hand, in the worst case, the
performance grows exponentially with the number of indicators since in
every step we have to follow several alternative solution paths.

2007-10-31

Page 38 of 62

BenToWeb – FP6—004275

7

Deliverable D6.4 (Public)

Evaluation

In this section, we describe the evaluation of the DeLite readability
checker function, where its parameters and weights are set according to
the application of the machine learning techniques described in section 6.
Especially we determine the mean absolute (MAE) and the root mean
square error (RMSE) of our readability function in contrast to the human
readability judgements. Furthermore the weights of each indicator in the
weighted sum is specified determined by both robust and linear iterative
regression. Finally, the readability function developed in this work is
compared with a German variant of the Flesch Reading ease score
[amstad78].
In order to determine parameter and weights of the readability function an
on-line readability study was carried out, which is describe in detail in
Section 4.
The training data consisted of readability judgements of 500 texts mainly
originating from the municipal domain. In total, the data consisted of
about 2800 readability judgements.

7.1

Participants

315 users participated in the readability study, 43.1% of them were
female and 56.9% male. 91.4% of them were German native speakers.
Four people were not native speakers and their German language skills
were, according to their own judgement, worse than “Good”. Since their
ratings can possibly be inexact they were not employed for the parameter
learning.
The age distribution is shown in Figure 11. Almost 70% of our participants
were between 20 and 40 years old; the number of participants above 60
was very small (ca. 3%).
Our participants were mainly well-educated. 58% of them have a
university or college degree. There is none who had no school graduation
at all.
There were a large variety of professions, the people had, including
Software-Developer,
Scientist,
Physician,
Linguist,
Pharmacist,
Administrator, Psychologist and Musician.
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Figure 11: Age distribution of the participants

7.2

Evaluation results

Table 1 contains the weight of each indicator, determined either by robust
regression with linear optimization or by iterative linear regression. The
average standard derivation of those weights for a 10-fold cross-validation
amounted to 0.006 for robust and 0.008 for iterative linear regression.
Figure 12 and 13 (Table 2 and 3) illustrate the influence of the individual
linguistic levels on the total DeLite score.
Table 4 shows the mean absolute (MAE) and root mean square error
(RMSE) of both validated machine learning methods: Robust regression
and iterative linear regression.
The approximative iterative linear regression method leads to very good
results in practice: it always yields a smaller RMSE than computing scores
with the weights found by the robust regression algorithm.
Note that only a small number of the 47 indicators is used to compute the
readability score. There are several reasons for this, including data
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sparseness and missing robustness for the semantic analysis of the texts,
which causes some indicators to be computed only for a subset of textual
units. It is also caused by the fact that several indicators which are
strongly correlated to each other.
Different results might emerge if tested on different domains and/or user
groups. In our domain of municipal texts, for instance, there were rather
few negations or anaphoric references but a huge number of abbreviations
and long sentences instead.
The table shows results for ten-fold cross validation (CV) as well. Also, the
user ratings were compared to the scores obtained from a German variant
of the Flesch Reading Ease Score (Amstad understandability index, see
[amstad78]). The relative and absolute errors are given in Table 4, the
correlation between user ratings and Amstad index scores amounts to
0.165. This relatively low correlation may reflect that the Amstad index is
not an adequate measure of text understandability, especially concerning
texts of our selected municipal domain. By using DeLite instead of
Amstad, the correlation is increased and, in comparison, the MAE and the
RMSE are considerably lower (also shown in Table 4).
These improvements are mainly due to a larger number of indicators and
to indicators resulting from deep natural language processing methods,
i.e., indicators on the semantic and discourse level. Furthermore the
Amstad index was developed for a newspaper corpora and not for texts of
the municipal domain.
Indicator

Weight
(robust
regression)

Weight
(linear
regression)

1. Morphological level

0.204

0.125

Number of compound concepts

0.099

0.057

Number of syllables

0.085

0.047

Number of characters

0.020

0.021

2. Lexical level

0.156

0.167

Inverse lemma frequency

0.110

0.114

Word form frequency

0.046

0.053

3. Syntactic level

0.510

0.589

Average number of words per phrase

0.060

0.099

Clause center embedding depth

0.000

0.006

Quality of semantic network

0.184

0.122
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Weight
(robust
regression)

Weight
(linear
regression)

Sentence length

0.101

0.141

Distance between verb and
complement

0.017

0.038

Distance between verb and prefix

0.095

0.155

Distance between verb group parts

0.053

0.000

Passive

0.000

0.028

4. Semantic Level

0.108

0.090

Number of propositions

0.019

0.066

Number of clusters of causal relations 0.008
in a chain

0.005

Connections between discourse
entities

0.029

0.018

(Double) negations

0.052

0.000

5. Discourse level

0.022

0.029

Number of pronouns without
antecedents

0.000

0.014

Number of reference candidates

0.022

0.015

Table 1: Weights of the indicator determined by robust regression or iterative linear
regression.

Morphological
level
Lexical level
Syntactic level
Semantic level
Discourse level

Figure 12: Weights of the individual levels
determined by robust regression
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Weight (robust regression)

Morphological level

0.204

Lexical level

0.156

Syntactic level

0.508

Semantic level

0.105

Discourse level

0.021

Table 2: Indicator weights determined by robust regression.

Morphological
Level
Lexical Level
Syntactic Level
Semantic Level
Discourse Level

Figure 13: Weights of the individual levels
determined by iterative linear regression.

Level

Weight (iterative linear
regression)

Morphological Level

0.125

Lexical Level

0.100

Syntactic Level

0.589

Semantic Level

0.089

Discourse Level

0.029

Table 3: Indicator weights determined by iterative linear regression.

The total weight of traditional surface-based indicators is 49.8% (41.2%)
while the indicators requiring a syntactico-semantic analysis reaches
50.2% (58.8%) for absolute (iterative linear) regression (see
[hartrumpf_brueck08]). Thus the latter type of indicators have a larger
total weight in our readability formula.
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Also the correlation of our readability formula with the user ratings (0.41)
was much larger than the Amstad score (0.16).
Method

MAE

RMSE

Robust regression

0.127

0.157

Iterative linear
regression

0.126

0.159

Robust regression cross 0.142
validation

0.177

Iterative linear
regression cross
validation

0.131

0.161

Amstad Readability
Index

0.203

0.245

Table 4: Mean absolute and root mean square errors using robust regression or iterative
linear regression.

indicator

MAE

RMSE

Surface

Deverbal noun

0.346

0.388

n

Deadjectival noun

0.371

0.412

n

Number of simplicia in a compound

0.212

0.267

y

Number of compound concepts

0.218

0.273

n

Abbreviation type token ratio

0.338

0.380

y

Acronym type_token_ratio

0.406

0.443

y

Number of syllables

0.406

0.454

y

Number of characters

0.226

0.275

y

Inverse lemma frequency

0.201

0.249

y

Frequency class

0.251

0.306

y

Number of

0.248

0.303

n

Number of readings from parse

0.237

0.300

n

Synset size

0.167

0.196

n

Number of abstract nouns

0.320

0.382

n

Lemma type token ratio

0.393

0.431

y

Word form type token ratio

0.397

0.434

y

Number of complement ambiguities

0.459

0.498

n

Number of dependants per verb

0.284

0.347

n
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MAE

RMSE

Surface

Number of dependants per NP

0.278

0.342

n

Clause embedding depth

0.380

0.426

n

Clause center embedding depth

0.362

0.406

n

Number of constituents per
coordination

0.403

0.440

n

Average number of words per phrase 0.218

0.276

n

Quality of the semantic network

0.213

0.267

n

Average number of words per
sentence

0.181

0.233

y

Average number of constituents per
sentence

0.3461

0.4046

n

Distance between the verb and its
complements

0.364

0.409

n

Distance between verb and its
adjuncts

0.372

0.416

n

Distance between verb and its prefix 0.408

0.444

n

Distance between verb and verb
group parts

0.384

0.425

n

Passive

0.327

0.380

n

Number of Propositions per sentence 0.335

0.390

n

Number of causal relations in a chain 0.297

0.368

n

Number of causal relation clusters

0.305

0.382

n

Maximum causal relations cluster
size

0.303

0.380

n

Number of concept nodes per
sentence

0.421

0.426

n

Number of negated concepts

0.392

0.430

n

Number of negated adjectives

0.393

0.430

n

Number of negations

0.312

0.361

n

Number of connection betweens
entities

0.329

0.375

n

Longest path

0.315

0.368

n

Longest path (both directions)

0.290

0.348

n

Number of introduced concepts

0.210

0.260

n
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MAE

RMSE

Surface

Number of pronouns without
antecedent

0.412

0.464

n

Number of reference candidates

0.382

0.434

n

Reference distance in words

0.4065

0.4532

n

Reference distance in sentences

0.3931

0.4404

n

Table 5: Mean absolute and root mean square errors of each indicator in comparison with
the ratings of our test persons.

In Table 6 the run-times of the machine learning algorithms to determine
parameter and weights are displayed. Note, that those algorithms assume
that all indicator values are already determined for the text corpus of the
readability study which was done by DeLite in a batch mode processing. A
major part of the time spans were needed to parse the results of the
DeLite readability checker. The calculation was done on a computer with
1GB memory and the single-core processor AMD Athlon™ XP 2200+ using
a clock frequency of 1.8 GHz.
Algorithm

Runtime

Determine Weights (robust
regression)

1 minute, 20 seconds

Determine Weights (linear iterative
regression)

1 minute, 8 seconds

Determine parameters for the
normalization function

1 minute, 33 seconds

Parameter fine-tuning

4 minutes, 39 seconds

Table 6: Time needed for the calculation of weights and parameters.
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Multi-language support

One of the tasks of WP6 has been to investigate how this approach of
readability checking can be transferred to other languages (especially
English). At least for European languages many of the linguistic
phenomena which make a text difficult to read are the same as in
German.
Thus, in other languages, a text is also usually more difficult to read if it
contains both a lot of rare/long words and long sentences. Also, most of
the semantic indicators are still usable, like number of propositions per
sentence, number of negations, etc.
Basically there are only minor changes, e.g., in the English language there
exist usually no long compound words. However, a similar role is played
by compound noun phrases, e.g., Lebensversicherungsgesellschaft vs. life
insurance company.
A short introduction of the current DeLite system for English is given in
the next section. Afterwards it is shown how the indicators had to be
adjusted to the English language. Finally, an overview of the current state
of the English lexicon and a feasibility study of an English version of
NatLink follows.

8.1

Analyzing English texts with DeLite

Figure 14 shows an example of an English analysis with DeLite of a
sentence containing a pronoun ambiguity: “Peter talks with John. He still
goes to school.” This sentence is ambiguous since the pronoun “He” can
either relate to Peter or to John. A better formulation would be:
Peter talks to John, who still goes to school.
or alternatively if the pronoun should relate to Peter:
Peter, who still goes to school, talks to John.
The same user interface is used for English analysis as for German. To
analyse a text in English the user has to activate a check box below the
text entry field.
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Figure 14: English analysis of a sentence with a reference ambiguity.

8.2

Language dependent indicators

We differentiate between indicators which are language dependent and
those which are not.
Indicators of the second type constitute the largest part of the semantic
indicators, like number of propositions per sentence, number of causal
relations in a chain. Also the syntactic and surface type indicators like
word/sentence length belong at least for most languages into this group.
Indicators of the first type are:
•

Word and lemma frequency

•

Negations

•

Deverbal and deadjectival nouns

•

Number of different word readings
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Word and lemma frequency

For all lemmas appearing in some of the texts, their inverse frequency in a
large text corpus was counted. Higher values correspond to worse
readability. If a lemma does not occur at all in the corpus, we assign the
value 1 to it.
The frequency tables are specified in a file, which can be configured for
every language separately.

8.2.2

Negations

We identify negations appearing either in form of special words, like: not,
never, nowhere or in, the case of adjectives, as negation prefixes (like
“un”). Note that in the latter case the negation prefix does not always
invert the meaning. e.g., “unheimlich” (“weird”) is not the contrary of
“heimlich” (“secret”). Furthermore, the identification of a negation prefix
of an adjective can be misleading, e.g., “unterirdisch” does not contain the
negation prefix “un” but instead the prefix “unter”. In both cases the
adjective should not be considered containing a negation.
We solve this problem by using information from our lexicon. Consider a
concept w where its lexical representation starts with a negation prefix n,
i.e., w=nv. v is considered to have a negative meaning if there exists an
antonym relation in our lexicon between w and v.
This approach is easy to transfer to other languages since, besides the
language dependent definition of negation prefixes, we only have to
ensure the lexicon contains all required antonymy relations.

8.2.3

Deverbal and deadjectival nouns

A noun that is derived from a verb is typically more complex than the
underlying verb itself. This indicator is also related to nominal style, which
is (unfortunately) quite frequent in German.
Examples: “discussion” (from “to discuss”), “nominalization”
“nominalize”, which is itself derived from the noun “noun/Nomen”).

(from

The semantically oriented lexicon HaGenLex contains derivational
information. In case a noun is derived from a verb both concepts are
connected by the semantic relation CHEA (Change: Event to Abstract
Concept). Thus, for this indicator, we just need to test if for a given noun
this relation is present. This approach is easy to transfer to other
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languages. One only has to insert the required semantic relations in the
lexicon of that language.

8.2.4

Number of different word readings

A word can have several different readings, e.g., the German noun
“Raum” can mean either mean room or space. This information is directly
retrieved by the NatLink parser from the lexicon belonging to the specific
language. So no adjustments are needed for DeLite itself.

8.3

Transfer of the NatLink parser to English

One goal of this deliverable was a quantitative study about the following
question: How much work is needed to transfer the DeLite approach from
German to another EU language? The EU language for this feasibility study
was determined to be English (see Description of Work). This section
contains the parser-related part of the feasibility study. Table 7 shows the
estimated time for a transfer to English of the full functionality of the
German parser and the time that was spent already. (We assume 20
person days per month and 240 person days per year.)
As lexicon information is central for the parser, one important part is the
transfer of the lexicon (HaGenLex to HaEnLex10, see Section 8.4). The
grammatical knowledge of the the parser is encoded in WCFs (see Section
8.4), so these are the building blocks that had to be investigated first.
The syntax (and other parts of the language) of English and German are
similar in many areas; this is a well-known fact because both languages
belong to the West Germanic branch of the Indo-European language
family. For this reason, transfer to other Germanic languages like Danish,
Dutch, Norwegian, Swedish would take an amount of work comparable to
the amount for the German-English transfer. For the Indo-European
branch of Romance languages, a separate feasibility study with one of the
more prominent examples (like Spanish, French, Portuguese, or Italian)
would be needed; we expect a somewhat longer transfer for the
syntactical parts, but not for the semantically oriented lexicon.
The following Word Class Functions (WCFs) should be adjusted. (Only part
of this work could be completed in this feasibility study since it was not
the task in WP6 to realize a complete English version of DeLite; therefore
we differentiate between estimated time and spent time wherever
applicable.)

10

HaEnLex is the abbrevation of Hagen English Lexicon
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•

V(erb) (esp. verb group knowledge; particle verbs, which are similar
to German verbs with separable prefixes),

•

N(oun) (esp. compound recognition from separate words)

•

Comma (different use of commas for separating clauses and
sentences)

In addition to WCFs, the syntactic knowledge for English should comprise
a LP (linear precedence) component. Word order in German is much freer
than in English, so that this component must be more elaborated in
English.
The PP interpretation and attachment can be realized by adding
translations to our 300 PP interpretation rules for German. Due to the
semantic orientation, a transfer of about 80% of this important
component took only 2 days. In addition, the parser would profit from
statistical values calculated on corpora annotated with correct PP
attachments and interpretations. At the moment, such statistical data are
only available for the German version of the parser.
Task

Tokenizer

Already
Total
spent
time
(in
needed
days) (in days)
2

20

10

120

Collecting annotations for the coreference resolver
CORUDIS inside the parser

0

30

Integration of an English morphology

5

5

Linear precedence component

0

10

Redesign of the type system needed for typed
feature structures used in the lexicon and in the
parser

5

5

PP interpretation and attachment rules

2

5

PP interpretation and attachment annotations

0

30

100

480

Flat lexicon as a fall-back

2

10

Transfer of name lexicons

5

40

WCFs

Lexicon construction

Table 7: Estimated time needed and already spent for a transfer of the parser to English.
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A prototype of the English NatLink parser was evaluated on the newspaper
corpus used in the Cross-language Evaluation Forum (CLEF) campaign.
This corpus contains 56,000 articles from the Glasgow Herald and 110,000
articles from the Los Angeles Times. The parser coverage achieved so far
is about 30% of the German parser. Given the limited amount of time for
this feasibility study, this evaluation shows that a transfer from one
language to another is also doable on the parser level (given it has been
successfully done on the lexicon level as described in the following
section).

8.4

English lexicon

The NatLink parser relies to a large degree on information provided by the
underlying lexicon. The lexical specifications used by the parser include
distinctions between different word senses, i.e., the different concepts
associated with a word, the corresponding ontological sort, and the
syntactic and semantic description of valencies. The full transfer of the
DeLite system to English would thus require to build a reasonably large
lexical resource for English comparable to the German lexicon HaGenLex
in content and coverage.
Building large lexicons with full syntactic and semantic information is a
time-consuming task. In our case, this task has been considerably
simplified and accelerated by the fact that –in a semantically driven
approach- the semantic characterization of a German entry can be
transferred without change to its English translation. The main work flow
for building the English lexicon has therefore been defined as follows:
•

Determine the German translation of the target word (typically
taken from a frequency list) and select the corresponding HaGenLex
entry.

•

Automatically extract the language independent part of that entry,
which consists of the semantic descriptions and also some syntactic
ones, e.g., the word class.

•

Manually add the language specific information to the entry,
especially the syntactic valencies, plus one or more example
sentences.

As a side effect of this procedure, one gets an alignment between
corresponding senses of the German and the English lexicon.
In order to provide technical support for this procedure, the workbench
LIA has been extended by an option that allows the user to extract the
language independent part of a selected German entry and to use the
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resulting skeletal entry as a template for the corresponding entry in the
English lexicon.
At present, the English lexicon contains over 4,000 manually acquired
lexical entries. The amount of work invested to achieve this size, including
the basic set-up of the lexical type and class system and the modification
of the lexicon workbench, sums up to estimated five man months.
In addition to the manual acquisition process, we exploited the
EuroWordNet database to extend the English lexicon semi-automatically.
This approach was made possible by an already existing mapping of
HaGenLex entries to the lexical units of the German EuroWordNet, which
in turn is aligned with the EuroWordNet Inter-Lingual Index (ILI) that is
based on WordNet 1.5. In order to keep the error rate as low as possible,
we restricted this method to nouns with unique sense alignments. We
abstained from acquiring verb entries this way because the valency
transfer is not supported. Altogether, we were able to extend the English
lexicon by about 2,500 entries via this process.
The described lexicon is a deep lexicon because it covers most levels of
lexical description, especially syntax and semantics. For increasing the
coverage of the parser, a so-called flat lexicon is useful. It was constructed
by transforming a large coverage resource (here: WordNet 3.0) to
underspecified lexical entries. Other resources could be used to increase
this flat lexicon in size and depth. And finally, name lexicons are vital for
parsing real-world texts. For German, we employ about 30 manually and
semi-automatically generated name lexicons. For English, some of these
lexicons need to be translated (or employ different transliterations, for
example for Russian person names). In initial experiments, we used
Wikipedia to extract some translations.
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Recommendations

One task of WP6 has been to derive recommendations for inclusion into
the WCAG guidelines [WCAG] regarding the readability and consequently
also the accessibility of texts on the Web. The following recommendations
have been derived on the basis of the human user readability judgements
gathered during the evaluation experiments described in Section 7. Table
8 shows the linguistic phenomena ordered by their weight found in the
robust regression evaluation. Thus, we recommend to judge the
readability by the following criteria for English and German ordered by
their importance according to Table 8. Note that the semantically oriented
indicators are also described in [brueck_hartrumpf2007].
Our study was made with texts of the municipal domain. Other types of
corpora (like newspapers, books or spoken texts) may lead to slightly
different results, since each type of a text corpus shows special linguistic
phenomena. For instance, the texts investigated during the readability
study contained a lot of juridical expressions with long sentence and
compounds words, while only comparatively few pronouns and negations
had been involved.
Indicator

Weight

Quality of the semantic network

0.183

Inverse lemma frequency

0.110

Average sentence length

0.101

Average distance between verb and prefix

0.094

Number of syllables

0.085

(Double) negations

0.051

Word form frequency

0.046

Number of characters per word

0.020

Connections between discourse entities

0.029

Number of reference candidates for a
pronoun

0.021

Number of propositions per sentence

0.018

Average distance between verb and
complement

0.017

Table 8: Indicators ordered according to their weight in the readability formula.
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Morphological indicators

9.1.1

Word Length

The
word
length
is
used
in
([bamberger_vanecek84], [Flesch48]) as
usually either measured in syllables or
generally accepted as being important for

many
readability
formulas
an indicator for readability. It is
in characters. This indicator is
the judgement of readability.

We expect that this indicator has lower weight for English since long
compound nouns usually do not occur there. Therefore, for English, we
propose to stronger weight the number of nouns per NP, which in many
cases corresponds to long compounds in German.

9.2

Lexical indicators

9.2.1

Word form and lemma frequency

The frequency of words is also used in various readability formulas, e.g.,
[flesch48]. This indicator is based on the assumption that words which
appear rarely are more difficult to understand. This indicator also
penalizes misspelled words.
We differentiate between word form and lemma frequency. For the latter a
lemmatization of words appearing in the analyzed text is necessary.

9.3

Syntactic indicators

9.3.1

Quality of the semantic network

The parse quality (including failure or only recognition of chunks) turned
out to be a reliable indicator for readability. The parse can fail because of
syntactic complexity or violation of semantic constraints. Next to sentence
length this indicator had the highest weight in our readability formula.

9.3.2

Average sentence length in words

Almost
all
popular
readability
formulas
(e.g.
[Flesch48],
[bamberger_vanecek84], or [chall_dale95]) use the average sentence
length as an indicator of text readability. In our readability formula this
indicator reaches a total weight of 18% which makes it the most
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important indicator. However, it still has several drawbacks which can be
overcome by using semantic indicators. On the other side, most of the
semantic indicators can only be calculated if the semantic network was
successfully constructed. Thus, this makes them less robust than the
indicator “sentence length”.

9.3.3

Average distance between verb and
complements

A high distance between verb and its complement can degrade readability
too, since the reader has to attach the complements to the far-off verb.
Example: Peter lädt Herrn Meyer, den er gestern in München zufällig in der
U-Bahn getroffen hatte und den er schon lange nicht mehr gesehent
hatte, sowie Petra zum Abendessen ein. (“Peter invites Mr. Meyer, who
he met by chance yesterday in the subway and he did not see for a long
time, as well as Petra for dinner.”)

9.3.4

Average distance between verb and prefix

A high distance between verb and its prefix, which is typical for German,
can degrade readability since this effect makes it difficult for the reader to
bring them together. Note that this effect does not exist in English. Thus,
this indicator can only be calculated for German.
Example: Peter lädt Herrn Müller am Dienstag gegen 18.00 Uhr mit seiner
Frau zum Abendessen ein. (“Pete invites Mr. Müller with his wife at about
six a' clock pm. for dinner.”) Distance: 12 words between lädt and ein.

9.3.5

Clause center embedding depth

A sentence can be quite difficult to understand if a sub-clause is
embedded in the middle of the superior clause, since the reader has to
memorize the superior sentence until it is continued after the termination
of the subordinate clause. Not only human readers consider this as
difficult. Our parser, too, failed in many cases to analyze such sentences
correctly. We observed that a large portion of incomplete parses (indicator
“semantic network quality”, see Section 9.3.1) was caused by deeply
embedded sentences.
Example for this indicator: “Er verließ das Haus, in dem die Frau, die er
liebte, wohnte, sofort”. (“He left the house where the woman he loved
lived immediately”, depth=3).
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Semantic indicators

9.4.1

Number of propositions per sentence

The indicator “sentence length” has several drawbacks. For instance a long
item list: “Anwesend waren Herr Müller, Dr. Peters, Herr Franck, ....” “Mr.
Müller, Dr. Peters, Mr. Franck, ... were present” are usually not difficult to
understand. However this sentence contains only a single proposition.
Thus, the difficulty of this sentence can better be described by the number
of propositions per sentence.

9.4.2

Connections between discourse entities

A sentence is usually more difficult to read if there exist a lot of
interdependencies between the discourse entities.
Example for a sentence with a large number of interdependencies: Bill
sieht Tom, der gestern mit Bills Schwester und ihrer Nichte, die die
Freundin von Bills Bruder ist, in die Kneipe von Toms Kusine gegangen ist.
(“Bill sees Tom who was yesterday, together with Bills sister and her
niece, who is the girlfriend of Bill's brother, in the pub of Tom's cousin”).

9.4.3

(Double) negations

Unnecessary negations should be avoided. Especially double or even triple
negations make a sentence difficult and can usually be simplified.
Example: Tom glaubt nicht, dass Bill nicht denkt, dass der Film nicht sehr
uninteressant war. (“Tom does not think that Bill does not think that the
movie was not very uninteresting.”) This sentence contains four negations
including the negation morpheme “un”.

9.5

Discourse indicators

9.5.1

Number of reference candidates

The antecedent of a pronoun should be uniquely determined. Several
possible antecedent candidates have to be avoided.
Example: “Dr. Peters lädt Herrn Müller zum Essen ein, da heute sein
Geburtstag ist.” (Dr. Peters invites Mr. Müller for dinner since it is his
birthday today.)
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The meaning of this sentence is ambiguous since the pronoun his can
either relate to Mr. Müller or Dr. Peters. Thus, in the case the pronoun
should relate to Dr. Peters, this sentence should better be reformulated to:
Dr. Peters lädt Herrn Müller zum Essen ein, da heute der Geburtstag von
Dr. Peters ist. (“Dr. Peters invites Mr. Müller for dinner since it is Dr.
Peter's birthday today.”)

9.6

Conclusion of the recommendations

For making your text better readable
•

avoid long sentences,

•

use common and short words,

•

make sure that the antecedent of a pronoun is unique,

•

avoid double or triple negations,

•

do not use deeply embedded clauses,

•

keep the number of propositions per sentence small,

•

be cautious that the distance between verb and verb prefix does not
become to large (only for German).
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Conclusion and future work

The main task of the project to develop a semantic-oriented readability
checker has successfully been solved. The evaluation showed that the
deep linguistic readability indicators (mainly semantic and syntactic
indicators) had a total weight of more than 50%. This means that this
type of indicators came out to be more important than ordinary surface
oriented indicators like sentence or word length. Thus, we strongly
assume that measuring deep linguistic indicators and the employment of
syntactico-semantic analysis methods will be an important part of future
readability checkers.
The indicator weights were determined by a robust regression using linear
optimization on ratings of 300 test persons. We alternatively tested a
method based on linear regression. To ensure a high quality of the data,
employed by the machine learning techniques, we applied several
methods to detect and eliminate outliers. By avoiding non-linear
algorithms, which have various convergence problems regarding the
occurrence of several local minima, a high performance of our learning
algorithms could be obtained. Thus the weights and parameters of our
readability function were calculated in less than ten minutes.
Furthermore, several issues for transferring the readability checker DeLite
to other languages than German were investigated. Especially, a prototype
for the English language has been realized and a feasibility study was
performed, giving quantitative estimates with regard to the amount of
work necessary to develop an English version of DeLite on the basis of the
German system.
Future work could also comprise issues like a logical level, which checks
whether the text is logically consistent or whether causal/concessive
clauses are comprehensible from a logical point of view. For that, the
usage of an automatic reasoner will be necessary.
Furthermore the current readability checker is not yet able to make
suggestions for a better formulation of difficult-to-read text passages.
Therefore, Delite should be extended to becoming an authoring tool,
which provides such abilities. This could could be an important step in the
area of text simplification. The principal modules for this task do already
exist, whereas a good generation component is still lacking.
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