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Abstract. In text classification the amount and quality of training data
is crucial for the performance of the classifier. The generation of training
data is done by human labelers - a tedious and time-consuming work. We
propose to use condensed representations of text documents instead of
the full-text document to reduce the labeling time for single documents.
These condensed representations are key sentences and key phrases and
can be generated in a fully unsupervised way. The key phrases are presented in a layout similar to a tag cloud. In a user study with 37 participants we evaluated whether document labeling with these condensed
representations can be done faster and equally accurate by the human
labelers. Our evaluation shows that the users labeled word clouds twice
as fast but as accurately as full-text documents. While further investigations for different classification tasks are necessary, this insight could
potentially reduce costs for the labeling process of text documents.
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Introduction

Text classification is a common task in data mining and knowledge discovery;
applications include document organization and hierarchical classification of web
pages [14]. Text classification is supervised learning, i.e., the classifiers is built
on the basis of a training data set. The training data consists of data items and
one or more category labels for each of the data items. In general, the quality
and amount of training data has great influence on the performance of the final
classifier [4]. The generation of training data is usually done manually by domain experts. This means, the data items are presented to domain experts, who
manually assign class labels for each item - an repetitive, time consuming work.
Approaches to reduce the overall labeling time can be grouped into approaches
to reduce the amount of necessary training data and approaches to reduce the
time for labeling a single training data item. The former include active learning [16] and semi-supervised learning strategies [20]; an example of the latter is
the “labeled feature approach” [3].

In the work presented here we follow the second route by reducing the time
required to label single training items for text classification. The assumption
is that the information the user needs to identify the category is hidden in
some key parts of the document. Conversely most parts of the document can be
considered as irrelevant, they do either not contribute information for the task
of finding the correct category or even distract the user from identifying the
correct category. Especially for long documents, the cognitive effort for filtering
irrelevant information is high. The idea of this paper is to perform this filtering
of irrelevant information automatically. We develop compressed representations
of text documents and investigate whether these representations are appropriate
for identifying the categories accurately, but with reduced time efforts. More
specifically, we use key sentences and key phrases as compressed representations,
both of which can be automatically extracted from text documents using the
TextRank algorithm [11]. The extracted key phrases are presented as a cloud
similar to a tag cloud using a special layout for the key words.
We perform a user evaluation to investigate whether the developed representations (key sentences and key phrases) reduce the labeling time for a single
document while guaranteeing that the category is still identifiable. We compare
these representations to the baseline of text documents represented as full-text.
From our user evaluation we conclude that labeling key phrases is twice as
fast as labeling full-text documents while the accuracy remains the same.
The remainder of this paper is structured as follows: Section 2 discusses
related work for minimizing annotation time, text summarization, and keyword
layout. Section 3 explains the algorithms for extracting key sentences and phrases
as well as the cloud layout for the key phrases. Section 4 and 5 describe the user
evaluation followed by a discussion of the results in section 6.

2

Related Work

In the field of Machine learning, active learning is the most prominent approach
to reduce the overall number of required training data [16]. In active learning the learning algorithm itself selects the most beneficial unlabeled item and
updates its classification hypothesis using the label provided by the user [16].
Active learning aims at minimizing the number of training samples to be labeled
and thus reducing the overall labeling time. However there is evidence, that (i)
sequential active learning may increase the number of required training samples [13], (ii) batch-mode active learning may also require more training samples
than random sampling. Furthermore, Tomanek & Olsen [18] found out in their
web survey that some experts in the natural language processing community
do not trust active learning to work. The research of Baldridge & Palmer [2]
showed that whether active learning works can depend on the experience level
of the annotator. In their experiments, expert annotators performed best with
uncertainty-based active learning, while non-expert annotators achieved better
results using random sampling.

While active learning minimizes the number of training documents, our goal
is to minimize the time the user needs for identifying the category of a single
document. Thus, active learning and our condensed text representations can be
easily combined. Another work for minimizing the time required for labeling
single items was done by Druck et al. [3]. The authors showed that using labeled
features, i.e. single words, instead of labeled text documents resulted in better
classifier accuracy given limited labeling time. However, their approach is tailored
towards a specific learning algorithm which may not be the algorithm of choice
for a given text classification task. In contrast to their work, our approach is
classifier agnostic, we efficiently generate a set of training documents that can
then be used to train any classification algorithm.
Text Summarization aims at producing a shorter version of the text while
retaining the overall meaning and information content. Gupta and Lehal [7]
present a review for extractive summaries from texts. Extractive summaries are a
selection of meaningful document parts, while abstractive summaries are shorter
rephrasing of the text. We chose to use the TextRank algorithm [11] as it allows
for text summarization on two different levels of granularity by extracting (i)
key sentences and (ii) key phrases.
Also the field of Information Visualization has to offer ideas on alternative
text representations [21]. Most of the visualizations show additional aspects of
the text which are not instantly accessible in full-text representations. The Word
Tree [19] for example, is a application of a keyword-in-context method and visualizes word concordances. In TextArc [12] word frequencies and distributions
of all words in the text are visualized. These visualizations allow to interactively
investigate and explore the texts, but are neither condensing the text nor designed as topical summaries. PhraseNet [9] shows interword relations and may be
considered as a condensed visualization of a text as two occurrences of the same
phrase are collapsed into one node in the graph. True visual text summarizations
are word clouds, such as Wordle [1], or the Document Cards visualization [17].
The latter on also resembles a normal word cloud in absence of tables or images
in the documents. We use a special layout algorithm for displaying our word
cloud [15], which has the following properties: (i) the words are all displayed
horizontally for better readability, (ii) the most important words are in the center of the visualization, (iii) there is no line-by-line alignment of the single words.
We think that this special layout best resembles the nature of the extracted key
phrases: There is a relation between the extracted key phrases because they
originate from the same text, but the nature of the relation is unclear and the
information of the sequence is lost.

3

Methodology

This section presents the methodology to evaluate the effect of different text
representations on manual labeling speed and accuracy.
Figure 1 gives an overview of our methodology. Starting from text documents (on the left) three different paths for generating the three different text
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Fig. 1: Overview of the methodology

representation forms are shown. In this paper we use the word “condition” as a
synonym for the text representation form, because each text representation form
resembles a condition in our user evaluation. The three different conditions are
denoted as F for full-text, S for key sentences (and named entities) and P for key
phrases. In the following subsections the steps to generate the key phrases and
key sentences are explained in detail. The full-text conditions serves as baseline
to which we compare the users’ labeling accuracy.
3.1

Keyword and Key Sentence Extraction

We applied the TextRank algorithm [11] to extract key sentences and key words
from a document. The TextRank algorithm is a graph-based ranking algorithm.
The relevance of a node in the graph is determined by a voting mechanism.
All predecessor nodes vote for a specific node, the score of a node is calculated
from the scores of its predecessors. The final score for all nodes is determined
by iteratively calculating the score for each node until the algorithm converges.
To apply the TextRank algorithm, the documents need to be preprocessed. For
pre-processing we used a standard information extraction pipeline consisting of
the following steps: tokenization, stemming, stop-word removal, part-of-speech
tagging and named entity extraction. The named entities of type “person” were
added to the extracted key phrases and together they represent the key phrase
condition P in the experiments.
TextRank for Key Sentence Extraction: For extracting key sentences the graph
is constructed as follows: One node is created for each sentence. An edge between
two nodes is created if their sentences are similar to each other. The similarity
between two sentences is a function of their overlapping words, for instance the
cosine similarity of the feature vectors of the sentences in a vector-space representation. On this weighted, undirected graph the graph-based ranking algorithm
is applied. After the algorithm has converged, the nodes are sorted according to
their score and the topmost nodes are selected.
TextRank for Keyword Extraction: For extracting keywords the graph is constructed as follows: (i) the text is split into tokens, (ii) part-of-speech tags are
assigned to each token, (iii) for each token or all tokens for a specific part-ofspeech tag a node is created, (iv) a link between two nodes is created if the

words co-occur within a given window. On this unweighted, undirected graph,
the graph-based ranking algorithm is applied. After the algorithm has converged,
the nodes are sorted according to their score and the top T words are taken for
post-processing. In the post-processing step, sequences of adjacent keywords are
collapsed to multi-word keywords also termed key phrases.
3.2

Keyword Layout

The key phrases extracted by the TextRank algorithm may originate from any
location of the source text. Two key phrases may belong to the same sentence
and share the same context but they also may not. Consequently two key phrases
have a relation as they are extracted from the same text but we do not know
(anymore) which type of relation it is. We chose to use a layout for the key
phrases and named entities that reflects this uncertainty in the relations. A
line-by-line (Western reading-direction) layout would indicate either a relation
in reading direction between the words, or none relation at all for people used
to read tag clouds. We chose a layout algorithm from the family of tag layout
algorithms described in [15], where the words are laid out in a circular manner,
starting from the center-of-mass of the visualization boundary. The interesting
property of this layout algorithm for our use case is that words are not aligned
on a line and thus reading line-by-line is not possible. Compared to other words
clouds, such as Wordle [1] the words are still easily readable, because all words
are aligned horizontally.

4

User Evaluation

In the user evaluation we wanted to examine whether the text representation
form (full-text, key sentences, key phrases) had an influence on the correctness of
the labels assigned to the documents and the time required for labeling. Moreover
we wanted to examine the influence of the potential mislabelings on different
classifiers. In particular we tested the following hypotheses:
H1 The time required for labeling key phrases or key sentences is significantly
less than for labeling full-text documents
H2 There is no difference in the number of correct labels between key phrases,
key sentences and full-text.
H3 There is no difference in classifier accuracy when using labels generated in
the key phrases, key sentences or full-text condition.
4.1

Design

We used a within-subjects design. The independent variable is the text representation form with three different levels (full-text F , key sentences S and key
phrases P). We measured task completion time and correctness of the task (dependent variables). The task completion time is measured as the time difference

time
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Fig. 2: Overview of the evaluation procedure, I abbreviates an Introduction step,
F (full-text), S (key sentences), and P (key phrases) denote the different conditions.

between the user first seeing the document and finishing the assignment for this
document. Correctness of the task is calculated as the number of correct user
labels by comparing the user labels to the ground truth of the annotated corpus.
4.2

Procedure

Figure 2 gives an overview of the evaluation procedure. For each participant, the
study started with an introduction of the task and with an example document
for each condition. Then the participant had time to ask questions. Thereafter
the participant was asked to fill out a demographic questionnaire. Then, the
three trials on the computer started. The sequence of conditions (F, S and P)
and the documents were randomly chosen from the data set (see section 4.3
for details). For one trial (10 subsequent documents) the presentation form was
the same (e.g., all documents presented as full-text). Each trial started with
an introductory screen. After the participant had clicked the “OK” button, the
measurements started. We measured the task completion time (the time between
the two subsequent clicks on the “OK” button) and collected the labels that the
participants assigned to the presented articles. For each of the three conditions,
we computed the mean value for the completion time and counted the number
of correct labels. Thus, for each participant i, 1 ≤ i ≤ 37 we obtained one single
value for the number of correct labels lic , and completion time tci per condition
c ∈ {F, S, P}.
4.3

Test Material

We used a German news corpus from the Austrian Press Agency consisting of
27570 news articles from the year 2008. The corpus is fully labeled, i.e., each
news article is annotated with one of the five classes ”economy, sports, culture,
politics, science“. The articles are nearly equally distributed over the classes.
The length of the articles varies between 2 and 2720 words, the average length is
247.2 words. We chose the longest articles of the corpus for our experiment, i.e.
the articles longer than the 3rd quantile (> 337 words) without the statistical

Fig. 3: Screen shots of the application for the full-text condition F. Data is
extracted from the German test corpus.

outliers (articles with > 655 words). This leaves 6328 articles for the experiment,
1508 in class ”culture“, 1023 in ”economy“, 1409 in ”politics, 1457 in “science”
and 931 in ”sports“.
For each condition a set of documents is presented to the user, we chose to
take 10 documents per condition. The document set for a condition is denoted as
DF , DS , DP respectively. For a user k the sets are denoted as DkF , DkS , DkP . All
articles in all document sets are distinct, i.e., no users gets a document twice. For
articles in set DS key sentences, for articles in set DP key phrases and named
entities were extracted as described in section 3.1. The key sentences and the
full-text were displayed in a normal text windows (see figure 3 for an full-text
example and figure 4 for key sentences). The key phrases and named entities
were laid out with the tag layout algorithm described in section 3.2. In order to
visually separate key phrases and named entities, the key phrases were colored
black and the named entities were colored blue. An example for a key phrases
representation is shown in figure 5.
4.4

Participants

37 German-speaking volunteers participated in the evaluation, 18 females and 19
males. 23 of the participants were technical professionals while 14 were experts of
other domains. The age of the participants ranged from 25 to 58 years (average
32.5 years).

Fig. 4: Screen shots of the application for the key sentences condition S. Data is
extracted from the German test corpus.

Fig. 5: Screen shots of the application for the key phrases condition F. Data is
extracted from the German test corpus. Named entities are colored blue.

4.5

Environment

The participants were tested in a calm environment without noise distractions or
additional attendees. The task was performed on a Dell Latitude e650 notebook
running Windows XP Professional. The notebook was equipped with an Intel
Core Duo 2.26 GHz and 3 Gb RAM. The display resolution was 1440 x 900
pixels. All users were required to use the USB mouse (and not the touch pad).

5

Results

Table 1 and figure 6 summarize the measures for the number of correctly labeled
examples and the task completion time. Altogether, the users assigned 290 correct labels in the full-text condition, 281 in the key sentences condition and 305
in the key phrases condition. In total 370 documents (10 documents per user,
37 users) were labeled in each condition. In the following sections we describe
in detail how we tested the three hypotheses enumerated at the beginning of
section 4.

Table 1: Overview of labeling time and number of correct labels (out of 10)
for each condition. Values averaged over all users, showing mean and standard
deviation.
correct labels
completion time [s]

5.1

full-text

key sentences

key phrases

7.84 ± 1.24
19.9 ± 13.8

7.59 ± 1.38
10.7 ± 4.4

8.24 ± 1.23
10.4 ± 4.1

Influence on Labeling Accuracy

We tested whether the difference in the correct number of labels reported in
table 1 are significant (Hypothesis H1). The correct number of labels is denoted
as lic for person i and condition c. As can be seen from the histograms of figure 7 the three variables lf , ls and lp seem to be not normally distributed and
thus the precondition for performing ANOVA or paired T-tests is not satisfied.
However, we still tested the variables lf , ls and lp for normal distribution using the Shapiro-Wilks test. All variables are not normally distributed, assuming
α < .05. Therefore, we tested on equal means with Wilcoxon rank sum test for
unpaired samples. The null hypothesis for the test was that the means are equal,
we set α = .05. No difference in the mean values was found between full-text
and key phrases (W = 563,p = .177) and between full-text and key sentences
(W = 754, p = .441). Comparing key sentences to key phrases we found a
significant difference in the mean values (W = 504, p = .46).

(a) correct labels (out of 10)

(b) task completion time in sec

Fig. 6: Box plots for task completion time and number of correct labels averaged
over all users

(a) full-text

(b) key sentences

(c) key phrases

Fig. 7: Histograms of the number of correct labels averaged over all users

Summing up, we found out that users assigned significantly less correct labels
when using the key sentence representation of the documents, but performed
equally well with the full-text representation and the word cloud.
5.2

Influence on Labeling Time

We tested further whether the differences in task completion time reported in
table 1 are significant (Hypothesis H2). The average time for labeling is denoted
as tci for person i and condition c. As can be seen from the histograms of figure 8 the three variables tf , ts and tp seem to be not normally distributed and
thus the precondition for performing ANOVA or paired T-tests is not satisfied.
However, we still tested the variables tf , ts and tp for normal distribution using the Shapiro-Wilks test. All variables are not normally distributed, assuming
α < .05. Therefore, we tested on equal means with Wilcoxon rank sum test for
unpaired samples. The null hypothesis for the test was that the means are equal,

(a) full-text

(b) key sentences

(c) key phrases

Fig. 8: Histograms for the task completion times averaged over all users

we set α = .05. No difference in the mean values was found between the full-text
and key sentences (W = 705, p = .830). On the contrary, we found a significant
difference comparing full-text and key phrases (W = 956, p = .003) and full-text
and key sentences (W = 982, p = .001).
Summing up, we found out that users labeled the items significantly faster
when using the key sentence or the key phrases representation than when using
the full-text representation of the documents.
5.3

Influence on Classifier Accuracy

As reported in section 5.1 we found out that users labeled less accurately when
using the key sentence representation of the text documents. We further wanted
to test, whether this mislabeling would have an influence on classifiers trained
on the erroneous labels (Hypothesis H3). To do so, we created two different
training data sets for each condition, resulting in 6 different training data sets.
Both training sets for one condition contained the documents processes by all
users in this condition, one was extended by the original labels (the ground
truth) and the other one was extended by the user labels. We further created an
evaluation data set of 6000 randomly selected items from the data set. None of
the evaluation items was contained in any of the training data sets. We trained
various classifiers on both training data sets for each condition, and evaluated
the trained classifiers on the evaluation data set. aco denotes the accuracy of
the classifier trained on original labels, acu denotes the accuracy of the classifier
trained on user labels for condition c. We used the following classifiers:
– bagging with decision stumps (denoted Bagging-DT) and AdaBoost with
decision stumps (denoted Adaboost-DT) from the Mallet machine learning
library [10]
– Naive Bayes and Hyperpipes from the WEKA machine learning library [8]
– the LibLinear library [5]
– our own implementations of the k-Nearest Neighbor classifier (denoted KNN10 for k=10, and KNN-20 for k = 20) and the class-feature-centroid classifier [6] (denoted CFC)

Table 2: Classifier accuracy when trained on original labels (ao ) versus trained
on user labels (au )
classifier
KNN-10
Bagging-DT
LibLin
KNN-20
Adaboost-DT
NaiveBayes
CFC, b=2.3
Hyperpipes

full-text
afo
afu
0.76
0.45
0.80
0.75
0.36
0.81
0.78
0.78

0.72
0.45
0.74
0.71
0.41
0.77
0.73
0.72

key sentences key phrases
aso
aso
apo
apu
0.77
0.51
0.80
0.76
0.39
0.78
0.78
0.77

0.73
0.48
0.76
0.73
0.38
0.76
0.73
0.71

0.76
0.47
0.79
0.76
0.33
0.79
0.78
0.77

0.73
0.45
0.74
0.72
0.31
0.76
0.72
0.67

Table 2 reports the accuracy of the classifiers on the evaluation data set.
Not surprisingly, the accuracy of the classifier trained on user labels was lower
in nearly every case than when trained on the original (ground truth) labels.
This is because the ground truth was labeled by domain experts and we did not
explicitly communicate the rules for assignin an article to a specific category.
Thus, for the boundary articles, i.e., news about a politician attending a sports
event, the decision whether the article belongs to category ”sports“ or ”politics”
was subjective. Because all articles were randomly selected and aligned to the
three conditions this effect is likely to occur equally often in all conditions. The
one exception is the Adaboost classifier in the full-text condition. However, this
is also the classifier that performs worst for this classification task.

Table 3: Comparing original labels and user labels: Difference in number of
correct labels and classifier accuracy (mean and standard deviation)
∆correct labels
∆a

full-text

key sentences

key phrases

71
0.034 ± 0.037

80
0.034 ± 0.017

65
0.040 ± 0.022

Table 3 reports the differences in classifier accuracy averaged over all classifiers for the three conditions. When using the user-labels the accuracy decreases
by less than 4% in all conditions. The difference in accuracy for the key phrases
seems to be larger (∆ap = 0.040) than for the sentence and full-text conditions
(∆as = 0.034, ∆af = 0.034). We investigated whether these differences are statistically significant. First we tested the variables ∆af , ∆as and ∆ap for normal
distribution using the Shapiro-Wilks test (α = 0.05). The two variables ∆as and
∆ap follow a normal distribution, but ∆af does not. This means, the precon-

ditions for calculating ANOVA or paired t-Tests was not fulfilled. Therefore we
used the Wilcoxon rank sum test for unpaired samples to compare the mean
values using α = .05. We found no significant difference between any of the
conditions, the test statistics are as follows: full-text vs key phrases W = 39,
p = .462, full-text vs key sentences W = 34, p = .833, key sentences vs key
phrases W = 29, p = .753.
To sum up, we found no influence of the different representation forms on
classifier accuracy.

6

Discussion

In this section we discuss our hypotheses outlined at the beginning of section 4
in the light of the results of the previous section. The evaluation showed that
users can label key words twice as fast but with the same accuracy as full-text
documents. Labeling of key sentences is fast too, but the labeling accuracy is
significantly lower than in the full-text condition. This means we can accept
hypotheses H1: that a compressed representation leads to faster decisions, regardless whether this decision is correct or not. Hypothesis H2 must be rejected,
there is a difference in the number of correct labels when varying the representation form. More specifically, users are most accurate when using full-text
or key phrases, indicating that the TextRank algorithm for keyword extraction
performs well in filtering out information irrelevant for text categorization while
keeping the information required to identify the category. On the contrary, the
labeling accuracy for key sentences is significantly lower, indicating that key sentences are less informative on average, obviously either irrelevant or ambiguous
sentences are extracted. In our experiments we found no influence of this different labeling accuracy on classifier performance confirming hypothesis H3. On
the one hand this might be due to the noise tolerance of the used classifiers and
the practically low amount of noise. In our experiment, it makes no difference for
the classifier whether 65 or 80 out of 370 documents are labeled incorrectly. We
expect this difference to become significant when the number of training items
(and thus the number of mislabeled items) increases.
Summing up, our evaluation shows that: Key phrases are a fast and accurate
representation for document labeling. In fact, users labeled key phrases twice as
fast and as accurately as full-text documents.

7

Conclusion and Future Work

We investigated two different condensed representations of text, key phrases and
key sentences, for the purpose of faster document labeling. Both representation
forms can be generated in a fully automatic way. In a user evaluation we compared the labeling accuracy and time of the users when using these condensed
representations to the baseline, the full-text representation of the texts. Our evaluation shows that the users labeled key phrases twice as fast but as accurately
as full-text documents. This finding points toward a feasible way to decrease the

time and cost for the generation of training data. Word clouds for labeling can
be easily combined with other approaches such as active learning.
Further experiments are necessary to investigate the benefit for other classification tasks. Directions of experiments include: different languages (other than
German), hierarchical and/or multi-label classification problems. Further, the
process of extracting the condensed information (keyword extraction) as well as
the presentation (number of keywords to show, layout algorithm) can be varied. During the user evaluation we got the impression, that different users used
different reading patterns ranging from sequential word-by-word reading to scanning. We plan an eye-tracking study to investigate to which extend the reading
patterns influence the efficiency of the word cloud representation. Following this
direction, an application can then implement a combined or adaptive user interface: the initial representation is the word cloud, once the user feels that the
presented information is insufficient to identify the label she can request the
full-text article.
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