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ABSTRACT

We present preliminary work on classifying blog text ac-
cording to the mood reported by its author during the writ-
ing. Our data consists of a large collection of blog posts
— online diary entries — which include an indication of the
writer’s mood. We obtain modest, but consistent improve-
ments over a baseline; our results show that further increas-
ing the amount of available training data will lead to an
additional increase in accuracy. Additionally, we show that
the classification accuracy, although low, is not substantially
worse than human performance on the same task. Our main
finding is that mood classification is a challenging task using
current text analysis methods.

Categories and Subject Descriptors

H.3 [Information Storage and Retrieval]: H.3.1 Con-
tent Analysis and Indexing
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1. INTRODUCTION

With the increase in the web’s accessibility to the masses in
the last years, the profile of web content is changing. More
and more web pages are authored by non-professionals; part
of this “publishing revolution” is the phenomenon of blogs
(short for web-logs) — personal, highly opinionated journals
publicly available on the internet. The blogspace — the col-
lective term used for the collection of all blogs — consists
of millions of users who maintain an online diary, contain-
ing frequently-updated views and personal remarks about a
range of issues.

The growth in the amount of blogs is accompanied by in-
creasing interest from the research community. Ongoing re-
search in this domain includes a large amount of work on so-
cial network analysis, but also content-related work, e.g., [5,
7). Some of this work is intended to develop technologies for
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organising textual information not just in terms of topical
content, but also in terms of metadata, subjective meaning,
or stylometric aspects. Information needs change with the
type of available information; the increase in the amount
of blogs and similar data drives users to access textual in-
formation in new ways — for example, analyzing consumers’
attitudes for marketing purposes [16].

In this paper, we address the task of classifying blog posts
by mood. That is, given a blog post, we want to predict
the most likely state of mind with which the post was writ-
ten: whether the author was depressed, cheerful, bored, and
so on. As in the vast majority of text classification tasks,
we take a machine learning approach, identifying a set of
features to be used for the learning process.

Mood classification is useful for various applications, such as
assisting behavioral scientists and improving doctor-patient
interaction [8]. In the particular case of blog posts (and
other large amounts of subjective data), it can also enable
new textual access approaches, e.g., filtering search results
by mood, identifying communities, clustering, and so on.
It is a particularly interesting task because it also offers a
number of scientific challenges: first, the large variety in blog
authors creates a myriad of different styles and definitions of
moods; locating features that are consistent across authors is
a complex task. Additionally, the short length of typical blog
entries poses a challenge to classification methods relying
on statistics from a large body of text (these are often used
for text classification). Finally, the large amounts of data
require a scalable, robust method.

The main research questions addressed in this paper are:

e In what way does mood classification in blogs dif-
fer from mood classification in other domains? Many
types of features seem to be good indicators of mood
— which ones are effective in blogs? How complex is
the task to begin with?

e How much data is required for reliable training, and
how many features are required for each instance of
the data? It has been observed that, for NLP tasks,
continuously increasing the training set size improves
results consistently |1]; does this hold in our domain?

Put differently, the paper is largely exploratory in nature,
taking a large collection of blog posts, broad sets of features,
and varying the amount of training data exploited by the



machine learner, evaluating the effect on the classification
accuracy.

The remainder of the paper is organized as follows. In Sec-
tion [2] we survey existing work in affect analysis and related
fields. In Section [3| we describe the collection of blog posts
we use for our experiments. Section [ follows with details
regarding the features we used for the classification process,
dividing them into sets of related features. Our experiments
and results are reported in Section [5) and we conclude in
Section [6l

2. RELATED WORK

Most work on text classification is focused on identifying the
topic of the text, rather than detecting stylistic features [28].
However, stylometric research — in particular, research re-
garding emotion and mood analysis in text — is becoming
more common recently, in part due to the availability of new
sources of subjective information on the web. Read 23| de-
scribes a system for identifying affect in short fiction stories,
using the statistical association level between words in the
text and a set of keywords; the experiments show limited
success rates, but indicate that the method is better than
a naive baseline. We incorporate similar statistical associa-
tion measures in our experiments as one of the feature sets
used (see Section . Rubin et al. investigated discrimi-
nating terms for emotion detection in short texts [24]; the
corpus used in this case is a small-scale collection of on-
line reviews. Holzman and Pottenger report high accuracy
in classifying emotions in online chat conversations by us-
ing the phonemes extracted from a voice-reconstruction of
the conversations [9]; however, the corpus they use is small
and may by biased. Liu et al. present an effective system
for affect classification based on large-scale “common-sense”
knowledge bases [17].

Two important points differentiating our work from exist-
ing work on affect analysis are the domain type and its size.
As far as we are aware there is no published work on com-
putational analysis of affect in blogs; this is an interesting
and challenging domain due to its rising importance and ac-
cessibility in recent years, and the properties that make it
different from other domains (e.g., highly personal, subjec-
tive writing style and the use of non-content features such
as emoticons — see Section .

Closely related areas to mood classification are the fields of
authorship attribution |19} |15] and gender classification |14],
both of which are well-studied. Since these tasks are focused
on identifying attributes that do not change over time and
across different contexts, useful features typically employed
are non-content features (such as the usage of stopwords or
pronouns). In contrast, moods are dynamic and can change
— for the same author — in a relatively short span. This
causes both the features used for mood classification to be
more content-based features, and the documents used for
classification to be different: while authorship attribution
and gender detection work well on long documents such as
journal articles and even books, mood classification should
be focused on short, time-limited documents.

Finally, a large body of work exists in the field of Senti-
ment Analysis. This field addresses the problem of iden-

tifying the semantic polarity (positive vs. negative orien-
tation) of words and longer texts, and has been addressed
both using corpus statistics [31} |6], linguistic tools such as
WordNet [11], and “common-sense” knowledge bases [17].
Typically, methods for sentiment analysis produce lists of
words with polarity values assigned to each of them. These
values can later be aggregated for determining the orien-
tation of longer texts, and have been successfully employed
for applications such as product review analysis and opinion
mining (3} |30} 21} |20} |2} |4].

3. ABLOG CORPUS

We now describe the collection of blog entries we used for
our experiments.

We obtained a corpus of 815494 blog posts from Livejour-
nalﬂ a free weblog service with a large community (sev-
eral millions of users; considered the largest online blogging
community). The web interface used by Livejournal, allow-
ing users to update their blog, includes — in addition to the
input fields for the post text and date — an optional field
indicating the “current mood.” The user can either select
a mood from a predefined list of 132 common moods such
as “amused”, “angry” and so on, or enter free-text. If a
mood is chosen while adding a blog entry, the phrase “cur-
rent mood: X” will appear at the bottom of the entry, where
X is the mood chosen by the user.

One obvious drawback of the mood “annotation” in this
corpus is that it is not provided in a consistent manner;
the blog writers differ greatly from each other, and their
definitions of moods differ accordingly. What may seem to
one person as a frustrated state of mind might appear to
another as a different emotional state — anger, depression,
and so on. Of course, this is also an advantage in a way,
since unlike other corpora, in this case we have direct access
to the writer’s opinion about her state of mind at the time
of writing (rather than an external annotator).

The blog corpus was obtained as follows. First, for each one
of the 132 common moods given by Livejournal as predefined
moods, we used the Yahoo API [32] to get a list of 1000 web
pages containing a Livejournal blog post with that mood.
Since the Livejournal web pages contain multiple blog posts
(up to 20), some of the web pages overlapped; in total, our
list contained 122624 distinct pages, from 37009 different
blogs. We proceeded to download the posts in these pages,
getting in total the 815494 posts mentioned above — 22 posts
per blog, on average. Of these posts, 624905 (77%) included
an indication of the mood; we disregarded all other posts.

As expected, the distribution of different moods within the
posts follows a power law. The number of unique moods in
the corpus is 54487, but 46558 of them appear only once,
and an additional 4279 appear only twice; such moods are
inserted by users in the free-text field rather than chosen
from the predefined list. Table [3| shows the distribution of
the most popular moods in our corpus (percentages are cal-
culated from the total number of posts with moods, rather
than from the total number of posts altogether).
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| Mood [ Occurrences H Mood [ Occurrences H Mood [ Occurrences
amused 24857 (4.0%) || contemplative | 10724 (1.7%) || anxious 7052 (1.1%)
tired 20299 (3.2%) || awake 10121 (1.6%) || exhausted | 6943 (1.1%)
happy 16471 (2.6%) || calm 10052 (1.6%) || crazy 6433 (1.0%)
cheerful 12979 (2.1%) || bouncy 10040 (1.6%) || depressed | 6386 (1.0%)
bored 12757 (2.0%) | chipper 9538 (1.5%) || curious 6330 (1.0%)
accomplished | 12200 (1.9%) || annoyed 8277 (1.3%) || drained 6260 (1.0%)
sleepy 11565 (1.8%) || confused 8160 (1.3%) || sad 6128 (1.0%)
content 11180 (1.8%) | busy 7956 (1.3%) || aggravated | 5967 (1.0%)
excited 11099 (1.8%) || sick 7848 (1.3%) || ecstatic 5965 (1.0%)
Table 1: Frequently occurring moods in our corpus

To ensure a minimal amount of training data for each mood
we attempt to classify, we use only posts for which the mood
is one of the top 40 occurring moods in the entire corpus.
This leaves us with 345014 posts, the total size of which is
366MB (after cleanup and markup removal). The number
of words in the corpus is 69149217 (average of 200 words per
post), while the unique number of words is 596638.

An additional point important to note about our corpus is
that while it contains a large amount of different authors, it
does not constitute a representative sample of adult writers.
In fact, many of the blog maintainers are not even adults:
according to Livejournal, the median age of blog authors is
about 18, so half of the writers are actually teenagers.

4. FEATURE SET

When designing a classification experiment, the most im-
portant decision — more important than the choice of the
learning algorithm itself — is the selection of features to be
used for training the learner. In the case of text classifica-
tion, several feature sets such as word counts are commonly
used; in the blog domain, additional sets of features seem
beneficial. In this section we list the features we used in our
experiments, grouped by “feature family”.

First, we employ “classic” features in text analysis — features
which are used in various types of classification tasks, both
style-related and topic related.

Frequency Counts

Perhaps the most common set of features used for text clas-
sification tasks is information regarding the occurrence of
words, or word n-grams, in the text. The absolute major-
ity of text classification systems treat documents as simple
“bag-of-words” and use the word counts as features [28].
Other measures commonly used as features in text classifiers
are frequencies of Part-of-Speech (POS) tags in the text. In
our experiments, we used both the word counts and the POS
tag counts as features; an additional feature that we used
was the frequencies of word lemmas. Both the POS tags
and the lemmas were acquired with TreeTagger [27].

We have experimented both with single word/POS/lemma
features and with higher-order n-grams; due to time and
space constraints, in this paper we report only on unigram
features.

Length-related

Four features are used to represent the length of a blog post:
the total length in bytes, the number of words in the post,
the average length of a sentence in bytes, and the average
number of words in a sentence. A naive method was used
for sentence splitting, taking standard punctuation marks
as sentence delimiters.

Next, we make use of features that are related to the sub-
jective nature of text in blogs — the fact that they tend to
contain a larger amount of personal, opinionated text than
other domains.

Semantic Orientation Features

Semantic orientation seems like a particularly useful feature
for mood prediction: some moods are clearly “negative” (an-
noyed, frustrated) and some are clearly “positive” (cheerful,
loved); it is anticipated that positive blogs posts will have,
on average, a more positive orientation than negative ones.

In our experiments, we use both the total orientation of a
blog post and the average word orientation in the blog as
features. Since the estimation of word semantic orientation
is highly dependent on the method used for calculating it,
we use two different sources for the word-level orientation
estimation.

The first source is a list of 21885 verbs and nouns, each
assigned with either a positive, negative, or neutral orienta-
tion. The method used for creating this list is described by
Kim and Hovy in [12]. In a nutshell, the method uses the
WordNet distances of a word from a small set of manually-
classified keywords. For calculating the total and average
orientation of a post, we assign a value of +1 to every pos-
itive word and -1 to every negative one, summing (or aver-
aging) the words.

The second source we use is a similar list of 1718 adjec-
tives with their corresponding real-numbered polarity val-
ues, either positive or negative. This list was constructed
using Turney and Littman’s method described in [30]; their
method is based on measuring the co-occurrence of a word
with a small set of manually-classified keywords on the web.

Examples of words with their values in both lists are given
in Table[2] illustrating the occasional disagreement between
the different sources.




Word Kim&Hovy Turney&Littman
pricey Positive -4.99

repetitive Positive -1.63

teenage Negative -1.45

momentary  Negative +0.01

fair Positive +0.02

earnest Positive +1.86

unparalleled Negative +3.67

fortunate Positive +5.72

Table 2: Semantic orientation values of words

Mood PMI-IR

The next set of features we use is based on Pointwise Mutual
Information (PMI, [18]). PMI is a measure of the degree of
association between two terms, and is defined as

PMI(t1,t2) = log %

PMI-IR [29] uses Information Retrieval to estimate the prob-
abilities needed for calculating the PMI using search engine
hitcounts from a very large corpus, namely the web. The
measure thus becomes

o hitcounts(t1&tz)
= "8 hitcounts(¢1) - hitcounts(tz)

PMI-IR(t1,t5)

When estimating the total PMI of a text with a certain
concept, it is common practice to sum the individual PMI
values of all words in the text and the concept [30]. Since
we are classifying text by mood, our “concepts” are all pos-
sible moods, and we would like to measure the association
between words used in the blog entry and various moods.
Thus, we pre-calculated the PMI-IR of the 2694 most fre-
quently occurring words in the corpus with the top 40 occur-
ring mood (for a total of 2694 -40 = 107760 PMI-IR values).
For the search engine hitcounts we used the Yahoo API;
some example PMI-IR values are given in Table |3| (higher
values depict greater association).

Word Mood PMI-IR
nap great -15.51
hugged great -25.61
mirror great -40.23
goodnight  sleepy -22.88
moving sleepy -26.58
install sleepy -28.87
homework content -29.24
homework annoyed -26.04
homework bored -25.52

Table 3: Example PMI-IR values of (word,mood)
pairs

After calculating the PMI-IR values between the frequent
words and the frequent moods, we used 80 additional fea-
tures for each blog post: for each mood of the top 40 moods,
we included two features representing the association of the
post to that mood: the total PMI and the average PMI. The
numerical values of the features are simply the sum of the

normalized PMI-IR values of words contained in the post
(and included in the list of 2694 most frequent words for
which PMI was pre-calculated), and the average of the PMI
values. This approach is somewhat similar to the one used
in [23].

Finally, we turn to features that are unique to online text
such as blogs, as well as email and certain types of web

pages.

Emphasized Words

Historically, written online text such as email was unformat-
ted (that is, raw ASCII was used, without layout modifiers
such as different font sizes, italic text and so on). This
led to alternative methods of text emphasis, including using
all-capitalized words (“I think that’s a GREAT idea”), and
using asterisks or underscores attached to a word on both
sides (“This is *not* what I had in mind”, “Did you bother
_checking_ it before sending??”).

While today most online text has extensive formatting op-
tions, usage of these emphasis methods is still popular, es-
pecially in cases where text is added through a standard
text-box on a web page, containing no formatting options
— the way many blog hosting services provide access to the
blog maintainer.

We use as a feature the frequency of each emphasized word
in a post, as well as the total number of stressed words per
post. The intuition is that since these are words that the
writer chose to emphasize, they may be important indicators
of the written text.

Special Symbols

This set of features captures the usage of two types of special
characters in the blog posts. The first type is punctuation
characters such as ellipsis, exclamation marks, and so forth.
The intuition behind modeling the frequencies of these sym-
bols is that in some cases increased usage of them is ben-
eficial for characterizing specific kinds of text [26]. Indeed,
punctuation marks proved suitable in some text classifica-
tion tasks, such as detecting email spam [25]. We use as
features the frequencies of 15 common special symbols in
each blog post; these include punctuation marks and some
additional non-alphanumeric symbols such as asterisks and
currency signs.

The second type of special symbols we use as feature are
emoticons (emotional icons). Emoticons are sequences of
printable characters which are intended to represent human
emotions or attitudes; often, these are sideways textual rep-
resentations of facial expressions. Examples of such emoti-
cons are :) (representing a smile) and ;) (representing a
wink) — both viewed sideways. Usage of emoticons origi-
nated in email messages and quickly spread to other forms
of online content; it is currently very popular in many do-
mains including blogs. Similarly to the first set of special
symbols, we use the frequencies of 9 popular emoticons in
the blog posts as features.



5. EXPERIMENTAL EVALUATION

In this section we describe the experiments we performed
for classifying the mood of a blog post. We start with an
overview of the classification environment, and follow with a
description of the experiments performed and their results.

5.1 Classification
Setup

For our experiments, we use SVMlight, a support-vector
machine packageﬂ SVMs are popular in text classification
tasks since they scale to the large amount of features often
incurred in this domain [10]; also, they have been shown
to significantly outperform other classifiers for this type of
experiments [33].

Although SVMs can effectively handle large feature spaces,
for efficiency reasons we chose to reduce the number of fea-
tures related to word frequencies in the text. This is a com-
mon practice in text classification tasks, due to the large fea-
ture space; many text classifiers employ methods for Feature
Selection — choosing only some of the features to actually be
used in the learning process.

The intuition behind our feature selection method is that
each mood has a set of words (and similarly, POS tags and
lemmas) that are more characteristic of text associated with
this mood than of other texts. We identify this set of fea-
tures for each mood, then aggregate the separate sets to a
combined feature set of all words which are characteristic of
at least one mood. The identification of the characteristic
set of features per mood is done using standard tests for
comparing frequency distributions, where we compare the
distribution of the words in texts associated with a mood
with the distribution of the words in all other texts, and
similarly for POS tags and word lemmas.

More formally, for each mood m we define two probabil-
ity distributions, ©,, and O, to be the distribution of all
words in texts associated with m and in other texts, respec-
tivelyEI We rank all the words in ©,,, according to their log
likelihood measure [22], as compared with ©z. We then set
as the “set of characteristic features for mood m” the top
N-ranked features. Once we have completed this process for
all moods, we combine all the characteristic sets obtained to
one feature set. In the experiments reported in this paper,
we set N to 50.

Examples of characteristic word n-grams in our corpus for
some moods are given in Table Ek characteristic POS and
lemma features were calculated similarly.

Since the vocabulary of stressed words is substantially smaller
than that of all words, we do not employ any mechanisms

for reducing the amount of features, as we did with the fre-

quencies of words.

Experiments
We performed two sets of experiments. The first set is in-
tended to evaluate the effectiveness of identifying specific,

http://svmlight.joachims.org/
3We describe the process for word features, but it is equiv-
alent for POS tag and word lemma features.

Mood Top words | Top bigrams | Top trigrams
hungry hungry am hungry I am hungry
eat hungry and is finally happened
bread some food I am starving
sauce to eat ask my mother
frustrated | n’t am done I am done
frustrated can not am tired of
frustrating problem is stab stab stab
do to fix I do not
loved love I love I love you
me love you my god oh
valentine love is i love him
her valentines day | love you so

Table 4: Most discriminating word n-grams for some
moods

individual moods in a blog post, and to examine the ef-
fect of changes in the training set size on classification accu-
racy. For each mood we created a training set with randomly
drawn instances from the set of posts associated with that
mood as positive examples, and an equal amount of negative
examples, randomly drawn form all other moods. The test
set we used contained, similarly, an equal amount of random
positive and negative instances, distinct from those used for
training.

For the second set of experiments, we manually partitioned
the moods into two “mood sets” according to some abstrac-
tion, such as “positive moods” vs. “negative moods”. We
then repeated the training and testing phase as done for
the individual mood classification, treating all moods in the
same set as equivalent. The purpose of these experiments
was to test whether combining closely-related moods im-
proves performance, since many of the moods in our corpus
are near-synonyms (e.g., “tired” and “sleepy”).

In the experiments reported in this paper, we use the entire
list of features given above, rather than select subsets of it
and experiment with them separately. This was done due
to space constraints; our ongoing work includes evaluating
the performance gain contributed by each feature subset.

For classifying individual moods, our training set size was
limited to a maximum of a few thousand positive and a
few thousand negative examples, since many moods did not
have large amounts of associated blog posts (see Table .
For classifying the mood sets, we used a larger amount of
training material.

Since both our training and test sets contain the same num-
ber of positive and negative examples, the baseline to all
our experiments is 50% accuracy (achieved by classifying all
examples as positive or all examples as negative).

5.2 Results

Table [5f lists the results of the classification of individual
moods. The test sets contained 400 instances; for the train-
ing sets we used varying amounts, up to 6400 instances; the
table lists the results when training with 1600 instances and
with 6400 instances. The results of the classification of two
mood partitions — active/passive and positive/negative — are
shown in Table [6



Mood Correct Mood Correct
1600 6400 1600 6400
confused 56.00% 65.75% || bored 51.52%  55.25%
curious 60.25% 63.25% || sleepy 44.25%  55.00%
depressed 58.25% 62.50% || crazy 54.00%  55.00%
happy 54.50% 60.75% || blank 56.00%  54.50%
amused 57.75% 60.75% || cheerful 52.50% 54.25%
sick 54.75% 60.25% || anxious 51.75% 54.25%
sad 53.00% 60.25% || aggravated | 52.75% 54.25%
frustrated 57.00% 60.25% || content 50.75%  54.00%
excited 55.50% 59.75% || awake 51.50% 53.75%
ecstatic 54.00% 59.75% || busy 50.75%  53.50%
bouncy 51.00% 59.50% || cold 50.25% 53.25%
thoughtful 52.75% 59.00% || exhausted | 52.50% 52.50%
annoyed 57.00% 59.00% || drained 47.50% 52.25%
loved 57.00% 57.75% || hungry 51.50% 50.75%
blah 53.75% 57.75% || good 48.50%  50.50%
hopeful 51.50% 57.50% || creative 47.75%  50.50%
cranky 55.00% 57.25% || okay 46.75%  49.00%
contemplative | 53.25% 57.00% || calm 44.75%  49.00%
accomplished | 54.75% 55.76%
400 test instances; 1600 and 6400 training instances

Table 5: Classification performance: individual moods

Size of Active/Passive Positive/Negative
training set

800 50.51% 48.03%

1600 50.93% 53.00%

3200 51.50% 51.72%

6400 51.77% 54.92%

20000 53.53% 54.65%

40000 55.26% 57.33%

80000 57.08% 59.67%

Table 6: Classification performance: active vs. pas-
sive moods (size of test set: 65936) and positive vs.
negative moods (size of test set: 55495)

5.3 Discussion

The classification performance on most moods is modest,
with an average of 8% improvement over the 50% baseline
(with 6400 training examples); a few moods exhibit substan-
tially higher improvements, up to 15% improvement over
the baseline, while a small number of moods are performing
equivalently or worse than the baseline. Examining the bet-
ter and worse performing moods, it seems that the better
ones are slightly more concrete and focused than the worse
ones, e.g., “depressed”, “happy” and “sick” compared to
“okay” and “calm”. However, this is not consistent as some
concrete moods show low accuracy (“hungry”) whereas some
of the non-focused moods perform averagely (“blah”): the
reasons for the different behavior on different moods need
to be explored further.

Somewhat surprising, the classification of the aggregated
sets does not seem to be an easier task than classifying a
single mood, despite the substantial increase in the amount
of training examples.

In general, it seems that the classification task is indeed a
complex one, and that methods and features used for other
stylistic analysis — even when augmented with a range of
additional features — do not provide sufficient results. Dis-
appointed by these results, we decided to let humans per-
form the individual mood classification task, and see if this
yields substantially higher performance. For each one of
the 40 most frequent moods, we randomly selected 10 posts
annotated with that mood, and 10 posts annotated with a
random other mood. We then presented these 20 posts to
a human assessor without their accompanying moods; the
assessor was told that exactly 10 out of the 20 posts are of
mood X (the mood was explicitely given), and was asked to
select which ones they are. This process simulates the same
test data used with the machine learning experiments. The
accuracy of the human over these 800 posts was 63%, and
the assessor commented that in many of the cases, it seemed
to him that much less than 10 posts were in fact related to
the given mood, therefore driving him to choose randomly.

Some possible reasons for the low accuracy — both of the
human and the machine — on this task are as follows.

e First, the subjective nature of the “annotation” in
our corpus is problematic due to the large amount of
widely-varying authors in it. Unlike lab-controlled ex-
periments, where annotators follow guidelines and try
to be consistent, our annotated corpus is fairly unsta-
ble.

e Additionally, the nature of the blog posts is problem-
atic for text classification purposes. The average size
of an entry is, as stated earlier, is 200 words; this is
usually not enough to gather meaningful statistics, cre-
ating very sparse training data. Some posts hardly
contain text at all — just a few links or pictures — and
others yet are not even in English.



e Finally, the mood categories themselves — as defined
by the Livejournal interface — are highly subjective;
for any given mood there are lots of different situations
that may bring this mood about, and correspondingly
there could be many different types of blog entries la-
belled with the same mood.

One clear observation is the increasing the size of the train-
ing set affects favorably the performance in the vast major-
ity of the cases, particularly for single-mood classification,
and to a lesser extent also for mood-set classification. We
believe this indicates that our results can still improve by
simply further increasing the training data size.

6. CONCLUSIONS

We presented preliminary experiments in classifying moods
of blog text, using as our corpus a large collection of blog
posts containing the authors’ indication of their state of
mind at the time of writing. We use a variety of features for
the classification process, including content and non-content
features, and some features which are unique to online text
such as blogs. Our results are show a small, if consistent,
improvement over a naive baseline; while the success rates
are relatively low, human performance on this task is not
substantially better.

Going back to our research questions, we witness that mood
classification in blogs is a complex task—for humans as well
as machines—and that the wealth of features available for
the learning process does not ensure high performance. We
do experience, however, a consistent improvement over a
baseline for almost all given moods. Furthermore, our re-
sults indicate that increasing the amount of training data
results in a clear improvement in effectiveness, and that
our experiments did not reach a saturation point in the im-
provement — i.e., further improvement is expected with more
training data.

In the future, we intend to thoroughly analyze which fea-
tures are more beneficial for effective classification, and mod-
ify our feature set accordingly; preliminary investigations
in this direction show that the mood PMIs are prominent
features throughout all moods. In this context, we are ex-
amining the notion of “feature stability” [13] for identifying
important features for style analysis in blogs. Additional di-
rections we intend to explore are the relation between blog
post length and the success in classifying it, and the reasons
for the different performance of the classification process on
different moods. Finally, to increase the level of “annotator
agreement”—the consistency level regarding moods among
bloggers—we intend to reduce the amount of different au-
thors in the corpus, focusing on a relatively small amount
of bloggers, with a large amount of posts each.
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