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Abstract

This paper proposes a new UGC-oriented language
technology application, which we call experience min-
ing. Experience mining aims at automatically col-
lecting instances of personal experiences as well as
opinions from an explosive number of user generated
contents (UGCs) such as weblog and forum posts and
storing them in an experience database with seman-
tically rich indices. After arguing the technical is-
sues of this new task, we focus on the central problem,
factuality analysis, among others and propose a ma-
chine learning-based solution as well as the task def-
inition itself. Our empirical evaluation indicates that
our factuality analysis task is sufficiently well-defined
to achieve a high inter-annotator agreement and our
Factorial CRF-based model considerably outperforms
the baseline. We also present an application system,
which currently stores over 50M experience instances
extracted from 150M Japanese blog posts with seman-
tic indices and is scheduled to start serving as an expe-
rience search engine for unrestricted users in October.

1 Introduction
The explosive spread of communication media on

the Web, such as message forums and weblogs, allows
Web users access to a rapidly increasing and massive
amount personal experiences and opinions — a poten-
tial treasury of wisdom useful for making decisions,
resolving troubles and avoiding problems, if only it
were all indexed by well-organized user-friendly in-
dices enabling users to find easily what they seek.

This potential is rapidly increasing interest in tech-
nologies to extract and analyze automatically personal
opinions from such user generated contents (UGCs)
as customer reviews and weblog posts. Hence, a new
field of natural language processing called sentiment
analysis or opinion mining is appearing [2, 12, 20, 5,
6, 7, 13]. As symbolized by the term sentiment, this
trend of research has been focused on subjective state-
ments such as I like and is fabulous.

Subjective information in sentiment analysis, how-
ever, is only half of the possible harvest from UGCs.
UGCs contain not only subjective material but also a
vast range of factual, objective statements describing
such personal experiences as in (1).

(1) On my way home, I (in a wheelchair) could not
find my way out of Totsuka Station because all the
elevators in the station building stop running at
11pm.

Such information can indicate the concrete and objec-
tive reasons for sentiments or opinions, which are of-
ten crucial for decision making and problem solving.

In light of these newly emerging insights, we have
been developing a language processing technology for
fully automatic extraction of personal experiences as
well as opinions from weblog and message forum
posts, indexing them with semantically organized in-
dices. In this paper, we use the term experience in a
very broad sense that includes holding an opinion as
well as hearing of an experience of others. So, to re-
state, our goal is to:

(a) collect personal experiences relevant to a broad
range of topics including consumer products (au-
tomobiles, cellular phones, etc.), public places
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(tourist sites, hospitals, etc.), social systems (ad-
ministrative services, welfare systems, etc.), and

(b) store them all together in a huge database, called an
experience database, where each experience is rep-
resented as a piece of structured information com-
prising such slots as topic, experiencer, event type,
factuality and source pointer as in (2) below.

(2) a. Topic object: What the experience is about
(e.g. Totsuka Station in the case of example (1)
above)

b. Experiencer: Who experiences (the author of
the text)

c. Event expression: What event is experienced
(could find my way out)

d. Event type: The semantic type (and senti-
ment orientation if applicable) of the experi-
enced event (could find my way out is a posi-
tive/desirable happening)

e. Factuality: Whether the event indeed took
place or not i.e. the temporal and modal sta-
tus of the event (I couldn’t find my way out is
an affirmatively negated past event)

f. Source pointer: A pointer to the source text

The key idea is to index experiences not just by topic
keywords and authorship but by a combination of se-
mantic indices such as event types and factuality. The
event types categorize the main predicate of an expe-
rience into semantic categories such as buying, using
and positive/negative happening. The factuality slot
specifies the temporal and modal status of the event
referred to by the main predicate of an experience,
which indicates, for example, whether the event did
indeed take place in the past or is just a hypothetical
situation. In the above example, the occurrence of a
positive/desirable event is affirmatively negated, from
which we can recognize this experience as something
undesirable, i.e., a trouble.

Once available, a DB of this type offers a wide range
of applications. Semantic indices such as event types
and temporal and modal attributes allow retrieval of,
for example, troubles experienced using a particular
consumer product or complaints and requests regard-
ing a particular local welfare system. Furthermore,
experiences collected from weblog posts, where au-
thorship is identifiable, can also be used to profile an
author (the blogger) and enable retrieval of authors by

such complex queries as those who have not bought a
particular product model while expressing interest in it
or those who had been using a particular service regu-
larly but have recently stopped using it. Such retrieval
possibilities turn the vast amount of UGCs into a valu-
able resource useful in evaluating public services and
social systems as well as for corporate marketing and
risk management.

2 Technical challenges
Our task can be decomposed into the following se-

quence of subtasks:

1. Event mention extraction: Given an input text,
we first identify event mentions which may con-
stitute an experience by simple dictionary look-
up. For this purpose, we build a typologized lexi-
con of expressions of experiences as we briefly de-
scribe below. When a text is given, (1) for exam-
ple, we identify can find (my way out) as a posi-
tive/desirable state and (elevators) stop running as
a negative/undesirable happening.

2. Entity-event relation extraction: For each iden-
tified event mention, we next seek from the local
context an entity about which the event is an ex-
perience (i.e., can be interpreted as an experience).
could not find in (1), for example, can be consid-
ered to be an experience about Totsuka Station but
not home.

3. Factuality analysis: If any appropriate entity men-
tion is found, we then carry out factuality analysis
to identify the factuality status of the event. By do-
ing this, we can distinguish, for example, between
events which actually took place and those merely
surmised or desired by the author.

4. Experiencer identification: Finally, we identify
the experiencer of each experience.

Each of the steps represents an interesting technical
challenge. Entity-event relation extraction and experi-
encer identification have already been addressed in the
context of opinion mining. Entity-event relation ex-
traction is the task of identifying the relation instances
between an evaluative expression and its subject in
opinion mining whereas experiencer identification can
be taken as an extension of the task of identifying opin-
ion holders [8, etc.]. The other two steps, on the other
hand, involve new challenges so far given paid little
attention in opinion mining.



One major issue in event mention extraction is how
to create a lexicon of event expressions with a suffi-
ciently broad coverage. For the event typology, we
currently assume that the following distinctions are
useful for characterizing experiences:

(3) a. Sentiment: Predicative expressions of an emo-
tion or subjective evaluation. Each has an sen-
timent orientation (i.e. positive or negative).
- Emotion: enjoy, disappointed
- Evaluation: tasty, inconvenient
- Reputation: popular, criticised

b. Happening: Predicative expressions referring
to a non-volitional event or state which is re-
lated to the use of a topic object and has a sen-
timent orientation
- General: pass (an exam), get slim, do

(something) on time, cheated, broken, run
out

- Availability: released, (system) go into ef-
fect

- Usability: get used to, prohibited
c. Action: Predicative expressions referring to ex-

periencers’ volitional actions related to the use
of a topic object. Sentiment orientations are not
necessarily involved.
- Buying/Selecting: buy, get, apply to (a so-

cial system), choose
- Using: use, drive (a car)
- Stopping: cancel

Expressions of Emotion, Evaluation and Reputa-
tion can be largely imported from existing senti-
ment lexicons such as SentiWordNet for English and
Kobayashi’s sentiment lexicon [8] for Japanese. For
Action expressions, on the other hand, our preliminary
exploration into weblog posts reveals that most expres-
sions can be covered by a relatively small list of pred-
icates. To obtain those predicates, WordNet-like gen-
eral purpose thesauri can be employed. In contrast to
the above two classes, collecting Happening expres-
sions with sentiment orientation is a new challenge
given their wide variety. While we are currently em-
ploying lexicons such as those automatically acquired
by Takamura et al.[18], we find much room for explo-
ration in this field.

The last, but very important, subtask of experi-
ence mining is factuality analysis. We believe this
task could serve as an important semantic component

across a wide range of language technology applica-
tions. However, it has so far attracted surprisingly little
attention in the literature. One major technical contri-
bution of our present work is that we designed the task
and gave a machine learning-based solution to it as we
describe in the next section.

3 Factuality Analysis
3.1 Aims and background

For each event mention, we want to identify the tem-
poral and modal status of the event entity referred to
by the event mention. Namely, we want to know, for
example:

• whether the event indeed took place, is intended to
take place, or just hypothetical,

• whether the happening of the event is desired by
the author or not, and

• whether the event is a single event, a series of re-
peated events, or a state.

To this end, one might consider adopting a highly for-
mal representation like temporal logic. However, in-
troducing such a logic-based representation would re-
quire extremely sophisticated language understating
and the state-of-the-art technology has not reached that
level.

Previous work on time and modality analysis can be
seen in the context of event extraction. For example,
in the ACE (Automatic Content Extraction) research
program 1, which has been driving the major research
trend in event extraction/reasoning, each event men-
tion is supposed to be annotated with temporal and
modal markers as in (4).

(4) a. TENSE: Past, Present, Future, Unspecified
b. POLARITY: Positive, Negative
c. MODALITY: Asserted, Other

This markup scheme, however, is too simple for our
purpose. For example, ACE has only two labels for
modality, Asserted and Others, while we need more
than five or six distinct labels, as described below.

Another effort we should refer to is TimeML[14],
a specification language for events and temporal ex-
pressions, which annotates event mentions with tense,
aspect, polarity and modality information as in (5).

1http://projects.ldc.upenn.edu/ace/



(5) a. TENSE: Past, Present, Future, None, Infini-
tive, Present-Perfect, Past-Perfect

b. ASPECT: Progressive, Perfective, Perfective-
Progressive, None, Initiation, Culmination,
Termination, Continuation, Reinitiation

c. POLARITY: Positive, Negative
d. MODALITY: must, may, should, would, could
e. S-LINK: Modal, Factive, Counter-factive, Evi-

dential, Negative-evidential, Conditional

While the labels are more fine-grained than those of
ACE, the markup scheme of TimeML is, however,
highly dependent on the syntax of the target language
(currently only English and Chinese) and, more impor-
tantly, is too shallow to capture such factuality infor-
mation as we require. In fact, researchers engaged in
the TimeML project are currently developing a more
semantic-oriented level of representation of factuality
for the purpose of reasoning textual entailment[15].

3.2 Factuality markup scheme
Given this context, we have created a new

markup scheme for annotating event mentions
with factuality information. We annotate each
event mention in a given text with a triplet
〈Event-time, Modality, Modality-time〉.

The Event-time slot represents the tense, aspect and
polarity status of the event in question, consisting of
three sub-slots Past-Present-Future. Each sub-slot
is to be filled with one of the following ASPECT-
POLARITY labels, denoting the aspect and polarity
(negation) information:

(6) ASPECT-POLARITY: Punctual (Pnc), State-
Continuation (StC), Repetition (Rpt), Initiation
(Int), Termination (Trm), Negation (Ngt), Uncom-
mitted (Unc)

where all but Negation and Uncommitted implicitly
denote Positive in terms of polarity. Uncommitted
denotes that the author does not say anything about
whether the event takes place in the corresponding slot
of time. An example is given in (7), where the Event-
time of the event mention using is annotated with Int-
Rpt-Unc.

(7) a. I started using FireFox recently.
b. 〈Int-Rpt-Unc, Affirm, Unc-Pnc-Unc〉

In experience mining, it is often meaningful to distin-
guish between repeatedly happening events and sin-
gle punctual events. For example, corporate marketers

may seek customers who use their product repeatedly;
and troubles which recur may well be more serious
than single occurrence. It is also important to capture
the initiation and termination of a repetitive or contin-
uous event, for this Will enable a search, for example,
those who recently stopped using a particular social
welfare system.

The Modality slot specifies the author’s mental or
communicative attitude toward the event in question.
As a set of possible values of this slot, we have so far
identified the following classes based on several refer-
ence books on Japanese modality [10, etc.]:

(8) MODALITY: Affirm, Infer, Doubt, Hear, Intend,
Ask, Recommend, Hypothesize, Other

For example, while the Modality of the event Using in
(7a) is Affirm, the Modality of the event possess in the
next sentence (9a) is interpreted as Hear.

(9) a. I watched a TV program reporting isoflavone-
rich foods possessed activity against cancer.

b. 〈Unc-StC-Unc, Hear, Pnc-Unc-Unc〉
An important point to note here is that unlike the

modality labels defined in TimeML (see 3.1 above),
our modality labels are defined at the semantic level.
More specifically, in TimeML, each modality label
simply corresponds to an auxiliary verb and each S-
LINK label is also strictly associated with a small set
of modality verbs; for example, Factive is associated
with verbs such as forget and regret. However, on the
other hand, what we want to do in factuality analysis is
to identity the temporal and modal status of each event
mention at a semantic level. For example, in Japanese,
a modality value Doubt may be linguistically realized
by such a verb as utagau (doubt) or an interrogative
particle ka. There is also a range of adverbs and adver-
bial functional expressions that can be used to express
a doubt. Some of them are highly context-dependent
and are thus apparently ambiguous. To make a factual-
ity analysis component applicable to experience min-
ing, we need to handle these phenomena.

3.3 Training factuality analysis models
To automate the above factuality analysis task, we

created a manually annotated corpus and trained a sta-
tistical machine learning-based model.

To create an annotated corpus, we first randomly
sampled from our weblog corpus (see 4.1) sentences
including any one of the three chosen topic keywords
(beverage name, automobile name, shampoo name).



Table 1: The results of the experiments (label accu-
racy)

Model Domain Past Pres Fut Mod
Baseline all .61 .61 .76 .66

SVM beverage .49 .52 .72 .82
SVM automobile .38 .48 .74 .84
SVM shampoo .53 .63 .80 .84

Fact. CRF beverage .66 .61 .90 .83
Fact. CRF automobile .75 .59 .88 .85
Fact. CRF shampoo .68 .58 .90 .85

We then asked two annotators to annotate with factu-
ality tuples all the event mentions included in the sam-
pled sentences. After rehearsing several times, the an-
notators came to exhibit a remarkable agreement on
unseen data — the κ statistics citekappa was 0.68,
where they were considered to agree for an event men-
tion only if all its slots agreed. This figure indicates
that our annotation scheme is reliable enough. We then
re-sampled sentences for the same topic keywords, ob-
taining 2,646 sentences in total, and asked one of the
above two annotators to annotate all 4,417 event men-
tions included in the obtained sentences.

As easily imagined, the distribution of the value of
each slot is highly skewed. Therefore, a simple base-
line is given by choosing the most common values for
each slot (Unc for all the three sub-slots of Event-time
and Assert for Modality). The results are shown in the
baseline of Table 1. The Modality-time slot was ne-
glected in the experiment because its value was Unc-
Pnc-Unc (i.e. the present tense) over 95 percent of the
time.

Our task is now restated as one of determining the
values of the four slots 〈Et1-Et2-Et3, Mdl〉. We have
so far examined two machine learning models.

First, the three Event-time sub-slots Et1, -Et2 and
-Et3 may well be highly dependent on their neigh-
bors. We therefore employed the SVM-HMM algo-
rithm [19] to train an Event-time model so that it could
optimize the labels of those three slots simultaneously
and we used the SVM-Multiclass package [19] to train
a Modality model, which took care of the Modality slot
independently of the Event-time slots.

The second model we examined is more sophis-
ticated. Besides the inter-dependency between the
Event-time slots, each slot may well be dependent also
on the Modality slot. Furthermore, the factuality of an

past future modalitypresent

past future modalitypresent

past future modalitypresent

Figure 1: A graphical model representing the interde-
pendencies between the factuality labels of neighbor-
ing event mentions
event mention is also likely to interact with that of any
neighboring event mentions appearing in the same sen-
tence. Such interdependencies led us to consider the
graphical model illustrated in Figure 1. To train this
mesh model, we employed the state-of-the-art GRMM
toolkit, designed for the paradigm of conditional like-
lihood maximization [17]. This toolkit can deal with
graph structures which include loops as in Figure 1.
Training this type of mesh model on the basis of condi-
tional likelihood maximization is also called Factorial
CRFs (Conditional Random Fields).

The feature set we used for both models in-
cluded bag-of-words features with part-of-speech tags
and lexemes extracted from neighboring base-NP/VP
phrases and from the head phrase of the sentence.

3.4 Empirical evaluation
Finally, we conducted a three-fold cross-validation

using our annotated corpus, where, for each fold, a
model was trained on the data of two of the three do-
mains (beverage, automobile, shampoo) and tested on
the third domain. The results are shown in Table 1.

The tendency we observe from these figures is clear.
First, the SVM-based model did not particularly out-
perform the baseline. This indicates the difficulty of
the task, which is partly due to the skewness of the
labels (i.e., the baseline is already quite high). Sec-
ond, on the other hand, the Factorial CRF-based model
substantially improved the accuracy for all the slots,
which shows the importance of considering the inter-
dependency between neighboring labels in this task.

Our error analysis revealed considerable room for
improvement. Concretely, feature engineering is ex-
pected to be of great help — the present bag-of-words-
based features set is doubtlessly too simple to rep-



resent complex combinations of Japanese auxiliary
verbs and particles. While our factorial CRF-based
model worked well across domains, for practical use,
it would also be effective to extend the training data to
a wide variety of other domains. We are planning to
employ an active learning schema for efficient collec-
tion of informative training data.

4 Two application systems
Employing these components just described, we

have developed two application systems each designed
for distinct purposes. We briefly present each here.

4.1 Experience search for users/consumers
One system is designed for users of topic objects

(consumer products, public places, social systems,
etc.). Given one or more topic objects specified by a
user of the system, the system provides the user with
facilities for browsing bloggers’ experiences related to
those topic objects. Each experience instance is auto-
matically classified into about ten experience classes.
Each experience class is defined in terms of event types
and factuality labels. For example, the experience
class Experienced troubles is defined as a small num-
ber of combinations of event types and factuality labels
including:

(10) a. negative happening and 〈Pnc-Unc-Unc, Af-
firm, Unc-Pnc-Unc〉 and

b. positive happening and 〈Trm-Ngt-Unc, Affirm,
Unc-Pnc-Unc〉.

By this classification, a user of the system can restrict
a search to, for example, only troubles experienced by
the users of a specific topic object in question.

To build the system, we first collected recent one
year worth of Japanese weblog posts, which amounted
to about 150M posts. We next collected a set of po-
tential topic objects from Wikipedia2. From the cat-
egories under the technology, culture and society su-
per categories in Wikipedia, we obtained about 15K
keywords (i.e. topic objects) each corresponding to
a Wikipedia article. To build a lexicon of event
expressions, we (patially) manually checked semi-
automatically collected candidate expressions, obtain-
ing about 60K expressions. A majority of the lexicon
comprised verbal phrases such as ijou-o kanjiru (feel
disorder; negative happening) and nedan-ga agaru
(prices rise; negative happening).

2http://ja.wikipedia.org/

DogoHot Spring
IkahoHot Spring
KurokawaHot Spring

Seemingly goodHaving usedPositive sentimentNegative sentimentExperienced troubles
Major experiencesTopic objects Other related topic objects registered in DB

Troubles
Figure 2: A snapshot of the summary view of the ex-
perience search engine

We next automatically extracted sentence-chunked
texts from the weblog post set, and conducted tok-
enization and POS tagging with ChaSen3 and depen-
dency parsing with CaboCha4. We then carried out
experience mining on the parsed texts and finally ob-
tained over 50M experience instances related to one
of our keywords and stored all of them in a relational
database.

Figure 4 shows a snapshot of the system’s view,
where a summary of the search results for a query
Dogo Onsen (hot spring), Ikaho Onsen and Kurokawa
Onsen, is presented. For each given topic object, the
system presents the number of bloggers who have de-
scribed one or more experiences related to that topic
object, where the bloggers are counted separately for
each experience class. Furthermore, for each experi-
ence class, several major experience expressions are
presented. Given this view, the user can overview the
reported experiences for each topic object and com-
pare them across different topic objects.

By clicking one of the experience classes (e.g. trou-
ble), the user is led to another view, as shown in
Figure 3, and can browse there all the mentions about
troubles experienced during the use of the topic ob-
ject. Characteristic of our system is that it presents
experience-mentions blogger by blogger and ranks
bloggers according to the number of their experience
mentions about the queried topic object. We are as-
suming that the more experienced a person is with a
given topic, the more he/she knows about it and the

3http://chasen-legacy.sourceforge.jp/
4http://chasen.org/ taku/software/cabocha/



Event expression highlightedtroubles experienced by the same bloggerOther types of experiences of this blogger related to the topic object 

Figure 3: A snapshot of the experience view showing
troubles experienced while using iPod
more important his/her mentions about it are. Based
on this assumption, the system also allows a user to
browse a blogger’s experiences with a topic object
in chronological order, possibly a clue regarding the
blogger’s background (expert, confederate, etc.).

The system is scheduled to begin serving unre-
stricted users as of October this year at our Web site5.

4.2 Blogger search for marketing research
We also extended the above system by enhancing

the user interface as shown in Figure 4, which demon-
strates how a user can specify complex queries com-
prising event type and factuality configurations. Col-
laborating with a major Internet service provider (the
leading UGC-based marketing research business in
Japan), we designed the user interface and defined the
default set of experience classes based on a marketing
theory [16, 4]: Attention, Interest, Desire, Experience,
Enthusiasm, and Share. Those classes were straight-
forwardly defined in terms of our event types and fac-
tuality labels. Using those notions, a user of the sys-
tem can seek, for example, those who have not bought
a particular product model while expressing interest
in it or those who had been using a particular service
regularly but recently stopped using it.

5 Conclusion
In this paper we have proposed a new UGC-oriented

language technology application called experience
mining. Experience mining aims at automatically col-
lecting instances of personal experiences as well as

5Minna No Keiken (The Experiences of People):
http://minna.naist.jp/

event type factuality tuple
topicdetailed query specification

Figure 4: A snapshot of the system view customized
for corporate marketing research
opinions from an explosive number of UGCs such as
weblog and forum posts and storing them in an experi-
ence database with semantically rich indices. Experi-
ence mining can be regarded as a substantial extension
of opinion mining. Opinion mining has so far tended
to aim at extracting sentiment information mainly from
explicit evaluative or emotional expressions such as
useful (positive) or disturbing (negative) [1, 3, 8, etc.].
On the other hand, experience mining covers all the
descriptions of events that are related to any use of a
wide variety of topic objects including so-called im-
plicit evaluative descriptions.

We have also argued the technical issues of this new
task. Focusing on factuality analysis, we have de-
signed the task anew and given a machine learning-
based solution to it. Our empirical evaluation indicates
that the task is sufficiently well-defined to achieve a
high inter-annotator agreement, and our factorial CRF-
based model considerably outperforms the baseline.
Furthermore, our technology will also benefit other
types of applications. In the biomedical domain, for
example, recognizing the factuality of each event men-
tioned in research papers is crucial, though very few
researchers have addressed this issue [21, 9, 11].

We have also presented an application system,
which currently stores over 50M experience instances
with semantic indices — scheduled to start this Oc-
tober as an experience search engine for unrestricted
users. Although we empirically evaluated the factual-
ity analysis component, the experience search system
as a whole is still to be evaluated from various angles,
such as accuracy, utility and usability. An extrinsic



evaluation of the whole system is included in our fu-
ture work.
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