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Abstract. We present a system to acquire knowledge on the activities of
people engaged in certain occupations. While most of the previous stud-
ies acquire phrases related to the occupation, our system acquires pairs
of a verb and one of its arguments, which we call activities. Our system
acquires activities from sentences written by people engaged in the tar-
get occupations as well as from sentences whose subjects are the target
occupations. Through experiments, we show that the activities collected
from each resource have different characteristics and the system based
on the two resources would perform robustly for various occupations.
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1 Introduction

Knowledge about people engaged in certain occupations is useful in many situa-
tions. For instance, it would be valuable for those who want to become medical
doctors to know that doctors often read academic papers as well as perform
surgery. As another example, e-commerce companies can recommend e-book
readers to news reporters if they know that news reporters frequently take bul-
let trains and read books on the train.

There are several studies on acquiring knowledge about people with certain
attributes (e.g., [11, 1]). These studies aim to extract phrases related to target
attributes. For example, movie and IMAX camera are related to film directors
if there are many sentences like

(1) The film director shot a movie with an IMAX camera.

However, such phrases do not always capture the characteristics of the target
attribute. For example, film directors and actors are both related to movie but
a film director shoots a movie, while an actor appears in a movie. This difference
can be helpful for people looking for occupations related to movie. To capture
such differences, we acquire usual activities related to the occupation, such as
shoot a movie, where an activity is defined as a pair of a verb and one of its
arguments except its subject.
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Fig. 1. Overview of our system.

In this paper, we present a system that acquires activities from two types of
resources. The first type is sentences whose grammatical subjects are occupa-
tional titles. Example (1) is an instance of this type, from which we can extract
shoot a movie and shoot with an IMAX camera as activities of film directors.
This approach is based on the assumption that the grammatical subject of a
sentence mostly denotes the agent of activities described in the sentence. There-
fore, we can acquire activities related to the occupation by this approach. Most
of these activities are, however, typical activities of the occupation, i.e. most of
them are obviously associated with the occupation.

It is also valuable to know activities that are not obviously associated with
the occupation but related to it as well as typical activities for those who are
interested in the target occupations as their future occupation. For example,
the medical doctor is known as an occupation that sees a patient and gives
a diagnosis, but medical doctors often write and submit academic papers as
researchers in their field. However, such activities as submit a paper cannot be
collected from the first type of the sentences, because they rarely appear in these
sentences. Thus, we also extract activities from sentences written in the first
person by people engaged in target occupations, which we regard as the second
type of sentences. If many medical doctors write “I just submitted a paper.”
on their blogs, we can extract submit a paper as an activity of medical doctors.
This approach is based on the assumption that the sentences written in the first
person often contain activities that rarely appear in the first type of sentences.
We assume that activities with different characteristics can be collected by using
both of these two resources.

Figure 1 shows an overview of our system. It consists of a subject-based com-
ponent and an author-based component. The subject-based component collects
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sentences of the first type mentioned above, i.e., sentences whose grammatical
subjects are occupational titles, and extracts activities from them. The author-
based component collects social media users engaged in target occupations and
extracts these users’ own activities from their posts.

2 Related Work

There are several studies on acquiring knowledge about certain attributes.
Bergsma et al. [1] acquired knowledge on the properties of gender by calcu-
lating the pointwise mutual information between a gender and each phrase. Sap
et al. [11] acquired knowledge on the properties of age and gender by using
linear multivariate regression and classification models. These studies, however,
focused on attributes with a limited number of classes, where it is easy to prepare
labeled data and take a supervised approach. On the other hand, the number of
occupations is much larger than that of age or gender and is usually not fixed.
Therefore, it is impractical to prepare labeled data for all occupations in ad-
vance. We thus explore an unsupervised approach to acquire activities related
to an input occupation.

The subject-based component of our system adopts a similar approach to
unsupervised keyphrase extraction. Although most of the existing studies use
various techniques such as language modeling [12] or graph-based ranking [13, 9],
they are basically based on co-occurrence information between the target domain
and keyphrases. We follow these studies in the subject-based component that
uses co-occurrence information between the target occupation and an activity.

Our system also uses an author-based component that leverages social media
text written by people engaged in target occupations. Although this component
extracts authors’ activities by looking for the first person, first person pronouns
are often omitted in social media texts, especially those in Japanese, which is
our focus. Kanouchi et al. [4] addressed a similar problem and built a supervised
classifier to predict subjects for diseases/symptoms mentioned in sentences. On
the other hand, we use several rules to extract authors’ own activities in the first
person sentences to remedy this problem.

Filatova and Prager [2] and Kozareva [7] also extracted activities from text.
Filatova and Prager automatically extracted activities in the documents about
a target person and classified them into occupation-specific or others. Kozareva
acquired activities by which one could answer the question such as “What are the
duties of a medical doctor?” for various entities, including persons, organizations,
and other objects. However, these studies focus on only typical activities such
as see a patient by doctors. On the other hand, we focus on not only typical
activities but also non-typical activities such as submit a paper by doctors, and
thus our target activities are more diverse than those of their studies.

3 Our System

As shown in Figure 1, our system acquires activities of an input occupation by
using a subject-based component and an author-based component.
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Table 1. Notation for frequencies regarding with a target activity and occupation
for calculating the chi-square score. x and y in Nx,y denote a target occupation and
activity, respectively.

Type Description

N1,1 # of times that the target activity is performed
by people with the target occupation

N1,0 # of times that activities other than the target activity
are performed by people with the target occupation

N0,1 # of times that the target activity is performed by people
with occupations other than the target occupation

N0,0 # of times that activities other than the target activity
are performed by people with occupations
other than the target occupation

3.1 Subject-based Component

This component acquires activities from sentences whose grammatical subjects
are occupational titles, because such sentences often contain activities of the
target occupation. For example, both “the doctor sees a patient” and “the doctor
goes overseas” in Figure 1 contain an activity of a medical doctor. Such activities,
however, are not always specific to the target occupation. In Figure 1, while see
a patient is specific to doctors, go overseas is not. Thus, we calculate the chi-
square score χ2 [10] between the activity and the target occupational title to
measure how specific the activity is to the occupation.

Table 1 shows the notation related to frequencies Ni,j for calculating χ2.
For example, N0,1 of a doctor and see a patient denotes the frequency of see a
patient by people other than doctors. χ2 is calculated using Ni,j by the following
equations:

Ei,j =
∑
i′

Ni′,j

∑
j′

Ni,j′/
∑
i′,j′

Ni′,j′ ,

χ2 =
∑
i,j

(Ni,j − Ei,j)
2/Ei,j .

χ2 compares the observed frequency of co-occurrence between the activity and
the target occupation with the expected frequency of co-occurrence when the
activity and target occupation are assumed to be independent of each other. We
consider that one activity is related to the target occupation if its χ2 score is
large.

The process of this component is summarized as follows. It first collects
pairs of a subject and an activity from parse trees. To avoid using incorrect
parts of parse trees, it applies Kawahara and Kurohashi [5]’s method, which
extracts unambiguous parts of the parse tree, and uses only reliable parts. It
then calculates the χ2 score between the input occupation and each activity and
outputs activities with large χ2 scores.
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Table 2. Rules for extracting the authors’ own activities. Only activities that satisfy
these constraints are extracted.

Name Description

Subject The grammatical subject is the first person “I” or omitted.

Object The grammatical object is not the author.

Modification The verb representing the target activity does not modify a noun.

The modality of the sentence is not interrogatory, imperative,
Modality subjunctive, injunctive, or potential; these modalities suggest

that the target activity might not actually be performed.

3.2 Author-based Component

This component acquires activities from social media texts in three steps. Since
most social media posts are about the daily lives of users, we can collect activities
related to the target occupation from their posts.

The component first collects users engaged in the target occupation from the
profiles of social media users. Since some users describe their occupations in their
profiles, we collect users whose profiles contain the target occupation. However,
not all such users are actually engaged in the target occupation. Some users may
mention an occupation that they want to have. Therefore, we use several rules
to filter out users who are actually not engaged in the target occupation. When
the target occupation is doctor, users with profile (2) are collected and users
with profile (3) are not.

(2) I’m a doctor.

(3) My dream: to be a doctor.

Secondly, the component extracts users’ activities from their posts. Since
activities mentioned in users’ posts are not always performed by the author
of the post, we use several rules listed in Table 2 to select the authors’ own
activities1. As a result, the component extracts the underlined activities in (4)
and (5), and filters out the activities in (6), (7) and (8).

(4) I just had dinner.

(5) Arrived at Tokyo.

(6) Call me when you get home.

(7) I saw a running dog.

(8) I should go to hospital.

In these examples, (6) is filtered because the object of call in (6) is the author, (7)
is filtered because “running” in (7) modifies “dog.”, and (8) is filtered because
this sentence implies that “I” actually do not yet “go to hospital.”

1 The author-based component extracts the authors’ own activities with the accuracy
of 65.0% by using our rules. This accuracy does not directly affect the performance
of the system, because specific activities are finally selected on the basis of χ2 scores.



6 M. Matsunagi et al.

Table 3. Populations and accuracies of collecting users engaged in target occupations.
Numbers in bold are less than 100 in population, and accuracies in italic are less than
60%.

Occupation Acc. (Pop.) Occupation Acc. (Pop.)

announcer 69.0% (206) babysitter 84.5% (2,819)
novelist 79.5% (3,186) homemaker 97.0% (23,556)
photographer 85.5% (1,664) lawyer 90.0% (428)
carpenter 54.5% (625) musician 90.5% (694)
cook 66.5% (367) nurse 90.0% (2,819)
counselor 91.5% (618) painter 88.3% (552)
curator 89.6% (91) pharmacist 92.5% (1,030)
detective 11.1% ( 9) pilot 14.0% (290)
nutritionist 84.5% (1,410) civil-servant 80.0% (1,502)
doctor 59.0% (383) singer 60.0% (1,348)
editor 96.5% (1,373) station staff 50.0% (2)
engineer 93.5% (5,843) teacher 71.0% (1,664)
guard 44.5% (1,528) actor 88.5% (239)
beautician 85.5% (3,527) news reporter 94.0% (396)

Lastly, it calculates χ2 scores in the same manner as in the subject-based
component and outputs activities with large χ2 scores as specific to the target
occupation.

4 Experiment

4.1 Experimental Setting

We experimentally applied our system to the well-known occupations that sat-
isfied all of the following constraints.

1. The occupation is registered as a noun in the dictionary of Japanese mor-
phological analyzer JUMAN2.

2. The occupation is listed in the Japanese Wikipedia’s occupation list.
3. The occupational name appears more than 10,000 times in a Japanese Web

corpus consisting of approximate 10 billion sentences.

Table 3 shows 28 occupations that were fed into our system. In the subject-
based component, we used predicate-argument pairs extracted from approx-
imately 6.5 billion parse trees3. In the author-based component, we crawled
Twitter users who tweeted in Japanese in 2013 and their tweets by using Twit-
ter API4. Consequently, we collected approximately 11,287,300 Japanese users.
We finally extracted approximately 32,000 users tied to the target occupations

2 http://nlp.ist.i.kyoto-u.ac.jp/EN/index.php?JUMAN
3 We used predicate-argument pairs provided by Kawahara and Kurohashi. For details

of the method of extracting predicate-argument pairs from a Web corpus, please see
Kawahara and Kurohashi [6].

4 https://dev.twitter.com/overview/documentation



Acquiring Activities of People Engaged in Certain Occupations 7

in the author-based component. We obtained syntactic structures from tweets
by using a Japanese parser KNP [8].

As a preliminary experiment, we checked whether the author-based compo-
nent correctly collected Twitter users engaged in the target occupation. Two hu-
man annotators examined 100 user profiles per occupation5 and judged whether
the automatically estimated occupations matched the occupations that the an-
notators considered the users have according to their profiles. Table 3 shows the
population of collected users and accuracies. Although our author-based compo-
nent failed to accurately collect users in some occupations that rarely appeared
in social media, it collected the users with an accuracy of 80% for 22 occupations
out of the 28 target occupations.

As mentioned in Section ??, we assume that the activities collected from each
resource have different characteristics. We thus conducted an evaluation with a
crowdsourcing service to confirm this assumption. We presented an activity with
a target occupation to the crowd-workers in the Japanese crowdsourcing service
Lancers6, and asked them to judge which of three categories the activity and
occupation match.

1. Obvious: The presented activity is obviously associated with the presented
occupation.

2. Non-obvious: The presented activity is not obviously associated with the
presented occupation, but related to it in some way.

3. Irrelevant: The presented activity is not associated with the presented oc-
cupation.

In order to ensure the quality of the results, we selected only the workers who
correctly answered quality control questions, which were very easy to answer if
workers actually read the questions, such as see a patient by doctors. Each pair
of an activity and an occupation was evaluated by five workers, and the score
was calculated as the number of activities to which at least three out of five
workers answered 1 or 2.

We evaluated occupations that had more than 200 activities in each compo-
nent, because the quality of the acquired activities is not necessarily high if the
number of acquired activities is too small. Both the subject-based and author-
based components were evaluated for 13 out of 28 occupations, and only the
author-based component was evaluated for 11 out of 28 occupations. Neither of
these components were evaluated for remaining four occupations.

4.2 Comparisons of two types of activities

Table 4 shows the scores of each component. The subject-based component had
accuracies of over 65% for 10 out of 13 evaluated occupations, though it failed
in some occupations. In particular, the accuracies of homemakers and teachers

5 Less than 100 users are collected for curator, detective, and station staff. Annotators
examined all users for them.

6 http://www.lancers.jp
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Table 4. Scores of each component. The numbers in second and third columns denote
the number of related activities out of 100 activities. For reference, we also show in the
rightmost column the accuracies of collecting users by the author-based component in
Table 3.

The accuracy of The accuracy of
The accuracy of
user collection

Occupation activities acquisition activities acquisition
(subject-based) (author-based)

announcer 74% 56% 69.0%
novelist 74% 78% 79.5%
photographer 85% 95% 85.5%
cook 91% 48% 66.5%
counselor 75% 53% 91.5%
doctor 66% 19% 59.0%
engineer 78% 84% 93.5%
homemaker 33% 92% 97.0%
lawyer 70% 64% 90.0%
nurse 76% 78% 90.0%
singer 85% 81% 60.0%
teacher 38% 81% 71.0%
news reporter 59% 55% 94.0%
carpenter - 17% 54.5%
nutritionist - 36% 84.5%
editor - 85% 96.5%
guard - 10% 44.5%
beautician - 68% 85.5%
babysitter - 77% 84.5%
musician - 95% 90.5%
painter - 96% 88.3%
pharmacist - 84% 92.5%
civil-servant - 6% 80.0%
actor - 63% 88.5%

Average 69.5% 63.4% -

were lower than 40%. We manually examined the acquired activities of these
occupations and found that the system often contain irrelevant activities that
frequently appeared in advertisements on the Web. Most of these activities, such
as earn with a blog by housemakers, do not match their real lives, and thus the
accuracies for these occupations were low.

In the author-based component, the accuracies of collecting users engaged in
the target occupations were correlated with the accuracies of acquiring activities
in most cases. The component failed to acquire activities related to civil-servants
and nutritionists, though their accuracies for collecting users were high, whose
accuracies were 6% and 36%, respectively, because people with those occupations
hardly wrote posts about their occupational activities. On the other hand, it suc-
cessfully acquired activities related to singers though their accuracy of collecting
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Fig. 2. Comparison of activities acquired by the two components. The x axis denotes
the score of a author-based component, and the y axis denotes the score of a subject-
based component.

users was not high, because they frequently announced the activities related to
their occupations in the social media.

Next, we compared the activities for the 13 occupations, for which the two
components were evaluated. Figure 2 compares the two components’ accuracies
in the scatter plot for 13 occupations. From Figure 2, we can see that both
of the two components acquired activities for 13 occupations with the average
accuracies of approximately 70%. However, the intersection of activities acquired
by each component is very small; the average number of the common activities
in the two components for 13 occupations is only 2.92 out of 100. This fact
suggests that the system can acquire diverse activities by using both of the two
components.

We then turn to the performance for each occupation. We found that the
two components compensated for each other’s weaknesses. For example, the
subject-based component succeeded in acquiring activities of doctors and cooks,
though the author-based component failed for them. Likewise, the author-based
component succeeded in acquiring activities of homemakers and teachers, though
the subject-based component failed for them. As a result, our system achieved
an accuracy of at least 59% for each occupation by one of the components.
Therefore, the system would become robust by combining the two components.
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Table 5. The characteristics of correctly acquired activities. Ntotal is the sum of Nob

(obvious), Nnon-ob (non-obvious), and Nother (other) and it corresponds to the total
score in Figure 2.

Component Ntotal Nob Nnon-ob Nother Nnon-ob / (Nob +Nnon-ob)

Author-based 884 491 344 49 41.2%
Subject-based 904 577 281 46 32.8%

We further investigated the characteristics of the activities that were correctly
acquired by the two components. As described above, we regarded the activities
as correct if they were evaluated as “obvious” or “non-obvious” by at least three
out of five crowd-workers. These activities were classified into the following three
groups on the basis of the breakdown of the evaluation.

1. Obvious: The number of workers who evaluated the activity as “obvious”
is larger than the number of workers who evaluated the activity as “non-
obvious”.

2. Non-obvious: The number of workers who evaluated the activity as “non-
obvious” is larger than the number of workers who evaluated the activity as
“obvious”.

3. Other: The number of workers who evaluated the activity as “non-obvious”
is equal to the number of workers who evaluated the activity as “obvious”.

Table 5 shows the classified result. In this table, Ntotal denotes the total number
of correctly acquired activities, and Nob (obvious), Nnon-ob (non-obvious), and
Nother (other) denote the number of activities the respective groups. The author-
based component acquired more “non-obvious” activities than the subject-based
component did. This difference was significant according to Fisher’s exact test
[3] at a significance level 0.01. This result supports our assumption that the
activities collected from each resource have different characteristics.

We also investigated the relation between χ2 rank and an accuracy. We first
sort activities in descending order of χ2 scores, and calculated the accuracy
of top-N (N = 10, 20, ..., 100) activities. Figure 3 shows the result. From this
figure, we found that the accuracy did not change regardless of χ2 scores for
the subject-based component, while the accuracy decreased monotonically in
accordance with the increase of the activities for the author-based component.
We think it is because the subject-based component occasionally gives high χ2

scores to peculiar activities that were performed by only few people engaged in
the target occupations. These activities often appear as phrases such as those in
book titles and headlines, and thus they appear more frequently than the actual
situations. However, note that when we manually investigated the activities with
quite low χ2 scores in the subject-based component, these activities were hardly
related to the target occupations. Therefore, χ2 score is effective for filtering out
unrelated activities, while it fails to filter out some peculiar activities.
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Fig. 3. The change of accuracies associated with the number of activities.

Table 6. Examples of activities acquired in each component. Numbers in brackets
denote the number of crowd-workers who evaluated the activity as (obvious, non-
obvious, irrelevant), respectively.

Occupation Subject-based Author-based

accept a consultation (3,2,0) write a brief (0,5,0)
lawyer be in charge of the defense (5,0,0) recruit a lawyer (2,2,1)

establish a defense counsel (5,0,0) appear in the office (0,4,1)

deceive a patient (2,1,2) go to an academic meeting (1,4,0)
doctor charge for a treatment (5,0,0) look down (0,1,4)

write a medical certificate (5,0,0) pay tax (0,0,5)

succeed in business (0,0,5) hang out the laundry (5,0,0)
homemaker earn with a blog (1,2,2) prepare a lunch box (5,0,0)

try for pocket money (2,1,2) take a daughter out (3,2,0)

Table 6 shows some examples from our system. The author-based compo-
nent often acquired activities that were related to the target occupation and
performed in the daily life, though it sometimes acquired activities that were
not specific to the target occupation. For example, prepare a brief by lawyers
is related to them and is likely to be performed in their daily lives, while look
down and pay tax by doctors are performed by everyone. On the other hand, the
subject-based component often acquired activities that were frequently men-
tioned by others, though it sometimes acquired peculiar activities that were not
actually performed by the target occupation. For example, accept a consultation
and establish a defense counsel are indeed typical activities of lawyers, while de-
ceive a patient by doctors is actually unlikely to be performed by them. We think
the subject-based component incorrectly acquired deceive a patient because it is
often mentioned in the book titles and headlines as a doctors’ activity.
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5 Conclusion

We presented a system that had two components to acquire knowledge about the
activities of people engaged in certain occupations. The subject-based compo-
nent acquires activities from the sentences whose grammatical subjects are the
target occupational title, while the author-based component acquires activities
from text written by people engaged in the target occupation. In the evaluation
with a crowdsourcing service, the subject-based component and author-based
component acquired activities for 13 occupations with the average accuracies of
69.5% and 68.0%, respectively. As a whole, our system achieved an accuracy of
at least 59% for each occupation by one of the components. We also showed
that the activities acquired with each component have different characteristics.
The author-based component acquired more activities that were not obviously
associated with the occupation but related to it than the subject-based compo-
nent did. For future work, we plan to explore the strategy for combining the two
components that robustly acquires activities for various occupations.
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