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Abstract. Twitter contains a large number of postings related to the
reputation of products and services. Analyzing these data can provide
useful marketing information. Inferring the user class would make it pos-
sible to extract opinions related to each class. In this paper, we propose
a method that treats each user’s posting location for a tweet as a fea-
ture in the analysis of user classes. The proposed method creates clusters
of geotags (obtained from Twitter tags) to identify the locations most
often visited by the target user, which are then used as features. As an
example, we conducted experiments to classify targets based on three
classes: “student,” “working member of society,” and “housewife.” We
obtained an average F-measure of 0.779, which represents an improve-
ment on baseline results.
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1 Introduction

Twitter! is a popular microblogging service that enables its users to read and
write short messages of up to 140 characters. It is now a mainstream social
networking service and is becoming a significant element of social infrastructure.
Because of its ability to reflect the user’s thoughts and actions in real time,
Twitter has attracted much research interest in recent years. For this reason,
identifying user attributes such as gender, age, and occupation could enable
analysts to answer questions such as “What brands are popular among young
female users?” or “Which cars do working members of society prefer?” using
attribute-based trend analysis. Extracting opinions through Twitter would be
less expensive than carrying out traditional questionnaire-based surveys and
would permit real-time assessment.

However, attributes such as gender, age, and occupation are not usually dis-
closed on Twitter. From previous research, only 24.4 % of users disclose their
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Fig. 1. Process of inferring the user class

occupation in their profiles [7]. For this reason, it is difficult to extract opinions
or relate them to the user class as traditional surveys can do. Therefore, some
research projects are focusing on approaches to this problem of inferring user
classes from user profiles [2,12,13].

In recent years, new services such as Google Now? and WebPlaces® have
offered information based on location data. Research projects and approaches are
also beginning to use location information (explained in more detail in Sect. 2.2).
In particular, it has been shown that combining location information with the
content and time of a posting can reveal new insights, enabling the creation of
inference models more accurate than existing methods [4]. In this paper, using
location information from users, we infer the user class by a method that focuses
on differences between posting locations.

Twitter postings reveal user features such as specific gender-related terms
and various posting locations related to the user’s occupation. In this study,
we analyzed the classes of Twitter users by selecting features and designing
an inference model based on machine learning. In one example, inferring the
“housewife” class would offer an opportunity to collect housewives’ opinions
about childcare support. Figure 1 provides an outline of the proposed method.
In this research, we used the following three features to infer user class:

— proportion of the postings for each hour of the day at each location,
— characteristic terms for each class in tweets, and
proportion of the postings for each hour of the day.

These features are described in detail in Sect. 3.

2 https://www.google.com/intl/ja/landing/now/.
3 http://www.webplaces.com/.
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2 Related Work

2.1 Research on Inferring the Classes of Twitter Users

In this research, a feature vector that includes characteristic terms for each class
has been used as an indicator of identity. Cheng et al. [2] extracted terms char-
acteristic of each region and inferred the user’s place of residence with 51.0 %
accuracy. Rao et al. [13] inferred the user’s gender, age, political outlook, and
regional origin using the number of followers, the tweet’s contents, and the
retweet frequency. Preotiuc-Pietro et al. [12] proposed a method for occupa-
tion inference that used general user information, statistics about the tweets
(for example, number of followers or average number of tweets/day), and the
topics of tweets. The nine target occupations were decided using the Standard
Occupational Classification*. An accuracy evaluation was carried out, resulting
in an average accuracy of 52.7 %.

2.2 Research on Tweet Posting Times and Locations

In our research, we focus on how locations visited by the user each day of the
week and each hour of the day lead to differences in target classes. For instance,
users belonging to the “housewife” class are likely to tweet during the daytime
on weekdays near their place of residence, whereas “students” and “working
members of society” rarely do this. By using the proportion of postings per
hour and per day of the week as features, it is possible to make highly accurate
inferences about the user’s class. Gao et al. [4] used time patterns to show that
higher accuracy could be achieved by combining the posting time and day of
the week with the location, when compared with a Markov-process method that
used only location information. Ye et al. [15] analyzed posting times and tweet
content, showing that different topics (for example, “university” or “parties”)
were more likely to be mentioned in particular time slots and on particular days
of the week.

3 Method

3.1 The Number of Postings per Hour for Each Location

First, by clustering geotags attached to tweets, we can extract the locations
frequently visited by a user. The clustering method used in this research is a
density-based spatial clustering algorithm with noise (DBSCAN), as proposed
by Ester et al. [3]. Because DBSCAN is a clustering method based on the density
of data sets, it enables researchers to obtain high-density clusters. DBSCAN has
two parameters, namely MinPts (a threshold for the quantity of data belonging
to a cluster) and Eps (a threshold for distances between data points). In the
clustering procedure, a cluster is considered to be a set of points containing at

4 http://www.bls.gov/soc/.
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Table 1. Example of a location-information API response

Name Category ... | Score
Tokyo midtown Shopping center, mall, commercial complexes | ... | 87.910
Galleria Shopping center, mall, commercial complexes | ... | 87.366
Presse premium Tokyo midtown | Other supermarkets ... | 87.015

least MinPts data points within a radius of Eps. Data not belonging to any
cluster are considered as noise.

We used the following algorithm, which enables the application of DBSCAN
to Twitter geotags and extracts the locations often visited by users.

1. Collect tweets containing geotags posted by a target user.

2. Compute the geographical distances between data points within geotag sets
and perform clustering using DBSCAN.

3. From the extracted clusters, detect those with posting dates spread over 7
days or more and consider them “often visited places”.

The parameter values used for DBSCAN were MinPts = 5 and Eps = 100 m.

Next, we attached labels to the clusters. We used the Yahoo! Open Local Plat-
form location-information application-programmer-interface (API)® provided by
Yahoo! Japan. The location-information API takes latitude and longitude as
required parameters and returns the names of main landmarks and locations in
the area. Several major spots may appear in the response field with scores that
take into consideration the level of importance and scope of influence defined for
each type of location. For instance, an input latitude = 35.66521320007564 and
longitude = 139.7300114513391 (Akasaka 9, Minato-ku, Tokyo) could return the
responses shown in Table 1.

Here, we use “score” and “category” within the responses as location labels.
“Score” indicates the probability of it being the right location. “Category” rep-
resents a category associated with the location, such as “university or graduate
school,” or “shopping center or mall, commercial complexes.” We assign location
labels using the location-information API as follows:

1. Input the center of gravity of the extracted cluster via the API.

2. Consider responses for which the response field “score” is at least 70, with
the “category” of the spot having the highest score becoming the location
label for the cluster.

3. If the maximum value of the response field “score” is less than 70, the location
label for that cluster is set to “none.”

4. For the clusters tagged as “none,” select the cluster with the largest number
of points, and tag it as “around the place of residence.”

5 http://developer.yahoo.co.jp/webapi/map/openlocalplatform /v1/placeinfo.html.
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However, if there are a large number of labels involved, some may best be
treated as noise. Therefore, in Sect. 4.3, we consider in more detail the location
labels to be used. In addition, because often-visited places may vary according
to the time and day of the week, we compute the proportion of postings for each
hour of each day of the week to use as a feature.

3.2 Terms Characterizing Specific Classes that Appear in Tweets

We also consider as features the characteristic terms that appear in tweets from
user groups that pertain to the target class. Characteristic terms used as features
are selected based on mutual information [8], which expresses the mutual depen-
dency between two random variables. The mutual information Iy between
a class and a term is computed using Eq. (1). This method is often used by
researchers for text classification [9,11]. Eq. (1) is applied to all the target classes
and terms appearing in the training data.

N1 N N1 No1 N No1 Nio NNi1o Noo N Noo (1)

Iny =~ log 2 201 1660 2000 1460
M = yleer Tty et N, TN B i N, Ty R i v,

Here, N1, represents the number of Twitter data items that pertain to the
class and contain the term among the totality of items in the training data. N1 is
the number of Twitter data items that do not pertain to the class but do contain
the term in the training data. Ny; represents the number of Twitter data items
that pertain to the class but do not contain the term in the training data. Finally,
Nyo is the number of Twitter data items that do not pertain to the class and
do not contain the term in the training data. Therefore, N1 equals No; + Ni;.
In Eq. (1), a large value indicates an output of terms biased toward the class.
Terms are considered characteristic features of classes when they are ranked in
the top 2,000 in terms of computed mutual information. We use a term’s relative
frequency within the target user’s entire set of tweets as the feature’s value. If
the same term appears for more than one class, the terms chosen as features are
those pertaining to the class with the higher score.

3.3 The Proportion of Tweets per Hour

Finally, we use the time of posting as a feature. We extract the posting time
of all of the target user’s tweets and compute the number of tweets posted for
every hour and every day of the week. However, even in the case of users from
the same class, the number of postings can vary considerably from user to user.
For this reason, we consider as a feature the proportion of postings rather than
the actual number of postings per hour.

4 Classes for Inference and Feature Selection

4.1 Selecting Classes for Inference

In selecting classes for inference, we manually labeled the occupations for 600
accounts selected randomly from the data obtained by Twitter crawling. In cases
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where it was difficult to determine a user’s occupation from the user profile, we
referred to past tweets before choosing labels. The “student” class was identified
as representing users who go to school in the daytime on weekdays. The “working
member of society” class involved full-time employees who travel to companies in
the daytime on weekdays. The “housewife” class comprised married and female
users. The “company/group” class represented groups who used their accounts
for advertising. For accounts that only retweet postings or post about specific
hobbies, we considered the occupation “unknown.” In addition, because rela-
tively few accounts were labeled “no occupation” or “part-time worker,” we
classified them as “others,” together with those considered as “unknown.” In
cases where the user might belong to multiple classes, we prioritized “work-
ing member of society”, “housewife”, “student”, and other classes in that order
(to best suit marketing applications). In this experiment, no users belonged to
multiple classes.

These results are shown in Table2. Based on this table, as an example of
inferring user classes from posting locations, we analyzed the following three
classes, “student,” “working member of society,” and “housewife” (close to 80 %
of accounts). Because accounts owned by companies or groups rarely contained
tweets with geotags and did not represent individual users, these were eliminated
from the target classes.

Table 2. Proportions of manually labeled “occupations”

Class Proportion
Student 0.502
Working member of society | 0.290
Company /group 0.108
Housewife 0.032
Twitter bot 0.017
Others 0.051

4.2 Selecting Location Labels

To obtain the number of postings per location, we identified location labels. For
the 300 accounts that posted at least 200 geotags, we clustered the geotags using
the method described in Sect. 3.1 and input the center of gravity of each cluster
into the location-information API. Table 3 shows the top 15 location categories
obtained.

In Table 3, because “None” indicates that no location has been identified,
this cannot be used as a feature. Instead, the cluster with the largest number
of postings classified as “none” was reassigned the location label “around the



Twitter User Classification with Posting Locations 303

Table 3. Location categories obtained from the location-information API

Category Proportion
None 0.331
Other supermarkets 0.046
Shopping centers, malls, commercial complexes | 0.044
Hotels 0.028
Bookstores 0.025
McDonald’s 0.023
Drugstores 0.022
Other casual restaurants 0.020
Stations (JR local lines) 0.019
Stations (other lines) 0.019
Universities and graduate schools 0.015
Elementary schools 0.015
Family Mart 0.017
Lawson 0.014
Seven-Eleven 0.013

place of residence,” and this was used as a feature. The location label “elemen-
tary schools” and those involving convenience stores, such as “Family Mart,”
“Lawson,” and “Seven-Eleven,” were eliminated because there are branches all
over the country, which could lead to an incorrect analysis of locations near the
clusters adopted. Another observation is that “station” may refer to “subway sta-
tion,” “Japan Railway (JR) station,” or “other railway-company station.” All of
these categories were grouped together under the “stations” label. In the same
way, “McDonald’s” and “other casual restaurants” were merged. Finally, the cat-
egories “high school” and “junior high school” were merged with “universities
and graduate schools” under a general “school” label. To summarize the above
procedure, we adopted nine location labels, namely “around the place of resi-
dence,” “other supermarkets,” “shopping centers, malls, commercial complexes,”
“hotels,” “bookstores,” “drugstores,” “other casual restaurants,” “stations,” and
“schools.”

4.3 The Selection of Characteristic Terms

We carried out an experiment to select the features of terms to characterize
a class (as explained in Sect.3.2). To select the characteristic terms, we col-
lected 100 Twitter users for each class. To determine the user’s class, we checked
the user profile, where “20-year-old student”, for example, would identify the
“student” class. This group comprised 300 users whose tweets were then used
as training data. We performed a morphological analysis of the training data
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tweets, using MeCab [6]. Japanese is an agglutinative language that should be
analyzed using a word segmentation tool. MeCab is an open-source morphologi-
cal analysis tool for segmenting words. We also computed the mutual information
per class for all of the terms that appeared in the training data. The top 2,000
terms for each class (6,000 terms in total) were used to make a feature vector.
Table 4 presents examples of the characteristic terms for each class.

Table 4. Examples of the characteristic terms associated with classes

Student Working member of society | Housewife
Post News Good morning
NAVER?® “Konkatsu”P® Son

Curation Net Happiness
Pokemon Activity Husband
Japanese “sake” | Working member of society | My family

# http://matome.naver.jp/
b Search for a marriage partner

5 User Class Inference Using the Posting Location

5.1 Objective

To investigate the validity of inferring three classes (“student,” “working mem-
ber of society,” and “housewife”) from the posting location, we compared them
against a baseline method. The proposed method used a combined vector that
contained the proportion of postings for each hour and the location as features,
together with a baseline feature vector. The number of dimensions of the vector
in the proposed method was 24 (per hour) x 7 (per day) x 9 (the number of
the location categories) = 1,512 dimensions. The baseline comprised a combined
vector containing terms that characterize each class, and a vector containing the
proportion of postings for each hour. The number of dimensions of the vector in
the baseline was 24 (per hour) x 7 (per day) = 168 dimensions. The difference
between the proposed method and the baseline is therefore only the addition
of location information. In previous research [10,14], characteristic terms that
infer gender or age have been used as features of the baseline. In contrast, we
conducted additional research to infer the user occupation. The day of the week
and time of the posting are important data for inferring user occupation because
posting time and occupation are closely related. Therefore, the features of the
day of the week and time of the posting were added to the baseline.

Based on the results of these experiments, we investigated the locations and
times biased toward specific classes and considered them as new features to
improve accuracy.
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5.2 Data and Methods

The experimental data involved all tweets in Japanese posted during a 1-year
period (from July 22, 2014 through July 21, 2015) from users with a Japanese
geotag who had posted at least 200 tweets (as well as their own tweets). Twitter
streaming APIs® were used for data collection. Users with the terms “student,”
“working member of society,” and “housewife” in their profiles were extracted,
and 200 users for each class (600 users in total) were selected as sources of
experimental data. We checked that the accounts used for this data did not
overlap with those used for the analysis in Sect. 4.3. Their classes were manually
confirmed. Users without clusters of frequently visited places and those involving
50 clusters or more were removed as representing noise.

We used the accuracy, precision, recall, and F-measure of each class in the
evaluation. The assessment was based on a tenfold cross-validation. Support-
vector-machine (SVM) and random-forest models were used for classification
because they had been used in previous research [1,16] as high-performance
classifiers. In this experiment, we used a multilabel classification function for
both classifiers. LIBSVM” and scikit-learn® were used in our implementation.
LIBSVM and scikit-learn are open source machine learning libraries. Because
the results of the random-forest model can vary because of the random sampling
of initial values, a tenfold cross-validation was carried out, and the average value
was used in the evaluation.

5.3 Results

Experimental results for the classifiers are shown in Tables5 and 6. An improve-
ment was found in the precision, recall, F-measure, and accuracy of each class
using the SVM model. In comparing the classifiers, the SVM model obtained
higher inference accuracy than the random-forest model.

5.4 Discussion

Based on the results obtained, and analyzing the cases of incorrect class infer-
ence, examples were found where the location used for inference was incorrect.
Particularly in cases where the registered location was not near the center of
gravity of the adopted cluster, the location inference could fail. For instance, if
there is a school nearby, the location “school” may be incorrectly assigned to
tweets that happened to be posted outside a school. Short phrases such as “good
morning” and “good night” were often found in postings made by incorrectly
classified users. There were many tweets that used the Swarm? check-in function.
Such tweets and comments contain only information related to the current loca-
tion or place, such as “I'm in Shinjuku Station in Shinjuku-ku, Tokyo.” Users

5 https://dev.twitter.com /streaming/overview.
" https://www.csie.ntu.edu.tw/~cjlin/libsvm/.
8 http://scikit-learn.org/stable/.
9 https://www.swarmapp.com/.
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Table 5. Inference accuracy based on the SVM model

Method Class Precision | Recall | F-measure | F-measure average | Accuracy
Proposed Student 0.800 0.776 | 0.784 0.768 0.772
method

Working 0.751 0.700 | 0.718

member of

society

Housewife 0.767 0.856 | 0.801
Baseline Student 0.778 0.745 | 0.759 0.750 0.750

Working 0.720 0.688 | 0.701

member of

society

Housewife 0.762 0.832 | 0.791

Table 6. Inference accuracy based on the random-forest model

Method Class Precision | Recall | F-measure | F-measure average | Accuracy
Proposed Student 0.721 0.810 |0.758 0.728 0.732
Method

Working 0.681 0.667 | 0.665

member of

society

Housewife 0.811 0.727 | 0.760
Baseline Student 0.727 0.815 |0.763 0.726 0.730

Working 0.669 0.675 | 0.664

member of

society

Housewife 0.814 0.708 | 0.751

with a large number of such tweets are not well suited to inference methods
involving vectors containing characteristic terms as features, and this may have
reduced the accuracy.

Considering separately the results for the three classes, in the case of “stu-
dent,” improvement was caused by postings within clusters with the loca-
tion label “school,” which did not appear in other classes. Conversely, for the
class “housewife,” the proposed method showed a high F-measure. This can be
explained by the strong relation between the posting location, posting time, and
the terms posted by those with the “housewife” class in comparison with the

Table 7. Correct classes and classes inferred using the proposed method

Working member
Correct classes . .
. Student of society Housewife
Class inferred
Student 160 35 11
Working member of society 30 149 35
Housewife 10 16 154
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Table 8. Posting times and locations exhibiting a tendency toward certain classes,
according to mutual information

Student Working member of Housewife
society

Monday 2 pm, school Thursday 11 pm, Tuesday 5 pm, around
around place of place of residence
residence

Wednesday 3 pm, Tuesday 10 pm, around | Wednesday 11 am,

school place of residence around place of

residence

Tuesday 6 am, around |Monday 11 pm, around | Monday 4 pm, around

place of residence place of residence place of residence

Wednesday 7 am, Sunday 1 am, around | Thursday 3 pm, around

around place of place of residence place of residence

residence

Thursday 12 pm, school | Wednesday 10 pm, Wednesday 10 am,
around place of around place of
residence residence

other classes. Another observation is that the results for “working member of
society” were relatively inaccurate for both the baseline and proposed methods.
Table 7 shows the numbers of correct classes and the numbers of classes inferred
by the proposed method based on the SVM model. The results indicate that the
class “working member of society” was susceptible to incorrect classification as
either “student” or “housewife.” We considered that, because “working member
of society” covers a wide range of ages, it is difficult to find common features
when inferring terms and visited places.

We carried out another experiment to investigate location labels with posting
times for those cases where people in a certain class visited frequently. The data
for the investigation involved 100 different users from those used in previous
experiments. Table 8 shows the five highest mutual-information values relating
to each class and posting time/location.

Within the class “student,” it was found that the label “school,” which does
not appear in other classes, occupies a high rank. In the “working member of
society” case, all location labels were “around place of residence.” Regarding
posting times, it was found that a large number of postings occurred at night.
One possible explanation is that working members of society probably tweet
after they have come home from work. In the case of “housewife,” all of the
location labels were “around place of residence,” as was the case with “working
members of society.” However, one peculiarity was that these tweets were posted
on weekday afternoons (after 12:00 noon), a pattern that was not observed for
the other classes.

Based on these observations, inferences were made by considering a vector
formed by the number of postings in the 100 cases where posting locations and
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Table 9. Classification accuracy after adding features based on posting times and
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locations that exhibit a tendency toward certain classes

Method Class Precision | Recall | F-measure | F-measure average | Accuracy
Proposed Student 0.800 0.798 | 0.792 0.779 0.782
method
(adding
features)
Working 0.760 0.723 | 0.733
member of
society
Housewife 0.783 0.852 | 0.812
Baseline Student 0.778 0.745 | 0.759 0.750 0.750
Working 0.720 0.688 | 0.701
member of
society
Housewife 0.762 0.832 | 0.791

times were most affected by each class. This vector was then merged with the
existing vector for the proposed method. The baseline for comparison used a
combined vector comprising a vector containing characteristic terms for each
class as features and a vector formed by the relative number of posting in each
hourly slot. This is the same as the baseline described in Sect. 5.3. Classification
was carried out using LIBSVM. The results of the additional experiments are
shown in Table9. By adding the vector whose features involve posting times
and locations that are biased toward each class, it was possible to improve the
precision, recall, F-measure, and accuracy.

6 Conclusions

In this paper, experiments were conducted using actual data, and the validity
of the proposed method (using posting locations) was verified. An improvement
was found in the precision, recall, F-measure, and accuracy for each class. How-
ever, for the “working member of society” group, the analysis revealed frequent
misclassification errors, resulting in a relatively low F-measure. We consider that
this was caused by the large variation found within the “working member of soci-
ety” class in terms of age, making it difficult to find common characteristics for
term usage and places visited.

The discussion also included ways to improve the accuracy of location infer-
ence. In future work, we plan to identify the posting location from content with-
out geotags because tweets with geotags are generally rare [2,5]. Specifically, by
using location labels as correct-answer data, we can select characteristic terms
related to specific places as features for inferring the posting location. It will then
be possible to apply the proposed method to users who do not post tweets with
geotags. Finally, we plan to improve the assessment accuracy by considering the
distances between clusters.
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