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ABSTRACT
Author Profiling is used to predict the demographic characteristics of the authors
like age, gender and location by analyzing their written text. Several researchers
proposed different types of approaches to predict the gender and age of the authors
from different types of corpuses. Few researchers concentrated on location prediction
of the texts. In this work, we concentrated on prediction of the location of the authors.
Most of the existing work in Author Profiling concentrates on extraction of various types
of stylistic features to differentiate the writing style of the text. In this work a profile
specific document weighted model is used to predict the location of the authors. In this
model content based features were used to compute the weights of the documents
specific to each profile group. These document weights were used to represent the
vectors of documents for generating classification model. The obtained results were
good when compared with exiting approaches for location prediction.
Key words: Location Prediction, Author Profiling, Profile specific Document Weighted
model, Term Weight Measure, Document Weight Measure.
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1. INTRODUCTION
The text in the World Wide Web is increasing exponentially day by day mainly through blogs,
reviews, twitter and other social media content. It was very difficult for the information analyst
to analyze the text when the text was uploaded without any details. In this context, the
researchers were looking for a solution to predict the details of the anonymous text. The Author
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Profiling is one such technique, which is used to predict the demographic characteristics of the
authors like gender, location, age, nativity language, educational background and personality
traits of the texts.
The author Profiling techniques were used in different applications such as security, social
media and business. In social media, the users created profiles with false information and they
posted harassing messages and threatening messages to other users. The Author Profiling
techniques were used to predict the correct details of the users by analyzing these harassing and
threatening texts. The terrorist organizations send threatening mails to government agencies to
convey information without specifying their correct details. In this context, Author Profiling is
used to predict the details of the mail like from which country the mail came, the gender and
age group of the person. In business point of view, the business analysts take decisions about
their products by analyzing the reviews of the product given by the users. It was difficult for
analysts when the reviews do not contain any known details. Here, the Author Profiling
techniques were used to predict the gender, age and location of authors of reviews.
This paper is structured in 6 sections. The existing work in Author Profiling for location,
age and gender prediction was described in section 2. The dataset characteristics and evaluation
measures were explained in section 3. The Profile specific Document Weighted model was
explained in section 4. The experimental results of PDW model presented in section 5. This
paper concluded in section 6 with conclusions and future work.

2. LITERATURE REVIEW
In Author Profiling, most of the researchers proposed several types of stylistic features like
word, character, syntactic, structural, readability, content and information retrieval features for
predicting location, age and gender of the authors [1]. The major problem in Author Profiling
approaches were the collection of corpus for experimentation. In Koppel, M. et al. [2], 566
documents were collected from the British National Corpus (BNC). They achieved an accuracy
of 77.3% for gender prediction using 1081 features. Argamon, S. et al. [3] collected a blog posts
of 19320 blog authors. The result of 76.1% accuracy is achieved for gender dimension by using
both content based and stylistic features. It was observed that the style based features were most
useful to discriminate the gender. In another work [4], they achieved better accuracy of 80.1%
using 1502 features of content based and stylistic features on 37478 blogs.
Dominique Estival used [5] a corpus of 9836 e-mails of 1033 authors which contains
English, Spanish, Arabic language e-mails. While predicting native language of authors they
extracted 689 features of word based, character-level and structural features. They used many
classifiers for this analysis but Random forest algorithm gave a overall accuracy of 0.8422.
While predicting the education dimension, the bagging algorithm obtained an accuracy of
0.7998 by using the function words as features. The SMO machine learning algorithm gave an
accuracy of 0.8113 for country dimension by using all features.
Wee-Yong Lim et al., used [6] TFIDF scores of words to find the rare or common words in
the entire corpus. Seifeddine Mechti et al., computed [7] the ranked list of words, then group
these words into classes according to their similarity. The TFIDF measure was used to calculate
the scores of each class for each document to find the stylistic differences between male and
female. Suraj Maharjan et al., used [8] word n-grams as features and TFIDF as the weighting
measure. TFIDF scores of the word n-grams were used to filter the n-grams that were not been
used by at least two authors.
Alonso Palomino-Garibay et al., experimented [9] on tweets corpus and represented each
tweet with a bag of words in a vector space. TFIDF measure was used to assign a value to each
word in a vector. Octavia-Maria S et al., used [10] the combination of type/token ratio and
TFIDF scores of character n-grams. The TFIDF scores were extracted from scikit-learn’s
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TfidfVectorizer(). It was observed that this combination of features obtained good accuracies
for Dutch and Spanish language and also observed that the best TFIDF scores were obtained
for character level n-grams in the range ‘n’ value between 2 to 6.
Dang Duc, P. et al. experimented [11] with 73 Vietnamese bloggers posts of 3524. They
extracted 298 features such as character based and word based features from the blogs corpus.
It was observed that the word based features influence is more for gender prediction when
compared with character based features and the classifier IBK obtained a good accuracy of
83.34% for gender prediction using combination of word and character based features. In
another work [12], the researchers collected 1000 blog posts of Greek language and extracted
300 most frequent n-grams such as word n-grams and character n-grams and standard
stylometric features. In their observation, the accuracy was increased to 82.6% for gender
prediction using Support Vector Machines when longer sequences of character n-grams and
word n-grams were used.
Shlomo Argamon used [13] the corpus of International Corpus of Learner English (ICLE)
which is a culmination of non-native English speakers from various countries and the corpus
was tested to predict the age, gender and native language. He also used essays of 251
psychology undergraduates at the University of Texas at Austin for neurotism prediction. They
considered five sub-corpora namely Russian, Czech Republic, Bulgaria, French and Spanish
from ICLE. They used 258 authors writings from each sub corpus to avoid class imbalance
problems. While predicting the age, gender, nativity language and neurotism they observed that
style based features gave an accuracy of 65.1%, content based features gave an accuracy of
0.823 and both style based and content based features together gave an accuracy of 0.793.
Edson R. D. Weren treated [14] test document as a query and training document set as
search engine space for information retrieval. They used information retrieval features for
gender and age prediction from social media texts. In [15, 16], Edson R. D. Weren experimented
with more number of features on various corpus sets for profile identification including
personality traits of the authors.

3 CORPUS CHARACTERISTICS AND EVALUATION MEASURES
3.1. Corpus Characteristics
The corpus for location prediction was collected from a web site www.tripadvisor.com. The
researchers in Author Profiling faced many problems in collection of reviews. In this work, we
take some special precautions in the collection of corpus. Some of them are, the reviews were
considered which are written in English language only, the reviews were considered who gave
the details of location in their profile and the reviews were considered which contains at least
five sentences. The location corpus contains 4000 hotel reviews of different countries authors.
We collected 400 reviews from each country to balance the corpus countrywide.

3.2. Evaluation Measures
The approaches for Author Profiling used recall, precision, F1-score and accuracy measure to
evaluate the efficiency of their model for predicting demographic characteristics of the authors.
In this work, accuracy measure is used to test the efficiency of our approach for location
prediction. The accuracy is the ratio of the number of reviews correctly predicted their location
to total number of reviews in the test corpus.
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4. PROFILE SPECIFIC DOCUMENT WEIGHTED MODEL
The PDW model for location prediction is depicted in Fig 1.

Figure 1 The Profile specific Document Weighted model for location prediction

The Profile specific Document Weighted (PDW) model was proposed in [17] for document
representation. In this work, The PDW model is used for location prediction. In this model,
{D1, D2 … Dm} is a set of documents in the corpus and {T1, T2… Tn} denotes the set of
vocabulary terms. The hotel reviews corpus for location prediction contains documents of 10
location groups such as AUSTRALIA (AU), BRAZIL (BZ), CHINA (CH), GERMANY (GM),
INDIA (IN), JAPAN (JP), PAKISTAN (PK), RUSSIA (RS), UNITED KINGDOM (UK),
UNITED STATES OF AMERICA (US). TWAUn is the weight of the term Tn in the profile
group of AU. DWAUm is the weight of document Dm in the profile group of AU.
In this model, first collect the corpus carefully. Then, apply preprocessing techniques like
stop word removal stemming to extract interested features from the corpus. Identify most
frequent terms which are occurred at least five times in the corpus. Compute the weights of
these terms specific to all location groups of documents using term weight measure. Document
weights were calculated specific to each location profile group of documents using the terms in
that documents. Document weights were used to generate the vector representations of
documents. Finally, these document vectors were used to generate the classification model
using different machine learning algorithms.
In this model, the choice of term weight measure and document weight measure influence
the accuracy of location prediction.
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4.1. Term Weight Measure
The term weight measures assign suitable weights to the terms by considering different types
of information of terms such as inner-document, intra-class and inter-class distribution of terms.
Inner-document distribution means how many times the term occurred in a document. Intraclass distributions mean how the term is distributed within a specific class of documents. Interclass distribution talks about the distribution of terms across the classes of documents. In this
work, 10 countries corpus was used that means 10 classes of documents were used. In this work,
SUTW measure [18] is used to compute the weights of terms specific to each profile group.
The SUTW measure is represented in equation (1).
W ( ti , p j ) =

m
 tf ( ti , d k )
∑

k =1, d k∈ p j  tf ( ti , p j )
×

log ( d tk )


 0.8 ∗ AVGUT k + 0.2 ∗ UT k  


a ij

×

( aij + b ij )

c ij
( c ij + d ij )

(1)

Where, W(ti, pj) is the weight of the term ti in profile group pj. tf(ti, dk), tf(ti, pj) are the
number of times the term ti occurred in document dk and the documents of profile group pj
respectively. UTk is the number of unique terms in document dk. AVGUTk is the ratio of the
number of unique terms in document dk to total number of terms in document dk. aij, bij are the
number of documents in profile group pj which contain the term and do not contain the term ti
respectively. cij and dij are the number of documents of other than profile group pj which contain
the term and do not contain the term ti respectively.

4.2. Document Weight Measure
The document weight measure is used to compute the weight of the document based on the
terms in a document. In this work, a document weight measure is used proposed in [19]. This
measure considers two factors to calculate the weight of a document. First factor is the weight
of terms within a document and the second factor is the weight of the terms that were computed
by using term weight measure. The document weight measure is represented in equation (2).

W ( dk , pj ) =

∑

TFIDF (ti, dk ) * W ( ti, pj )

ti∈dk ,dk∈ pj

(2)

Where, w(dk, pj) is the weight of document dk in profile group pj. TFIDF (Term Frequency
and Inverse Document Frequency measure) is used to compute the term weight within a
document.
The next section presents the results of PDW model for location prediction using various
classifiers.
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5 EXPERIMENTAL RESULTS
Table 2 The Accuracy of PDW model for location prediction using different Classifiers
Classifiers/
Number of Terms
1000
2000
3000
4000
5000
6000
7000
8000

SL

IBK

LOG

BAG

NBM

RF

60.39
62.41
63.26
63.83
65.51
65.80
67.39
68.47

64.70
65.54
68.36
71.79
71.85
73.20
74.14
75.91

67.07
68.34
70.24
73.12
73.87
75.64
76.25
78.18

70.70
71.54
72.36
73.79
73.85
75.20
76.14
78.27

72.07
73.34
75.24
75.12
76.87
77.64
79.25
80.36

69.82
71.33
73.56
76.21
77.22
79.76
82.48
83.49

By analyzing the corpus of location profile, it was observed that the content based features
like the words they used to write a review differentiates the different countries authors. It was
assumed that, in general the choice of words selected by the users of one country was same to
write a review. With this assumption most frequent 8000 terms as features were extracted from
the corpus. The experiment start with 1000 terms then increased to 8000 terms with an
increasing of 1000 terms in each iteration. We obtained good results for location prediction
when compared with existing approaches of Author Profiling for location prediction. Various
classification algorithms such as Logistic (LOG), Simple Logistic (SL), IBK, Bagging (BAG),
Random Forest (RF) and Naïve Bayes Multinomial (NBM) were used to generate the
classification model.
The accuracies of location prediction in PDW model using term weight measures are shown
in Table 2. The Random Forest classifier obtained highest accuracy of 83.49 for location
prediction when compared with all other classifiers. The Naïve Bayes Multinomial classifier
obtained an accuracy of 80.36% for location prediction. It was observed that in all classifiers
the accuracies of location prediction was increased when the number of terms increases.

6 CONCLUSIONS
In this work, a Profile specific Document Weighted model is used to predict the location profile
of the authors from hotel reviews corpus. The Random Forest classifier obtained highest
accuracy of 83.49% for location prediction when most frequent 8000 terms were used as
features. It was planned to increase the accuracy of location prediction by considering the
semantic relationship between terms in a document.
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