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Abstract— Author Profiling (AP) is a task of
determining the demographic features like Age, Gender,
Nativity language, location, Personality traits etc. about
the author of a document. AP is used in different
applications such as marketing linguistic profile, security
and forensic science. The researchers proposed different
types of solutions to author profiling based on stylistic
features, content based features and deep learning
techniques. The content based features proved their
significance to improve the performance of author
profiles prediction. Several approaches faced a problem
of high dimensionality of features when experimented
with content based features. The researchers used
feature selection algorithms to identify the important
features for experimentation. In this work, a Term
Weight Measure (TWM) based approach is proposed for
author profiling problem. In this approach, the
important features are identified by using Feature
Selection (FS) algorithm. After features are identified,
the next important task is representation of document
with identified features. The documents are represented
as vectors and computation of each feature value in the
vector representation is another important research
task. TWMs are used to determine the importance of a
feature in the vector representation. In the proposed
approach, we proposed a new TWM based on the way
the terms are distributed in corpus of documents. The
proposed term weight measure performance is
compared with different existing TWMs. The PAN
competition 2014 reviews dataset is used for age and
gender prediction of the author. Two Machine Learning
(ML) algorithms such as Random Forest (RF) and
Support Vector Machine (SVM) are used to evaluate the
proposed term weight measure based approach. The
experimental results attained in this work for age and
gender prediction are good when compared with several
popular solutions to author profiling.

Keywords— Author Profiling, Age Prediction, Gender
Prediction, Feature Selection Algorithm, Term Weight
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L INTRODUCTION

The information in the form of text is exponentially
enhancing in the internet through different types of websites
like blogs, forums, reviews and other social media websites.
The crimes also enhancing with the increment of textual
information like harassing messages, threatening mails and
fake profiles. Knowing the author details about textual
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information becomes an important task to reduce the crimes
in the internet. Authorship Analysis is one research area to
extract the information of the author from their written texts.
Authorship analysis was classified into three classes such as
Authorship Verification (AV), Authorship Attribution (AA)
and Authorship Profiling [AP] [1].

The AV method verifies whether the new text is written
by a suspected author or not by examining different texts of
suspected author. AA determines the author of a new text by
examining multiple authors’ text [2]. The Authorship
Profiling task (AP) is to extract demographic aspects like
gender, age, location, occupation, socio-economic level and
native language, level of well-being, personality traits or
educational background of a person from their texts [3]. At
the beginning of the AP task, formal texts such as
newspapers, books or magazines were analyzed to
determine the aspects of their authors. In recent years,
researchers concentrated on determining the profile of
people through their social network accounts. Authorship
Profiling is used in various real-time applications like
marketing, forensics, security etc.

The use of author profiling was changed from only be
used in the forensic investigation and internet security, also
to be applied in targeted marketing, advertisement and
educational domain [3]. Companies interested in obtaining
the knowledge of what describe the people that like or
dislike their product. In marketing domain, the expert’s
interest is to know the identity and demographic
characteristics of the various users, with the intention of
directing the advertising for exploiting the product in a
better way. Authorship Profiling helped in security to
narrow the potential number of suspects, or even help rule
out potential suspects. In social media websites, most of the
people are hiding their original details in their profiles and
perform illegal or deceptive acts such as sexual harassment
and extortion through textual messages. AP techniques are
helpful to determine the basic information of perpetrator.
The Forensic linguists make use of linguistic knowledge and
authorship profiling techniques to study texts and
determining the type of bad behaviors. In educational
domain, AP techniques are helpful to determine the
exceptional students by examining their styles of writings.

Most of the research works exploited various types of
Content based Features (CFs) to distinguish the authors’
style of writing. CFs are based on the content bearing terms
used by the authors in their text. The corpus contains huge
number of content bearing terms, but few terms are more
informative terms which are helpful for discriminating the
authors. Most of the researchers used feature selection
algorithms to determine the best informative features. These
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identified features are used for vector representation of
documents and these vectors are forwarded to Machine
Learning (ML) algorithms to generate the classification
model. This model is used to identify the gender and age
class label of a new document. In this work, a TWM based
approach is proposed for AP. In this approach, the
experiment started with FS Algorithm to identify the most
relevant features. Once features are extracted, the next step
is representing the document with identified features as
vectors. The ML algorithms understand only document
representation only. In the vector representation of features,
the value of a feature influences the performance
improvement of proposed approaches. TWMs are used for
this purpose to compute the value of a feature in document
vector representation. In this proposed approach, a new
TWM is proposed by considering the term distributions in
different classes of documents in dataset. The gender and
age profiles are considered in this work for prediction. The
ML algorithms such as RF classifier and SVM are used for
generating classification model. This model predicts the
accuracy of age and gender prediction. In this work, PAN
competition 2014 Reviews dataset is used for age and
gender prediction.

This paper is planned in 7 sections. The survey on AP
techniques is explained in section 2. The dataset properties
are presented in section 3. The section 4 discusses the
proposed approach for AP and explained the different
TWMs and FSA. The experimental results of proposed
approach are analysed in section 5. The section 6 discusses
the results of gender and prediction. The section 7 concludes
this work with future plans.

II.  REVIEW ON EXISTING WORKS OF AUTHOR PROFILING

Author profiling is a technique of predicting traits of one or
many authors automatically from their text. Author profiling
groups documents of authors based on their content,
semantic tags used, topics discussed and similarity of
documents. Author Profiling also group the authors based
on their writing styles in social media circle. Automatic
detection of author profiles from the text has various
applications in harassment cases detection, forensic analysis
and marketing. The benchmark dataset is required to
analyze and developing suitable solutions for author
profiling. In recent years, different types of standard
measures were generated for evaluating different genres
such as blogs, social media, tweets and hotel reviews [4].

The exponential growth of textual content in social
media creates highly undesirable problems like propagation
of offensive and abusive language in the internet. The author
profiling approaches are used in detection of hate speech
messages. The existing research suggests that the hateful
messages which are propagated by the users, form
communities around them and share a set of common
stereotypes. The existing popular approaches for detection
of hate speech messages majorly depend on sematic and
lexical cues of text. Pushkar Mishra et al., proposed [5] a
novel approach for hate speech detection which includes the
profiling features of Twitter users based on community.
They experimented on a dataset that contains 16000 tweets
and observed that the proposed approach performance is
significantly higher than existing popular works in hate
speech detection.

Chiyu Zhang et al., Proposed [6] models for identifying
the gender, language variety and age from social media text
in the shared task of AP and deception detection in Arabic
language. The model is developed by using pre-trained
BERT (Bidirectional Encoders Representation from
Transformers). They obtained accuracies of 81.67%,
54.72% and 93.75% for gender, age and language variety
prediction respectively. Zhang et al., developed [7] different
models for predicting age, gender and language variety in
the Arabic AP and deception detection shared task. The
dataset contains Tweets in Arabic language that was splitted
into a training data of 225,000 tweets and a test data of
720,000 tweets. They used multi-lingual BERT-based model
with 768 hidden units, 12 layers, 12 attention heads and
110,000,000 parameters. The proposed BERT-based model
attained accuracies of 81.67% and 54.72% for gender and
age prediction respectively.

In recent past years, the bots which are accounts in social
media that were operated automatically, gained substantial
importance in worldwide. Some of them are used bots for
malicious activities like spreading of disinformation or
swaying political elections. Detection of social bots
becomes an emerging research area in recent times. Inna
Vogel et al., proposed [8] a system by using character n-
grams, word unigrams and word bigrams as features. Linear
SVM was used to train the system. The proposed model
obtained an overall accuracy of 0.91, 0.92 for bot detection
in Spanish and English datasets respectively. The model
achieved 0.78 and 0.82 accuracies for gender prediction in
Spanish and English datasets respectively.

Kowsari et al., experimented [9] on a dataset of Twitter
messages in English language for gender prediction of an
author. The training dataset of Twitter contains messages
written by 1800 females and 1800 males. The test dataset
contains messages written by 1200 females and 1200 males.
They applied different models like CNN and Random Multi-
model DL and using TFIDF and Glove features and the final
decision was taken by using a scheme of majority vote. The
proposed models attained an accuracy of 0.8633 and F1-
score of 0.8583 for gender classification.

Author profiling techniques also used to detect the
gender information from images also. Moniek Nieuwenhuis
et al., developed [10] a system to participate in AP shared
task of PAN 2018. The task is predicting the gender of an
author from text and images in Arabic, English and Spanish
datasets. They participated in all subtasks. The final system
submitted in the competition used Logistic Regression as
classifier, word and character n-grams as textual features
and proportion, presence and number of faces to detect face
emotions as well as selfies as image-based features. The
experiment also conducted with word embeddings and
observed that the performance of a system affected
negatively. The experimental results show that the
performance was improved slightly for Spanish and Arabic
datasets when text-based features are added to image-based
features. They obtained highest accuracies of 80.3% for
Spanish dataset using only text based features, 78.7% for
Arabic dataset using both image and text based features,
81.2% for English dataset using only text based features on
test dataset of PAN 2018.
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III.  DATASET CHARACTERISTICS

In this work, the experiment conducted on the reviews
dataset which is collected from PAN 2014 competition
reviews dataset [11]. The dataset contains 4160 documents
and two profiles such as gender and age about an author.
The gender profile contains two classes such as male and
female. Both male and female classes contain 2080
documents each. The age profile contains five classes such
as 18-24, 25-34, 35-49, 50-64 and 65+. The characteristics
pertaining to dataset is displayed in Table 1. The dataset is
balanced in case of gender profile and unbalanced in case of
age profile.

TABLE 1. THE REVIEWS DATASET CHARACTERISTICS

Classes / Profiles Number of Reviews

Male 2080

Gender Female 2080
18-24 360

25-34 1000

Age 35-49 1000
50-64 1000

65+ 800

In this work, two ML algorithms such as SVM and RF
are used for evaluating the proposed approach. Random
Forest (RF) Classifier is a classifier that utilizes both
bagging of features and random selection which intern uses
ensemble learning technique. Random selection is a process
of developing a set of decision trees. From the training data,
a decision tree is constructed with replacement is called
bagging. Each decision tree acts as base classifier in finding
the information about the class label of a new document.
Later, a voting process conducted which is part of
ensembling. In SVM classifiers, identify the support vectors
among the set of instances in the dataset. These support
vectors are used to predict the author profiles of unknown
document.

The outcomes of machine learning algorithms are
represented by using different performance measures such
as recall, precision, F1-Score and accuracy for evaluation. In
this work, the proposed approach results are displayed in
terms of accuracy measure. Accuracy is number of author
documents are correctly predicted their gender and age from
a set of author documents considered for experimentation.

IV. TERM WEIGHT MEASURES BASED APPROACH FOR
AUTHOR PROFILING

In this work, a TWM based approach is proposed for age
and gender prediction. The procedure of proposed approach
is shown in Fig. 1. In this approach, first, the pre-processing
techniques such as stopwords elimination and stemming are
applied on the training dataset to remove unwanted data
from the dataset. The stopwords are words like articles,
prepositions, determiners, and pronouns etc., which are not
having any distinguishing power to discriminate the authors’
style of writing. The stemming is performed to transform the
words into their root form to decrease the unique words
count in the dataset. After cleaning the dataset, the next
important step is identification of features from the dataset.
A feature is a property of a document which is used to
differentiate the given document. Majority of the entities
and documents have many features. FSAs are used to
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identify the relevant features and for eliminating the
redundant features. In this approach, RDC FSA is used to
find the important features.

Applying of Pre- Cleaned

processing =1 Dataset
Technigues

Training Dataset

Consider All Terms
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Determine the scores of all <:|
Terms

I
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Fig. 1. The Proposed TWMs based Approach

After computing the scores of features by the feature
selection algorithms, the top scored features are considered
for experiment. In this work, the content based features of
terms that are used by the authors in their writings are
considered as features. The documents are represented as
vectors by using the top ranked terms which are identified in
the previous step. In the vector representation, the term
value is computed by using TWM. In this work, a new
TWM is proposed for computing the term weight. The
document vectors are given to MLAs for training. The
trained model is used to predict the accuracy of gender and
age prediction. The accuracy of gender and age prediction
primarily depends on the TWM and FSA that are used in the
experimentation.

A. Relative Discriminative Criterion (RDC)
The RDC measure [12] is is represented in Equation (1).

[DFpos(T)=DFreg(T)| M
min(DFpos (Te).DFreq(T) )XTF(T;.C)

RDC(T;, C;) = (

Where, DF,05(Ti) and DFyee(Ti) are the number of positive
and negative class of documents contain the term T;
respectively, TF(T;, Cj) is the occurrence count of term Tj in
all the class Cj documents.

B.  Existing Term Weight Measures

The researchers proposed various TWMs in different text
classification based research domains. In this work, various
TWNMs are used for computing the term weight in vector
representation of a document.

1) TFIDF (Term Frequency and Inverse Document
Frequency)

TFIDF measure is a popular measure which is proposed to
determine the term importance in a document [13]. TFIDF is
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successfully used in text classification domain to calculate
the term weight in a document. Equation (2) is used to
compute the TFIDF of a term T; in document Dy.

j @

TFIDF(T;,D/():TF(Z,DA)*log( ol
1+DF;

Where, TF(T;, Dy) is the occurrence count of T; in document
Dy, N is documents count in dataset and DF; is count of
documents which contain term Tj at least one time.

2) TFIEF (Term Frequency and Inverse Exponential
Frequency)

Equation (3) represents the TFIEF measure [14]. This
measure uses the same information used in TFIDF measure.

DFi
TFIEF (T;, D¢) = TF (T:, Dk) X &~ 3)

3)  TFRF (Term Frequency and Relevance Frequency)

Equation (4) is used to determine the TFRF [15] of a term T;
in document Dy.

TFRF (T, D¢) = TF (T:, D) X log(2+g) )

Where, A and C are count of positive and negative class
documents contain term T;respectively.

4)  TF-Prob

Equation (5) represents the TF-Prob measure [16].

TF—PI'Ob(Tx,Dk)zTF(Ti,Dk)X10g(1+%%] ®)
Where, B is count of documents in positive class that

doesn’t contain term Ti.
5)  TF-MI (Term Frequency — Mutual Information)

Mutual Information is one feature selection technique which
calculates the term importance in a class of documents by
considering the information of the way term was distribute
id positive and negative class of documents. Deng et al.,
presented [17] a term weight measure based on mutual
information. The term T; weight in a document is computed
by using TF-MI Equation (6).

TF = MI(T:, Di) = TF (T:, Di)* 1og[m

AN ] (6)

6) WLLR (Weighted Log Likelihood Ratio)

The WLLR term weight technique proved its efficiency in
several text classification approaches [17]. The WLLR
weight of term T; in a document Dy that belongs to either
positive or negative class C is determined by using Equation

).

WLLR (T\,Die C) = (AfB) 10g{A*(N —(A+B))] (7

C#(A+B)
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7)  TF-IDF-ICSDF (Term Frequency — Inverse Document
Frequency — Inverse Class Space Density Frequency)

The IDF measure says that the terms which are discussed in
less documents attained good weight. Like IDF measure,
ICF (Inverse Class Frequency) measure says that the terms
which are discussed less number of classes attained good
weight. The TF-IDF-ICSDF measure was developed in the
works of [18] by combining TF, IDF and ICSDF factors.
The ICSDF is a variant of ICF, which gives the average
number of classes that contain the given term. The ICSDF is
determined by aggregating the probabilities of documents
count in individual classes. The Equation (9) is used to
calculate the term T; weight using TF-IDF-ICSDF measure.

TF — IDF — ICSDF (T, D) = TF (T;, D¢) X | log N x| log z
DF (T}) o (nc,(T,)]

>

=

Nej

Where, m is classes count, n(T;) is count of documents in
class Cj that contain term Tj, Ng; is total documents count in
class C;.

8)  Proposed Term Weight Measure (PTWM)

The TWM determines the term importance in a document.
The Equation (10) used to calculate the proposed term
weight measure.

PTWM (Ti,Die Cj) =

TF(T:.Di) TF(T:,Dre C/)*A+D*( 4 C )
TNTD:  TF(T,Dig C) B+C \A+B C+D
Where, A and C are number of documents that contain the
term T; in class Cj documents and other than class C;
documents respectively. B and D are number of documents
that doesn’t contain the term T; in class C; documents and
other than class C; documents respectively. TF(T;, D) is
frequency of T; in document Dy, TNTDy is total number of
terms in document Dy. TF(T;, Dx € C) is frequency of Ti in
a class Cj of documents. TF(T;, Dx € Cj) is frequency of T;

in other than class C; of documents.

The proposed term weight measure considers four
different factors of information to determine the weight of
the terms. The first factor says that the terms having more
frequency in a document have more weight. The frequency
of a term is normalized by dividing the term frequency with
number of terms in a document.

The second factor is a ratio of number of times term T;
occurred in all documents of C; class and all documents of
other than Cj class. This factor gives more weight to the
terms that are occurred more number of times in interested
class and less number of times other than interested class.

The third factor becomes high when the A+D value is
higher and B+C value is lower. The A+D is higher when the
term T; occurred more documents of C; class and less
number of documents of other than C; class. B+C value is
lower when the term T; occurred more documents of C; class
and less number of documents of other than C;j class.

The fourth factor is the difference among number of
documents of Cj class contains the term Ti and number of
documents of other than Cj class contain the term Ti. A+B
is total number of documents in Cj class and C+D is total
documents count in other than Cj class. This factor says that
when the term occurred in more Cj class documents than
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other than Cj class documents then the difference is more
and it implies the weight of Ti is more.

V. EXPERIMENTAL RESULTS

In this work, the experiment conducted with the top scored
terms as features. The experiment started with top scored
2000 terms and incremented by 2000 terms in every next
iteration. The experiment stopped at top scored 10000 terms.
It was observed that the accuracy was dropped after
experimenting with top scored 10000 terms. Two ML
algorithms are used for producing the classification model.
This model predicts the accuracies of age and gender
prediction. The PAN 2014 competition reviews dataset was
considered for experimentation. The gender dataset contains
two classes such as male and female, age dataset contains
five classes such as 18-24, 25-34, 35-49, 50-64 and 65+.
Table 2 shows the SVM classifier accuracies of gender
prediction when experiment conducted with different
number of terms and various term weight measures.

TABLE 2. GENDER PREDICTION RESULTS OF SVM CLASSIFIER ON
REVIEWS DATASET

In Table 3, the proposed TWM attained best accuracy of
79.63% for prediction of age when compared with other
TWMs. It was recognized that the age prediction accuracy
was enhanced when the terms count is increased for
document vector representation. Table 4 shows the RF
classifier accuracies of gender prediction when experiment
conducted with different number of terms and various term
weight measures.

TABLE 4. GENDER PREDICTION RESULTS OF RF CLASSIFIER ON

REVIEWS DATASET
Fiiﬁ" TF- TF-
) TF- | TFI | TFR | , | TF- | WL | IDF- | PST
twm | IOF | EF F b MI | LR | ICS | WM
' DF
2000 | 065 [ 066 | 073 [ 074 [ 0.75 [ 0.79 | 0.80 | 0.832
02 63 92 65 92 61 97 3
so00 | 067 [ 067 [0.74 1076 [ 077 [ 0.80 | 0.81 [ 0.842
34 79 57 19 05 11 72 2
soo0 | 0-67 | 0.68 [ 076 [ 0.77 | 078 [ 0.81 [ 0.83 | 0.847
92 09 07 61 62 16 65 6
soop | 068 [ 070 [ 0.77 1 0.79 | 0.80 [ 0.81 [ 0.84 [ 0.863
45 15 45 03 93 97 93 5
10000 | 070 | 071 ] 0.78 | 0.80 [ 0.81 | 0.83 | 0.85 [ 0.879
61 97 14 01 41 23 28 6

Featu
res TF- TE-
/ TF- TFI | TFR Pro TF- WL IDF- PST
TWM IDF EF F b MI LR ICS WM
s DF
2000 0.62 | 0.63 0.70 | 0.71 0.74 0.74 0.73 0.805
94 23 25 36 11 44 [ 3
1000 0.64 | 0.65 0.72 | 0.73 | 0.75 0.76 0.70 0.821
61 20 85 15 32 35 15 5
6000 0.65 | 0.67 | 0.73 0.74 | 0.76 0.77 0.75 0.839
15 23 35 12 74 97 64 7
8000 0.66 | 0.68 0.75 | 0.76 | 0.77 0.79 0.64 0.841
65 48 35 13 35 44 14 9
10000 0.68 0.69 0.76 0.77 0.79 0.80 0.83 0.853
48 51 20 87 74 79 61 7

In Table 2, the proposed TWM attained best accuracy of
85.37% for gender prediction when compared with other
TWMs. It was recognized that the gender prediction
accuracy was enhanced when the terms count is increased
for document vector representation. Table 3 shows the SVM
classifier accuracies of age prediction when experiment
conducted with different number of terms and various term
weight measures.

TABLE 3. AGE PREDICTION RESULTS OF SVM CLASSIFIER ON
REVIEWS DATASET

In Table 4, the proposed TWM attained best accuracy of
87.96% for prediction of gender when compared with other
TWMs. It was recognized that the gender prediction
accuracy was enhanced when the terms count is increased
for document vector representation. Table 5 shows the RF
classifier accuracies of age prediction when experiment
conducted with different number of terms and various term
weight measures.

In Table 5, the proposed TWM attained best accuracy of
82.58% for age prediction when compared with other
TWDMs. It was recognized that the age prediction accuracy
was enhanced when the terms count is increased for
document vector representation

TABLE 5. AGE PREDICTION RESULTS OF RF CLASSIFIER ON REVIEWS

DATASET
Featu TF- TF-
res/ TF- TFI | TFR Pro TF- WL | IDF- | PST
TWM | IDF EF F MI LR ICS WM
y b
s DF
2000 0.61 | 0.64 | 0.69 | 0.71 | 0.71 0.74 | 0.76 | 0.781
61 55 65 02 71 00 81 6
4000 0.62 | 0.65 | 0.70 | 0.72 | 0.73 0.75 0.77 0.791
20 24 66 23 80 12 93 7
6000 0.64 | 0.67 | 0.71 0.74 | 0.74 | 0.76 | 0.78 0.809
66 93 45 48 90 89 09 2
$000 0.65 | 0.68 | 0.73 | 0.75 | 0.75 | 0.78 | 0.80 | 0.815
92 23 38 10 29 23 74 3
10000 0.67 | 0.69 | 0.74 | 0.76 | 0.77 | 0.79 | 0.81 0.825
76 61 67 53 90 51 08 8

Featu
res TF- TE-
/ TF- | TFI | TFR Pro TF- | WL | IDF- | PST
TWM IDF EF F b MI LR ICS WM
’ DF
2000 0.60 | 0.61 | 0.66 | 0.67 | 0.69 | 0.72 | 0.73 | 0.740
61 92 61 97 61 74 05 1
4000 0.61 | 0.62 | 0.67 | 0.69 | 0.70 | 0.73 | 0.74 | 0.758
17 15 17 90 31 61 25 9
6000 0.62 | 0.64 | 0.69 | 0.70 | 0.72 | 0.74 | 0.75 | 0.761
92 23 92 72 82 [ 15 2
8000 0.64 | 0.65 | 0.70 | 0.71 | 0.73 | 0.75 | 0.76 | 0.782
53 15 53 01 34 34 91 3
10000 0.65 | 0.67 | 072 | 0.73 | 0.75 | 0.76 | 0.78 | 0.796
15 25 15 21 21 67 65 3
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VL DISCUSSION ON RESULTS

In this work the experiment carried out with two machine
learning algorithms such as SVM and RF for gender and age
prediction. Different term weight measures are used to
determine the importance of term in a document. The Fig. 2
shows the accuracies of SVM and RF classifiers for gender
prediction.
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Fig. 2. The Accuracies Gender prediction

In Fig. 2, it was observed that the proposed term weight
measure attained best accuracy for gender prediction when
experimented with top scored 10000 terms. The RF
classifier obtained good accuracies for gender prediction
than the accuracies of SVM classifier. The Fig. 3 shows the
accuracies of SVM and RF classifiers for gender prediction.

= TF-IDF
W TFIEF

B TFRF

M TF-Prob
W TF-MI
=mWLLR
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Itt——— |
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Fig. 3. The Accuracies of Age Prediction

In Fig. 3, it was observed that the proposed term weight
measure attained best accuracy for age prediction when
experimented with top scored 10000 terms as features. The
RF classifier obtained good accuracies for age prediction
than the accuracies of SVM classifier.

VII. CONCLUSIONS AND FUTURE SCOPE

Author profiling is defined as the task of identifying one or
more attributes such as gender, age, personality traits of an
author based on how they write. In this work, the age and
gender was predicted from the dataset of PAN competition
2014 reviews. The term weight measure based approach was
proposed to predict the author attributes of age and gender.
In this approach, a new TWM was proposed to determine
the weight of a term in the document vector representation.
The content based features of terms that are selected by the
feature selection algorithm are used as features to represent
the document vectors. In vector representation, the term
value is computed by using term weight measures. The
experiment conducted with different TWMs and proposed
TWM. Two ML algorithms such as SVM and RF are used
to develop the classification model. The RF classifier
performance is good than SVM classification algorithm. The
proposed term weight measures attained best accuracies of
0.8796 and 0.8258 for gender and age prediction
respectively than the accuracies of other TWMs when RF
classifier is used. The results are good when compared with

other approaches in AP for predicting gender and age of
author.

In future work, we are planning to implement a new
document representation technique with a combination of
new feature selection technique and new term weight
measure. We are also planning to implement deep learning
techniques to predict the accuracies of gender and age
prediction.
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