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Abstract: - Author profiling creates characterization of an author based on attributes such as age, gender, language, dialect region
variety, personality and so on. In recent years it has garnered significant attention for its varies applications across forensic linguistics,
marketing, cybersecurity and social media analytics. Most of the research focused on stylistic, content based and term weight measures
based feature representations. We observed that context semantics is not considered in the feature representation. In this propose
contextually propagated term weight measures for feature representation. We implemented SVM, Random Forest and XG Boost
machine learning algorithms on those feature representations. The results demonstrated that the proposed contextually propagated
term weight with inverse category frequency outperformed the existing methods..
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. INTRODUCTION

Due to raise of social media, billions of users are interacting and sharing their daily activities on the platforms,
such as Twitter and Facebook. Huge data is generated with this interaction. Most of this generated data is
unstructured. The natural language processing is needed to extract the useful information from this unstructured
data. It is one of the challenging tasks to extract the characteristics of the author from the data. The extracted author
information can be used in several applications in forensics, security services, recommendation systems, marketing,
and defense. Police can use the author profiling to identify the suspects of the crime, e-commerce companies can
use author profiling for recommendation of products, personalized marketing of products. From the data it is
possible to extract some attributes such as age, gender, language, personality of the user. This is known as Author
Profiling. Author profiling uses various features such as style and content from the data and discovers the
characteristics of the author. The punctuation, number of words and POS distribution are considered as style based
features. The n-grams were used as content based feature to distinguish the author.

PAN lab organizes challenges for authorship attribution, author identification and author profiling. The
challenge includes dataset in various languages. PAN 2018 dataset has been used for author profiling to predict
gender from the multi-modal data. The multi-modal dataset has both text and image data. 2017 PAN dataset has
only text data which is used to predict gender and language variety. Various classification based machine learning
and deep learning models were used for the author profiling task. Section 2 covers the related work and proposed
methodology is presented in section 3. Section 4 covers the result analysis for both PAN 2017 and 2018 dataset on
text data. The conclusion of the paper is presented in the section 5.

Il.  LITERATURE SURVEY

Author Profiling (AP) involves discerning demographic characteristics of writers such as native language,
education level, gender, age, personality traits, location, occupation, and more. This is achieved by analyzing and
comprehending their writing styles. PAN labs started challenges from 2013 and scholars worldwide participated
and developed systems for author profiling. The traditional machine learning approaches were used hand-crafted
features for classification attributes of the author. The psychological traits of the author were used and developed
a tool based on word count and word categories [1]. On the chat based dataset the stop word usage, frequency of
emotions and message length were used along with K-NN, Naive Bayes classifiers [2]. Schler et al. [3] presented
a multi-class real window using hyperlinks, POS tags and unigrams and predicted the gender. They could come
out that male authors write about technology, politics and money where as female authors write about lifestyle. [4]
examined the differences in writing styles between male and female authors within a genre-controlled corpus.
Findings revealed that pronouns such as "you," "I," "her," "she," "their," "myself," "herself," and "yourself" are
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indicative of female authors. Conversely, determiners like "a," "that," "the," "these," and quantifiers like "one,"
"more," "two," and "some" were identified as indicators of male authors. [5] considered character-based, word-
based, syntactic based features and analyzed the author profiles. [6] study revealed that various genders tend to use
profanity associated with different hate categories. For instance, males are more likely to use language from the
"disability" hate group.

Content based features were used for this task and achieved highest performance [7]-[9]. [7] proposed a model
using POS n-grams and function words and the performance of the model is around 79%. Burger et al. [10]
proposed word level unigram, bigram and character level 1 to 5 —g as features and it has outperformed the other
models. The rank-1 team in PAN challenge of 2017 have used n-grams and character level n-grams as features
and also applied Term Frequency and Inverse Document Frequency (TFIDF) as transformation to features. Other
researchers used different combinations such as POS tagging, stemming, lemmatization and got mixed results [11].
The feature vector was created by different character and word n-grams with Latent Semantic Analysis (LSA) and
predicted the gender using SVM [9]. Reddy et al.[22] proposed document specific term weight measure for author
profiling. Kavadi et al. [12] proposed novel method called the SPW approach has been introduced. The SPW
approach achieved the highest accuracies in comparison to existing methods for celebrity profiling. In the SPW
approach, two Term Weight Measures (TWMSs), namely IQCFTW and SUTW, are employed to calculate term
weight, while the Document Weight Measure (DWM) is used to compute document weight. Adi Narayana Reddy
K et al. [13] presented fusion of stylistic features and word embedding and predicted gender and age using deep
learning.

The impact of neural networks in implicit feature learning is discussed in [14]-[17].The top-ranked team at
PAN-2018 utilized a deep learning-based strategy for learning representations of text and images from tweets. The
model based on Long Short-Term Memory (LSTM) with a fusion mechanism exhibited the most outstanding
results , The team that ranked second demonstrated that traditional machine learning-based methods continue to
outperform when dealing solely with text. They employed word and character n-grams to represent tweets and
utilized support vector machines (SVM) for classification purposes [9]. Utilized a bidirectional Long Short-Term
Memory (LSTM) model to learn abstract-level representations of data and implemented an attention mechanism
to identify the crucial features [18]. Adi Narayana Reddy K et al. [13] presented fusion of stylistic features and
word embedding and predicted gender and age using deep learning. In this paper we propose contextually
propagated term weights for feature representation.

I1l. DATASET DESCRIPTION AND METRICS

A. Dataset Description

The PAN 2015, 2016, 2017 and 2018 datasets [19,20] consisting of tweets in different languages. PAN 2015
dataset contains tweets in English, Spanish, Italian and Dutch languages. This helps in identifying Age [21-31]
Gender, language variety and personality type. PAN 2016 dataset contains tweets in English, Spanish and Dutch
languages. This helps in identifying Age, Gender, or language variety. PAN 2017 dataset contains tweets in
English, Spanish, Portuguese and Arabic languages. This helps in identifying, Gender, or language variety. PAN
2018 dataset contains tweets in English, Spanish, and Arabic languages along with images. This helps in identifying
Gender using tweets and images.

B. Evaluation Metrics

To evaluate the models researchers were used accuracy, precision, recall and f1-score. The accuracy is generally
described as the ratio of correctly predicted instances to the total number of instances. It is represented in equation
(1) as

Accuracy = Number of correct predictions / Total instances 1)
Precision measures the accuracy of predicted positive class and is represented in equation (2) as
Precision = True positive / (True positives + False positives) 2
Recall is ratio of positive predictions and total actual positives and is represented in equation (3) as
Recall = True positive / (True positives + False negatives) ?3)
F1-score is harmonic mean of precision and recall

F1-Score = 2 * Precision * Recall / (Precision + Recall) 4
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IV. METHODOLOGY

Authors generally use different words while writing topics in social media. The choice of words varies among
different profile categories of the author. The primary objective of this proposal is to identify the terms which are
contextually more significant within the profile categories. As depicted in Fig. 1 the method starts with data
cleaning using preprocessing. The preprocessing removes the stop words and applies stemming. Once the
unwanted data is cleaned, identify most contextually significant terms within the documents. Next compute
contextually propagated term weights for each of the profile. These term weights are used to represent the
document vector. Finally, the classification models such as SVM, Random Forest and XG Boost are trained on
the document vector. Each profile is predicted using the trained model.

Training Data| | Preprocessing
Term Weights Word
Embeddings

Doc representation
using contextual
semantics

Classification
Algorithm

Fig. 1. Contextual Semantic model Author Profiling

A. Contextually Propagated Term Weights (CPTW)
Word embedding is a method that represents words as vectors in a continuous space. The placement of each word
vector is determined by its usage and context within the dataset. This approach ensures that words with similar
contexts are positioned closely together in the vector space. Contextually propagated term weights were
introduced by [21]. They defined the embedded neighborhood of a term w;in document d; as the set of all similar
terms with a cosine similarity to w; of at least a certain threshold in the embedding space.
a. CPTW
Let N(w;) denote the set of words present in the embedded neighborhood of the word w; including itself. For
each word wy, € N(w;), we define contextually propagated term weight as

y(wy) = f(wy, d;)cos vy, vi) (5)
Where y(wy), f (W, d;), and cos (v}, v,) are contextually propagated term weight of word wy, frequency of
word wy in document d; and cosine similarity of word embedding for word w;and wy respectively. Using

contextually propagated term weight, we compute contextually propagated term weight (CPTW) of document d;,
denoted as CPTW(d,)

CPTW (d;) = XL, €j(a; Ewyenw)) ¥ Wie) (6)
Where m is the size of the vocabulary, e; is the one-hot encoding at index j it is 1 and remaining places it is zero
and q; is the normalization constant, computed as a; = 1/ZWkEN(W]_) cos (vj, vk).
Equation (5) uses frequency of term wyand document d; and cosine similarity of the words wyand w;. The

frequency of wy, in d; increases artificially that occur frequently across the entire document collection. To handle
this effect an inverse document frequency (IDF) like component is added to the contextually propagated term
weight that ensures term discriminative in the data collection. It is defined as

N
ViorWi) = y(wilog (s ajeos (v, vi)) - (7)
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Where y(w,) is computed in equation (5), N is total number of documents in the data collection, df (w,)is the
number of documents that contain word w; and «; is the normalization constant. Based on the above term weight,
we define CPTW,psfor each document as
CPTWipp(d;) = Xiz1€i(ajy viprowr))  (8)
wiceN(wj)

Equation (8) computes propagated IDF scores for each word in the embedded neighborhood like TF-IDF. This
indicates that the IDF score of each word is determined by a weighted aggregate of the IDF scores for all the
words within its embedded neighborhood.
c. CPTWcr
Equation (8) adds the term discrimination to collection of data. Inverse category frequency (ICF) adds
discrimination power to terms across all categories.

ICl

Yicr = Yior(Wy)log (Cf(wk) a;Ccos (vj'vk)) 9)
Where y,pr is computed in equation (6), |C| is the category count in the dataset and cf (wy,) is discrimination
power of the term across all the categories. Based on equation (8) we define CPTW,.for each document as
CPTWicr(d;) = X% €;(@) Xwyenw)) Yier(Wi) (10)
Equation (10) computes propagated ICF scores for each word in the embedded neighborhood. This indicates that

the ICF score of each word is determined by a weighted aggregate of the ICF scores for all the words within its
embedded neighborhood.

V. EXPERIMENTS AND RESULTS

Support Vector Machines (SVM) stands as a supervised machine learning algorithm employed for classification
and regression purposes. Its functionality revolves around identifying a hyperplane that effectively distinguishes
data points belonging to distinct classes within a high-dimensional space. XGBoost, an abbreviation for eXtreme
Gradient Boosting, is a highly potent and extensively utilized machine learning algorithm celebrated for its
effectiveness and efficiency, particularly in scenarios involving structured/tabular data. Within the realm of
ensemble learning, it finds its place in the gradient boosting framework. Random Forest stands out as a flexible
and resilient machine learning algorithm utilized for both classification and regression assignments. Its operation
involves the creation of numerous decision trees during the training phase, generating the average prediction in
regression scenarios or the mode of predictions for classification tasks. The algorithm's effectiveness lies in its
adoption of an ensemble learning strategy, consolidating predictions from multiple decision trees to improve
overall performance and fortify resistance against overfitting.

Let consider set of N documents {D 1,D 2,...,D N} in the dataset. The proposed CPTW computes scores for
each of the document using term weights. This procedure is used for each of the task in author profiling. Initial
preprocessing is applied on the dataset to extract most frequent terms. On the preprocessed data, using Word2Vec
is trained extracted the word embedding for each of the word. Word embedding computes a context vector for
each of the words. The CPTW, [CPTWJY _IDFand [(CPTW) _ICF measures used to determine weights of
the documents.

A. Gender Prediction

We considered 1000 documents for gender sub-task. In this 500 tweets per gender is considered. Three machine
learning algorithms such as Support Vector Machine (SVM), Random Forest (RF) and XGBoost (XGB) are
trained on the vectors computed by CPTW, [CPTW) _IDF and [(CPTW) _ICF. The accuracy results are
presented in Table 1. The [(CPTWJ _ICF measure outperformed the other two measures. CPTW redistributes
the weight of a word to words found in similar contexts in embedding. The ICF score of each word is determined
by a weighted aggregate of the ICF scores for all the words within its embedded neighborhood. The SVM
algorithm demonstrated strong performance in gender prediction, outperforming both RF and XGB.

Table 1. Gender Prediction Accuracy

SVM RF XGB

CPTW 90.58 89.03 90.73
CPTW,pr | 92.07 91.91 91.09
CPTW,cp | 93.76 92.46 92.62
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B. Age Prediction
We considered 516 documents for Age sub-task. For prediction of age we considered three age brackets as 18-
20, 23-25 and 28-61. Three machine learning algorithms such as Support Vector Machine (SVM), Random Forest
(RF) and XGBoost (XGB) are trained on the vectors computed by CPTW, [CPTWJ) _IDF and (CPTW)
_ICF. The accuracy results are presented in Table 2. The [(CPTWJ _ICF measure outperformed the other two
measures. The XGB algorithm demonstrated strong performance in gender prediction, outperforming both RF
and SVM as it captures the non-linear relationship in the data.

Table 2. Age Prediction Accuracy

SVM RF XGB

CPTW 83.9 84.05 83.39
CPTW,,r | 83.58 85.93 85.98
CPTW,r | 87.02 86.85 87.45

C. Language Variety Prediction

We considered varieties in English language. It has six varieties from Australia, Canada, Great Britain, Ireland,
New Zealand and United States. The 500 tweets for each variety. Three machine learning algorithms such as
Support Vector Machine (SVM), Random Forest (RF) and XGBoost (XGB) are trained on the vectors computed
by CPTW, [CPTW) _IDFand [(CPTW}) _ICF. The accuracy results are presented in Table 3. The [(CPTW
) _ICF measure outperformed the other two measures. The RF algorithm demonstrated strong performance in
gender prediction, outperforming both XGB and SVM as it is capable of capturing non-linear relationships and
complex patterns in the data.

Table 3. Language Variety Prediction Accuracy

SVM RF XGB

CPTW 83.79 84.38 83.90
CPTW,p, | 84.16 84.90 84.95
CPTW,cr | 84.94 85.27 85.00

VI. RESULTS ANALYSIS

In this study, the experiment was carried out using stylistic features, content based features and proposed
contextually propagated term weights to predict author profiles. The Fig. 2. presents the comparative results. The
accuracy of the gender sub-task stands out when compared with the accuracies for age and language variety.
Content-Based Features (CBFs) demonstrate commendable accuracy levels, outshining stylistic features.

140 . Gender . Age B Language Variety

120

Accuracy

CPTW TWM Stylistic Embedding

Fig. 2. Comparison of Accuracies

Stylistic features are instrumental in distinguishing the authors' writing styles, with most features hinging on the
author's personality. Conversely, CBFs rely on the content found in the writings. Generally, most authors,
irrespective of gender, incorporate a set of content-bearing terms in their writings, which explains the superior
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accuracy of CBFs over stylistic features. In the representation of document vectors, Term Frequency (TF) is
employed for CBFs.

The proposed CPTW with ICF outperforms the other existing methods (Stylistic, embedding and TWM) in terms
of accuracy. It identifies apt contextually propagated term weight to assign fitting weights to the terms. Unlike
conventional document representations, which utilize feature weights, our novel method uses ICF scores for
embedded neighborhood for representing document vectors. Moreover, the proposed method mitigates the
limitations of existing techniques, establishing relationships between terms using context.

VIl. CONCLUSION

Author profiling aims to discern demographic and psychological characteristics of authors from their written
text. We introduced contextually propagated term weights, which redistributes the weight of a word to words found
in similar context in embedding. This redistribution process serves to generalize the semantics of a text, resulting
in enhanced discriminative power. It is computationally efficient. In the experiment we considered three sub-tasks
such as gender, age and language variety. The proposed contextually propagated term weights with inverse
category frequency outperformed the existing stylistic features, content-based and term weights.
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