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ABSTRACT

Title:

Characterization of Written Text Using Data and Network Science

Author:

Harith A. Hamdon Hamoodat

Major Advisor:

Eraldo Ribeiro, Ph.D.

The success of humans cannot be attributed to language, but it is certainly true

that language and humans are inseparable. Since the first language appeared, we

have seen that language continually evolving over space and social gatherings to

formed around 7,000 languages today. The origin and evolution of languages still

vague, and state-of-the-art in languages evolution still lack a comprehensive char-

acterization. In general, this problem is mainly tackled by statistical measuring the

changes on the part of the language ( e.g., words and sounds). Given the current

availability of data and computational power, this dissertation proposes a com-

prehensive data-driven characterization of language evolution using vocabulary in

two main fields. First, extracted and classified the structural and chronological

relations between the languages using its vocabulary. Second, studied the Spatio-

temporal effect on language vocabulary and its relation with socio-economic fac-

tors ( i.e., educational attainment). The results demonstrated that the proposed

method is capable of uncovering the relation between languages from both struc-

tural and chronological aspects, also we found that the vocabulary levels can reveal

the educational attainment of a resident population for specific areas and times.
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Chapter 1

Introduction

Language is an effective way for humans to communicate and understand each

other; language is represented via the articulation of sounds or written using letters

and symbols in an organized way. There is no consensus on the age of human lan-

guage, but we do have evidence of a written work circa 5,000 years ago. Nowadays,

the written text is the primary form of passing information to future generations

[40].

Since the first language appeared, thousands of languages have been used

around the world. Over time, many of these languages have ceased to exist; one

of the most important reasons for their disappearance is the integration of com-

munities followed by the progressive shift in usage to one of the language until the

other is no longer used. Other reasons include wars, political issues, discrimina-

tion, and repression [24]. On the other hand, some languages arise according to

what humans need by the mixing of two or more languages [113].

According to linguists, all languages have common characteristics that enable

their grouping in families. In total, there are more than 7,000 languages in existence
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today; those languages belong to more than 100 language families [110]. Most of

those 7,000 languages are used by a small group of people and represent a low

ratio, no more than 5% of the total population. In contrast, 95% of people use

only approximately 100 languages (see Figure 1.1b), and these languages belong to

20 master families (Figure 1.1a) such as Indo-European, Afro-Asiatic, and Dene-

Caucasian [65].

(a) Families distribution [25] (b) Number of speakers [119]

Figure 1.1: Popular languages and families. (a) Show the distribution of the most
common language families around the world. (b) The number of primary speakers
for the top twenty languages.

Each language has its structure, which considered as a signature of language.

The language structure is affected by several factors, such as the ordering of

subject-verb-object, stop-words, punctuation, and vocabulary. The number of

words and the number of distinct words in text corpus varies between languages

and regions. Due to factors such as education and speaking style, the vocabulary

diverges from one person to another even when they are doing writing about the

same subjects [58].

The diversity of topics in the language structure and vocabulary field require to

assign appropriate sources of data. Nowadays, the Internet and the Social Media
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revolution increase the chances of having data regarding any topic of interest.

Thus, the studies of text analysis increased and spread in many disciplines. The

advances in Network Science and Natural Language Processing (NLP) disciplines

in recent years have motivated researchers to utilize both disciplines in this field.

The studies range from the discovery of language structures [112], the classification

of languages into families [78], machine translation, and translation evaluation [6],

to tracking the Spatio-temporal changes of languages and use it as a sensor to

discover some socio-economic factors [88].

The ways and methods used to study and analyze the language text known

as computational linguistics. Computational linguistics is concerned with using

computational techniques to understand, produce, and analyze human language

content. Computational linguistic systems can have multiple purposes, such as

finding the ancestral relationships, similarities, and differences among languages

in addition to study frequency of words and the lexical distance between words.

Nowadays, network science is considering as a promising field of linguistic stud-

ies and text analysis [5]. By considering written language as a complex system,

data and network science tools and techniques can be used to bring a better un-

derstanding of patterns in written languages that arise from historical relations

or various socio-economic factors. For example, language classifications, and the

time separation between the languages are being explained by co-occurrence net-

work topology characteristics. This dissertation proposes a methodology that is

generic and useful to achieve a deeper characterization of written text using data

and network science.
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1.1 Problem statement

It is still argued whether structural features have intrinsic stabilities across lan-

guages in different times and regions, or if the processes governing their rate of

change are entirely dependent upon the specific context of a given language or

language family. Despite the accomplishments achieved from all previous works,

there is no agreement accepted on (i) how to process different types of text corpora.

(ii) Which parts of the written language and network statistics well characterize

the language classification into their families. (iii) The ability of network science

to reveal the chronological relation between the languages. (iv) The efficiency of

using social media text as a real-time sensor to detect some social-economic fac-

tors. (v) Detect and expect the future of language vocabulary during the current

effect of spatial and temporal characteristics.

The structural characteristics of the language are various and complicated, but

at least they are limited and relatively easy to recognize, there are only sounds, let-

ters, grammatical forms, and vocabulary. The traditional methods used historical

information, basic statistics, questioners, and facts from the census, which require

time, effort, and cost to solve the above problems.

A deeper understanding of the structures and structural properties of the lan-

guages can be useful to evaluate and study various subjects of language text and

vocabulary. Understanding the patterns and causes of structural stability is an

area of significant interest in the study of language change, evolution, and its rela-

tion with socio-economic factors. In this work, we strive to address these aspects

by proposing a methodology that can apply to different issues in the field of natural

language processing and analysis.
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The proposed methodology does not mean to replace existing traditional meth-

ods; instead, it helps to expand our understanding of natural language in particular

written text.

This methodology will be verified by the following steps:

1. Propose a structure for identifying the written language as a complex system;

2. Collect, process and normalize the data then construct the networks if nec-

essary;

3. Extract network measures and statistics to build the dataset;

4. Deploy machine learning algorithms to cluster and classify the datasets if

necessary;

5. Compare and contrast results obtained with one from traditional methods;

Data 
Collection

Text  
Pre-Processing

Data  
Normilization

Networks 
Creation

Text Statistics & 
Network Measures

Featue 
Selection

Classification

Clustering

Correlation

Socio-economic 
factors

Figure 1.2: A unified methodology proposed to achieve the goal.
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In this dissertation, the chapters are organized as follows:

Chapter 2 - Background

The theories of text processing and several related works in the field of language

structure and vocabularies are described in this chapter. A specific focus on extract

the structured information from unstructured text is given in this chapter.

Chapter 3 - Methodology and datasets

In this chapter, we describe our methodology to comprehensively characterize writ-

ten text, which involves the curation and integration of four data sets to reveal the

network characteristics of languages and unveiling independent information from

twitter text.

Chapter 4 - On the structure of languages

In this chapter, we are looking at language classification using features extracted

from corpora of text for ten languages from three main families. To find features for

these languages, we use Heaps’ law and structural properties of networks created

from word co-occurrence of the text. Next, we revealed the structure of 20 Indo-

European languages belonging to three Sub-Families (Romance, Germanic, and

Slavic) from a chronological perspective.

Chapter 5 - Spatial effects on language text.

In this chapter, we describe our work on the effects spatial on the language text

using text statistics. Also, we figured out the relation between the number of
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unique words in a specific region with socio-economic factors such as educational

attainment.

Chapter 6 - Temporal effects on language text.

In this chapter, we instantiate the proposed methodology in revealing the impact

of a temporal factor on the vocabulary level and the text structure and its relation

with the use of emoji.

Chapter 7 - Conclusions

In this chapter, we summarize our main contributions in this work and compare

the results obtained with other works. Discuss the impact of our work on society

and point new directions for research.

By the end of the dissertation, we published the following works directly related

to this dissertation:

1. Characterization of written languages using structural features from common

corpora [5]. In this work, we focused on the regularities of ten languages

from different language families. To find features for these languages, we

used Heaps’ law parameters and structural properties of networks created

from word co-occurrence (Section 4.1).

2. Complex networks reveal a glottochronological classification of natural lan-

guages [53]. This work focused on revealing the structure of 20 Indo-European

languages belonging to three Sub-Families (Romance, Germanic, and Slavic)

from a chronological perspective (Section 4.2).
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3. Social media vocabulary reveals education attainment of populations [55].

In this work, we focused on showing the relationship between social media

vocabulary and educational attainment. This work was performed at the

county level for five different geographical areas in the United States by

comparing the education attainment according to the American community

survey to the level of vocabulary used in social media in the same region for

the same period of the census (2010–2015) (Section 5.1).

4. A longitudinal analysis of vocabulary changes in social media [54]. In this

work, we did a longitudinal analysis of vocabulary size used in social media

for 14 different cities in the USA for a period of 2010–2015. We are especially

interested in the relationship between vocabulary and education attainment

(Chapter6).

Besides the works mentioned above, by the end of the dissertation, we also

published the following work not directly related to this dissertation but related

to social media, data science, and network science.

1. Communities of human migration in social media: an experiment in social

sensing [8].
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Chapter 2

Background

In this chapter, we provide the necessary background to support this dissertation.

In Section 2.1, we introduce the fundamental concepts in the field of language

structure. Also, we bring up some related works involving Data Science regarding

the aspects of characterization and the glottochronological classification of natural

languages using their vocabularies. Then, in Section 2.2, we present the funda-

mental concepts of Spatio-temporal effect on language text, and related works

intersecting these fields.

2.1 Languages structure

Each language has specific characteristics, and one of the most important charac-

teristics is the structure of the language [68]. The characteristic of the structure

for any language depends on two essential things, sounds and words. The part of

linguistics that is concerned with the structure of language is divided into several

sub-fields, including Phonetics, Phonology, Morphology, Syntax, Semantics, and

Pragmatics [4].
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According to linguists, the languages that have the same or similar charac-

teristics are grouped to create a language family. A language family is a set of

languages related through origin from a common inherited language or paternal

language [103]. There are two ways to classify the languages; the first way de-

pends on interdisciplinary linguistics such as historical (Figure 2.1), sociological,

and computational classification. The second way of classification is based on the

structure of the language, such as Syntax, Semantics, and Morphology [2, 31].

Figure 2.1: The languages of the Proto-Indo-European family, showing the
branches and sub-branches of this family [120].

Recent directions in computer science offer the use of graphs as a powerful

modeling technology, mainly due to their broad applicability that often leads to

excellent solutions for complicated problems. In recent years, complex network
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concepts, which are specific types of graphs, have been applied to languages [79, 78,

11]. Perhaps the most severe stimulus for using complex networks in Linguistics

and Natural Language Processing (NLP) is the ability to access each sentence,

word, and letter independently in a particular text. Also, analyzing the text using

network parameters and statistics that provide the tools to explore highly complex

constellations of relations between entities [97]. The results of the analysis can

be applied to study various types of text processing (e.g., machine and human

languages translation, document classification, language generation, translation

evaluation, etc.) [15].

Networks are formed of nodes that represent the units of system, and edges,

which is the relation between those units. As for language networks, the structure

of the network can depend on any linguistic unit, such as semantic, phonetic, and

grammatical. The nodes can be characters or letters, words, or sentences, whereas

the edges can be the relations between units at different levels of the language.

Those varieties of nodes and edges lead the scientists to build several kinds of

language networks.

A good review of the research field can be found in [66] and [112]. They reviewed

several attempts in developing language networks, described their characteristics,

and illustrated which path models were being utilized. Two main categories of

linguistic networks were reviewed in [29], which are word co-occurrence networks

and lexical networks. Co-occurrence language networks are normally used to visu-

alize a graphics of potential relationships between any nodes based on their paired

presence within a specified text using a set of rules. In contrast, syntactic networks

focus on syntax [59] and can be constructed based on constituent structures, such

as noun phrases, verb phrases, and prepositional phrases.
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A co-occurrence network is one of the most common types of language net-

works used in terms of language classification and clustering. Liu and Cong [78]

constructed co-occurrence networks from a parallel text in 14 different languages,

12 Slavic languages, and two non-Slavic languages, for the novel “How the Steel

was Tempered,” originally written in the Russian language by N.A. Ostrovskij, in

1934. They used Network Analyzer, which is one of the plug-ins of Cytoscape,

to calculate ten complex network parameters after standardizing. Six parameters

include average degree, average path length, clustering coefficient, network cen-

tralization, diameter, and network heterogeneity. The other four parameters have

resulted from the fitting of the degree distribution, the coefficient of the degree

distribution, the average nearest neighbors degree, and the coefficient of average

nearest neighbors degree. The researchers make 64 combinations between the pa-

rameters by fixing the first four and changing the last 6. The classification of

those languages was done using the Ward method and the Manhattan distance,

and they visualized the result with hierarchical clustering. They found that 15

possible combinations among ten parameters can recognize the Slavic languages

from the non-Slavic, and also, can capture some sub-Slavic families. (See Figure

2.2).

Similar to Liu and Cong, Ban et al. [11] built a directed and undirected co-

occurrence network. They were used parallel text from five books for three lan-

guages, Croatian, English, and Italian, with at least one book initially written

in each native language. Each node is a word, and the edges are the adjacent

words in the text. The size of books varies between 10,120 to 183,435 words after

removing the functional words, punctuation marks, and special characters using

Python NLTK. They used network measures (average degree, in-degree, and out-
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Figure 2.2: Clustering of the 14 word co-occurrence networks with 8 complex
network parameters(standard 4 parameters in addition to diameter, fitting of ( the
coefficient of degree distribution, average nearest neighbors degree, and coefficient
of average nearest neighbors degree). This is one case from 15 combination which
is reach the correct classification of Slavic languages [78].

degree, average path distance, diameter, average clustering coefficient) to find the

similarity and differences between those three languages without clustering. The

researchers found that the networks’ parameters for the three languages are differ-

ent, especially in the average path length for the directed networks; the value of

the average path length is lowest for English and highest for Croatian (Figure 2.3

left). Also, the results indicate that the size of the corpus and aberration in-text

affect the network structure. Moreover, English has a higher clustering coefficient

compared with Croatian (Figure 2.3 right).

Based on 100 reports from the United Nations (parallel text), Gao et al. [42]

studied the characteristics of six different languages (Arabic, Chinese, English,
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Figure 2.3: Differentiation of three languages. (Left) Average path length (English,
Italian, Croatian from low to high value). (Right) Values of average degree and
clustering coefficient for 15 directed networks grouped in languages [11].

French, Russian and Spanish) by constructing six directed and weighted word co-

occurrence networks ( See Examples in Figure 2.4). The results from this work

showed that the size of the Chinese network is the smallest, followed by the English

network, while the Arabic and Russian networks are relatively larger. Also, the

values of many parameters of French are similar to Spanish; these two languages

share many commonalities because they fall into the same sub-family. Also, words

in Arabic and Russian languages have many forms, which results in both rich types

of words and quite sparse connections among words. Moreover, the connections

between English words are denser [42].

Šǐsović et al. [111] constructed a directed and weighted co-occurrence network

of words within the boundaries of a sentence. The corpus contains four books

and four blog texts in the Croatian language; they remove special characters and

punctuation from the text, excluding the dot character, which is used to separate

sentences. The global network measures were calculated in addition to one local

measure, named node selectivity measure, which could capture the effective dis-

tribution of numbers in the weighted adjacency matrix and is obtained as a ratio

of out/in node strength and out/in degree. As a result, they found that global
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(a) Arabic (b) English (c) Chinese

Figure 2.4: Networks example for of three languages according to the same sen-
tence ”In accordance with the provisions of the charter of the United Nations, the
purpose of the United Nations is to maintain international peace and security”.
(a) Is the Arabic network. (b) Is the English one. (c) Is the Chinese network
example with fewer network nodes [42].

network measures are not enough to capture the structural differences between

networks constructed from different text categories. In contrast, in-selectivity and

out-selectivity measures can indicate that there are differences between the struc-

tures of the networks constructed from literature and blogs (Figure 2.5).

Another idea that has been raised by Margan et al. [82]; they built two language

networks, one for the normal Croatian text, and the other for the same text after

having shuffled it. They found that there was no difference between the degree rank

distributions for the two networks. On the other hand, they discovered that text

shuffling causes the decrease of the average path length and the network diameter,

and the increase of the average clustering coefficient.

Türker et al. [115] studied the comparison between book and social media

networks (Facebook and Twitter) with undirected and weighted edges using the

basic network parameters. As a result, they found books to be the most formal

text, then Facebook and then Twitter, sequentially. The reason Twitter was the

most informal was the limitation of characters in each tweet.
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(a) In-Selectivity Rank Plots [111]. (b) Out-Selectivity Rank Plots [111].

Figure 2.5: The blue line is a book, the red line represents a blog in both cases.
(a) The book is ”The Return of Philip Latinowicz” and the blog is ”Slobodna
Dalmacija”. (b) The book is ”Picture of Dorian Gray” and the blog is ”Index.hr”
[111].

Different from previous research, Liu and Xu constructed word and lemma

form dependency grammar syntactic networks for 15 language treebanks. They

utilized and analyzed seven network parameters for each form of network, average

degree, cluster coefficients, average path length, network centralization, diameter,

the power exponent of the degree distribution, and the coefficient of fitting the de-

gree distribution to the power law. They classify the 15 languages and focus on 5

of them as a basis for the classification, Italian, Portuguese, Catalan, Spanish, and

French, which belong to the Romance language subgroup whose ancestor in Latin.

The classification was done three times, word form network, lemma form network,

and the difference between the parameters of the two previews forms. They found

that it is possible to classify human languages by the main parameters of complex

networks and that the classification according to word form networks are better

than the classification of lemma networks. Also, they found that a better cluster-
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ing result of lemma networks can be obtained when only five parameters (without

average degree and diameter) are taken into consideration [79]. The authors com-

pare the results with Liu’s work (2010) [77] and found that the clustering results

in this study are similar to Liu’s results.

(a) Lemma languages clustering. (b) Clustering of observations for 20 languages.

Figure 2.6: Language clustering using different types of networks. (a) Lemma
clustering using 7 network parameters [79]. (b) Shows a cluster tree of 20 languages
based on SV–OV–AdjN features [77].

Although several studies have been done in the history of languages and how

they derived from each other, there is no unanimity on the origin of human lan-

guages because of the lack of direct evidence and empirical data [18]. Due to the

difficulty of determining the specific date of language separation, scholars try to

study the relationship between languages and convert the result into an estimate

for when a pair diverged. However, the calculation of the distance between a pair

of language is one of the most efficient methods to use it for chronological estima-

tion. Linguistic distance—how different one language or dialect is from another

[102]—can be computed by the lexical distance of the language vocabulary [98, 49].

There are several distance measure algorithms that can be applied on the text

like Hamming distance, Levenshtein distance, and Jaro-Winkler distance [116].

Levenshtein is commonly used, and it is a metric for measuring the difference
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between two string sequences. The Levenshtein distance between two words is the

minimum number of single-character edits (insertions, deletions, or substitutions)

required to change one word into the other using the following equation [74].

dij = min { d i−1,j + cdel(bi)di,j−1+ cins(aj)di−1,j−1+ [aj ̸= bi] · csub(aj, bi) (2.1)

You’ll note that for alternatives first, second and third insertion, deletion and

substitution which correspond to a vertical respect.

Petroni and Serva [98] created a chronological family tree for Indo-European

and the Austronesian group. They used fifty different languages for both cases

depending on two Swadesh list datasets, one for Indo-European [36] and one for

Austronesian [50]. The authors divided this work into two main steps; first, create

matrices of the lexical distances between languages for the two families. Each ma-

trix contains 1,225 elements to describe all pairs in a group. Second, calculate the

absolute timescale for those pairs. To calculate the distance D between each lan-

guage pair, one takes the average of the distances between the word pairs. Petroni

and Serva [98] used a modification of the Levenshtein distance and normalized it

by the number of longer characters of the two words, which is reasonable if two

words differ by one character this is much more important for short words than

it is for long words. To calculate the time distance between languages, the lexi-

cal distance between words tends to grow due to random mutations and, on the

contrary, can be reduced since different words may become more similar through

language borrowings. To get around this, they used the following simple differential

equation:

D̄ = −α(1−D)− βD (2.2)
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Where D̄ is the time derivative of D, α is related to the increase of D, β is the

possibility that two words become more similar by a random mutation or by word

borrowing from another language. The authors assume at the initial condition,

which is the time t = 0, there are two languages start to break away, and the

lexical distance D is zero. With this condition, equation 2.2 can be solved. The

result is a relation which gives the separation time t between two languages in

terms of their lexical distance D:

T = −ϵln(1− γD) (2.3)

Where ϵ is equal to 1/(α+β) and γ = (α+β/α) and can be solved experimentally

by considering two pairs of languages whose time distance is known. Finally, using

the unweighted pair group method average (UPGMA) [98], the phylogenetic trees

are constructed from the matrix. They found that the result from the method

above is relatively similar to those found by glottochronologists.

The use of a cognate set of words to study the time of language divergence is

not new. Gray et al. [48] studied the time separation between 87 Indo-European

languages from a dataset of 2,449 cognate sets coded as discrete binary characters.

They applied the likelihood models of lexical evolution to solve the problem of

accuracy of tree topology and branch length estimation. Bayesian inference of

phylogeny was used to enhance the estimation of tree topology and branch lengths.

Also, they used rate-smoothing algorithms to reduce the rate variation across the

tree. Last, they tried to examine subsets of languages using split decomposition.

The result showed a strong identity for the tree when comparing a subset result

with a complete one. To calculate the divergence times, they sampled the trees
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in balance to their posterior probability, which is giving a measure in the tree

topology and branch length. Then, by estimating the divergence times using the

Markov Chain Monte Carlo (MCMC) sample distribution of trees, to calculate the

variability in the age estimates, and hence calculate a confidence interval for the

age of any node. Finally, they used penalized-likelihood rate smoothing to calculate

divergence times between languages. They found the results are agreement with

the Anatolian theory for the origin time of Indo-European languages.

2.2 Spatio-temporal effect

Tracing language development is a complicated process. Many English words and

phrases are singular to a particular area and would be as foreign to an English

speaker from outside the region. This diversity of vocabulary between the regions

is caused by several reasons, such as social, technological, and educational.

Many linguists have shown the relationship between education and vocabulary

size. Nagy and Anderson found that students from grades 3 through 12 can learn

some 3,000 new words each year if they read between 500,000 and a million running

words of text a school year [92]. Another study reported significant differences in

vocabulary size between first graders (i.e., 2,500 to 26,000 words) and graduate

students (i.e., 19,000 to 200,000 words) [47]; it raises the question regarding vo-

cabulary online which is rather still unexplored [108]. Becker [14] spotlighted the

importance of vocabulary growth by connecting vocabulary size to the academic

achievement of disadvantaged students; he found that the vocabulary knowledge

was the main factor restricting the reading and academic progress beyond grade

3 of that specific student population. Since Becker’s related vocabulary growth to
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academic achievement, several works have agreed that vocabulary acquisition is

important to academic progress, and the relation between reading understanding

and vocabulary size is strong and unambiguous [10, 23, 117].

The significant variation in the vocabulary size estimation (3,000 - 216,000

[41, 80, 35]) for a group of people is mainly caused by there is no standard testing

approach for calculating vocabulary size. The central factor in any vocabulary

size testing method is how to define the words. For instance, the words in a word

family should be counted as a single word by taking a lemma as in [32, 46] or

every different form of a word should be counted separately like [109, 56]. Goulden

et al. [46] used the base form of words to apply his method on university-level

people and found that the score of vocabulary size ranged from 13,200 to 20,700

with average 17,200 words. While Howard et al. [95] applied the experiment on

600 undergraduate students at Indiana University and found that the size of the

mental lexicon around 14,000 words. Another study estimate that university-level

monolingual English speakers arrive at the university level knowing, on average,

about 10,000 lexical items [87].

In academic circles, many researchers have elaborate on the evolution of the

languages on different stages of time. Mitchel et al. exploit the change in word

frequency as the main measure for the quantitative investigation of cultural and

linguistic phenomena. They used a corpus of more than 5 million books and found

that the number of words in the English lexicon increased from 544,000 in 1900,

to 1,022,000 in 2000 by increasing ratio over 70% during the past 50 years (Figure

2.7) [86].

Gulordava and Baroni count the words from the 1960s and 1990s to detect

semantic change using co-occurrence. They find that the words identified by the
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Figure 2.7: The size of the English lexicon over time. Tick marks show the number
of single words in three dictionaries [86].

model are consistent with the raters of human evaluations [51]. Popescu and

Strapparava use statistical tests on frequencies of political, social, and emotional

words to recognize and describe eras [100]. Kim et al. provided a method for

analyzing the change in the written language across time from 1900 to 2009 through

word vectors obtained from a chronologically trained neural language model [69].

In another work, the authors study temporal changes in public opinion in tweets.

They identify a shift in public opinion when there are both emotion patterns and

word pattern change in tweets between two points of time [3]. Izabela Moise et al.

[88] studied language development using data extracted from social media. They

processed 10TB of the Twitter dataset using Spark DataFrame to examine the
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mobility of languages derived from Geo-located tweets. Next, they investigated a

temporal and spatial evaluation of language using techniques such as density-based

clustering and Self-Organizing Maps. As a result of using the Twitter dataset, they

were able to detect real-world events and tourism trends.

Based on the above studies, the level of vocabulary that the person knows

is related to several factors such as regional (geographical), ethnic (national and

racial), and social (class, age, gender, socioeconomic status, and education). In

this dissertation, we focused on the educational attainment factor and its rela-

tion with the level of vocabulary. In general, there are two standard education

category classifications, CASMIN (Comparative Analysis of Social Mobility in In-

dustrial Nations)(Table 2.1), and ISCED (International Standard Classification of

Education)(Table 2.2) [22, 39].

Table 2.1: The 8 categories of CASMIN classification for the educational attain-
ment [22].

Qualification Description
1a Inadequately completed general education
1b General elementary education
1c Basic vocational qualification or general

elementary education and vocational qualification
2a Intermediate vocational qualification or intermediate

general qualification and vocational qualification
2b Intermediate general qualification
2c Full maturity certificates
3a Lower tertiary education
3b Higher tertiary education
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During the developments of education in most of the countries around the

world in the last recent decades, and the varieties of education systems between the

countries, the standard categories of educational attainment are updated every few

years. For example, UNESCO’s International Standard Classification of Education

(ISCED) developed the classes to produce internationally comparable education

statistics and indicators. The first version of ISCED was adopted in 1975 and then

revised in 1997 and 2011, as you can see in Table 2.2. Nowadays, the education

systems for almost all countries in the world fall under the ISCED standard [107].

Table 2.2: Correspondence of ISCED Levels for 1997 and 2011 Versions. [107].

ISCED 2011 ISCED 1997

Level Label Level Label
0 Early childhood education 0 Pre-primary education

(attainment: less than primary education)
1 Primary education 1 Primary education
2 Lower secondary education 2 Lower secondary education
3 Upper secondary education 3 Upper secondary education
4 Post-secondary non-tertiary education 4 Post-secondary non-tertiary education
5 Short cycle tertiary education 5 First stage of tertiary education
6 Bachelor level education and equivalent
7 Master level education and equivalent
8 Doctoral level education 6 Second stage of tertiary education
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Chapter 3

Methodology and datasets

A data-driven comprehensive characterization of written text is possible due to the

current availability of data and the ever-increasing computational power allowing

more data-intensive approaches. In this chapter, we describe our methodology to

comprehensively characterize written text, which involves the curation and inte-

gration of four data sets to reveal the network characteristics of languages and

unveiling independent information from twitter text. In Section 3.1, we describe

the available data sets we curated in this dissertation to study the characteris-

tics of language text. Then, in Section 3.2, we defined a ground truth data set

belong to the languages tree topology, branches length, and divergence period

between languages. In Section 3.3, we present the data sets that used to char-

acterize the Spatio-temporal effect on social media language vocabulary. Finally

(Section 3.4) describes the educational attainment dataset of the cities and coun-

ties in the United States, this data set is used to contrast vocabulary levels with

socio-economic factors.
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3.1 Plain text dataset

The data for ”Characterization of Written Languages Using Structural Features

from Common Corpora” was collected from the Leipzig corpora collection [45].

The languages chosen were English, Arabic, Russian, Italian, Spanish, French,

German, Turkish, Dutch, and Danish. These languages were selected to represent

three main language families, namely Afro-Asiatic, Indo-European, and Turkic.

The text corpus for each language was constructed from Wikipedia and news pages

to ensure some vocabulary diversity and a good representation of each specified

language. The size of the corpus for each language is consistently made of one

million sentences. The entire text was converted to lower case, then punctuation

and special characters were removed. This work looks at language structure in

meaningful words and sequences of such words, which means that stop words

(e.g., prepositions, articles, etc.) were removed from the text. These so-called

functional words can skew the statistical representation of the words in particular

in the context of network science (described later). To normalize the data to be

appropriate for this work, we used 10 million words after processing for the heaps’

law part, and 100,000 words to build a network and extract features.

In the same domain and continue to the above dataset, we extended the dataset

to include 20 languages. The languages chosen for revealing the family relationships

among natural languages were Romanian (Ron), French (Fra), Catalan (Cat),

Italian (Ita), Spanish (Spa), Portuguese (Por), German (Ger), Dutch (Dut), Danish

(Dan), Norwegian (Nor), Swedish (Swe), English (Eng), Slovenian (Slv), Bulgarian

(Bul), Polish (Pol), Russian (Rus), Ukrainian (Ukr), Croatian (Cro), Czech (Ces),

and Slovak (Slk). These languages give good representations of three large sub-

families of the Indo-European family, which are Italic, Germanic, and Slavic. The

26



text corpus for each language was constructed from Wikipedia and news pages to

ensure vocabulary diversity. We made the size of the corpus for each language

consistent; each language corpus is composed of 1 million sentences. After the

entire text was converted to lower case, and the punctuation and special characters

were removed, we used 100,000 words from each corpus for the work developed,

which is ”Complex Networks Reveal a Glottochronological Classification of Natural

Languages.”

3.2 Chronological relation tree dataset

The second type of data we used relates to the languages tree topology, branches

length, and divergence period between languages (years of the separation of the

languages), which we reconstructed from several works [49, 48, 98] in linguistics.

This hierarchy was done for the 20 languages we deal with in this work and is used

as the ground truth (see Figure 3.1).

3.3 Geo-located dataset

Text datasets are varied from plain text, also called text corpus, which is a large and

unstructured set of texts, semi-structured text to structured text. The structured

data relates to any data that resides in a fixed field in a record. Semi-structured

data is a mixture of the above two types. With semi-structured data, tags, or

other kinds of labels such as dates, counts, and locations are applied to recognize

particular elements within the data, but the data doesn’t have a firm structure. A

suitable dataset is determined by analyzing the goal of the work.
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Figure 3.1: A dated phylogenetic tree of 20 Indo-European languages with three
sub-families Italic, Germanic, and Slavic. The dates on the y-axis are approxima-
tions for when these languages split from a common language.

To study the vocabulary growth in specific regions (Country, State, City, County,

Zip Code, etc.) in Chapters 5 and 6, we have to use a dataset tagged by a geo-

localized field. One of the most popular microblogging platforms nowadays is

Twitter. We used a large dataset contains about 569 million geo-localized tweets

that belonged to approximately 17 million users for five years (from May 07, 2010,

to Jul 01, 2015). Those tweets are spread in 58 cities belonging to 32 countries

(see Figure 3.2). After removing a few tweets that have a lack of information,

representing 0.05% from the original dataset, we split the resulting dataset into

six years: 2010 to 2015 (partial 2010 and 2015 and full-year for others). It is worth

noticing that the number of tweets and users dramatically increase from 2010 to

2015, as shown in Table 3.1, which reflects the reality of the official statistics from

Twitter.

Once the dataset is cleaned of spurious records(e.g., users who appear to be

moving in the city too fast), the dataset was further filtered out of duplicated
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Table 3.1: Number of tweets and users for each year in the dataset.

2010 2011 2012 2013 2014 2015

Users 404,139 1,591,575 4,157,311 6,970,707 8,343,348 6,357,308
Tweets 4,160,014 20,703,647 50,609,869 107,347,885 192,852,312 193,259,271
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Figure 3.2: Tweets distribution among 58 cities. Each red dot represents a city; if
multiple cities belong to the same country, we grouped them in a single polygon.

tweets and users who have more than one tweet in less than two seconds. In total,

the data cleaning procedure preserved 98% of users and more than 93% of tweets

from the initial dataset as shown in Table 3.2.

Table 3.2: Number of tweets and users for each year after removing tweets which
do not reflect human physical presence in either the reported place or time.

2010 2011 2012 2013 2014 2015

Users 395,733 1,563,298 4,152,449 6,961,825 8,334,160 6,346,505
Tweets 3,640,600 18,111,598 46,844,592 102,898,323 179,256,310 178,663,575
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The number of tweets varies considerably between cities. The lowest number

of tweets belongs to Beijing City in China, with less than 200 thousand tweets,

the reason for that is probably the limitation of using Twitter in China. On the

other hand, Bandung city in Indonesia got about 50 million tweets, which is the

highest number in the dataset. For all other cities in our collection, see Figure 3.3.

The dataset was collected by specifying a bounding box (using Twitter streaming

API) for each city on our list (see an example of box bounding for several cities in

Figure 3.4).
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Figure 3.3: Cities with its number of tweets, the X-axis contains cities, and the
Y-axis represents the number of tweets multiply by 10 million for each city.

In general, data collecting using the bounding box is useful and not costly in

terms of time and processing. It can be done by defining the pairs of corner points,

[longitude, latitude], for any box. On the other hand, the bounding box can be

confusing in the case of studying two or more neighbor regions sharing the same
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Figure 3.4: Example of box bounding for some cities from our dataset located in
North America.

borders, as shown in Figure 3.5. The resulted boxes of neighbor regions may share

many tweets, which is a problem in the case of study a specific area. To solve this

issue, we extract the exact shape-files borders for each city included in our list. At

this point, we used only the tweets that fall inside the boundaries and ignored all

the tweets surrounding the cities or regions, as shown in the Figure 3.6.

Data normalization is a big challenge in this type of dataset for many reasons

— first, the number of tweets diversities between the regions — second, the vari-

ety of languages inside each territory — third, the differences in the length of the

tweets. Various ways can be used to solve this issue, but it isn’t straightforward

to determine which method is the best. The best normalization technique is de-
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New York

Washington

Philadelphia

Figure 3.5: Example of intersecting tweets between share borders cities in box
bounding. the rectangle shape represents the cities which are New York, Philadel-
phia, and Washington D.C. While the ellipse represents the intersection between
cities.

termined by knowing the goal of the work and then deciding one suitable way that

can be useful and unbiased to all regions. After processing this work and splitting

the dataset into cities, we normalized the data to recognize the variations between

communities by studying the number and structure of regions’ vocabularies. The

normalization is explained in Section 5.1 and consists of sampling the dataset of

each region under test and using the same number of tweets for each region to

study the vocabulary growth (see Section 5.1 for a detailed explanation).
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(a) Box bounding (b) Exact shape boundary

Figure 3.6: Removing Tweets located outside the boundary. Atlanta city is an
example. (a) The Complete box boundary with all tweets. (b) The exact tweets
inside real borders.

3.4 Educational attainment dataset

The educational attainment dataset lists the educational attainment for each region

in the United States of America as recorded by the American Community Survey

(ACS) between the years 2010 and 2015. The educational attainment for a city

is the ratio of the people who graduate from High-school or higher to the total

population. The data used in this work were for a fraction of the population that

is 25 years old and over. This population age is matched with the three largest

fractions of Twitter users aged (25–34, 35–44, and 55–64) [61], which already

included in the dataset of the educational attainment. The educational attainment

in the ACS dataset are divided into seven categories, 1- Less than 9th grade, 2-

9th to 12th grade, no diploma, 3- High school graduate (includes equivalency), 4-

Some college, no degree, 5- Associate’s degree, 6- Bachelor’s degree, 7- Graduate

or professional degree.
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Chapter 4

On the structure of languages

The development of societies leads to the use of different tones and words, creating

different dialects for the same language. Over time, those dialects change by adding

or removing words until they are considered as a new language. Moreover, the

migration of human population groups contributed to the formation of languages

because the geographical separation of populations acts as a catalyst for changes

in vocabulary. This analogy is similar to how different species emerged as a result

of geographic separation. This evolution of language formation means that today

there are thousands of different languages currently being used [85]. In this chapter,

we studied the ability of vocabularies to classify the languages into their families

using regularities extracted from corpora of text (Section 4.1); in addition, test

their ability to find language classification from a chronological perspective (Section

4.2).
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4.1 Characterization of written languages

For more than 5,000 years, humans have been communicating using some form of

written language. For many scholars, the advent of written language contributed

to the development of societies because it enabled knowledge to be passed to fu-

ture generations without too much loss of information and much ambiguity. Today,

it is estimated that humans use about 7,000 languages to communicate, but the

majority of these do not have a written form; in fact, there are no reliable esti-

mates of how many written languages exist today. However, there are three main

families of written languages: Afro-Asiatic, Indo-European, and Turkic. These

classes/families of languages based on history and family trees. However, with the

amount of data available today, one can start looking at language classification

using regularities extracted from corpora of text. This section focus on regularities

of 10 languages from the mentioned families.

To find features for these languages, we use one of the best-known characteris-

tics of vocabulary, which is the Heaps’ law (also known as Herdan’s law) introduced

in the 1960s [57] which describe the vocabulary growth in texts [81, 38]. The law

is defined as:

VR(n) = Knβ, (4.1)

where VR is the number of vocabulary words in the text of size n, K and β are

parameters determined experimentally. Because Heaps’ law represents the vocab-

ulary richness of a particular language, a large text corpus of ten million words

(the data described in section 3.1) was used for the fitting of the two Heaps’ law

parameters Figure 4.1. These parameters are used as a part of the features vector

that later is used to characterize the ten languages we have selected for this study.
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English Arabic Russian Italian

Dutch French German Turkish

Danish Spanish

Figure 4.1: Fitting of Heaps’ law for the 10 languages used in this study (and the
value of K and β respectively.

Table 4.1 shows the values of K and β for the languages in Figure 4.1. For

English, the values of K are expected to be between 10 and 100, and the values

β between 0.4 and 0.6. Our results agree with this expectation, but the values of

K for Arabic and Russian are greater than 100, which could be resulted from the

morphological nature of these two languages.

Table 4.1: From top to bottom and from left to right the languages in Figure 4.1.
The values of K and β from Equation 4.1 is shown

English Arabic Russian Italian Dutch French German Turkish Danish Spanish

K 34.24 275.01 146.79 64.46 23.95 49.87 27.32 57.30 21.84 55.95
β 0.58 0.42 0.50 0.55 0.63 0.56 0.64 0.58 0.63 0.55

After the fitting of Heaps’ law to our corpora, we set to create co-occurrence

word networks. Our networks are simple and link words in each corpus if they

are adjacent to each other in the text. Hence, nodes represent unique words, and

edges represent the connection between every two consecutive words. The edges’
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weights represent the frequency in which the two words appear next to each other.

Table 4.2 shows the size of each network in terms of the number of nodes n and

the number of edges m.

Table 4.2: Size of the word co-occurrence networks for all 10 languages.

English Arabic Russian Italian Dutch French German Turkish Danish Spanish

n 18,986 29,995 37,341 31,361 30,475 30,248 39,098 34,945 30,329 29,999
m 77,989 81,046 93,587 94,494 94,427 94,611 95,774 89,385 88,985 94,919

The generation of the networks gives us the structure and the values for n and

m. Note, however, from Table 4.2 that for all languages the values of n and m are

very similar, which indicates they are not useful features to let us characterize the

languages. However, many structural characteristics can be computed from the

networks. We focus on the metrics described below.

The average degree ⟨k⟩ is generally provided as an information item given

that word co-occurrence networks are not well represented by averages. These

networks tend to display a power-law degree distribution, and the average degree

does not constitute the distribution. The highest average degree was 8.21 for

English, whereas the lowest was 4.89 for German. The reason for this is because

the German language’s vocabulary is much larger than that of English; hence the

fewer word connections [16].

The clustering coefficient of a network (C) is given by the average of the clus-

tering coefficients of each node (Ci). In turn, Ci captures a ratio of the number of

triangles that exist in the graph over how many triangles could exist in the graph

given that a triple is already present. More formally:

Ci =
2Ei

ki(ki − 1)
, (4.2)
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where, Ei is the number of links that exist between the neighbors of node i, and

the denominator number of possible connections that could exist between nodes i.

The network clustering coefficient is the average of all Ci. The Russian and Ara-

bic languages have the lowest clustering coefficient, 0.012 and 0.019 respectively,

while English and Danish score the highest with 0.047 and 0.041, respectively.

Those low values are because Russian and Arabic are morphological languages,

which means that they have more word forms than analytic languages such as

English and Danish [1].

Another important characteristic of network analysis is the average path length.

We know that social networks have high C and low average path length (ℓ) com-

puted as:

ℓ =
1

N (N − 1 )

∑
i ̸=j

dij , (4.3)

where dij is the distance between nodes i and j. Russian has the longest value for

ℓ of 4.91 steps, while the shortest one was 3.82 for English. Again, this is because

morphological languages like the Russian and Arabic tend to have a longer path

than analytic languages like English and Dutch [1].

Networks can be divided into consistent groups of nodes called communities [33]

whose density of edges within the community is higher than outside it. There are

many algorithms in the literature proposed to find these communities; one of the

traditional ways is to calculate the modularity of the network (Q). We computed

the value of Q for all ten networks using the approach proposed by Newman [94].

Based on this metric, Russian has the largest modularity value of 0.481, while the

lowest value was 0.379 scored by English.
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The last two parameters, αd and αs were obtained by fitting weighted degree

distribution of the network and size distribution of communities of words. As

shown later in Table 4.3 the values of αd are quite close to what is expected for

real-world networks (2 ≤ α ≤ 3). We believe the reason for the lower exponent

values was the removal of the functional words. Figure 4.2 shows that a power-law

distribution (i.e., P (k) ∼ kα, where k represents the node degrees) has the best fit

when compared to other common distributions of real-world networks.

English Arabic

Dutch French German

Russian Italian

Turkish

SpanishDanish

Figure 4.2: Fitting of the degree distribution in the power law package.

Similarly, the αs value for the distribution of community size shows a good fit

with a power-law distribution, which is also expected in real-world networks with

community structure. According to Arenas et al. [7] the distribution of community

sizes in real network appear to have a power-law form P (s) ∼ sα. Both values

have been used as part of the feature vector representing the languages. Figure 4.3

shows the fitting for the community size for all 10 languages and Table 4.3 shows

the values for αs.
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English Arabic

Dutch French German

Russian Italian

Turkish

SpanishDanish

Figure 4.3: Fitting of the size distribution in the power law package.

For each of the networks we built, we generated random networks with the same

size and edge creation probability using the Erdős-Rényi model. The purpose was

to analyze the clustering of our word networks. The average clustering coefficient

values for the random networks were much smaller than those in the word networks.

For example, in Italian, the average clustering coefficient for our network is 0.022,

while in the random network was 0.00019. Also, the average path length (ℓ) for

the ten languages was between 3.8 and 4.9, which means our networks appear to

be small-world [118].

After all the analysis, we had an 8-dimension feature vector for each language

as depicted in Table 4.3. In the next, we use these vectors to do clustering of the

languages and hence characterize them based on their structural similarities.

We have performed clustering using two known algorithms: K-means and hier-

archical clustering to find similarities between languages using only the structural
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Table 4.3: Each line in this table represent 8-dimension feature vector for the
language shown in the first column.

Languages β K ⟨k⟩ C ℓ Q αd αs

English 0.582 34.242 8.215 0.047 3.824 0.379 1.827 2.070
Arabic 0.421 275.017 5.404 0.019 4.454 0.466 1.508 3.937
Russian 0.502 146.793 5.012 0.012 4.910 0.481 1.660 2.037
Italian 0.550 64.465 6.026 0.022 4.280 0.405 1.751 1.800
Dutch 0.631 23.950 6.197 0.026 4.194 0.388 1.725 3.186
French 0.567 49.879 6.255 0.023 4.213 0.385 1.745 2.774
German 0.647 27.322 4.899 0.023 4.471 0.464 1.689 2.194
Turkish 0.581 57.304 5.115 0.023 4.430 0.471 1.716 2.223
Danish 0.636 21.849 5.868 0.041 4.200 0.438 1.740 2.761
Spanish 0.557 55.955 6.328 0.023 4.239 0.389 1.730 1.934

characteristics of the languages. K-means is a fast and widely used clustering al-

gorithm that works by minimizing the sum-of-squares distance of the data points

within the cluster. The number of clusters must be specified in advance, so two

methods were used to find the optimal number of clusters. The first one is the

silhouette method; it provides a visual aid in determining the number of clusters.

The silhouette coefficient, which ranged between -1 and 1 indicates the closeness

of each data point in a cluster to other points in the neighboring clusters. After

that, we used the elbow method to validate the number of clusters found in the

silhouette method.

To make resulting K-mean clusters visualized due to the high dimensionality

of the feature vectors, we run the Principle Component Analysis (PCA) to reduce

the dimensionality of the features vector to two dimensions. We also wanted to

independently check whether the parameters extracted from the Heaps’ law were

providing extra information to the clustering of the feature vectors. The silhouette

method was applied with and without the two Heaps’ law parameters (K and

β). In the first case, the optimal number of clusters was three. When the Heaps’
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parameters were added, the silhouette plot suggests a number of clusters between

four and five as the right choices (Figure 4.4). These results indicate the importance

of the Heaps’ parameters to the process of the language classification.
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Figure 4.4: Silhouette analysis on K-Means clustering where the value of the Heaps’
law parameters were included and after PCA.

The elbow method was used to validate the optimal number of clusters found

by the silhouette method. The elbow plot suggests an optimal number of three

clusters when removing the two Heaps’ parameters, which agreed with the results of

the silhouette method. The result of the K-means clustering for this case was that

Italian, Spanish, German, Russian, and Turkish clustered together. The second

cluster contains French, Danish, Dutch, and English, while Arabic appeared in its

own cluster. When adding the parameters of Heaps’ law, the elbow of the curve

indicates an optimal number of 4 clusters (Figure 4.5(right)). In this case, Italian,

Spanish, French, Danish, and Dutch were clustered together. The second cluster

contains Russian, German, and Turkish. At the same time, English and Arabic
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separated into their own clusters (Figure 4.5(left)), which also supports the results

of the silhouette method indicating the importance of Heaps’ parameters to the

classification process and the fact that the complete set of parameters offers a

higher granularity for the clustering. These results match, to a certain degree, the

linguistic typology classification of languages into genetic families as the Arabic

language belongs to the Afro-Asiatic family. In contrast, the rest of the languages

belong to the Indo-European Family.

An interesting finding from the clustering process is Turkish, which belongs to

the Turkic family, was clustered with the Indo-European Family. As the aim of this

work is to classify languages based on lexical rather than syntactical perspective,

the removal of the functional words (stop words) has affected the structure of the

language networks [26]. This, in turn, has reduced the syntactic barriers between

languages belonging to different families. The addition of the Heaps’ law param-

eters enforced the separation of the languages based on their vocabulary richness

and lexical structure represented by the network statistics.

In light of the previous assumption, the development of languages seen in the

modern age, caused by the effects of technology, globalization, and migration,

among other factors, has had on impact on language classification. For the case of

the Turkish language, as of the year 2011, three million Turkish people were living

in Germany, representing 3.6% of the German population [34].

The results of K-means clustering can only classify languages from the top

level of the family tree. To find the relationships between languages in a more

structured way, we applied hierarchical clustering to the feature vectors we have

for each language. In this case, we also decided to test whether the heaps’ law

features alone would provide a similar classification to the classification based on
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Figure 4.5: K-means clustering after PCA and using Heaps’ law parameters and
network parameters. The elbow rule (on the right) shows that 4 clusters appear
to be the best choice for the K-means.

network features alone. Figure 4.6(b) show the classification using only the Heaps’

parameters while Figure 4.6(c) shows the same results using only network param-

eters. Although both classifications have interesting characteristics that resemble

traditional language classifications, the combination of both features (Heaps’ and

network parameters) yields a classification that appears to be enhanced. For in-

stance, the distance between the Turkish and German languages was increased.

The understanding of languages and their characterization has again become a

topic of interest for the scientific community. Studies using a large amount of data

may be able to provide a different view of how languages related to one another

as well as see possible trends of influences of one over the other.

In our study, we look at the possibility of characterizing written language solely

from structural features. We concentrated on two class of features: Heaps’ law,

that looks at the richness of vocabulary in a language, and Network Science features

extracted from the construction of word co-occurrence networks. In the process

of extracting network features, we also demonstrated that these networks exhibit

both scale-free and small-world properties.
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(a) (b)

(c)

Figure 4.6: Hierarchical clustering of the 10 languages used in our study. (a)
Shows the classification using the network parameters as well as the Heaps’ law
parameters while (b) shows the classification using Heaps’ law parameters and (c)
network parameters separately.

We then used K-means and hierarchical clustering together with the silhouette

and elbow methods to identify the optimal number of language clusters to the

dataset we have. We showed that the hierarchical clustering distinguishes rela-

tionships between languages sub-families, while K-Means clusters languages based

on their main genetic families (Proto-Families). It has been demonstrated that

the Heaps’ law parameters enhanced the classification process by distinguishing

languages based on their vocabulary richness.

Following this work, we will go deeper into the characterization of languages

by augmenting the number of languages we use from 10 to around 20 languages

and test the ability of their vocabularies to find a language classification from a

chronological perspective.
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4.2 Glottochronological classification of natural

languages

The success of humans cannot be attributed to language, but it is certainly true

that language and modern humans are inseparable. This section focuses on re-

vealing the structure of 20 Indo-European languages (the data described in section

3.1) belonging to three Sub-Families (Romance, Germanic, and Slavic) from a

chronological perspective. To find the characteristic chronological features of these

languages, we used parameters from two sources. (1) Heaps’ law, which describes

the growth of vocabulary (distinct words) in a corpus for each language to the

total number of words in the same corpora. (2) Structural properties of networks

created from word co-occurrence in corpora of 20 written languages.

We extracted a set of 19 features for each language; we want to demonstrate

that one could use these features (or some of them) to unveil a structure similar

to the ground truth (Figure 3.1). The first two features represent the vocabulary

richness of the language, as expressed by Heaps’ Law [57]. The parameters k and

β describes the vocabulary growth (distinct words) in texts as a function of the

total number of words seen [81, 5]. More formally, VR(n) = k nβ. where VR is

the number of vocabulary words in the text of size n, k and β are parameters

determined experimentally from the fitting of Heaps’ Law.

The other 17 features were obtained from the word co-occurrence network for

each language. The network is simple and built, having words as nodes and link-

ing words if they appear in the corpus consecutively. The edges’ weights represent

the frequency in which the two words appear next to each other. The networks

follow a power-law distribution and have community structures (we used Louvain
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Table 4.4: Each line in this table represent 19-dimension feature vector for the
language shown in the first column.

Languages k β αd αs n m ⟨k⟩ C4 C ⟨Cd⟩ ⟨Cb⟩ ⟨Cc⟩ D trans η▽ ℓ r Q com

Portuguese 6.40 0.702 2.302 1.343 20,641 70,816 6.86 0.044 0.186 0.00033 0.00010 0.305 11 0.0103 11.729 3.331 -0.135 0.392 47
Spanish 7.63 0.694 2.323 1.462 22,258 73,026 6.56 0.059 0.241 0.00030 0.00010 0.315 14 0.0088 12.972 3.217 -0.227 0.351 111
Italian 8.28 0.689 2.291 1.399 22,885 77,693 6.79 0.035 0.170 0.00030 0.00010 0.302 13 0.0113 11.721 3.357 -0.223 0.363 55
Catalan 7.69 0.686 2.324 1.335 20,856 68,005 6.52 0.073 0.277 0.00030 0.00010 0.322 10 0.0084 13.551 3.151 -0.210 0.364 44
French 7.41 0.690 2.289 1.324 20,700 73,241 7.08 0.051 0.257 0.00030 0.00010 0.322 09 0.0109 16.628 3.146 -0.245 0.336 58
Romanian 8.91 0.683 2.307 1.252 22,821 75,361 6.60 0.043 0.175 0.00028 0.00010 0.305 10 0.0106 11.306 3.325 -0.185 0.371 33
Dutch 6.54 0.700 2.175 3.529 20,485 72,745 7.10 0.081 0.320 0.00030 0.00010 0.326 11 0.0157 26.030 3.102 -0.219 0.304 31
German 0.23 1.008 2.214 1.427 24,296 73,841 6.08 0.088 0.260 0.00020 0.00009 0.317 10 0.0120 16.121 3.200 -0.195 0.352 112
Danish 5.70 0.720 2.217 4.804 22,234 71,612 6.44 0.066 0.246 0.00020 0.00010 0.311 10 0.0130 16.535 3.259 -0.183 0.358 34
Norwegian 6.13 0.706 2.231 4.456 20,571 63,997 6.22 0.090 0.298 0.00030 0.00010 0.322 10 0.0108 15.349 3.143 -0.210 0.364 30
Swedish 4.65 0.743 2.186 1.330 24,071 70,887 5.89 0.081 0.278 0.00020 0.00010 0.316 11 0.0086 11.808 3.209 -0.199 0.386 44
English 9.88 0.650 2.368 1.404 17,448 68,762 7.88 0.074 0.318 0.00040 0.00010 0.339 09 0.0107 22.913 2.994 -0.193 0.291 47
Bulgarian 5.41 0.728 2.449 1.854 23,655 58,746 4.97 0.061 0.185 0.00020 0.00009 0.306 17 0.0034 5.091 3.323 -0.189 0.503 496
Slovenian 7.58 0.716 2.343 1.791 28,669 83,470 5.82 0.037 0.122 0.00020 0.00008 0.286 11 0.0105 8.593 3.558 -0.117 0.396 62
Russian 7.51 0.719 2.334 4.502 29,333 81,405 5.55 0.045 0.123 0.00010 0.00008 0.285 10 0.0057 5.415 3.576 -0.112 0.428 57
Ukrainian 4.41 0.765 2.345 2.629 29,363 78,155 5.32 0.054 0.147 0.00018 0.00008 0.289 15 0.0066 5.654 3.543 -0.159 0.438 36
Czech 4.71 0.765 2.387 1.878 31,486 83,320 5.29 0.041 0.101 0.00016 0.00008 0.274 12 0.0057 4.298 3.726 -0.086 0.438 64
Slovak 7.07 0.733 2.288 2.305 32,542 87,625 5.39 0.029 0.086 0.00016 0.00008 0.270 13 0.0075 4.896 3.775 -0.081 0.431 65
Croatian 7.31 0.716 2.317 2.003 27,369 63,826 4.66 0.039 0.144 0.00017 0.00010 0.267 14 0.0040 2.693 3.819 -0.134 0.550 132
Polish 5.92 0.734 2.390 3.155 27,390 72,721 5.31 0.048 0.122 0.00019 0.00009 0.277 16 0.0082 5.123 3.678 -0.130 0.470 70

Table 4.5: Best 10 Entanglement with its combinations.

Entanglement k β αd αs n m ⟨k⟩ C4 C ⟨Cd⟩ ⟨Cb⟩ ⟨Cc⟩ D trans η▽ ℓ r Q com

0.0602616 ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0602616 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0604673 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0604673 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0604673 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0604673 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0604673 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0653795 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0663400 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
0.0687276 ✓ ✓ ✓ ✓ ✓ ✓ ✓

modularity [17]); the number of communities is an important feature (com). The

features αd and αs represent the scaling of the degree distribution and the distri-

bution of community sizes, respectively. The size of the network is given by the

number of nodes n and the number of edges m.

Many other structural characteristics can be computed from the networks. For

this work, we exhaustively added many features without too much concern for an

exact number. The purpose is to make sure we are capturing as many uncorrelated

metrics as possible. Later we worked reducing the dimensions and identifying

the most significant parameters. The degree k of a node is the number of edges

connected to it. The higher average degree ⟨k⟩ the network has, the more density
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it is [20]. From Table 4.4, we can see that the Slavic languages have a lower ⟨k⟩

compared to all other languages in the dataset, while the English language has the

higher one.

In addition to the network clustering coefficient (C), a measure of the degree to

which nodes in a graph tend to cluster together, we calculate the square clustering

(C4), which is the quotient between the number of squares and the total number

of possible squares [76].

Similar to the concept of clustering C, is the concept of transitivity (trans) [105]

of the network. Moreover, both C and trans depend on the number of triangles

(cliques of 3 nodes) in the network, so we have also included these features (trans

and η▽ respectively) as part of our set of metrics. Another essential feature of

networks is the average path length (ℓ) between two nodes, which also included

in our list. Croatian has the longest value for ℓ = 3.81 steps, while the shortest

one was English with ℓ = 2.99. This is likely because morphological languages

like most Slavic languages tend to have long sentences than analytic languages like

English and Dutch [1]. The diameter of the network D is the largest shortest path

and another important feature we included here. Note that at this point, the idea

is to have an exhaustive list of features that could represent a language.

Related to community detection algorithm is the modularity of the network

given by Q, which is designed to measure the strength of a division of a network

into groups, a measure the community structure[33]. The value of Q for all 20

networks was calculated using the approach proposed by Newman [94]. Based on

this metric, Croatian has the largest modularity value of 0.550, while the lowest

value was 0.291 scored by English.
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Centrality measures are used to identify the important nodes within a network,

here we used degree-centrality (Cd), which is highly correlated to ⟨k⟩, betweenness

(Cb), and closeness (Cc) as defined by Borgatti [19]. However, since we want a

network feature, we represent the average of all these values given by ⟨Cd⟩, ⟨Cb⟩,

and ⟨Cc⟩. Last, we compute the degree assortativity of the network, which is given

by r [93].

For each of the networks we built, we generated random networks with the same

size and edge creation probability using the Erdős-Rényi model. The purpose was

to analyze the clustering of our networks. The average clustering coefficient values

for the random networks were much smaller than for our networks. For example,

in Polish, the average clustering coefficient for our network is 0.122, while in the

random network was 0.00037. Given that ℓ is also small, we argue that the networks

have small-world characteristics [118].

After all the analysis, we had a 19-dimension feature vector for each language

as depicted in Table 4.4. This vector is used in clustering the networks, but we

will also try to identify the most significant features and reduce the dimension.

We have performed clustering using a hierarchical clustering algorithm, which

provides the relationships between languages in a more structured way as compared

to the original hierarchy. The result is presented as a tree diagram called a dendro-

gram. The hierarchical clustering algorithm begins with each object in a separate

cluster, and at each step, the two most similar clusters are joined into a single

new cluster [63]. The aim is to find similarities and the time separation topology

between languages using only the structural characteristics of the languages.

We applied a clustering to the complete feature vectors in Table 4.4 (19 pa-

rameters for each language). To compare the tree resulted from the hierarchical
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clustering with the ground truth tree (Figure 3.1), we measured the quality of

the alignment of the two trees by calculating the entanglement function. Entan-

glement is a measure between 1 (full entanglement) and 0 (no entanglement). A

lower entanglement coefficient corresponds to a good alignment [52, 43]. The en-

tanglement result from the two trees is 0.27 (Figure 4.7), which represents about

73% of agreement between two trees. In general, this number is good, but when

looking at the relation of languages in Figure 4.7, one can quickly determine the

distortion in branches. Moreover, the result from the complete matrix does not

catch even the three sub-families structure; specifically, the intersection between

Germanic and Romance languages make it difficult to separate them.
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Figure 4.7: Entanglement between two trees using complete feature vectors (19
parameter).
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For the sake of enhancing the entanglement results, we took all the possible

combinations of the 19 parameters in the matrix (from 1 to 19 parameters). For

each combination, we constructed a tree and compared it with the ground truth to

find the entanglement. As a result, we found many combinations that give better

results compared to the complete feature vectors results. Table 4.5 contains the

best 10 entanglement from all combinations. Furthermore, we can evoke which fea-

tures that have high influential on the results like transitivity, degree assortativity

coefficient, average shortest path length, and average degree, which they appeared

in most cases. In contrast, there are some parameters useless for this kind of work,

like Heaps’ law parameters and betweenness centrality (Table 4.5).

The best combination between all cases has the entanglement value of 0.06

(first case in Table 4.5), this case has only seven parameters, which is the smallest

combination parameters that give better values. The parameters are the number

of nodes, average degree, square clustering, closeness centrality, transitivity, aver-

age shortest path length, and degree assortativity coefficient (Figure 4.8 shows the

dendrogram result of the seven parameters combination). The hierarchical clus-

tering was able not only to distinguish the Slavic languages from the non-Slavic

language but also to capture the branch’s relation and distances for this sub-family

with one exception, which is the Bulgarian language (discussed later). Moreover, it

was ambidextrous to recognize the Germanic from Romance languages with some

differences in the branches relation like Germany with Norwegian instead of the

Dutch language.

To check the consistency of the result, we tested the sensitivity of removing

languages. First, we remove one language each time and calculate the average

entanglement for all cases. Secondly, we remove two languages and calculate the
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Figure 4.8: Entanglement between two trees using the best entanglement case (7
parameters).

average entanglement, and so on (Figure 4.9(b)). The average entanglement in-

creased until the 6th language removed and then started to be constant at a high

level, which means that the topology of the tree is destroyed, and the removal of

more languages does not affect the result.

To test for specific language impact on the average entanglement and tree

topology, we removed one language each time and recalculated the average entan-

glement. The language with high average entanglement in Figure 4.9(a) means the

most effective language on the tree topology. In our languages set, when we re-

moved the Bulgarian language, the average entanglement became very high (0.79),

which means the branch’s relation is very tangled. The unpredictable behavior

of the Bulgarian language may be due to several reasons. First, the number of
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Figure 4.9: Validating data and entanglement sensitivity as a function of removing
languages.

unique words (nodes) is less than other Slavic languages. Also, words in the Bul-

garian language are most likely to connect with other words several times, which

describes the reason why the language has a number of connections less than all

other language networks in the dataset. On the other hand, several important dis-

similarities exist between the Bulgarian language and other Slavic languages. For

instance, Bulgarian is an analytic language, and its unique morphological features

tend toward the Balkan family of languages. The Bulgarian language roots back to

the Proto-Slavic branch of the Indo-European language family, which has common

features with the Indo-Iranian languages, more specifically, the Germanic family

but it was much similar to the Baltic family of languages. Finally, a lot of words in

the Bulgarian language were borrowed from the Turkish and Greek languages [96].
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Chapter 5

Spatial effects on language text

Nowadays, social media is considered a good source of data about society, especially

after the increase in the use of social media and social networking websites by more

organizations and influential individuals [64]. Social media has become a common

part of the daily life of billions of people worldwide, [44]. Users of social media post

their thoughts, activities, and opinions about almost every aspect of life [28], which

leads to being the number vocabulary are varies from region to region. Therefore,

social media content gives researchers new opportunities to study a variety of

social phenomena such as tourism and hospitality [21, 73], education [91], and

health [90]. In this chapter, we are interested in how the peoples’ vocabulary used

in social media may reflect the level of education for a specific geographic region.

This chapter split into two sections. Section 5.1 studies the relation between the

vocabulary of social media and education attainment, while section 5.2 concern

with the same above relation with more restricted rules and a new method to

recalculate the educational attainment.
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5.1 Social media vocabulary reveals education

attainment of populations

Educational attainment is a major indicator of a nation’s development stage. Yet,

often we have to rely on census information that is done at insufficient periodicity

not capturing well the dynamics of certain regions. In this context, social media

can act as a sensor of populations with up-to-date information. to complete this

work, we used two datasets described in sections 3.4 for educational attainment,

which is used as the ground-truth in our study, and 3.3 for twitter dataset.

However, to study several regions that may share the same borders, we used

only the tweets that fall inside the boundaries and ignored all the tweets surround-

ing the cities or areas, as shown in the Figure 5.1. This work was performed at

the county level for five different geographical areas in the United States, to cover

a variety of demographic areas. The work was done by comparing the education

attainment according to the American community survey to the level of vocab-

ulary used in social media in the same region for the same period of the census

(2010-2015). Because the English language is the dominant language in the United

States, we do not consider texts in other languages. Furthermore, numbers, special

characters, links, functional words, and punctuation were removed from the tweet

text because we do not want those to be considered as part of the vocabulary. Ta-

ble 5.1 show the number of counties in each area studied and the range of tweets

for each area (variation among the counties).

The number of tweets in the twitter dataset varies considerably from region to

region (see Table 5.1). As a result, we must ensure that if we want to capture the

level of the vocabulary of a region, r, we do this in a way that avoids bias towards
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Figure 5.1: Removing tweets located outside the specific boundaries. Fulton county
in Atlanta city is shown here as an example. The dark points represent the tweets
inside the county of interest.

Table 5.1: Number of counties for each region and the region’s minimum and
maximum number of tweets among all counties.

Atlanta Houston Chicago San Francisco Maryland
Number of counties 29 8 14 8 14

Range of tweets 5.5K - 1.4M 45K - 4.3M 7K-4.3M 70K - 1.2M 36K - 1.2M

regions in which the activity in terms of the number of tweets is larger. Our

approach is relatively simple and focuses on taking a certain number of samples,

s, for each region, where each sample has n tweets. We will describe later how we

assigned a value for s and n, but given these values have been correctly chosen, we

calculate in Equation 5.1 the vocabulary index of a region for particular sample
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size, Vr(s). In essence, Vr(s) is the average value of the proportion of distinct words

in a Twitter sample to the total number of words in the same sample for a given

region and given by:

Vr(s) =
1

s

s∑
k=1

(Uk/Ns), (5.1)

where Uk is the number of unique words in the sample, Ns is the total number

of words in the same sample for region r, and s is the number of samples chosen

in each region. This number must be selected so that the normalization retains

enough information regarding the growth in vocabulary in a region.

To determine the number of samples s and the size of each sample, we analyzed

the variance and the stability of the growth in the vocabulary as a function of the

sample size. Here, we propose a new approach that normalizes the dataset by

fixing the number of tweets for all the counties under the study. We used the

β parameter extracted from heaps’ law (see Equation 4.1), which describes the

vocabulary growth in texts [5], to determine the number of samples and the size of

each sample. To find an appropriate number of samples s, we calculate the value

of β for the different number of samples, from 1 to 10. For each sample size, s,

we repeat the calculations 100 times and use the variance value to determine the

value of s (Figure 5.3a). The stability and variance of β are used in our choice of

s.

Similar to the above method, we use the β parameter to examine and determine

the size of the sample n. The values β are estimated for different values of n, from

1,000 to 10,000 stepping by 1,000. We repeat the computation 100 times for each

n to find the stable point for n. All previous calculations were done for all counties

of the five regions (Figure 5.2). After completing the calculation, we found that
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Figure 5.2: The effect of increasing the number of samples and the size of the
sample to the average β value. Every plot represents one sample size from the
following values: (1,000, 3,000, 5,000, 7,000, or 10,000), and 10 number of samples
(1 to 10). Each row represents a county (in Atlanta). The 5th plot was removed
from Heard county because of the number of tweets is less than 10,000. This
approach has been used for all cities. We show only Atlanta here.

the relation of s is inversely proportional to n. Using Knee Detection [104] in

Figure 5.3b; the size of the sample appears to be between 3,000 and 4,000 tweets.

Furthermore, the number of samples should be above four, which is indicated by

the yellow region in Figure 5.3a.

Starting with the Atlanta region, as a result, we compared the ground truth

from ACS with the calculated value of Vr(s) for each county. We found that the

correlation between the values was high with r = 0.881 with a significant p-value

(Figure 5.4b). Moreover, we noticed that 13 counties have a perfect correlation. We

then calculated the difference between the two datasets for each county to provide

a visual representation of the correlations. The result is shown in Figure 5.4a.

58



Number of Sample

Av
er

ag
e 

Be
ta

 V
al

ue

(a) Number of samples. (b) Size of samples.

Figure 5.3: Detection of sample size and sample count. On the left, the yellow box
points out to the sample count, while the detection of the sample size on the right.
We again used the 29 counties of Atlanta city as an example.
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(a) Atlanta city region has 29 counties.
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lanta.

Figure 5.4: Atlanta city region. (a) Shows the map of counties and the color repre-
sent the difference values between the educational attainment and the vocabulary
ratio estimated from twitter. (b) shows the correlation between the two measures.

In Maryland, we also observed a high correlation between the twitter vocabu-

lary and the ACS data for education attainment with r = 0.819, which is again

considered high (see Figure 5.5b). Figure 5.5a shows the difference between the

twitter vocabulary estimaty and the ACS data. Again some counties have a higher

difference than others, but the variance is smaller than we observed in Atlanta.
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(a) Maryland state and its 14 counties. Harford
county has the highest disagreement between
the calculated twitter vocabulary and the ACS
information about education attainment.
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(b) Correlation chart for the counties in Mary-
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Figure 5.5: Maryland state region. (a) Shows the map of counties and the color
represent the difference values between the educational attainment and the vocab-
ulary ratio. (b) shows the correlation between the two datasets.

The 3rd region in our results is San Francisco in California. We tested eight

counties in the region of San Francisco city, and it’s surrounded counties. The

difference between the calculated values of Vr(s) and the ACS data are small

compared with all other regions, as shown in Figure 5.6a. Figure 5.6b shows the

high correlation observed between the two datasets with r = 0.881 and significant

p-value.

The lowest correlation value among the areas we studied in this work relates to

Chicago and the surrounded areas with r = 0.753, which is nevertheless considered

high correlation (see Figure 5.7b). In this case, it became more apparent that

counties with cosmopolitan centers (such as the city of Chicago itself) such as

Cook county, tend to have the most significant differences between vocabulary and

education attainment.

The last region in this work is Houston containing eight counties. The correla-

tion between the two datasets is r = 0.871 (see Figure 5.8b). Similar to Chicago, we
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(a) The results show a small difference values
between the two datasets with a highest value
1.77 for Santa Clara county.
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Figure 5.6: 8 counties from California in the San Francisco area. (a) Map of
counties and the color represents the difference between the educational attainment
and the vocabulary ratio. (b) Correlation between the two datasets.

noticed that the third most populous county in the United States, Harris County,

has the highest difference value between the twitter vocabulary and the ACS data

with 5.86 (see Figure 5.8a).

In this work, we showed that the vocabulary level on social media tends to

reflect the educational attainment of the location the tweets are coming from. Our

results show a high correlation between the two datasets for most of the regions.

Furthermore, our method can serve as a simple measure of educational attainment

for regions where official data may not be available, another contribution in the

context of social media as sensors. This result alone opens several research avenues

because it may enable, for instance, the classification of individuals within regions,

that is, our study deals with averages, but it would be necessary to also look

at the higher granularity and perhaps understand the vocabulary level and the

mix/composition of people within regions.
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(a) The result shows that the highest difference
value is for Kane county then Cook counties.
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(b) Correlation analysis for the region of
Chicago.

Figure 5.7: Chicago region with 14 counties. (a) Shows the map of counties and
the color represent the difference values between the educational attainment and
the vocabulary ratio. (b) shows the correlation between the two datasets.

Our results indicate that in areas with higher population density, the correlation

is weak. To look further into this fact, if we remove the non-English tweets from

the dataset, this disagreement is less prominent supporting the hypothesis that the

disagreement comes from the cosmopolitan nature of such areas; the number of

non-English tweets in more rural areas is smaller (as a fraction of the total number

of tweets).

Our results also suggest that social-media text can be treated as a regular text

because of the diversity of subjects, which leads to a richer vocabulary. Also, our

proposed sampling method of the twitter data that determines a minimum number

of samples can be used to study very large twitter datasets by efficiently reducing

the processing costs.
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(a) Houston counties with highest difference
value between the ACS for educational attain-
ment and twitter datasets is Harris county.
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Figure 5.8: Houston region with 8 counties. (a) Shows the map of counties and the
color represent the difference values between the ACS for educational attainment
and the vocabulary ratio. As before with the case of Chicago, Harris county,
being one of the most densely populated counties in the USA, has the weakest link
between education attainment and vocabulary index. (b) Shows the correlation
between the two datasets, which despite Harris county is still quite high overall.

5.2 Re-calculated educational attainment and its

relation with social media vocabulary

In this section, we focus on revealing the relationship between social-media vocab-

ulary and the updated value of educational attainment. This work was performed

at the city level for 14 different geographical areas in the United States (Table 5.3)

by comparing the new calculated values of education attainment considering seven

categories according to the American community survey using dataset described

in Section 3.4, to the level of the correct vocabulary used in social media ( Section

3.3) in the same region for the same period of the census (2011-2015). Further-

more, we concerned about how to detect local Twitter users and which languages

they used in their tweets and describe the spatial effect on the type of written text

from a formal and slang perspective.
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We used the same processing steps for the twitter dataset, which is described

in section 5.1. The second dataset in this work records the educational attainment

for each city in the United States which is used as the ground-truth in our study.

The records are from the US census of the American community survey for almost

the same period of our dataset (i.e., 2011–2015) with a few months gap (already

removed) from the year 2010, which represents no more than 0.7% from the total

dataset.

We believe that any difference in the sub-group of educational attainment be-

tween two cities, even if they have the same total of educational attainment, should

be treated differently (see (Table 5.2). Therefore, the recalculation for educational

attainment was done by giving a weight for each sub-group based on the number of

vocabulary they have. The number of vocabulary is available from previous stud-

ies for some groups. For instance, high school graduate people have about 10,000

words [87]. At the same time, [95] found that the size of the mental lexicon around

14,000 words for university students which almost equivalent to associate’s degree

in this work. Furthermore, [46] found that the average vocabulary size for people

they have a bachelor’s degree around 17,200 words. Another study mentioned that

the speaker might add 1,000 words per year to his dictionary size during the child-

hood [106], while 500 words during the college-age per year [87]. For the other

missing sub-groups information, we estimate the values according to the above

information and the result in (Table 5.2) as a percentile standard weight of each

group.

The new educational attainment value for each city have been calculated by sum-

ming the result of multiplying the weight of the group by the percent value of

that group in the ACS dataset for a particular city divided by highest weight
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value max(Wi) of categories (in our case is 22 as shown in Table 5.2), In assuming

that the highest city contains 100% of category seven and zero% for the others

categories using the following equation:

EDU.A =
n∑

i=1

(Wi ∗ Pi)/max(Wi), (5.2)

where EDU.A is the new value of educational attainment, n represents the number

of categories, Wi is the weight value of group i, and Pi is the percentage value of

population for the same group i. For the result of this equation, see (Table 5.3).

Table 5.2: The 7 categories of educational attainment in ACS dataset in addition
to the vocabulary size for each category and its equivalent weight.

Category vocabulary size Wi

1 Less than 9th grade 7,000 8
2 9th to 12th grade, no diploma 9,200 10
3 High school graduate (includes equivalency) 10,000 11
4 Some college, no degree 13,000 14
5 Associate’s degree 14,000 16
6 Bachelor’s degree 17,200 19
7 Graduate or professional degree 20,000 22

100

Because the results represent the educational attainment of the cities and to

avoid bias in the outcome, we used only the tweets tweeted by the resident users

in a particular city. To determine the local Twitter users, the researchers used

several methods, such as Density-based clustering [37], which is commonly used

to locate Twitter user’s homes located at an accurate spatial scale. Because of

our work based on the city level and it is not essential to detect the exact point

of tweets, so we alternatively combined two approaches. The first one is to create
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an n-day time interval for each user in one city, and choose minimum days is ten

[99, 62]. Besides, we tried to involve only active users that they have at least ten

tweets in a particular city as a second approach. The combination of the above

two methods gave exceptional results for detecting the home city for users and

separated them from tourist users with few intersections between cities, which

is solved by considering the maximum number of tweets between the intersected

group.

Because the English language is the dominant language in the United States,

we do not consider tweets in other languages. Although the language tag assigned

with tweets is English, which detects by Lamanna et al. [72], but there are many

non-English words in the text. To solve this issue, we built two English language

dictionaries. The first one is for the formal words dictionary contains 469,107

words collected from [83]. The second dictionary belonged to slang language,

which includes 1,591,188 Slang words collected from Urban Dictionary. The words

of tweets that outside the dictionaries are removed, then we count the formal and

slang words in each city. The above two dictionaries have 84,950 shared words,

so we consider those words belonged to the formal dictionary only. Furthermore,

numbers, special characters, links, functional words, and punctuation were removed

from the tweet text because we do not want those to be considered as part of the

vocabulary.

The number of tweets in our dataset after processing varies considerably from

city to city (4,645,170 – 30,077,172). To avoid the bios, we used the same normal-

ization method described in section 5.1 in addition to determining the minimum

number of words in each sample using the values of β extracted from Heaps’ law.

With English text corpora, the values of β are expected to be between 0.4 and

66



0.6 [9](Figure 5.9). We applied heaps’ law and calculated the exponent β with

different text sizes for the 14 cities to find the minimum size of the text (to reduce

the cost of processing) that holds the appropriate value of β. The (Figure 5.10)

shows that 100,000 words are enough to represent the language for all the cities.

To find a proper number of samples s, we calculate the average value of unique

words for the different number of samples sized 100,000 words randomly chosen,

from 1 to 10. For each sample size, s, we repeat the calculations 100 times and

use the variance value to determine the value of s (Figure 5.11). The stability and

variance of the average value of unique words are used in our choice of s, which is

five samples.

Atlanta

San Francisco San DiegoLos Angeles Detroit Chicago

Boston New York Philadelphia Washington Dallas

Phoenix Houston Miami

Figure 5.9: Fitting of Heaps’ law for the 14 cities used in this study and the value
of K and β respectively. The values of β are range from 0.564 to 0.59 and the
values of k between 16,362 and 19,768, both parameters are in the expected range.

Starting with the standard educational attainment EDU.A, we compared the

ground truth EDU.A from ACS with the calculated value of Vr(s) for each city.

We found that the correlation between the values was tolerable with r = 0.56
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Figure 5.10: Detection of sample size. The green area points out to the acceptable
value of β. For the size of 50,000 words, some β values are in the green area while
other out of it. On the other hand, the size of 100,000 words has all the values of
beta in the acceptable domain.

with a significant p− value = 0.03 (Figure 5.12). Moreover, we noticed that some

cities are having smaller vocabulary size than expected, such as Detroit, which

has a lower value of Vr(s) (Table 5.3) among all the dataset despite the value of

EDU.A above four other cities. The reason for that may related to the lower ratio

of population in the highest weight categories 6 and 7 (8.0 and 5.4 respectively) in

the ACS dataset (Table 5.2).

After that, we test the correlation between the updated value of educational

attainment EDU.A and Vr(s). The correlation is clearly increased from r = 0.56

to r = 0.723 with a significant p − value = 0.03 (see Figure 5.13). Also, the
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Figure 5.11: The detection of the number of samples. We used San Diego and
Chicago cities as an example.

results show that Detroit city has the lowest Vr(s), which is compatible with the

value of EDU.A. Although cities like Atlanta and San Francisco still not perfectly

correlated, they got closer to reality compared with the standard values of EDU.A.

The value of Vr(s) for Miami city higher than the expected, the reason for that

belongs to the way of collecting the data. The data was collected as a bounding

box and include a region of Miami beach city, which has EDU.A 87.2%, which is

considered higher than the level of EDU.A in Miami city, which is 73.2%.
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Figure 5.12: Correlation analysis for the 14 cities between EDU.A and the resulted
value of Vr(s). Atlanta, Detroit, New York, and San Francisco are the lowest
correlated cities in the dataset.

Comparing the result in Figure 5.12 and Figure 5.13 with the result in section

5.1, we found that the correlation in section 5.1 relatively higher although both

works used an almost similar methodology. The reason for this is that the work in

section 5.1 compared the counties inside one region, while here we examined the

cities, which is mean the closer, the better. According to this idea, we calculate the

correlation between Vr(s) and EDU.A for two different groups of cities. The north

group contains Detroit, Chicago, Boston, New York, Washington, and Philadel-

phia, and the west group represented by San Francisco, San Diego, Los Angeles,

Dallas, in addition to Houston and Phoenix. As a result, the correlation raised to

79% for the north group and 95% for the west group as shown in Figure 5.14.

As a secondary result, we noticed that Miami city has the lowest ratio of English

tweets in the dataset with the percentage of 65. This low ratio caused by the high
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Table 5.3: The 14 cities with its descriptive measures. The column EDU.A repre-
sent the percentage values of population graduate from high school, while EDU.A
symbolize to the updated educational attainment. Vr(s) is the result of Equation
5.1. Whereas Formal and Slang denoted to the number of words in each dictio-
nary in the sample of size 100,000 words. UNK. is the number of unknown words
to reach 100,000 correct words. While TUR. means tourist, it describes the ratio
of tweets that our strict method of local user detection doesn’t catch them as local
tweets from the total number of tweets. Finally, EN. represent the ratio of English
tweets from the total local tweets.

City EDU.A EDU.A Vr(s) Formal Slang UNK. TUR. EN.
San Francisco 0.87 0.743 0.14883 94,537 5,463 18,492 0.25 0.71
Los Angeles 0.755 0.645 0.13754 94,498 5,502 19,271 0.21 0.70
San Diego 0.873 0.713 0.14151 94,720 5,280 19,180 0.31 0.68
Detroit 0.783 0.59 0.12618 94,886 5,114 16,779 0.18 0.73
Chicago 0.823 0.669 0.13918 94,530 5,470 17,822 0.22 0.71
Boston 0.852 0.707 0.14178 95,181 4,819 17,828 0.19 0.74
New York 0.803 0.665 0.14319 94,679 5,321 19,166 0.21 0.70
Philadelphia 0.82 0.629 0.1362 94,466 5,534 19,220 0.19 0.71
Washington 0.893 0.759 0.14187 94,123 5,877 18,725 0.22 0.70
Dallas 0.745 0.636 0.13075 94,264 5,736 18,473 0.20 0.71
Atlanta 0.89 0.729 0.13487 93,954 6,046 19,306 0.24 0.71
Phoenix 0.807 0.641 0.13304 95,171 4,829 17,874 0.25 0.73
Houston 0.767 0.64 0.13089 93,835 6,165 18,621 0.22 0.70
Miami 0.732 0.606 0.13653 94,156 5,844 20,438 0.32 0.65

rate of the population (77%) speaks a language other than English at home, with

Spanish being the most common. Also, about 55.5% of that 77% speak English

less than ”very well,” according to U.S. Census(ACS 2011-2015, Language Spoken

at Home). This high percentage of non-English speakers also explain the reason

that Miami city has the highest number of unknown words (undefined in English

dictionaries) in English tweets comparing with other cities in our dataset.

Moreover, we noticed that there is a variation in the ratio of using slang and

formal words between the cities. Atlanta and Houston used more slang words
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Figure 5.13: Correlation analysis for the 14 cities between EDU.A and the value
of Vr(s).

than other cities according to the diversity in race and ethnicity. On the other

hand, the Twitter users of Boston city used formal words more than the users of

other cities in the dataset. Furthermore, according to the method of detecting the

local Twitter users used in this work, we found that Miami city has the highest

ratio of tweets (about 32%) belonged to non-Miamian users. In contrast, more

than 80% of tweets in Detroit, Philadelphia, and Boston linked to the local people.

In this section, we showed that the vocabulary level on social media tends to

reflect the educational attainment of the location the tweets are coming from. Our

results show a high correlation between the two datasets for most of the cities.

Furthermore, our method can serve as a simple measure of educational attainment

for regions where official data may not be available, another contribution in the

context of social media as sensors. This result alone opens several research avenues
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Figure 5.14: Two groups of cities correlation (left) The north group represented by
Detroit, Chicago, Boston, New York, Washington, and Philadelphia with correla-
tion 0.79. (right) The west group contains San Francisco, San Diego, Los Angeles,
Dallas, in addition to Houston and Phoenix with high correlation 0.95%.

because it may enable, for instance, the classification of individuals within regions,

that is, our study deals with averages, but it would be necessary to also look

at the higher granularity and perhaps understand the vocabulary level and the

mix/composition of people within regions.

Our result indicates that considering different weights for different categories

of educational attainment gives a better correlation with the level of vocabulary

that the city has. Also, we found that the closer area examination gives a better

correlation between the two datasets. Our results also show that the cities with

a higher ratio of non-English speakers, most likely to have a fewer proportion of

tweets in the English language. To look further into this point and to ensure that

we are testing the English vocabulary of local users, we remove the non-English

tweets from the dataset; also, we filter out the words come from outside the formal

and slang English dictionaries. Moreover, we deleted the tweets that may result

from a non-local resident of the city.
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Chapter 6

Temporal effects on language text

The vocabulary size of a language indicates the evolution of the language. The way

people use their vocabulary in social media has changed, especially with the ap-

pearance of pictorial representations of ideas (e.g., emojis, memes). The adoption

of emojis in the last few years motivated us to look into possible effects on vo-

cabulary sizes in social media and maybe understand a little more about language

evolution. In this chapter, we do a longitudinal analysis of the vocabulary size

used in social media for 14 different cities in the USA for a period of 2010–2015.

We are especially interested in the relationship between vocabulary and education

attainment. Also, we discovered the relationship between the usage of emoji and

vocabulary size.

Languages evolve according to the needs of its speakers; such evolution may be

driven by factors such as new technologies, new products, and the incorporation

of words from other languages. The development of language may happen to any

part, including sounds, grammar, and vocabulary [49, 75]. The English language

vocabulary has changed over the last millennium [67], but this change is quite slow
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and hard to notice from year to year. Compared to how things happened in the

past, current change happens faster than we expect because of new technologies

such as television, radio, or the Internet, and overall world globalization. Recently,

the Internet has played an essential role in accelerating this process because of the

use of social media and texting.

The increased use of social media affects the way we use English (and other

languages) daily [60]. Social-media messages are shorter due to length restrictions,

which led to the introduction of several new acronyms. The acronyms are now

part of our colloquial language (e.g., LOL, LMAO, OMG). Furthermore, users on

social media adopted emojis to communicate thoughts and feelings in a visual and

condensed way [13].

Researchers argue that the emojis are becoming a new global language [27,

30, 114]. At the same time, others claim they are just pictures that are naturally

combined with plain text creating a new form of language [12]. The reality is that

the wide adoption of emojis is reflected in the length of texts being written, playing

an important role in language development [13].

The development of the languages may occur either by adding or removal words

and phrasal constructions. In this chapter, we focus on how vocabulary changed in

social media. We attempt to investigate why the development of vocabulary size

happens. What we should expect next in this development, our efforts can help

companies be prepared for the future of texting. Several factors might influence

the development of vocabulary; we focused on two of them and how they correlated

with the people’s vocabulary. First, is the frequency of emojis in tweets, while the

second is the educational attainment for different regions in the United States.

While many studies on vocabularies development focused on lexical, phonetic,
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spelling, semantic, and syntactic perspectives [71, 84, 101, 70], our study examines

the size of language vocabulary over time.

In this work, we analyze data from two main sources described in Sections 3.3

and 3.4. We tested 14 different regions in the United States to cover a variety of

demographic areas. The number of tweets in our dataset varies in terms of years

and cities (Tables 3.2 and 6.1). To minimize bias when calculating vocabulary size

in regions with a high number of tweets, we took a sample of tweets for each year

in a city. The methodology of choosing the sample is implemented by determining

the size of the sample, and the number of iterations runs. This determination was

performed based on the value of the beta parameter extracted from Heaps’ law [57]

in Equation 4.1.

Table 6.1: The 14 regions in this work and the range of tweets for each region for
the years of 2010 to 2015.

Region Range Region Range Region Range
Atlanta 51K - 2.04M Miami 27K - 1.42M San-Diego 25K - 1.11M
San-Francisco 77K - 2.33M Dallas 35K - 2.95M Phoenix 23K - 1.16M
Chicago 55K - 2.39M Boston 43K - 2.08M Houston 27K - 2.20M
Philadelphia 90K - 4.69M Los-Angeles 121K - 5.85M Detroit 34K - 2.23M
New-York 188K - 6.77M Washington D.C 88K - 3.03M

To specify the smallest size of the sample that represents the data, we calculate

the beta value for different sample sizes was starting from 1,000 to 10,000 steps

by 1,000. We repeat the computation 100 times and use Knee detection [104] to

find a stable point for the size of the sample. Next, we use beta value once more

to find the minimum number of samples that may represent the data. We tested a

different number of samples ranging from 1 to 10. For each number, we repeated

the computations 100 times and used the variance value to find the number of

samples. This normalization retains enough information regarding the growth of
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the vocabulary in a region. Based on the calculations above, we found that the

size of the sample appears to be between 3,000 and 4,000 tweets. While for the

number of samples, it must be larger than four. Consequently, we used five samples

of 4,000 tweets [55].

We calculated the vocabulary index of a region for a particular sample size

Vr(s) using Equation 5.1 to compare the samples of cities. In essence, Vr(s) is the

average value of the proportion of distinct words in a Twitter sample to the total

number of words in the same sample for a given region, and a one-year interval.

A language’s vocabulary size increases with time. Socio-economic and educa-

tional backgrounds also are significant factors affecting the size of the vocabulary.

According to the American Community Survey (ACS), the educational attainment

increased by a small number each year for 14 cities (Figure 6.1). The level of edu-

cational attainment positively correlated with the size of vocabulary for the same

region. It is a phenomenon described in Chapter 5 figures 5.4b, 5.5b, 5.6b, 5.7b,

and 5.8b, and also, supported by other works [92, 47, 14].

We expect to see the value increase on the ratio of vocabulary each year (due

to the positive relationship between the level of vocabulary with the educational

attainment), especially after observing the increase in the educational attainment

as described in Figure 6.1. On the one hand, this expectation was correct for the

years 2010, 2011, and 2012. We also assume the year 2015 is valid in terms of

vocabulary ratio because it is higher than the year of 2014. Regardless, the value

is less compared with 2012. On the other hand, the result for the years of 2013

and 2014 was not as expected. Figure 6.2 shows that in 2010–2012, the vocabulary

ratio value increased in all the 14 cities. Later of 2012, it starts decreasing until

2014, and steady with tend to be increasing a bit in 2015.
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Figure 6.1: Temporal effect on the level of educational attainment for the 14 cities
in the United States.

In 2012, the use of emojis in social media, especially on Twitter, started been

noticed compared to the previous years. We began to observe 1 or 2 emojis per

10 tweets in 2012, and less than one emoji per 20 tweets in the preceding years.

Later, using emojis significantly increased from 0.3 to 0.7 emoji per tweet in years

(2013 and 2014), and increased continuously in 2015 (Figure 6.3). Accordingly,

the increase of using emojis may affect the tweet text in terms of the number of

words and the size of the vocabulary. Recently, we have seen users start to use

emojis along with words in their tweets or messages.

Consequently, we presume there is a relation between the ratio of vocabulary

and the use of emoji. We calculated the Pearson correlation between the proportion

of emoji usage and vocabulary size. Due to the availability of emoji in the dataset,

we performed the calculation to the years of 2012–2015. It is worth mentioning
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Figure 6.2: Temporal effect on the level of English vocabulary ratio for the 14
regions in the United States in the time period from 2010 to 2015. The x-axis
represents the years and the y-axis represents the ratio of the unique words to the
total number of words in the same sample.

that we dropped the years of 2010-2011 due to the lack of emoji in the dataset.

Our finding shows a negative correlation between the ratio of vocabulary and emoji

usage for all regions under the test, as shown in Figure 6.4. The correlation varied

from −0.863 for the Dallas region to −0.972 for San-Diego. Our results show a

significant p − value for most regions, such as Houston 0.037 and San-Francisco

0.046. Also, we noticed that the p − value is not sufficient for some cities, such

as Dallas 0.136 and Miami 0.102 because of the smallness of the sample (4 points

only). The sample size strongly influences the p−value of a test; the value fails to

be significant in a small sample, which can be significant in a larger sample [89].
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Figure 6.3: The ratio of emoji per tweet from 2010 to 2015 for 14 regions in the
United States. The behavior looks indistinguishable for all the regions under the
test which reflect the reality of using emojis in balance, from the perspective of
the number of emoji used.

Interestingly, we noticed that the size of the English tweets decreased by 24%

for some regions such as Miami and Dallas and 12% in the Atlanta region. More-

over, cities with low-level educational attainment seem to have a high ratio of

shrinkage on the size of the tweet. Interestingly for Miami, even though it has the

highest increasing rate of educational attainment among the 14 cities, as shown in

Figure 6.1, yet it has the lowest value of education.
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Figure 6.4: The correlation for the 14 regions between the emoji ratio (X-axis) and
the vocabulary ratio (Y-axis) for the years 2012 to 2015 with a significant p-values.
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Chapter 7

Conclusions and future works

In this dissertation, we proposed a comprehensive data-driven characterization

of language evolution using vocabulary in two main fields. First, extracted and

classified the structural and chronological relations between the languages using

its vocabulary. The second field studied the Spatio-temporal effect on language

vocabulary and its relationship with socioeconomic factors (i.e., educational at-

tainment).

We found that the hidden information held by the language text that is not

related to the actual meaning of the vocabulary, such as language structure, and

the number of vocabulary, can contain and describe different phenomenons of lan-

guages. Using the regularities extracted from the co-occurrence networks, Heaps’

law parameters, and regular statistics, we classified the languages into their families

and found the time divergence between the languages. Also, we found the ability

to use the text of social media as a real-time sensor to describe socioeconomic

factors, e.g., educational attainment.
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We showed that the classification of languages based on vocabulary (Lexical)

variation could reflect the development of the language. We found that the hier-

archical clustering distinguishes the relationships between languages sub-families,

while K-Means clusters languages based on their main genetic families (Proto-

Families). Furthermore, we showed that the Heaps’ law parameters enhanced

the classification process by distinguishing languages based on their vocabulary

richness. Also, the resulted entanglement between our resulted classification and

the glottochronological classification, based on the lexical distance between word

fluctuation, shows a strong agreement of the two classifications among different

languages.

Besides, we showed that the vocabulary level on social media tends to reflect

the educational attainment of the location the tweets are coming from. Our re-

sults show a high correlation between the level of education and the number of

vocabulary for most regions. Furthermore, our method can serve as a simple mea-

sure of educational attainment for areas where official data may not be available.

Also, the result indicates that considering different weights for different categories

of educational attainment gives a better correlation with the level of vocabulary

that the city has. Moreover, we found that the closer area examination gives a

better correlation between the two datasets, such as the counties inside one city.

On the other hand, the results indicate that the correlation in areas with higher

population density is weak.

Also, We showed that the text on social media after 2012 uses fewer words

and a smaller vocabulary size year after year. We found that the reason behind

that is the increases usage of emoji instead of regular words in users’ tweets. The

correlation is negative between emoji usage and size of vocabulary for the regions
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in our dataset. This fact contradicts the expectation of the natural behavior of

language vocabulary, which is increased over time and positively correlated with

the educational attainment of a region. Our method may predict the future of the

text in social media, which could have more emoji images than words.

Also, Our results suggest that social media texts nowadays can be treated as

plain text for two reasons. First, the diversity of subjects, which then leads to

having a richer vocabulary. Second, the time associated with tweets that assist

the text to be more orderly and very useful to study several behaviors of temporal

studies. This feature of social media will not be applicable in the future, for our

best knowledge, because of the changes in text structure.

Finally, our proposed sampling method of the twitter data that determines

a minimum number of samples can be used to study large twitter datasets by

efficiently reducing the processing costs.

Future works

Following this dissertation, we would like to go deeper into the characterization of

languages by augmenting the number of languages we use from 10 or 20 to around

30 or 40 languages. The difficulty is to find useful corpora that include this number

of languages. Also, we believe the structural analysis of written language could

be used in the identification of literary styles or even author analysis. It would be

interesting to perform a similar analysis for several languages and understand if

authors have a structural fingerprint in their writing style that can be identified and

whether this fingerprint resists the translations of their texts. Also, it is possible

to apply our method to find the closest translation of the document to the original

text to assets the quality of translation.
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In the future, we plan to apply our method to study the relationship between

vocabulary size and other factors such as income level and city size. Also, to

include more regions and several languages for different periods to study the effect

of time on the level of vocabulary. Additionally, we will consider the impact of

tourism on vocabulary growth. Furthermore, we will examine how vocabulary

size changes over certain seasons, given that temporal aspects may influence how

people communicate. Moreover, the classification of individuals within regions,

that is, our study deals with averages. Still, it would be important to also look

at the higher granularity and perhaps understand the vocabulary level and the

mix/composition of people within regions. Also, it could classify the languages

according to the temporal effect of using emoji on different languages.
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linguistic networks measures for parallel texts. arXiv preprint arXiv:1405.1893,

2014.

[12] Francesco Barbieri, German Kruszewski, Francesco Ronzano, and Horacio

Saggion. How cosmopolitan are emojis?: Exploring emojis usage and meaning

over different languages with distributional semantics. In Proceedings of the

24th ACM international conference on Multimedia, pages 531–535. ACM, 2016.

[13] Francesco Barbieri, Francesco Ronzano, and Horacio Saggion. What does this

emoji mean? a vector space skip-gram model for twitter emojis. In LREC,

2016.

87



[14] Wesley Becker. Teaching reading and language to the disadvantaged—what

we have learned from field research. Harvard Educational Review, 47(4):518–

543, 1977.

[15] Chris Biemann, Stefanie Roos, and Karsten Weihe. Quantifying semantics

using complex network analysis. In In COLING’12. Citeseer, 2012.

[16] Christian Biemann, Stefan Bordag, Gerhard Heyer, Uwe Quasthoff, and Chris-

tian Wolff. Language-independent methods for compiling monolingual lexical

data. In International Conference on Intelligent Text Processing and Compu-

tational Linguistics, pages 217–228. Springer, 2004.

[17] Vincent D Blondel, Jean-Loup Guillaume, Renaud Lambiotte, and Etienne

Lefebvre. Fast unfolding of communities in large networks. Journal of statistical

mechanics: theory and experiment, 2008(10):P10008, 2008.

[18] Johan J Bolhuis, Ian Tattersall, Noam Chomsky, and Robert C Berwick. How

could language have evolved? PLoS biology, 12(8):e1001934, 2014.

[19] Stephen P Borgatti. Centrality and network flow. Social networks, 27(1):55–

71, 2005.

[20] Amiangshu Bosu and Jeffrey C Carver. How do social interaction networks

influence peer impressions formation? a case study. In IFIP International

Conference on Open Source Systems, pages 31–40. Springer, 2014.

[21] Jigar Brahmbhatt and Ronaldo Menezes. On the relation between tourism

and trade: A network experiment. In Network Science Workshop (NSW), 2013

IEEE 2nd, pages 74–81. IEEE, 2013.

88



[22] Hildegard Brauns and Susanne Steinmann. Educational reform in france,

west-germany and the united kingdom: updating the casmin educational clas-

sification. Zuma Nachrichten, 23(44):7–44, 1999.

[23] Thomas S Brown and Fred L Perry Jr. A comparison of three learning strate-

gies for esl vocabulary acquisition. Tesol Quarterly, 25(4):655–670, 1991.

[24] Lyle Campbell. Language death. The encyclopedia of language and linguistics,

4:1960–1968, 1994.

[25] L Luca Cavalli-Sforza and Marcus W Feldman. The application of molecular

genetic approaches to the study of human evolution. nature genetics, 33:266–

275, 2003.

[26] Xinying Chen and Haitao Liu. Function nodes in chinese syntactic networks.

In Towards a Theoretical Framework for Analyzing Complex Linguistic Net-

works, pages 187–201. Springer, 2016.

[27] Rachel Cheung. How emojis became the modern world’s status symbols—and

how they’ve crossed from messaging apps to real life. Southern China Morning

Post, 2, 2017.

[28] Cynthia Chew and Gunther Eysenbach. Pandemics in the age of twitter: con-

tent analysis of tweets during the 2009 h1n1 outbreak. PloS one, 5(11):e14118,

2010.

[29] Monojit Choudhury and Animesh Mukherjee. The structure and dynamics of

linguistic networks. In Dynamics on and of Complex Networks, pages 145–166.

Springer, 2009.

89



[30] Neil Cohn. Will emoji become a new language. BBC Future, 2015.

[31] David Crystal. Dictionary of linguistics and phonetics, volume 30. John Wiley

& Sons, 2011.

[32] Catherine A D’Anna, Eugene B Zechmeister, and James W Hall. Toward

a meaningful definition of vocabulary size. Journal of Reading Behavior,

23(1):109–122, 1991.

[33] Henrique F. de Arruda, Luciano da F. Costa, and Diego R. Amancio. Topic

segmentation via community detection in complex networks. Chaos: An Inter-

disciplinary Journal of Nonlinear Science, 26(6):063120, 2016.

[34] Deutschland and Statistisches Bundesamt Deutschland. Statistisches

Jahrbuch Deutschland und Internationales. Statistisches Bundesamt, 2012.

[35] Karl Conrad Diller. The language teaching controversy. Newbury House Pub-

lishers, 1978.

[36] Isidore Dyen, Joseph B Kruskal, and Paul Black. File ie-data1, 1997.

[37] Martin Ester, Hans-Peter Kriegel, Jörg Sander, Xiaowei Xu, et al. A density-

based algorithm for discovering clusters in large spatial databases with noise.

In Kdd, volume 96, pages 226–231, 1996.

[38] Francesc Font-Clos, Gemma Boleda, and Álvaro Corral. A scaling law beyond
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