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Investigation in the hybrid architectures for Natural Language Processing (NLP) requires overcoming
complexity in various intellectual traditions pertaining to computer science, formal linguistics, logic, digital
humanities, ethical issues, and so on. NLP as a subfield of computer science and artificial intelligence is
concerned with interactions between computers and human (natural) languages. It is used to apply
machine learning algorithms to text (and speech) in order to create systems, such as machine translation
(converting from text in a source language to text in a target language), document summarization
(converting from long texts into short texts), named entity recognition, predictive typing, etc. Undoubtedly,
NLP phenomena have been implanted in our daily lives, for instance, automatic Machine Translation (MT)
is omnipresent in social media (or on the world wide web), virtual assistants (Siri, Cortana, Alexa, and so on)
can recognize a natural voice or e-mail services use detection systems to filter out some spam messages.
The purpose of this paper, however, is to outline the linguistic and NLP methods for textual processing.
Therefore, the bag-of-n-grams concept will be discussed here as an approach to extract more details
about the textual data in a string of a grouped words. The n-gram language model presented in this paper
(that assigns probabilities to sequences of words in text corpora) is based on findings compiled in Sketch
Engine, as well as samples of language data processed by means of NLTK library for Python. Why would
one want to compute the probability of a word sequence? The answer is quite obvious — in various systems
for performing tasks, the goal is to generate more fluent texts. Therefore, a particular component is required,
which computes the probability of the output text. The idea is to collect information on how frequently the
n-grams occur in alarge text corpus and use it to predict the next word. Counting the number of occurrences
can also envisage certain drawbacks, for instance, there are sometimes problems with sparsity or storage.
Nonetheless, the language models and specific computing ‘recipes’ described in this paper can be used
in many applications, such as machine translation, summarization, even dialogue systems, etc. Lastly,
it has to be pointed out that this piece of writing is a part of an ongoing work tentatively termed LADDER
(Linguistic Analysis of Data in the Digital Era of Research) that touches upon the process of datacization’
that might help to create an intelligent system of interdisciplinary information.

Key words: linguistics, Natural Language Processing, language modeling, tokenization, term frequency,
bag-of-words, probabilistic classification, bag-of-n-grams, n-gram, Sketch Engine, Python, NLTK.

! The term pertains to “the process of transforming information resources accessed by humans into information resources
accessed by machines” and it was formulated by an American lexicographer — Erin McKean — and a founder of ‘Reverb’ that
compiles the online dictionary ‘Wordnik’
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IMopeon M.

Mpuitomn 06po6KM NPUPOAHNX MOB ANA KOPNYCiB TEKCTIB:
nigxoav Ao KanbKynALii BiporigHocTi nocnigosHocTi nem

JocnidxeHHa wmyyHux Haobyoos 0118 0b6pobku npupooHux mos (OfIM) sumazae NnoOOAHHA HU3KU
npobsiem y 6a2ameox HANPAMAx mpaouyitiHux 00CioXeHb, NOB'A3AHUX i3 KOMN'IOMepHUMU HayKa-
MU, hOpMAsIbHOIO JIiH2BICMUKOIO, J102iKOI0, YUPOBOK 2yMAHIMAapucmukolo, emuyHUMU mpaouyiamu
mouwjo. Ak Hanpam scepeduHi komn’tomepHux Hayk OlTM suguae 83aemo0ito Mix MOBAMU NPOPAMyB8aH-
HA ma 110cbKUMU (NpUPOOHUMU) Mo8amu. 3a80AKU 3aCMOCY8AHHIO MAWUHHUX a120pUMMi8 Ha8YAHHA
00 mekcmig (NUCbMOBUX i YCHUX) ymBOpIoIoMbCA maki cucmemu, AK MAWUHHUU nepeknad (MixmosHe
HAK1adaHHA 3 00Hiei Mo8U Ha iHWY), pechepys8aHHsA OOKyMeHMi8 (HaKNa0aHHA 0082020 MeKCmy ma cKo-
poyeHOo20 8i0N08IOHUKA), pO3Ni3HABAHHA HOMIHAYIU, iHMenekmyansHo20 yeedeHHA meKkcmy i make iHwe.
bezcymnisHo, mexHonoeii OITM 2nuboko iHKoOpnopo8aHi y Hawe noscakOeHHs. Hanpuknad, mawuHHUl
nepeksnad (Ml1) sbydosaro 8 couianbHi mepexi ma IHmepHem, sipmyaneHi nomiyHuku (Cipi, KopmaHa,
Aniekca mowjo) po3nizHarome 20710¢ abo oughepeHuyiloroms MmeKcm eaekKmpoHHOI nowmu 071 8i0gine-
mposysaHHa cnamy. OOHaK mema yiel po3sioku — okpecsumu niHesicmuyHi i OfIM memodu ma nio-
X00U 00 06pobKU MeKcmis. Y 38’A3Ky 3 YuM po321A0aiomeca noHAMmMa N-epamHux knacmepie Ak 0OUH
i3 nioxo0die 0o demanizayii mekcmyaneHUXx OaHUX y nomoui negHux nociidosHocmeti nem. [Ipedcmasne-
Ha 8 yili po3eioyi mosHa N-epamHa modenb (o npunucye 8ipozidHicme negHUM NOCIO0BHOCMAM Jiem
y mekcmosux Kopnycax), 6asyemescs Ha 0aHUX, OmMpUMaHux 3a donomoeoro Sketch Engine, a makox npu-
K1adax MogHUX OaHUX, onpaybo8aHux y 6ibinomeyHux nakemax npupooOHUX MO8 MOBU NPO2PAMYBAHHSA
Python. lNumaHHa ob4ucieHHA 8ipozidHocmel nocnidosHocmeli lekcem supiulye 04e8UOHI MpyOHOWi:
BUKOHAHHA KOMAHO Yy pi3HUX cucmemax hompebye npupoOHUX hopMyto8aHb mekcmy. BionogioHo, He-
006Xi0HO Mamu 8y301, AKUL 06YUC/TIOE 8ipo2iOHICMb mekcmy Ha 8uxodi. Onpautrosaswiu iHopmayito npo
yacmomy exusaHb MosHUx N-2pam y mekcmax 8esiuko20 Kopnycy, MOXHa nepedbayamu HacmynHe cio-
80. Kanbkynayisa okpeMux c/10808XU80Hb MOXe Mamu c80i Hed0o/TiKU, HaNPUKIAao BUHUKAoMe npobaemu
3 0bMexeHHAMU 36epexxeHHs. [Tpome suknadeHi 8 cmammi MosHi Modesnii ma okpemi npuliomu ob6yuc-
JleHb MAlme WUPOKUL cnekmp 3dCMOCY8AHHA, HANPUK/A0 y MAWUHHOMY nepeknadi, pechepysaHHi, ji-
HiliHUX diano208UXx cucMemMax moujo. Baxiueo 3azHayumu, Wo ysg po3eioka € YACMUHOK MpuUBanozo
npoekmy LADDER — mosHul aHani3 0aHux 8 enoxy yugposux 00c1ioxeHb, AKUL cmocyembca napame-
Mmpy8aHHA OdHUX? i 00NOMd2ae cmeopumu iHmesekmyasnbHy cucmemy MixxoucyunsiHapHol iHopmayii.

Knroyoei cnoea: niHzeicmukd, 06pobka npupooHUX MO8, MOBHE MOOeJTI08AHHS, JIeKceMizayis, yacmom-
Hicmb mepmirie, N-epamnuli knacmep, N-epamta modesns, Ckemy EHOXiH, Python, 6i6inomeyHuli nakem
NpUpPOOHIx Mo8.

Introduction
Unquestionably, Artificial Intelligence

NLP: Multifaceted perspectives
NLP is a branch of artificial intelligence (AI)

(AI) is continuously managing (super)human level
of performing various tasks with the usage of available
technologies. Nonetheless, Al is not able to deal with
complex phenomena regarding decision making,
problem-solving, creative assignments yet.

Therefore, a kind of synergy between humans and
machines has been treated as the so-called hybrid
intelligence systems by means of which “socio-
technical ensembles and their human and AI parts
can co-evolve to improve over time” (Dellerman
et. al, 2019). Therefore, it can be claimed that
those interconnected ‘aggregates’ have the ability
to accomplish detailed and complicated tasks
by combining both human and artificial intelligence
to obtain extraordinary effects and constantly make
progress by learning from each other (Dellerman
et al, 2019).

that deals with the abovementioned interaction
(between computers and humans using the natural
language); therefore, it is concerned with building
the set of procedures and technology tools used to aid
computers to read, understand, and derive meaning
from the natural language.

Although the concept itself is fascinating, the real
value behind this technology comes from the use
cases. In general, in organizations, data scientists can
determine customers’ opinions about products and
services by extracting and identifying information
from social media by means of ‘sentiment analysis,
which displays their choices and decision drives.
Some companies (e.g., Yahoo or Google) can filter and
classify messages with NLP techniques of analyzing
text in emails that are transferred through their servers
and stopping spam before they even reach inboxes.

2 TepMiH «ITapaMeTpyBaHHsI JaHUX» ¥ 3HaUeHHI «IIpoliec TpaHchopMauil focTymy fo indopmariii, mpusHaueHOI [IA TORNHN
Y BOCTYII JaHMX [/IS1 MalluH», OYB yBemeHuit y 2017 porni amepukaHcbkuM ynekcukorpadom EpiHoM MakkiHOM, SKMII 3aCHYBaB

npoekT “Reverb” mns yxmagaHHus oHyaiH-cnosHuka ‘Wordnik.
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Interestingly, the NLP team at MIT developed
a system to determine whether a news source is
accurate or politically biased; therefore, if it can
either be trusted or identified as fake news. There are
also examples of intelligent voice-driven interfaces
(e.g., Apple’s Siri or Amazon’s Alexa) that use NLP
to respond to vocal prompts to suggest specific
actions (for instance, to turn on the lights at home)
or inform about particular matters (e.g., the weather
forecast, the best restaurant nearby, the shortest
route to the city center, etc.). The main hindrance,
however, is connected with the fact that the process
of understanding and manipulating language
is extremely intricate from the computational
perspective.

NLP is considered a difficult problem in computer
science since it is not an easy task teaching machines
to understand how people communicate. The rules
that dictate the passing of information using natural
languages are not easy for computers to understand,
because a language is connected with “cognitive
capacities that enable men to understand the world
with ever more refined conceptual tools, and it is
embedded in their experience of the world” (Saeed,
2009: 12). Some of these rules can be high-leveled
and abstract. A comprehensive understanding
of the human language requires knowledge of both
the words and how the concepts are connected
to deliver the intended message. While people
can easily master the language, the ambiguity and
imprecise characteristics of the natural languages are
what makes NLP difficult for machines to implement
(Eisenstein, 2019).

In linguistics, as the field that is concerned
with the nature of language and communication
(Akmajian et al, 1997), especially computational
linguistics entails applying algorithms to identify
and extract the natural language rules such that the
unstructured language data is converted into a form
that computers can process. When the text has
been provided, the computer will utilize algorithms
to extract the meaning associated with every sentence
and collect the essential data from them. Sometimes,
the computer (that is not trained in a satisfactory
manner via machine learning techniques) may fail
‘to decipher’ the meaning of a sentence well and that
may lead to obscure results.

In order to build complex computer programs,
machine learning (as a specific subset of AI)
trains and manipulates a machine how to learn by
means of predictive analysis and deep learning
techniques. Resurging interest in machine learning
is due to the same factors that have made data
mining and Bayesian analysis more popular
in recent years. Constantly growing volumes and
varieties of available data mean that it is possible
to quickly and automatically produce models that
can analyze bigger, more complex data and deliver
faster, more accurate results — even on a very large
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scale. By building precise models, there are better
chances of identifying profitable opportunities
in organizations or even avoiding unknown risks.

Moreover, NLP plays quite a paramount role
in emerging interdisciplinary spheres of knowledge
(Eisenstein, 2019), such as digital humanities,
computational social science, information extraction
/ retrieval (i.e., the latent semantic analysis), text
mining (i.e., data mining techniques and scalable
algorithms) or ethics (i.e., questions regarding
access, bias, labor, privacy, and internet freedom).

Subject matters in linguistic approach to NLP.

A great number of scientific journals, as well
as conferences and / or symposia that deal with NLP,
cover syntactic and semantic methods of analysis (i.e.,
of how to complete various tasks).

First of all, syntax refers to the arrangement
of words in a sentence and / or sequence of words
in a way that they make grammatical sense. In NLP,
syntactic analysis is used to assess how the natural
language aligns with the grammatical rules.
Computer algorithms are used to apply grammatical
rules to a group of words and derive meaning from
them. Some syntax techniques that can be used are
(1) lemmatization: reducing the various inflected
forms of a word into a single form for easy analysis,
(2) morphological segmentation: dividing words
into individual units called morphemes, (3) word
segmentation: dividing a large piece of continuous
text into distinct units, (4) part-of-speech tagging:
identifying the part of speech for every word, (5)
parsing: undertaking grammatical analysis for the
provided sentence, (6) sentence breaking: placing
sentence boundaries on a large piece of text (7)
stemming: cutting the inflected words to their root
form.

On the other hand, both the semantic theory
that refers to the meaning that is conveyed by a text
(Geeraerts, 2010) and the semantic analysis (as one
of the difficult aspects of NLP) involve applying
computer algorithms to deal with the meaning
and interpretation of words. There are particular
methods of semantic analysis: (1) named entity
recognition (NER): determining the parts of a text
that can be identified and categorized into preset
groups (for example, names of people and names
of places), (2) word sense disambiguation: giving
meaning to a word based on the context, (3) natural
language generation: using databases to derive
semantic intentions and converting them into
human language.

In addition, it must be underlined that NLP
plays a critical role in supporting machine-human
interactions based on linguistic phenomena;
nonetheless, there are some contradictory facts
regarding what actually are the core factors that
linguists take into consideration in the language
analysis versus NLP experts’ expectations and goals
(see Table 1):
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Table 1

Linguistics vs. NLP

Linguistics wants: NLP needs:

to know all there is to know | to use the shortest and
about the complex structure | more reliable way to the
mediating the pairings | meaning(s) in the text(s)
of meanings in natural language | being processed

to structure linguistic meaning | to understand the text and
and to relate it to context make all the necessary
inferences

to distinguish the various|to use all the linguistic
levels of linguistic structure, | information, ~which is
each with its own elements | needed for processing
and relations the text(s) without any
concern for its source

to draw a boundary between | to  use  encyclopedic
linguistic and encyclopedic | information ~ on  par
information to  delimit | with  linguistic  infor-
the extent of linguistic | mation, if necessary,
competence; therefore, the | for processing the text(s)

limits of the discipline

to present its findings | to implement the available
formally, preferably as a set | information in a practically
of rules in an axiomatic theory | accessible and convenient
way

Each unit of linguistic analysis (word, phrase,
sentence, text / discourse) can be viewed from
three perspectives: relational, compositional, and
distributional which contribute to the understanding
of linguistic meaning. For instance, semantic
compositionality is the crucial property of natural
language according to which the meaning
of a complex expression is a function of the meaning
of its constituent parts and of the mode of their
combination. Conversely, the distributional properties
state that words occurring in similar (linguistic)
contexts are semantically similar. Therefore, it is
customary to use different methods to handle various
challenges before binding everything together.
Programming languages (e.g., Python or R) are
strongly recommended to perform those techniques.
Nonetheless, it is pivotal to explain essential concepts
beneath them.

NLP ‘recipes’ for text processing

1. Bag-of-Words. It is a commonly used model that
requires a vocabulary stock of known words present
in the corpus, as well as a measure of the presence
of known words (ie., frequency of occurrence
in the entire corpus). Text document is represented
as a numeric vector with each dimension denoting
a specific word. This method, however, does not take
into account the relative importance of words in the
text. Essentially, it creates an occurrence matrix for
the sentence or document, disregarding grammar and
word order. Word frequencies (or occurrences) are then
used as features for training a classifier. Undoubtedly,
thisapproach may reflect some downsides, for instance,
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the absence of semantic meaning and context, and the
facts that stop words add noise to the analysis, and
some words are not weighted accordingly. To solve
this problem, one approach is to rescale the frequency
of words by how often they appear in all texts (not just
the one to be analyzed) so that the scores for frequent
words, that are also frequent across other texts, get
penalized. This approach to scoring is called “Term
Frequency-Inverse Document Frequency (TF-IDF)’
and it improves the bag-of-words by weights:

TF = Frequency of the word in the sentence

" Total number of words in the sentence

N
w, , = tf, , x log (d—fx)

tf,  =frequencyofxiny

TF-IDF

Term x within document y

df = number of documents containing x
N = total number of documents

The idea behind the TF-IDF score is that
if a word occurs frequently in a specific document,
then it is important whereas a word which occurs
frequently across all documents in the corpus should
be down-weighted to be able to get the words (which
are actually important). Nevertheless, this approach
still has no context nor semantics.

2. Tokenization. It is the process of segmenting
a running text into sentences and words. In essence,
it is the task of cutting a text into pieces called tokens,
and at the same time throwing away certain characters,
such as punctuation. as an example, the NLTK
library for Python (i.e., the Natural Language Toolkit
as a leading platform for building Python programs
in order to synergize with human language data) can
be used by means of the following code:

TEXT: “It is a method of extracting essential
features from row text so that we can use it for machine
learning models. We call it “Bag” of words because
we discard the order of occurrences of words. A bag
of words model converts the raw text into words, and
it also counts the frequency for the words in the text.
In summary, a bag of words is a collection of words
that represent a sentence along with the word count
where the order of occurrences is not relevant”.

for sentence in sentences:

words = nltk.word_tokenize(sentence)
print(words)
print()

OUTPUT (the result of the tokenization):

[It; ‘is, @, ‘method, ‘of} ‘extracting, ‘essential,
< > < 3 ¢ b Y b N 3 ¢ b NS ) < ) € ) Cs D
features, from, ‘row), ‘text, ‘so, ‘that] ‘we, ‘can, ‘use, ‘it
< ) < . ) < . ) < ) O
for, ‘machine; ‘learning), ‘models; ?]

[‘We, ‘call; it, “ ‘Bag), ”, ‘of, ‘words, ‘because, ‘we;,

< )y O

‘discard;, ‘the, ‘order’, ‘of’, ‘occurrences, ‘of, ‘words, 7]
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[A} ‘bag, ‘of’, ‘words, ‘model, ‘converts, ‘the; ‘raw,
‘text, ‘into, ‘words, 9, ‘and, ‘it, ‘also, ‘counts, ‘the,
‘frequency, for, ‘the, ‘words, ‘in;, ‘the; ‘text, 7]

[In; ‘summary, 5 ‘@, ‘bag, ‘of, ‘words, ‘is, @,
< . > < > < ) € ) < > ¢ ¢ >
collection; ‘of’; ‘words) ‘that, ‘represent, ‘@, ‘sentence
‘along, ‘with] ‘the] ‘word, ‘count, ‘where, ‘the] ‘order,
< PN > €+ D C PN > O
of’, ‘occurrences, ‘is, ‘not, ‘relevant, ]

It has to be underlined that tokenization can
remove punctuation by easing the path to a proper
word segmentation; nevertheless, also triggering
possible complications. This method can be
particularly problematic when dealing with texts,
which contain hyphens, parentheses, and other
punctuation marks.

Another ‘recipe’ could be ‘stop words removal’
that helps to discard common language articles,
pronouns, and prepositions, such as ‘and, ‘the’ or
‘to’ in English. In this process, some very common
words that appear to provide little or no value
to the NLP objective are filtered and excluded from
the text to be processed, hence removing widespread
and frequent terms that are not informative about
the corresponding text. Moreover, stop words
can be safely ignored by carrying out a lookup
in a predefined list of keywords, freeing up database
space, and improving processing time.

Since there is no universal list of stop words,
these can be either preselected or built from scratch.
Therefore, a potential tactical maneuver is to begin by
adopting pre-defined stop words and then add words
to the list. Additionally, it must be stated that stop
words removal can wipe out relevant information and
modify the context in a given sentence. For example,
while performing sentiment analysis, one might throw
an algorithm off track if a stop word, such as ‘not’ is
removed. Under these conditions, one might select
a minimal stop word list and add additional terms
depending on the specific objective.

3. Probabilistic classification: language models.
The theory of probability, loosely speaking, “aims
at defining a mathematical structure to describe
random outcomes of experiments” (Deisenroth
et al, 2020), which generalizes logical reasoning.
Computing the probability of a word sequence is
used as a constituent element for other concepts, such
as machine translation or summarization.

Models that assign probabilities to sequences
of words are called language models (LMs). A well-
developed model might provide essential information
on whether the probability of translation is minor
in comparison to more grammatical alternatives.

A. N-gram language models: basic information

The first step might be the task of computing
the probability of a sequence of tokens is to use a relative
frequency estimate (a number of times an event has
occurred subdivided by a number of trials).

First of all, describing it in formal terms is
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required. To put it in simple words, given a text corpus
with vocabulary V and a sequence of words: x(1),
x(2),..., x(1), the so-called language model essentially
computes the probability distribution of the next
word: x(t+1):

Pz 2® . . 2M)

where z(**1) can be any word in the vocabulary V' = {wj, ..., w\VI}

A language model, thus, assigns a proba-
bility to a piece of text. The probability can be
expressed using the chain rule as the product of the
following probabilities:

e probability of the first word being x(1);

e probability of the second word being x(2), given
that the first word is x(1);

e probability of the third word being x(3), given
that the first two words are x(1) and x(2);

o the conditional probability that x(i) is word i,
given that the first (i-1) words are x(1), x(2),..., x(i-1).

Therefore, the probability of the text according to
the language model is:

P®,...,a™) = P(e®W) x P(x®| 2®) x --. x P@@®| TV, ..., z®)
T
=[] PE® 24D,...,aM)
t=1

In an n-gram language model, an assumption
can be made that the word x(t+1) depends only on
the previous (n-1) words. The idea is to collect how
frequently the n-grams occur in a corpus and use it to
predict the next word:

n-1 words

P(zt|z®, .. 2) = P(x®D|z®), . . glt-n+2)

This equation, on applying the definition
of conditional probability yields:

b of a n-
prob of a n-gram \-lP(:z:(H'l),w(t), . ’w(t—n+2))|
prob of a (n-1)-gram -—'__‘-'I P(:I:(‘), piv.e ’w(t_7l+2)) |

To compute the probabilities of these n-grams
and n-1 grams, they need to be counted in a large text
corpus. Generally, the probability of n-gram can be
given by the following formula:

count(zt) 2® . @(t-+2))

count(z®,. .., z(t-1+2))

B. Sketch Engine’s n-grams: exemplification

In order to present what word is likely to follow
a given sequence, a probability can be assigned to each
possible next word, for instance in a text: “However,
our compositional representation with a simple cosive
classifier still achieves the best performance |[...]”.

Bearing in mind the fact that that the simplest
language model is the n-gram (i.e., a sequence of N
words), the task of computing the probability of a word
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w given some history h: P(w|h) was performed.

(see Figure 1); therefore, P(alour compositional

representation with).

Prototysacal Netwoks. PN w comp’ Profotypical Netacrss i 0ut Conpowtonsl representation, MIF. Makrin)
o’ Makhung Networks with ous componsonal e w/comp’ our comporitionsl  Ciad
Con wicomp? s The
+ data wog watm

Paper. <Sicx We 10pon 1 remts on

oooooooojooooo ot

Figure 1. Sketch Engine concordance description
of “our compositional representation with a”

The way to estimate this probability is from
relative frequency counts. Therefore, the number
of times ‘our compositional representation with’ was
checked in the corpora, as well as the number of times
this followed by ‘a’, based on the following formula:

P(alour compositional representation with) =

C(our compositional representation with a)

C(our compositional representation with )

Each corpus content compiled via Sketch Engine
is based on texts found on the web. Texts are divided
into tokens by a tokenizer (specific for each language).
Two corpora were created: NLP_English (total
frequency: 24,547) and NLP_Polish (total frequency:
871,056), providing the following counts of tokens
and their total frequencies subdivided according
to specific n-grams (from 2 to 6).

NLP_ENGLISH: 24,547 NLP_POLISH: 871,056

0: n-grams| items total frequency items total frequency

2: bi-grams 529 5,208 6,657 141,281

3: tri-grams 119 848 5,111 47,561

4: quad-grams 34 221 2,386 19,388
5: penta-grams 16 93 1,471 11,445
6: hexa-grams 8 46 1,033 7,678

C. N-grams: other ‘recipes’ based on NLTK library
for Pythow’

Supposedly, one would like to apply a different
technique in generating a hexagram of a sentence:
“this is a foo bar sentences and i want to ngramize it
The n-gram tool producing a frequency list of tokens/
items sequences (i.e., wordforms as the smallest units
that each corpus divides to). The following code and
its solution are presented below:
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from nltk import ngrams

sentence = ‘this is a foo bar sentences and i want
to ngramize it’

n=6
sixgrams = ngrams(sentence.split(), n)

for grams in sixgrams:
print(grams)

OUTPUT:
(‘this, is, ‘@, foo, ‘bar’, ‘sentences’)
(‘is, @, ‘foo, ‘bar), ‘sentences, ‘and’)

[N ) C bENY ) C ) €

a, foo, ‘bar, ‘sentences, and;, 1’)

< ) < ) < > < > € bl
(‘foo, ‘bar, ‘sentences, ‘and; ‘T, ‘want’)

(3 ) < ) C Y () C b NS 3
(‘bar, ‘sentences, ‘and, ‘i, ‘want, ‘to’)

< ) < ) C*) C bENY ) < . &
(‘sentences), ‘and; ‘I, ‘want], ‘to, ‘ngramize’)
< Y € ¢ b INY ) < . ) Ce4d
(‘and; 1, ‘want, ‘to, ‘ngramize, ‘it’)

From a computational perspective, two additional
‘recipes’ are executed by two different Python
functions: (1) tokenize (generating single tokens of the
text) and (2) message.split (showing a list of n-grams
up to a maximum of 6 tokens in a sequence).

(1

from nltk.util import ngrams

text ="l am aware that nltk only offers bigrams and
trigrams, but is there a way to split my text in four-
grams, five-grams, or even hundred-grams”

tokenize = nltk.word_tokenize(text)

tokenize

OUTPUT:
[T,

‘am,
‘aware,
‘that]
‘nltk’,
‘only,
‘offers),
‘bigrams,
‘and;,
‘trigrams,
‘)’)

‘but,

s,

‘there,

@

‘way,

‘to,

‘split,
‘my,

‘text),

‘in,
‘four-grams,

(3]
>

‘five-grams,
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<

or,
< b
even,
‘hundred-grams’]

(2)

from nltk.util import everygrams

message =“l am aware that nltk only offers bigrams
and trigrams”

msg_split = message.split()

list(everygrams(msg_split, max_len=6))

OUTPUT:

(D),

(‘am),

(‘aware)),

(that),

(‘nltk),

(‘only’),

(‘offers)),

(‘bigrams)),

(‘andy),

(‘trigrams)),

(T; ‘am),

(‘am, ‘aware’),

(‘aware, ‘that’),

(‘that, ‘nltk),

(‘nltK, ‘only’),

(‘only; ‘offers’),

(‘offers;, ‘bigrams’),
(‘bigrams, ‘and’),

(‘and; ‘trigrams’),

(T, ‘am), ‘aware’),

(‘am, ‘aware, ‘that’),
(‘aware), ‘that, ‘nltk’),

(‘that; ‘nltk] ‘only’),

(‘nltK; ‘only;, ‘offers’),
(‘only;, ‘offers; ‘bigrams’),
(‘offers;, ‘bigrams, ‘and’),
(‘bigrams, ‘and;, ‘trigrams’),
(T, ‘am, ‘aware), ‘that’),
(‘am), ‘aware), ‘that, ‘nltk’),
(‘aware; ‘that], ‘nltk] ‘only’),
(‘that, ‘nltk] ‘only, ‘offers’),
(‘nltk; ‘only;, ‘offers, ‘bigrams’),
(‘only;, ‘offers; ‘bigrams, ‘and’),
(‘offers;, ‘bigrams, ‘and;, ‘trigrams’),
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N-grams are the fusion of multiple letters and /
or words. They are formed in such a way that even
the previous and next items are captured. Nonetheless,
the most optimal strategy of achieving the preferred
solution can be performed by means of the following
code:

Import re
def generate_ngrams(text, n):
# split sentences into tokens
tokens = re.split(“\\s+", text)
ngrams = []
# collect the n-grams
foriin range(len(tokens)-n+1):
temp=[tokens]j] for j in range(i,i+n]
ngrams.append(““join(temp))
return ngrams

Concluding remarks

The present paper presented some tactical
procedures of dealing with text processing by means
of NLP. Results indicate that n-gram language models
are quite interesting for computing the probability
of a sequence of items and more broadly to text
corpora analysis.

In the future, I shall continue to experiment
with new text processing methods (possibly in new
settings) that could be integrated into the existing
NLP tools. The analytical work is performed within
the framework of the LADDER project (Linguistic
Analysis of Data in the Digital Era of Research) that
postulates an ambitious plan to create an intelligent
system of interdisciplinary information (based on AI
& data science).
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