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Abstract

One of the most important ways to experience communication and interact with the systems
is by handling the prediction of the most likely words to happen after typing letters or
words. It is helpful for people with disabilities due to disabling people who could type or
enter texts at a limited slow speed. Also, it is beneficial for people with dyslexia and those
people who are not well with spells of words. Though, an input technology, for instance,
the next word suggestion facilitates the typing process in smartphones as an example. This
means that when a user types a word, then the system suggests the next words to be chosen
in which the necessary word by the user. Besides, it can be used in entertainment as a gam,
for example, to determine a target word and reach it or tackle it within 10 attempts of
prediction. Generally, the systems depend on a text corpus, which was provided in the
system to conduct the prediction. Writing every single word is time-consuming, therefore,
it is vitally important to decrease time consumption by reducing efforts to input texts in the
systems by offering most probable words for the user to select, this could be done via next
word prediction systems. There are several techniques can be found in literature, which is
utilized to conduct a variety of next word prediction systems by using different approaches.
In this paper, a survey of miscellaneous techniques towards the next word prediction
systems will be addressed. Besides, the evaluation of the prediction systems will be
discussed. Then, a modal technique will be determined to be utilized for the next word
prediction system from the perspective of easiness of implementation and obtaining a good

result.

Keywords: Machine learning, Next-word prediction, next word suggestion techniques, word

prediction survey.

1. Introduction
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In the field of machine learning, various technologies have been developed in today’s
world, for instance, next word prediction is an assistance system for typing. In other words,
it reduces efforts and lessens time-consuming during typing. Besides that, some people
have difficulty with slow typing speed because of their disabilities, dyslexia, or
memorizing spells of words, thus, the next word suggestion has been developed to help the
mentioned people. Also, it can be used in entertainment computing, such as computer

games, which is helpful for people to relax and enjoy after tiredness.

Word prediction system is about suggestion next words or most probable words to happen
based on what user types or in a sequence of words. This depends on a text corpus
(Carlberger, 1997). These types of systems suggest most likely to happen either letters or
words while the letters or words are entered by the user (Matthew, 1996). When a user
types a character or a word, the system suggests the most common or most frequent letter
or word after the typed character or word then the next words would appear after the word
has been selected by the user. This process will continue until the text is accomplished
(Ghayoomi and Momtazi, 2009).

Word prediction can be utilized in entertainment computing. Entertainment computing
includes the fields of computer games, deliver mobile contentment as entertainment, media
interaction, robotics entertainment, entertainment for psychology and sociology, and
entertainment for augmented or virtual reality (Nakatsu and Hoshino, 2013). Nowadays,
the essential area of computing is entertainment computing (Wong, 2008). Currently, it can
be seen that there is a focus on entertainment and its value perceived for individuals
(Rauterberg, 2009). In addition, next word prediction can be utilized for entertainment and
games depending on artificial intelligence to design the game (Treanor et al, 2015).
Entertainment computing and game design methodology utilize artificial intelligence and
algorithms for making games and their foreground as well as using them in the background
of the game (Andersen et al, 2018). Making entertainment games by using predictive text,
which utilize Al agents and Natural Language Processing NLP (Yannakakis and Hallam,
2006). The player is capable to interact with the game by writing or posting a message or
entering a target word into the system. Therefore, to make progress, the player requested
to compose the estimated text into the game. In this step, the player will be expedited by
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the system by providing a predictive text to the interface of the game. This helps the player
to look at what has been composed recently. In addition, in the game real-time feedback
was provided to select the words that most likely to utilize in the next step (Campton et al,
2015).

The main difficulty is about choosing the best technique for the next word prediction.
However, there were several techniques to conduct the next word suggestion but each of
one them has difficulties in the aspect of applying the model, configuring data sets, etc. N-
grams as an example, which number of N is better to be chosen to conduct a better word
prediction. On the other hand, the text corpus has a vitally important role, the bigger size
of the text corpus will lead to have adequate data and slightly decrease performance.
Though this paper helps to illustrate different techniques with advantages and drawbacks
also it helps to determine a better approach to be elected for conducting the next word

prediction system.

As a consequence, the next word prediction could be either word completion or word
suggestion. So, word completion is a system that suggests words when a character has been
entered. On the other hand, word suggestion is a system that suggests the most likely to
happen words to the user when a word has been entered or selected but it depends on earlier

typed words instead of the basis of the character.

The main aim of word prediction systems is to improve KSR (keystroke saving rate). KSR
is the number of saved keystrokes by the user during using the word prediction system.
Better performance will be obtained when the number of KSR is high. Namely, increasing
the number of KSR will increase performance (Khan et al., 2009). Consequently, less time
and effort are needed to obtain a completed text. Also, the next word prediction system is
helpful for people with disabilities, dyslexia or those people that often make mistakes in
the spell of words due to the system requires few characters to type rather than the whole

word or words.

Different types of next word prediction systems were developed with various techniques.
So, in this paper, different techniques for next word prediction systems are addressed, also

evaluation of next word prediction systems are discussed. Besides, the next word prediction
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approaches and its taxonomy are addressed then entertainment computing with text

predictive systems is discussed.

Also, the paper is structured as follows: Section 2, presents the Taxonomy of various
techniques that are developed to predict the next words. In section 3, an in-depth analysis
of the mentioned techniques in section 2 or a literature survey, is illustrated and the
consequences of each technique are addressed. Section 4 discusses entertainment
computing and text prediction. Section 5 illustrates the analysis of the next word prediction
techniques. Open research problems and challenges are discussed in section 6. Finally,

concluding points and future works of this paper are outlined in section 7.
2. Taxonomy of next word prediction techniques

In the recent development of next word prediction with entertainment computing, the
following categories are noticed: statistical methods and artificial intelligence. Mostly,
these categories go under expansive types of technical analysis. Sometimes, these
categories are combined to predict the next word also they can be utilized to make games
in entertainment computing. For instance, these broader techniques of technical analysis
can be combined with deep learning algorithms. These approaches have achieved good
results and become popular in the field of next word prediction for entertainment
computing, such as games and social predictive texts in the current and past. Popular

methods are shown in Figurel:
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Figurel: Taxonomy of next word prediction systems

Previously, before the deep learning techniques were advanced, statistical methods merely
were utilized to predict the next words or to build next word prediction systems for
entertainment computing. Markov Chain is the first method used to predict the next word
in natural language processing NLP and entertainment computing. The goal of NLP is to
learn and analyze the difficulties of automated generation and comprehending of languages
of human beings (Panzner and Cimiano, 2016). Markov Model is the origin of the next
word prediction systems, which is used in the field of entertainment computing, such as
games. In this model, the next word suggestion based on the probability of a word in the
text corpus (Bari, 2014). Thus, to choose the next optimum word, the Markov model
decides which word should be anticipated. However, the Markov model does not have a
memory to decide for a long-range for instance in a long sentence (Chakraborty and Roy,
2012). It has been used based on the effectiveness and its easiness of implementation.
Word frequency approach which depends on a text corpus, is another method that utilized

5
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for the next word prediction. In this method the frequencies of words are saved as a list, so
a small number of words will be presented to, due to the words with frequencies are listed
from high to low (Neubig, 2016). This is called the Unigram model in another word it is
well known as it does not utilize history (Neubig, 2016).

Word sequence frequencies, is another method that is used to predict the next word
to see which word is coming next, namely to predict the future with social media as an
example (Sitaram and Huberman, 2010). In this method, the previous words are essential,
unlike the unigram model, which is not depending on previous words or history words. In
another word, the Bigram model approximates the frequency or probability of a word given
the entire history words by utilizing merely the conditional probability of one earlier word
(Kapadia, 2019). We can say that it is an extension of the Unigram model. However, if the
last two previous words are utilized to predict the next word then it is known as the Trigram
model (Gendron, 2015). Also, to anticipate the next word if extra words are used then it is
called as N-gram model, which is very useful and powerful in certain points such as
easiness of implementation and it does not depend on grammar rules. Therefore, in its
significance, a statistical model for language purposes, is the model class in which the
probabilities for the sequence of words will be assigned. The n-gram model as an example
is a very common and well-known method. An n-gram model, predicts the most likely
words to happen to a sequence when a sequence of N-1 is given (Chelba et al., 2017). This
model is very useful in NLP and building various applications such as text prediction,

machine translation, and speech recognition, etc.

Acrtificial intelligence is huge, commonly it is about the development of computer
systems and applications to accomplish tasks. Generally, it requires human intelligence,
for example, speech recognition, language translation, and decision- making, etc. Besides,
it can be said that Al is the competence of computer to conduct tasks. Besides, it has a big
role in entertainment computing, such as mobile entertainment and games, for example,
chess, poker. In addition, it includes technologies, for instance, search techniques,
machine-learning games, and human computer interaction. Normally, it is correlated with
intelligent beings (Singh, 2014). Namely, it is repeatedly practiced with the undertaking

works and developing systems enriched with smart distinctive processes of humans as an
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example the capability of reasoning, finding meanings, and learn from earlier knowledge,
etc. (Wang, 2008). Machine learning ML which is inside the area of Al is about studying
algorithms and statistical methods in which a computer system utilizes to execute a
particular task without utilizing certain instructions, instead of unambiguous instructions,
patterns and inference will be depended on. Deep learning is a portion of machine learning

approaches relying on artificial intelligence (Dargan et al, 2019).

Neural Network, organically or artificially, refers to the systems of neurons.
Namely, an artificial neural network consists of artificial neurons. In this sense, an artificial
neural network was developed to solve artificial intelligent difficulties (Mohanapriya,
2017; Jabar et al., 2018). The most common methods in the neural network are recurrent
neural network RNN and convolutional neural network CNN. RNN is a type of artificial
neural network ANN in which the output or results from earlier phases are fed into the
systems as an input to the current step. So to predict the next word, the earlier words are
needed to be remembered. As a consequence, the development of RNN conducted to solve
this type of difficulty by utilizing the hidden layer in RNN and the most essential part is
the hidden state. Generally, it consists of input data, hidden layer, and output. RNN can be

used in time series data, text data, and audio data (Arnold et al, 2016).

Convolutional neural network CNN is a class of deep neural network, CNN is
multiple perceptron due to each neuron in a layer is connected to all neurons in the next
layer that is the reason of calling CNN as a fully connected network it can be used in
different fields such as image processing and video analyzing (Arnold et al, 2016).

Long short term memory LSTM is a class of RNN that can learn sequencing orders
in sequencing prediction difficulties. LSTM is very complicated in the way of having many
parameters. Also, computationally is time-consuming. LSTM can be beneficial in the field

of machine translation, speech recognition, etc. (Chen et al., 2019).

The Hybrid methods implement a mixture of multiple of various methods to
enhance performance or increase accuracy, for instance, a hybrid of statistical methods and
deep learning methods. Next, the most common methods which are used in the next word

prediction will be explained in detail.
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3. Literature Survey

Various techniques were developed for the next word prediction with entertainment
computing. These techniques are utilized in modeling natural language processing in
entertainment. Depending on the presented taxonomy in Figure 1, this survey paper
demonstrates a literature survey on some of the most common approaches that have been
implemented for the next word prediction for entertainment computing. Following, are the

illustration of these techniques:
3.1 Statistical methods

In statistical approaches, to place words in the prediction list depends on the probability
which will come into sight in the text corpus (Mathew, 1996). Thus, this is called in another
name which is the Probabilistic approach. Next word prediction for entertainment gaming
in the statistical method depends on the Markov Chain assumption. In this model, the last
word N-1 only in the previous words or history will affect the next word (Ghayoomi and
Momtazi, 2009). For that reason, this approach is also known as the N-gram model. The

following are mostly utilized methods in statistical approaches:

3.1.1 Markov chain model: in the Markov chain model, the next word prediction in a
game is depending on the probability of the text, in other words, it depends on the
probability of the word in the text (Jagadeesh, 2018). Thus, it is known as a probabilistic
model or statistical model. On the other hand, the statistical model depends on the
Markov model. In the model, the next word merely affected by the last word N-1 of
history (Mahar and Memon, 2011). In other words, the Markov chain can be simulated
in a series of events. Every event in the series arises from a set of consequences that
depends on one another. Every consequence dictates the result which is the most likely
to happen next. So, in the Markov chain model to suggest the next word, all the series
information is required which is included in the most current series information.
Namely, by knowing all the series of previous information to predict the next word in
the entertainment gaming, does not mean that it provides better results due to it depends
only on the last consequence. So, the Markov chain model is used to test a consequence
of words, these words are accompanying to one another with a fixed probability.

Contradicts, for the dependent sequence of words, the restricted number of

8
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consequences could be raised. Though, the calculation of conditional probabilistic

which is related to every consequence to one another can be conducted. Mostly, it takes

the shape of calculating how many times a certain consequence pursues another one in

an observed series. Consequently, to manipulate a simulation on a text corpus, every

word that is utilized has to be counted. Later, each word in the text will be stored which

is used next, this means the distribution of the word in the text corpus conditional on

the previous word. The formula of the Markov model is written as shown below:

P(WIW;_1, W, ... W) ~ P(W;|W,_,) )
The probability that a word will be predicted given n past words nearly equals to
the probability that a word will come to show given merely the last past word.
Wy W, oo, Wy = - P(W, [We_y) )
The second part of the Markov Chain model contains the last two words that occur
in a sequence.
To reveal how it does work in the next word prediction is an example is taken into
consideration as follows:

1) Istudy IT.

2) |study Al.

3) I love statistics.
From the above example, the unique words in the sentences are “I”, “study”, “love”,
and “IT”, “Al”, “statistics” might form a various state. The distribution of the
probability is conclusive of the probability of transition from one word to another
word. In this instance, the first word will be “I”” due to the probability of occurrence
of “I” i1s 100%. For the next or second the words “study” or “love” should be
chosen. So the distribution of the probability is about the probability of the next
word will be “study” or “love” given the earlier word which is “I”. It can be seen
that the word “study” occurs 2 times out of 3 sentences preceding by the word “I”
but the word “Love” occurs merely once. Thus, the approximate probability of
occurring “study” after the word “me” will be (2/3) which is 67%. In contrast, (1/3)

or 33% for the word “love”. Likewise, the same probability of occurrence will be
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for the words “IT”” and “AlI” to happen after “study” and the word “love” preceded

by “statistics” consistently in the given example.

I
2/3 1/3
Study Love
1/2 1/2 | 11
- = o -“‘—'\ ( . A
IT Al Statistics

Figure 2: the transition from one word to another in the given example

Conditional probability of the above demonstrated example
P(study | 1) = 0.67

P(love | 1) =0.33

P(AI | study) = P(IT | study) = 0.50

P(statistics | love) = 1

3.1.2 Frequencies of words: in this approach, the entire corpus is sorted through their
frequencies order and it displays the top few words list, as next word prediction in the
entertainment game to a user. This is called the unigram model (Ghayoomi and
Momtazi, 2009). Natural language processing for entertainment computing depends on
text corpus consistently due to the computation of word frequencies is based on the text
corpus (Mahar and Memon, 2011). A dictionary of the most common words will be

produced and utilized. Being a part of this step a huge text corpus will be provided.

10
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Then, the frequency of the commonly used words or dictionary words can be
calculated, which is happening in the text corpus. This means that the unigram
frequency model is calculated based on the text corpus. It is possible if words exist in
the text corpus but absent in the dictionary so it could be to ignore these words.
Contradicts, these words that exist in the commonly used words list and missed in the
text corpus cannot be ignored. The unigram language model can behave as a mixture
of assorted ones state. It splits the frequency or the probability of various words in a
text corpus, for example, a measure of the frequency of a word W is the number of

occurrence of that word in a text corpus C.

W freq =) W whereW existinC (3)

This means the frequency of word W = summation of occurrence of W in C. In
another way we can say to count W occurrence in C, normally a function can be
created to give N when W appears N times in C. So, we can have two parameters
W and C:

f(C, W) = N when W appears in C N times.

For the probability of Unigram model we can say as an example:
P(Wy W, W3) = P(W1)P(W2|W1)P(W3|W1W2)T0 P(Wy W, Ws) =
P(Wy)P(W,)P(Ws) (4)

In the Unigram model, every word probability relies on merely its probability in
the text corpus. So, the summation of the automation probability itself over the
whole of the vocabulary text corpus of the Unigram model is equal to 1. It can be

represented as follows:

ZWord W in corpus P(Word W) =1 (5)
The probability of demand to a particular word is computed like below:

11
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P(demanded Word) Y.\ord in corpus P(Word) (6)

3.1.3 Frequencies of word sequences: in this approach, for performing the next words
in the game, the history of the words is essential and depended on or the previous words
are essential to predict the next word. In the history of the words if merely one word
was utilized when the word was typed then it is called a Bigram model. On the other
hand, for suggesting the next word game, if two words at the last were utilized then it
is known as the trigram model (Gendron, 2015). Besides, to suggest the next word, if
more than two words were utilized then it is named as the N-gram model, N in

probability sequence is the number of the words were utilized.

It is a powerful method to conduct the next word prediction game due to it does not

depend on grammar rules, therefore it is beneficial to save time.

N-gram Model is significant to make several applications, for instance, auto-complete
sentences as it can be seen from Gmail nowadays. Also, it is utilized to correct spell
mistakes so it is essential to check spells and correct mistakes spells. Furthermore, it

can be used to check grammar mistakes in a given sentence, etc.

Frequency or probability of word sequence can be expressed step by step as follows:
a) UniGram model:
P (Wi | Wy ... Wi—1) = P(W;) (7)
Bigram model, from the context, adds only a word:
P Wi Wy ... Wi—1) ~P(W;|W;_1) 8
Trigram model, from the context, adds two words:
P (Wi | Wy ... Wi_q) = P(W; [ Wi, W) )
And so on for the Fourgram and Fivegram, etc.
b) Ngram Model:
PWi| Wy ... Wiq) = P(Wi | Win-1) - Wi-1) (10)

12
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The demonstration of Ngram language model is expressed in Figure 3:
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Figure 3: illustrates the Ngram language model.
To explain more let's take the following examples in Table 1:

Table 1: illustration of word sequence frequencies for unigram, bigram, trigram, fourgram.

Unigram My homework

Have To Do My homework
Bigram
Have To Do My
Have To Do My homework
Trigram
Have To Do
To Do My
Have To Do
Four-
Have To Do My
gram
To Do My homework

Another example is shown below in Table 2:

13



Cite as : Hamarashid, H.K,, Saeed, S.A. & Rashid, T.A. A comprehensive review and evaluation on text predictive and
entertainment systems. Soft Comput (2022). https://doi.org/10.1007/s00500-021-06691-4

Table 2: illustration of word sequence second example.

Next word prediction techniques survey paper ‘

Unigram  Next Word Prediction Techniques Survey paper
Bigram  Nextword Word Prediction Techniques Survey

prediction = techniques survey paper
Trigram  Next word Word Prediction Techniques

prediction prediction techniques survey
techniques survey paper
Fourgram Next word Word Prediction
prediction  prediction  techniques
techniques techniques = survey

survey paper

3.2 Deep learning

Deep learning is a part of artificial intelligence that focuses on algorithms that work
like the human brain to process data or it is a network that can learn from data also it is
commonly named deep neural network (Dargan et al., 2019). The following

subsections illustrate some of the deep learning algorithms:

3.2.1 Next word prediction using RNN in entertainment: people do not think on
their own for every tick of time on new ideas. In the time of going through a text, each
word will be acknowledged by human beings depending on their thoughts of the earlier
words. They can relate and their thoughts are continuous (Bengio et al., 1994). If a
classification of event types happening at each point in a novel then it is ambiguous for
a neural network to utilize its analysis about earlier events to inform the next event
(Rashid et al., 2019). So, the recurrent neural network can be utilized to control this
issue (Mikolov et al., 2010). This means that RNN has loops that permit information to
go through steps which means from one step to the next step. In another word, to

conduct the next task merely the recent or current information is needed. For example,

14
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if a language model is examined attempting to suggest the next word depending on the
earlier word (Huang, 2006). For instance, the last word prediction of the sentence “the
sun rises in the east”, other conditions will not be required due to it can be seen that
east is the explicit next word in the given sentence. So, RNN has the capability of
learning to utilize the previous information when the space between appropriate
information and the position that is necessary is tiny (Rashid et al., 2019). On the other
hand, in some cases, more condition is required. If the prediction for the last word in
the sentence “I am good at playing martial arts and recently | represented my state in
martial arts” is taken into consideration. So, from the last information, it is been
suggested that the next word might be a sport name. In contrast, if it is desired to be
known which sport is this, so, information on martial arts is needed. In this case, the
space between appropriate information and the position that is necessary is large.
Besides, this case is difficult to be connected by RNN (Bahdanau et al., 2015). So, in
the RNN Model, the input is not examined merely, but it provides a way to examine
the one earlier step. This means that the decision (t-1) time step has been reached
straightforward and it has an impact on the next on step (t). In figure 4 the function of

RNN or how the models work is shown:

Recurrent Network
Input Output or Target

Hidden Layer {(deep) when value > 1

Figure 4: RNN work diagram
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It is a problem to throw out whatever has been seen lastly from memory and start
from the beginning each time. Let's take RNN the recurrent relation with time

series or steps as it can be seen from the following equation:

St = f(Sem1 * Wyee + I x W) (11)

Where St represents the state at time step t, and the input is represented by I; at time
t. Also, the weights parameters are expressed by Wrec and Wx. So, the memory has
been given into the model by the feedback loops due to between times steps, the
information is capable to be remembered by the model. Consequently, St which is
the current state can be calculated from the current input It and earlier steps st.1 by
RNN. In another way, from the current input, jrand state S, the next state which is
St+1 can be predicted. For instance, if we put 20 letters as an input of character
sequence and request the model to anticipate the next character. Then, the new
character will be appended and the first character will be dropped then predict

again. This function will be conducted until the entire word will be predicted.

3.2.3 Memory-based learner for next word prediction: in this technique, a text
corpus is vitally important and plays a large role in predicting the next words in
entertainment (Banko and Brill, 2001). By utilizing the same text corpus in the training
and testing, the next word suggestion performance will be enhanced to a great extent.
In contrast, while testing if a different corpus is utilized then the performance will be
reduced (Trnka, 2008). Furthermore, if the number of classes is increased which means
each word is a class then the training of the machine learning algorithm is hard to
conduct (Bosch, 2006). So, the most popular machine learning algorithm to be used is
in this technique is the N-gram model. This deals with the occurrence probability of
the N given words of the last N-1 words occurrence (Shannon, 2013). When the size
of N is increased then the performance will be increased, however, it will be increased
exponentially because of the calculation of several parameters. So, in RNN as
previously stated, two considerable difficulties appear which are exploding and
vanishing gradients. The RNN, traditionally a huge number of times can be multiplied

by the weight matrix in the gradient signal. This means each time in the training phase
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the gradient signal will be smaller if the matrix weights are small, because of this reason
the learning in the model will be too slow and it is known as vanishing gradient.
Contradicting, exploding gradient related toa large number of weights in the matrix.
This huge number will lead to learnability to have diverged. Long Short Term Memory
LSTM is a method that learns from long term dependencies. The memory cell which is
a new component is brought in. It consists of four parts: input gate, output gate, forget

gate, and neuron. As shown in the following Figure 5:

Forget Gate

‘ - Recurrent connection

<< 7
Input to - Ourput from

- - B
Memory cell N Memory cell

Input Gate Outpur Gate

Figure 5: the four component of a memory cell in LSTM

So the difficulty of vanishing gradient is confronted by LSTM. This is conducted
by conserving the error which is backpropagated via time and layer. Learning long
term dependencies will be allowed by keeping up or continuing more constant error.
In contrast, the exploding gradient will be confronted by using gradient clipping.
The values of gradient clipping are not permitted to go above its predefined value.

In figure 6, LSTM unit is shown:
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LSTM Unit

I-Ct

Figure 6: LSTM unit source: (Aliaa Rassem, Mohammed El-Beltagy, and Mohamed Saleh, 2017).

However, LSTM suffers from a large number of parameters but it resolves the

problem of memory. The equations of gates of LSTM model is expressed below:

i = o(w;[he—1,x] + b; (12)
fe = O'(Wf[ht—1 x| + bf (13)
0 = o(Wolhe—q,xt] + by (14)

it is an input gate, fi represents forget gate, not expressed as an output gate, ¢ is a
sigmoid function, wy represents the consistent of gate x neurons, ht.1 represents the
output of earlier LSTM unit at time t-1, x; represents the input at the current time,
and by represents biases for the corresponding gate Xx.

The following equation shows the equation of LSTM cell state, candidate, and final

output.

ét = tanh(Wc [ht—l ,xt] + bC (15)
Ce = fr* Cooqg Hipg* & (16)
h; = o; xtanh( c¢*) (17)
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From the above equations c: represents memory at a time (t), ¢t is the memory
candidate at time t.

From the equation 15, 16, 17 it can be seen that at any time t, the memory or cell
state knows what should be forgotten from the earlier state which means = ft* ct-1,
and from the current time t what should be taken into consideration namely, it* ¢:.
Finally, the memory or cell state can be filtered by sending it via activation
function. This leads to showing what should be suggested for prediction as to the
output at time step t in the current LSTM unit. So, the ht output can be passed to

the current LSTM unit via softmax function to obtain the anticipated output y:.

3.3 The hybrid technique is about integrating multiple techniques, for instance,
(Goulart et al., 2018) proposed a technique that is a hybrid model for predicting the
next word, which can be used for the gaming purpose. This method depends on the
Naive Bayes model and latent semantic analysis to consider neighbor word vacant
gaps. Their proposed model reached 44.2% of accuracy in completing sentences.
The probabilistic method Naive Bayes which is utilized in NLP like Ngram. It is
used broadly in the machine learning era (Russell and Norvig, 2009). In this
method, the joint probability is not necessarily to be utilized and build because in
this technique the variables are detached into causes and effects. Though, effects
are considered conditionally independent. Thus, the cost of the computation of the

method will be declined. The method equation is represented below:

P(elcy, ..., ) = w (18)
Andy = Z;?:lP(e” C1y ey Cp) (19)

e represents effects in the method and c represents causes, y is a normalization
factor, and k represents the number of words that learned in the training model.
Latent semantic analysis LSA is used to analyze the content of the texts. The LSA

in the training set can be utilized to analyze the whole document or a paragraph or
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a phrase(Zupanc and Bosni“c, 2017 ). There is a relation between words in the text
corpus, so they have to be stored in a table which contains the frequency of it (fi;) i
represents any word that came into view in the level j. Thus, this table is necessary
to compare words which can be utilized to be conducted to find similar words. So,
it is essential to compute the distance between words. Therefore, LSA is utilized to
calculate and infer words in a vector space. The major difficulty in LSA is the
dimensions of the table due to its causes to occupy unnecessary spaces inside the
memory. The following figures show the results of Naive Bayes and LSA model:
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Figure 7: represents the results of Error variation based on Naive Bayes, LSA, and both for the size of history source:
(Henrique X. Goulart et al, 2018).
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Figure 8: represents the value of lambda for the 15 gram earlier source: (Henrique X. Goulart et al, 2018).

4. Entertainment computing and text prediction

Entertainment computing with the next word prediction can be used as a game.
Entertainment computing consists of various features, such as making games for computer,
mobile entertainment, digital entertainment media, robotics entertainment, and virtual
reality entertainment, etc. (Nakatsu and Hoshino, 2013). In today’s world, an interesting
era is entertainment computing (Wong, 2008). Recently, it was obvious that there is a
concentration on entertainment and its value (Rauterberg, 2009). Besides, the next word
prediction with entertainment computing could be used to make games relies on artificial
intelligence to design the game (Treanor et al, 2015). Besides, entertainment computing
methodology uses artificial intelligence to build games and its interface as well as using it
in the background of the game (Andersen et al, 2018). Moreover, producing entertainment
games using a predictive text system, which utilizes Al agents and Natural Language
Processing NLP (Yannakakis and Hallam, 2006).
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4.1 Prediction in entertainment computing in social media

Social media is one of the fields of entertainment computing. It is a type of online

communication where people can compose messages, make posts, share posts, etc.

for instance, Facebook, Twitter, Digg, etc. Due to using social media is simple and

easy, so, public communication is changing fast in society, environment, politics,

and in the entertainment with technology. All of these because of using social

media.

Because social media could also be deduced in the form of common sense

collection, a decision was made to consider its value at real-world prediction

consequences. It is essential to predict in social media because, firstly, if we

compare prediction in machine learning with human work, the cost with prediction

in machines is lower (Bothos et.al, 2010). Secondly, the probability of words with

low and high rates is not well predicted by people due to people contribute to

miscalculate high probabilities with undervalue and low probabilities with

overvaluing (Wolfers and Zitzewitz, 2004). Thirdly, people make a decision either

intentionally or unintentionally affected by their interest, profit, and ambition, not

based on accurate probability (Wolfers and Zitzewitz, 2004). Lastly, the prediction

approaches could handle the massive amount of data then respond provided fast

(Hanson, 2004).

Many subjects can be applied with social media but the prediction with social media

has to meet the following requirement:

In the first, the subject with prediction must relate to human events. Users, share

their thoughts and opinions on social media. So, the information will be analyzed,

extracted, and integrated by prediction approaches. After that, the prediction should

be made based on the influence of people on the predicted subjects.

Secondly, in the case of involving a huge number of people, the distribution

composition on social media for involved people has to be at least similar to the

real world (Huff, 1993). This is because not all people around the world use social

media, so the users who use social media can be considered as a sample. However,

the process of samples is not handable, therefore, it may cause of bias with
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sampling. Thus, bias cannot be excluded from sampling entirely. Instead, ensure

that the relative amount of biased samples is in agreeable range.

Finally, the texts that involved in social media have to be simple, which are

composed publicly, alternatively, the social media contents will produce bias (Huff,

1993). If an example is taken into consideration, there is social consensus, which

gives suitable and good tips, contradicts, extravagantly low tipping is unarguable.

For the huge number of people on social media, it is not acceptable to admit the

low paid tips. The response could be obtained by using anonymous mode but this

mode has no relevant information on social media structure.

4.1.1 Social media message characteristics predictor
Characteristics of messages concentrate on the messages, for instance, time
series and sentiment measurement. In case all objects are concentrated on then
all available posts, with timestamps fetched. Contradicts, the man-crafted
keywords in consequences of the search will be preferred, all these will be
beneficial for prediction, this depends on texts or posts based on that the most
frequent words can be predicted what word is most likely to happen then the
next word.
4.1.1.1 Sentiment measurement: sentiment measurement is a fixed part of the posts.

Besides the word prediction might be for a specific sentiment or category, for
example, diseases, happiness, places, etc. due to they are not investigated
thoroughly. Thus, the idea is to extract and utilize them as a general one.
In the sentiment measurement analysis with quality, the texts can be predicted
for positive, negative, or neutral, however, they have to be labeled. As a
consequence, we have five predictor factors; negative, positive, non-neutral,
neutral, and total. These are the five agreeable predictors.
These predictor factors can have its value in different places, for instance,
predicting the next best movie, the number of positive votes equates with the
event consequences is better than counting total in the pre-event time. In
contrast, in the post-event time, it is better to conduct counting total (Mishne
and Glance, 2006). Also, the ratios can be calculated among them. It includes

the ratio between the accounting positive and posts in total (Zhang and Skiena,
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2009). Also, it contains the calculation of the ratio between non-neutral and
neutral posts, also, it includes the computation of ratio between positive and
negative posts (Asur and Huberman, 2010). The mentions ratios reverse the
correlated strength of the mentioned sentiment measurement. The sentiment
difference and sentiment index can be calculated by combining the basic aspects
(Zhang and Skiena, 2009). The following equations represent the calculation of

sentiment difference and index:

setiment dlf — positive negative (20)
Ntotal
Npositive_Nnegative
sentiment Index = 100  ( N“;t“’ + 0.5) (21)

Npositive, Nnegative, @nd Niotal, represent positive, negative, and total posts
consecutively. On the other hand, the sentiment index was strongly
recommended to and useful to be used for predicting the name of Oscar winner
when it is used for box-office movies due to it was proved.

Overall, the text or an event can be predicted either positive or negative, it can
be changed based on the owner desire, for example, if we have the words “I”
“am” the predicted word will be “Happy” then this indicates that the post is
positive.

4.2 Prediction in entertainment computing (games)

Next word prediction can be utilized as an entertainment game. Text prediction
interfaces that auditor text while it is typed by a user then it is providing a set of
anticipated next words for the user to choose straightly. This is can be conducted on
smartphones. A small algorithm interference can be represented in the action of text

composition that allows smartphone users to interact with the system.

Artificial intelligence game-based design is an approach to designing a game depending
on artificial intelligence agents. This can be used for the interface of the gameplay and

the background. Thus, it is helpful for players' attention due to it is a memorable part
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of the roles and management of Al methods (Treanor et al, 2015). Digital games
particularly are well known to analyze artificial intelligence algorithms due to it
consists of codes, so they could embed playable form or version of the approach
directly. So they are engaged to conduct comments on them, therefore, a chance will
be given to the player to experience the interaction of the game to see what it looks like
through these algorithms. Besides, a system, for example, Say Anything (Swanson and
Gordon, 2008) has favorably conducted artificial intelligent methods to build playable
cooperative experiences in writing games. Possibly, artificial intelligent game-based
design approaches might be practiced with artificial intelligence algorithms, which act
a common role in the player during every day playing lives. The prediction texts, which
are used in a game mechanic as an example, might appear impressive questions
algorithmic game into the mind of the players. Following is the representation of such

a game.

Predictive texts as a game mechanic taken into consideration as an example of the
entertainment game, which uses text predictive system, a player can interact with the
game by composing a message or inputting a word as a target word in the game. Thus,
to do progress, the player asked to enter the anticipated text in the game. In this step,
the player will be expedited by the system by providing a predictive text to the interface
of the game. This helps the player to look at what has been composed recently. Also,
in the game real-time feedback was provided to select the words that most likely to
utilize in the next step (Campton et al, 2015). The player might choose one of the
suggested words at any time during writing a message. The predicted words to the user
rely on word frequencies that are drawn out from the text corpus of the entire tweets
that exist. The game utilizes the Markov Chain model to train the data set of the corpus

of the entire tweets to assist the player in the text in the game style.

The game content formed as a partly arranged sequence of broadly contained in itself
vignettes. Every vignette is formed in the style of dream vision. This predicts several
events or scenes for the future. Whenever the player tries to input the social media post
into the game by utilizing the next word prediction interface system, one of the
predicted words might be assigned to a vignette randomly, which is suitable for the
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player progress in the game. Thus, choosing the predicted words frequently will lead
the player to accomplish vignette text, each word separately, into the textbox or text
input. Due to each predicted words could be chosen from vignette or the corpus that
presented in tweets and also due to that the player has unintended control on which
words will be predicted, thus, the game design provides ambiguity to the corpus,

vignette or the player for the last content of the messages that they recently composed.

One of the expected consequences of the next word prediction game design is to
increase the players understanding that they will gain wonderful encouragement
whenever they depend on the next word predictive game to input texts. This will be
stimulated in which the next word prediction interfaces are consistently utilized to
conduct artificial intelligence-based design, for example, in the form of a text
prediction game, which is mostly playable on social media. In this game, the player or
participant attempts to input or write the beginning of a sentence manually, so the next
word prediction will be utilized to complete the rest of the sentence and then share the
consequences (Neal, 2017).

By inspiring the players to engage with the next word prediction games and by isolating
the players from common features for writing in next word predictive system interface,
the main goal of this game was to get into consideration to the way of that the player
input text, how it is affected by algorithmic next word prediction system. The players
can be a success in the game and they can leave and return to interact with the next

word predictive game whenever desired.

4.3 Utilizing NLP technique for search recommendation in entertainment

computing

The idea of this technique is to mix the search and recommendation of entertainment
computing. This will be helpful for users to utilize natural language processing to
conduct different tasks on digital media content and information retrieval. Recently,
mobile and tablets are developed quickly to derive entertainment computing, such as
digital media. Simultaneously, robust technology exists for speech recognition to
convert voice to text. This enhancement enables voice interfaces and NLP to be usable

for a variety of tasks, for instance, inputting text to turn on the electric devices or using
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TV remote for playing games, such as word prediction games with the TV features. So,
the NLP interface can be used to conduct different functionalities in entertainment
computing like video and music, which related to the user tasks that connected with
digital media. For instance, retrieving search consequences and recommendations,
handling common TV commands, retrieving information from the digital media

content, and predicting answers for trivial questions that are related to.

This is about making questions and answers system. The goal of this system is to
provide accurate answer texts to the queries of particular NLP users instead of classical
search consequences, which give corresponding documents. Many of these systems
mostly rely on ontology, which has the knowledge-based data that shaped and arranged
by an ontology. The users in the system can input questions and then the system will
give precise answers to the user when the question is analyzed then the answer is
extracted (Athira et al, 2013). Knowledge-based ontologically, dedicate an appropriate
approach to consolidate semantic users considered demanding, but at this point, NLP
must be organized to the form of ontology statements, for example, Siri by Apple. In
the entire of these types of systems, the queries of NLP are first translated to the form
that is appropriate with ontology then this form will be utilized to discover the final

consequences. The structure of the system is shown in Figure 9.
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Figure 9: represents the system structure and steps of NLP entertainment computing search and recommendation

5. Analysis of the next word prediction techniques

The next word prediction system is supported in the typing system. If the efficiency is taken
into consideration, then it will be seen that the main goal is to reduce effort and message
typing time. So, if it assists people in reducing the necessary efforts to type, it is essential
to decline the keystroke number for writing a text message. If it is helpful for people in
declining the number of letters that made on a time, several integrated letters in a text. In
other words, the number of letters, which is written by only one selection should be smaller
than the individual prediction (Garay and Abascal, 2006).

If a simple example is taken to illustrate the result of a saved keystroke in percentage for
next word prediction in the English language, as shown in Table 1:

Table 1: the percentage of saved keystroke results for next word prediction in the English language

Grams Results
Bigram and trigram %28.2
2,3,4,5,6 grams %37.4
Plus personal lexicon %47.7

The first result shows that it depends on the agreement of the texts from test and training

with the availability of a chunk of information sources.

The second result illustrates that it relies on the agreement of the texts used in the test and
texts used in the training for the n-gram. This consistently enhances the consequences.

The last result reveals the power of a personal lexicon when it is utilized.
5.1 Prediction results

This part reveals the discovered appropriate results in the literature (Vitoria and
Abascal, 2006).

The consequences that obtained from the word suggestion system it was represented in
(Sharma and Samanta, 2014). It is noticed that the projected software makes %95.6
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corrections in simulation errors. In general, on average it reaches % 62.50 in saving
keystrokes with a hit rate of %96.50. The produced system can be utilized easily. It
does not need the experience to use the system.

The statistical word suggestion system as an example of Lipik which is used for
composing text messages. In the system, a virtual keyboard was made to input text
messages. When a user types a word then a list of next word suggestions will be shown
after selecting the word by pressing the space button then the next possible words will
be pop up (Vitoria, Abascal, 2006). The calculation of input text rate in word per minute

WPM is 5.0 for users with no experience and 5.3 with experienced users.

Google made a prediction system to suggest the next words while searching and shows
the consequences of the prediction in the suggestion words window. When a user inputs
a part of a word then the system gives the next words most likely to suggest in the
prediction window. Multi words suggestion is also available in the prediction system
and it can be seen in the suggestion window. It can explore from the internet and fetch
the consequences (Vitoria, Abascal, 2006). The text rate input in WPM by Google for
the Hindi language is reached 5.3 with no experienced users and 5.6 with experienced

users.

Google transliterate and Quillpad is bilingual sound predictive software. This system
can be utilized to trans-literately predict between two languages, which are based on
alphabets after the system is trained (Prakash, 2012). The system shows the prediction
when a user types. The prediction words are ordered based on the declining order

depending on their statistical probabilities and frequencies.

Table 2: the word suggestion systems comparison

Unit Google Lipik
Saved keystrokes %16.8 %32.4
Usage of prediction %87.1 %85.7
Hit rate %28.5 %85.7
Word input rate (word per minute) 4.8 73

Several systems were designed and implemented to predict the next word one of those

systems is produced in the Urdu language with the evaluation of word prediction which
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conducted on 20 students. The quickness of inputting text on average was 13.4 words per

minute. The highest rate of text entry was 22.5 words per minute.

In the following table, the word prediction accuracy is shown:

Table 3: next word suggestion accuracy

Kinds of predictions 1 to 3 grams 3 to 6 grams 6 to 9 grams
Half input word %46 %65 %68
Next word %52 %70 %71

Prediction with modeling
Half input word %52 %75 %82
Next word %68 %80 %85

Word prediction systems were conducted to increase the speed of typing and to decrease
the efforts to type a word while composing a text message. However, disabled people get
benefit from these kinds of systems, people with no disabilities can utilize these types of
systems to help them input texts correctly due to the system is also helpful with correcting
spelling mistakes.

For the RNN two different data sets were produced. Firstly, the data set includes 1037
words which are taken from the Bhanumati novel and the words were increased by
duplicating the words from the novel five times inside the dataset. Secondly, the first data
set phonetic transcription is included in the second data set word by word until it is reached
the end and it consists of 1076 words. In the RNN approach, the two data sets were fed in
and the consequences were computed after every 1000 epochs. So, for very1000 epochs,
the consequences were too long, therefore, only the epochs which are getting the highest
rate of accuracy are shown according to the computation. During the testing RNN model,
merely three random words are fed into the RNN approach in sequence and suggesting the
next word immediately. In Table 4, the test of the technique with the highest rate of

accuracy with its epochs is represented:

Table 4: a tested model with the highest rate of accuracy with its epoch

Number of tests Hidden layer Neurons inside Learning rate Epoch Accuracy
every layer
Test 1 2 128 0.001 98000 %88.2
Test 2 2 256 0.001 82000 %77.2
Test 3 2 512 0.001 86000 %70.4
Test4 3 128 0.001 100000 %81.1
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Test5 3 256 0.001 58000 %74.3
Test 6 3 512 0.001 50000 %71.9
Test 7 4 512 0.001 98000 %70.3
Test 8 4 512 0.003 74000 %22.2

The first data set is fed into various models without transcription to produce a different
structure of 100000 epochs. According to Table 4, the highest rate of accuracy was % 88.2
with the 98000 epochs for the first data set when it has two hidden layers and every layer

has 128 neurons with a learning rate of 0.001.

Correspondingly, for the second data set which includes a phonetical transcription of the
words was fed into a variety of models. Each model was run for 100000 epoch and it

obtained the highest rate of accuracy for each approach as it is illustrated in Table 5.

Table 5: represents the second dataset tests for the highest rate of accuracy with its epoch

Number of tests Hidden layer Neurons inside Learning rate Epoch Accuracy
every layer
Test 9 2 128 0.001 100000 %46.1
Test 10 2 256 0.001 100000 %67.0
Test 11 2 512 0.001 77000 %50.6
Test 12 3 128 0.001 68000 %56.4
Test 13 3 256 0.001 77000 %72.1
Test 14 3 512 0.001 98000 %63.6
Test 15 4 512 0.001 91000 %70.4
Test 16 4 512 0.003 34000 %16.1

From Table 5, merely the highest rate of accuracy with its epoch is shown because the
consequences for each epoch with 1000 will be huge. Thus, only the epochs with the
highest rate of accuracies are represented in Table 5. Consequently, the highest rate of
accuracy was obtained with %72.1 with 77000 epochs with three hidden layers and every

layer has 256 neurons with a learning rate of 0.001.

Overall, from the earlier two tests, it can be seen that the test without the transcription in
Table 4 the accuracy on average is declining when the number of neurons is increased in

every hidden layer in the case when the number of hidden layers is fixed. Also, the learning
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rate and the number of hidden layers affect the accuracy of the average. By increment, the
number of the hidden layer the accuracy was declined. Moreover, when the number of
learning rates was raised from 0.001 to 0.003 it can be seen that the accuracy is declining
drastically. In contrast, the test with the transcript texts it can be noticed that the accuracy
goes up when the number of neurons is growth from 128 to 256 for every layer. On the
other hand, when the number of neurons is incremented to 512 then the accuracy is
declined. Indeed, when the number of the hidden layer is changed from 2 to 3 then the
accuracy goes up but attempting to increase hidden layers furthermore decrements
accuracy. Likewise, the accuracy is drastically reduced when the number of learning rate
is changed from 0.001 to 0.003.

The purpose of using memory-based learners for next word prediction is being able to
utilize a larger context which means a larger N number in N-grams. In this method, if a
context could not be found or merely found in a few times this will not lead to predicting
the next word in this case back off algorithm needed to be utilized. This will be conducted
by receding to lower N. The correct prediction will be made when all the preceded words

have been saved in order.

So, testing this algorithm with bases on the N-gram model then the model receding to a
lower number of N in case, not adequate texts are encountered. Then, it was seen that the
performance of the system did not alter in the case that N is more than 3 or trigram this is

happened due to the size of the training set was small.

For the accuracy of the prediction different size was tested the best prediction accuracy rate

is obtained where N is equal to 3 or 4.
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Figure 11: Accuracy with modeling

NLP with entertainment computing performance and accuracy test, the user queries were
tagged with anticipated entities, intent, and predicted consequences into the practical
system. In this system, a random sample was collected, which is nearly 22K queries from
different users. Table 6 explains the ratio of the accuracy of the system, which is conducted
with the test set in the question and answer system across different phases. In the test part,

the ratio for intent recognition is above 90 percentage and the ratio for entity recognition
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is more than 80 percent. The incorrect ratio is because of misspelling especially in the entity

recognition in the speech to text difficulties.

Table 6: represent the accuracy percentage for the 22K quires

Types Succeeded Ratio
Entity recognition 81 percentage
Intent recognition 90 percentage

6. Research open problems

Next word prediction is a continuously interesting and challenging problem. Every day the
availability of data will increase, so new challenges will be faced according to process the
provided data to be used in predicting the next word. The challenges of next word
prediction include long- term predictions. According to long term prediction dependencies,
most of the literature on next word prediction and analysis claiming that some of the
proposed methods and algorithms can be utilized to predict the next word but not for
adequate long term prediction. It is massively demanded to be conducted due to there might
be algorithms work fine on predicting the next word but the main challenge is predicting
for a longer-term. However, some algorithms and techniques developed to conduct long
term dependency prediction but they may suffer from several points for instance LSTM.
Although LSTM utilizes as a memory to predict longer due to it is using a history of words
to predict for the long term but LSTM suffers from having too many parameters this causes

computation cost and time-consuming. This means that the performance will be decreased.

Several techniques developed to predict the next word but each of them suffers and has its
disadvantage. For example, Markov Chain, frequency of words, predicts the next word but
suffers from long term prediction. On the other hand, the developed algorithms sometimes
work for long term prediction but the performance problem will arise and the computation
time will increase. Namely, although there were efforts to develop techniques for
predicting the next word for longer-term the challenge of efficiency and accuracy will come

into being.
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Researchers, mostly focused on short term prediction in comparison to long term
prediction, for instance, 3grams in n-gram model. Nevertheless, it is capable to predict next
word but for predicting sentences it is quite useless. Though some algorithms were
enhanced such as RNN and LSTM for long term prediction they need powerful computers
to execute. Another point is about datasets huge datasets need more powerful computers to
process. Also, if extra texts needed to be extended to the corpus then the training and testing
of the model required to be conducted again. This step is essential to be executed because
later the efficiency and accuracy of the model will be determined based on the training and

testing the model.

Recently, because of the importance of predicting the next word with mobile phones or
search on the web or with computer software even with various languages, more attention
is being considered. In the first step, the next word prediction depends on a text corpus, so
for a specific language a good corpus should be provided or the sources of collected texts
for a specific language should be good. Also, the number of texts should be taken into
consideration due to it has an impact on processing it because of this, the corpus needed to
be preprocessed. On the other hand, to predict for long term dependency, although good
techniques exist like LSTM to predict for a longer-term too many parameters reduce the
efficiency of the model. It is better to reduce the number of parameters to enhance the
performance and execution time because it has several gates. It is better to update and

replace data instead of throwing the forget data.

Entertainment computing with the prediction barriers could be using simple linear
approaches, which is suitable merely for some conditions or specific conditions. On the
other hand, social media is complicated when it is divided or distinguished by parameters,
therefore, the predictors and prediction consequences on social media are a non-linear
correlation. Besides, the mixing of the approaches could lead to enhancement. This mixing
approach, such as a trained neural network instantaneously, enhanced to a new approach
on social media. Besides, deep learning concentrates more on long terms. Also, non-linear
approaches should be tried to discover a reasonable approach for every prediction domain.
Another point is that there are various types of prediction items, which represent various

parts. If the recommendation is taken into consideration, the recommendation for DVDs is
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more acceptable than books. On the other hand, there is still no entirely agreeable
consequence on why the differences among them happen. This problem exceeds barriers
for modeling. So, modeling formally could be essential and significant to comprehend and
examine the parts and attitude of prediction approaches.

7. Conclusion

There are several approaches to the next word prediction that intermittently designed. The
main goal is to speed up typing, reduce efforts, and consuming the time for composing a
text message also to boost the communication rate. These approaches mainly produced to
help people with disabilities or dyslexia also people with no disabilities can utilize next
word prediction systems to help them to correct spelling mistakes and type their desired
words with few efforts during composing text messages in other words it needs less typing

words.

Various techniques have been proposed to enhance the level of next word prediction
systems. This paper has addressed the analysis of these approaches. Also, various
computations of next word prediction models have been represented especially perspective
of view in saving keystrokes, performance, hit rate, input text rate, and accuracy.

As a consequence, depending on the results of the discussed next word prediction
approaches, the N-gram model is better to utilize because of the following reasons; firstly,
it is straight forward and easier to apply compared to the other techniques due to it depends
on text corpus merely. Secondly, by utilizing the N-gram model, better consequences
obtained with 3 or 4 grams in other word trigram or four grams. However, few data leads
to predict less some times. So, in this case, the bakeoff algorithm is used due to whenever
inadequate prediction happens then it will go a step back from N to N-1 for instance from
fourth gram to trigram. Thirdly, better accuracy was obtained, nevertheless, by increasing
the number of N-grams the performance slightly declined because of the computation time.
Lastly, the N-gram model only needs to create or to make grams. On the other hand, the
other techniques required to train and test the data, whenever more data is needed to be
included then the data again needs to be trained and tested. This requires more time and

reduces performance and the accuracy of the prediction is similar.
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In the future, for selecting a better system for next word prediction, so usability tests model

may be utilized to determine suitable next word prediction system.

References

1- J. Carlberger, Design and Implementation of a Probabilistic Word Prediction Program,
Master’s Thesis in Computer Science, NADA, KTH, Stockholm (Sweden), 1997.

2- E. Matthew, Syntactic pre-processing in single-word prediction for disabled people,
Ph.D. Thesis, Univ. of Bristol, England, June 1996.

3- M. Ghayoomi and S. Momtazi, An Overview on the Existing Language Models for
Prediction Systems as Writing Assistant Tools, in Proc. IEEE international conference on
Systems, Man and Cybernetics, San Antonio, TX, Oct 11-14 2009, pp.5083-5087.

4- Ashwin Mysore Jagadeesh, Next Word Prediction using Markov Model. Available
online at https://medium.com/ymedialabs-innovation/next-word-prediction-using-
markov-model-570fc0475f96 , 2018.

5-J. A. Mahar and G. Q. Memon, ProbabilisticAnalysis of Sindhi Word Prediction using
N-Grams, Australian Journal of Basic and Applied Sciences, vol. 5, No. 5, Jan 2011, pp.
1137-1143.

6- Gerald R. Gendron, Natural Language Processing: A Model to Predict a Sequence of
Words, MODSIM World 2015, 2015 Paper No. 13 Page 1 of 10.

7- Y. Bengio, P. Simard, P. Frasconi, 1994. Learning long term dependencies with gradient

descent is difficult.|IEEE transactions on neural networks5,157—166.

8- Dzmitry Bahdanau, Kyunghyun Cho, Yoshua Bengio, 2015. Neural machine translation
by jointly learning to align and translate. arXiv preprintar Xiv:1409.0473.

9- Tom’a"s Mikolov, Martin Karafia't, Luka’s” Burget, Jan Honza C ernocky’, Sanjeev
Khudanpur, 2010. Recurrent neural network based language model, in Eleventh Annual
Conference of the International Speech Communication Association.

37



Cite as : Hamarashid, H.K., Saeed, S.A. & Rashid, T.A. A comprehensive review and evaluation on text predictive and
entertainment systems. Soft Comput (2022). https://doi.org/10.1007/s00500-021-06691-4

10- Michele Banko and Eric Brill, Scaling to Very Very Large Corpora for Natural
Language Disambiguation, Proc. Association for Computational Linguistics, p 26-33,
2001.

11- Keith Trnka., Adaptive Language Modeling for Word Prediction, Proceedings of the
46th Annual Meeting of the Association for Computational Linguistics on Human
Language Technologies: Student Research Workshop, pp. 61-66, 2008.

12- van den Bosch, Scalable classification-based word prediction and confusable

correction, Traitement Automatique des Langues, 46(2): 39-63, 2006.

13- C. E. Shannon, Prediction and Entropy of Printed English, Bell Sys. Tech Journal 1(1):
50-64, 2013.

14- N. Garay-Vitoria, J. Abascal, “Text prediction systems: a survey,” Universal Access in
the Information Society, vol. 4, Feb. 2006, pp. 188— 203.

15- M. K. Sharma and D. Samanta, Word prediction system for text entry in Hindi, ACM
Trans. Asian Lang. Inform. Process. vol. 13, Issue 2, Article 8, June 2014, pp. 1- 29.

16- Ram Prakash, Quillpad Multilingual Predictive Transliteration System, in Proc. 24th
Int. Conf on Computational Linguistics, Dec. 2012, pp. 107-114.

17- Tarik A. Rashid, Polla Fattah and Delan K. Awlaa (2018). Using Accuracy Measure
for Improving the Training of LSTM with Metaheuristic Algorithms, Procedia Computer
Science 140, 324-333, https://doi.org/10.1016/j.procs.2018.10.307

18- M. Aamir Khan, M. Abid Khan and M. Naveed Ali, Design of Urdu Virtual Keyboard,
in Proc. Conf on Language & Technology, Jan. 2009, pp. 126-130.

19- Asia L. Jabar and Tarik A. Rashid (2018). A Modified Particle Swarm Optimization
with Neural Network via Euclidean Distance, International Journal of Recent
Contributions from Engineering, Science & IT (iJES), Vol. 6, No. 1, pp.1l-
18, https://doi.org/10.3991/ijes.v6i1.8080

38


https://doi.org/10.1016/j.procs.2018.10.307
https://doi.org/10.3991/ijes.v6i1.8080

Cite as : Hamarashid, H.K., Saeed, S.A. & Rashid, T.A. A comprehensive review and evaluation on text predictive and
entertainment systems. Soft Comput (2022). https://doi.org/10.1007/s00500-021-06691-4

20- B.Q. Huang, Tarik A. Rashid and M.-T. Kechadi (2006). Multi-Context Recurrent
Neural Network for Time Series Applications, International Journal of Computational
Intelligence, Vol. 3, No. 1, 2006, pp. 45-54. https://waset.org/publications/3524/

21- Chinmay Chakraborty, Rajarshi Roy, Markov Decision Process based Optimal
Gateway Selection Algorithm, Int. Journal of Systems Algorithms & Applications (IJSAA)
48 -52 2012.

22- M. Panzner and P. Cimiano, Comparing Hidden Markov Models and Long Short Term
Memory Neural Networks for Learning Action Representations, Bielefeld University,
10122. Cham: Springer International Publishing: 94-105, 2016.

23- Anasse Bari, Mohamed Chaouchi, Tommy Jung, How to Utilize the Markov Model in
Predictive Analytics, ISBN: 978-1-118-72896-3, 2014.

24- Graham Neubig, Unigram Language Models, Nara Institute of Science and Technology
(NAIST), 2016.

25- Shashank Kapadia, A step into statistical language modeling. Towards Data Science,
2019.

26- Ciprian Chelba, Mohammad Norouzi, Samy Bengio, N-gram Language Modeling
using Recurrent Neural Network Estimation. arXiv:1703.10724, 2017.

27- Dalvinder Singh, A Critical Conceptual Analysis of Definitions of Artificial
Intelligence as Applicable to Computer Engineering, Journal of Computer Engineering, e-
ISSN: 2278-0661, p- ISSN: 2278-8727Volume 16, Issue 2, Ver. | (Mar-Apr. 2014), PP 09-
13.

28- Pei Wang, Frontiers in Artificial Intelligence and Applications, 171(1):362-373
Conference: Proceedings of the 2008 conference on Atrtificial General Intelligence 2008:

Proceedings of the First AGI Conference.

29- Shaveta Dargan, Munish Kumar, Maruthi Rohit Ayyagari and Gulshan Kumar, A
Survey of Deep Learning and Its Applications: A New Paradigm to Machine Learning,

Archives of Computational Methods in Engineering, 2019.

39


https://waset.org/publications/3524/

Cite as : Hamarashid, H.K., Saeed, S.A. & Rashid, T.A. A comprehensive review and evaluation on text predictive and
entertainment systems. Soft Comput (2022). https://doi.org/10.1007/s00500-021-06691-4

30- M. Mohanapriya, research study on applications ofartificial neural networks and
elearning personalization, International Journal of Civil Engineering and Technology
(CIET) ISSN Print: 0976-6308 and ISSN Online: 0976-6316.

31- Ludovic Arnold, Sébastien Rebecchi, Sylvain Chevallier, Hélene Paugam-Moisy, An
Introduction to Deep Learning, European Symposium on Artificial Neural Networks
(ESANN), Belgium. Proceedings of the European Symposium on Artificial Neural
Networks (ESANN). <hal-01352061> 2016.

32- Qili Chen, Bofan Liang, and Jiuhe Wang. A Comparative Study of LSTM and Phased
LSTM for Gait Prediction, DOI: 10.5121/ijaia.2019.10405, 20109.

33- Aliaa Rassem, Mohammed El-Beltagy and Mohamed Saleh. Cross-Country Skiing
Gears Classification using Deep Learning. arXiv:1706.08924v1 [cs.CV] 27 Jun 2017.

34- Henrique X. Goulart, Mauro D. L. Tosi, Daniel Soares-Gonc alves, Rodrigo F. Maia

and Guilherme Wachs-Lopes. Hybrid Model For Word Prediction Using Naive Bayes and
Latent Information. arXiv:1803.00985v1 [cs.CL] 2 Mar 2018.

35- S. Russell and P. Norvig, Artificial Intelligence: A Modern Approach, 3rd ed. Upper
Saddle River, NJ, USA: Prentice Hall Press, 20009.

36- K. Zupanc and Z. Bosni'c, Automated essay evaluation with semantic analysis,

Knowledge-Based Systems, 2017.

37- Nakatsu, R. and Hoshino, J. (2013) Entertainment Computing: Technologies and
Applications, Kluwer Academic Publishers.

38- Wong, K.W. (2008) “Player Adaptive Entertainment Computing,” in Proceedings of
Computer Games & Allied Technology 08, April 2008, pp. 32-37.

39- Matthias Rauterberg 2009 “Entertainment Computing, Social Transformation and the
Quantum Field”, Conference Paper, DOI: 10.1007/978-3-642-02315-6_1 - Source: DBLP
June 2009.

40- Treanor, M., et al.: Al-based game design patterns. In: Proceedings of the 10"

International Conference on Foundations of Digital Games, FDG (2015).

40



Cite as : Hamarashid, H.K., Saeed, S.A. & Rashid, T.A. A comprehensive review and evaluation on text predictive and
entertainment systems. Soft Comput (2022). https://doi.org/10.1007/s00500-021-06691-4

41- Andersen, M., Nielbo, K.L., Schjoedt, U., Pfeiffer, T., Roepstorff, A., Sgrensen, J.:
Predictive minds in Ouija board sessions. Phenomenol. Cogn. Sci. 17(3), 1-12 (2018).

42- G. N. Yannakakis, and J. Hallam, (2006) “Towards Capturing and Enhancing
Entertainment in Computer Games,” in Proceedings of the 4th Hellenic Conference on
Artificial Intelligence, Lecture Notes in Artificial Intelligence, vol. 3955, pp. 432-442,
Heraklion, Crete, Greece, 18-20 May, 2006. Springer-Verlag.

43- Compton, K., Kybartas, B., Mateas, M.: Tracery: an author-focused generative text
tool. In: Schoenau-Fog, H., Bruni, L.E., Louchart, S., Baceviciute, S. (eds.) ICIDS 2015.
LNCS, vol. 9445, pp. 154-161. Springer, Cham (2015). https://doi.org/10. 1007/978-3-
319-27036-4 14.

44- Sitaram Asur and Bernardo Huberman. 2010, “Predicting the Future With Social
Media” arXiv:1003.5699v1 [cs.CY] 29 Mar 2010.

45- E. Bothos, D. Apostolou, and G. Mentzas, “Using Social Media to Predict Future
Events with Agent-Based Markets,” IEEE Intelligent Systems, vol. 25, no. 6, pp. 50-58,
Nov. 2010.

46- J. Wolfers and E. Zitzewitz, “Prediction Markets,” Journal of Economic Perspectives,
vol. 18, no. 2, pp. 107-126, Jun. 2004.

47- R. Hanson, “Foul play in information markets,” George Mason University, vol. 18, no.

2, pp. 107-126, Jun. 2004.
48- D. Huff. How to Lie with Statistics. WW Norton & Company, 1993, pp. 13-28.

49- G. Mishne and N. Glance, “Predicting movie sales from blogger sentiment,” in AAAI
2006 Spring Symposium on Computational Approaches to Analysing Weblogs (AAAI-
CAAW 2006), 2006, vol. 30, no. 2, pp. 301-304.

50- W. Zhang and S. Skiena, “Improving Movie Gross Prediction through News Analysis,”
in 2009 IEEE/WIC/ACM International Joint Conference on Web Intelligence and
Intelligent Agent Technology, 2009, vol. 30, no. 2, pp. 301-304.

41


https://doi.org/10.%201007/978-3-319-27036-4%2014
https://doi.org/10.%201007/978-3-319-27036-4%2014

Cite as : Hamarashid, H.K., Saeed, S.A. & Rashid, T.A. A comprehensive review and evaluation on text predictive and
entertainment systems. Soft Comput (2022). https://doi.org/10.1007/s00500-021-06691-4

51- S. Asur and B. A. Huberman, “Predicting the future with social media,” in Web
Intelligence and Intelligent Agent Technology (WI-IAT), 2010 IEEE/WIC/ACM
International Conference on, 2010, vol. 1, no. 6, pp. 492-499.

52- Swanson, R., Gordon, A.S.: Say anything: a massively collaborative open domain story
writing companion. In: Spierling, U., Szilas, N. (eds.) ICIDS 2008. LNCS, vol. 5334, pp.
32-40. Springer, Heidelberg (2008). https://doi.org/10.1007/978-3-540- 89454-4 5.

53- Brandi Neal, 2017. What Does Predictive Text Do? People On Twitter Are Using
Predictive Text To Write The Story Of Their Lives, & The Results Are Equal Parts
Poetic & Bizarre.https://www.bustle.com/p/what-does-predictive-text-do-people-on-
twitter-areusing-predictive-text-to-write-the-story-of-their-lives-the-results-are-equal-
partspoetic-bizarre-3226156. Accessed 20 April 2020.

54- Athira P. M., Sreeja M. and P. C. Reghuraj, 2013. Architecture of an Ontology-Based
DomainSpecific Natural Language Question Answering System. International journal of

Web and Semantic Technology.

42


https://doi.org/10.1007/978-3-540-%2089454-4%205

