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Abstract: Word games are of great importance in the acquisition of vocabulary and letter
recognition among children, usually between the ages of 3 and 13, boosting their memory,
word retention, spelling, and cognition. Despite the importance of these games, little
attention has been paid to the development of word games for low-resource or highly
morphologically constructed languages. This study develops an Advanced Cubic-oriented
Game (ACG) model by using a character-level N-gram technique and statistics, commonly
known as the matching letter game, wherein a player forms words using a given number
of cubes with letters on each of its sides. The main objective of this study is to find out the
optimal number of letter cubes while maintaining the overall coverage. Comprehensive
experiments on 12 datasets (from low-resource and high-resource languages) incorporating
morphological features were conducted to form 3-5-letter words using 7-8 cubes and a
special case of forming 6—7-letter words using 8-9 cubes. Experimental evaluations show
that the ACG model achieved reasonably high results in terms of average total coverage,
with 89.5% for 3-5-letter words using eight cubes and 79.7% for 6-7-letter words using nine
cubes over 12 datasets. The ACG model obtained over 90% coverage for Uzbek, Turkish,
English, Slovenian, Spanish, French, and Malaysian when constructing 3-5-letter words
using eight cubes.

Keywords: word game modeling; letter frequency; character-level N-gram; model coverage;
statistics

1. Introduction

Due to its importance and communicational use, vocabulary is regarded as one of the
key elements that students must master when learning a language. Vocabulary plays an
important role in the interpretation of spoken and written materials, as well as in learning
the meanings and potential uses of new words, according to Viera [1]. Students’ thinking
and creativity during the language learning process are influenced by their vocabulary
knowledge, which enhances the quality of their language acquisition. According to [2],
second-language learners should possess sufficient vocabulary to ensure meaningful and
successful conversations. Letter games, particularly those based on cubes, can help children
from ages 3 to 13 enhance their vocabulary.

Research studies by Azar [3] and Rohani and Pourgharib [4] assert that games are
useful for teaching vocabulary because they emphasize the keywords needed to complete
the game’s objectives. Alavi and Gilakjani [5] and Mageda and Amaal [6] show the
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importance of word games in the teaching process for schoolchildren to improve their
vocabulary retention skills. Bakhsh [7] defines the effectiveness of word games in teaching
vocabulary and proves the usefulness of word games in explaining the meanings of words
to young learners. According to Huyen and Nga [8] and Uberman [9], games establish a
playful and enjoyable environment that helps young learners quickly gain new knowledge
and remember it better. Moreover, word games help children retain knowledge more
effectively by encouraging word recognition and letter organization skills. Players can
identify letters and words in the first level of a word game. In the next phases, pupils
learn how to construct words using the proper letter order while also strengthening their
memory, which broadens their vocabulary.

The goal of the matching letter game (MLG) is to use letter cubes to create words by
matching the letters on the cubes’ sides. For children, Shchukina et al. [10] and Whitney [11]
show that the MLG develops a variety of skills related to turning letters into words, and it is
tailored for children aged from 3 to 13 years, offering varying levels of difficulty depending
on the length of the words and the number of cubes required to build those words. The
MLG is ideal for entertaining and educating young children and can enhance children’s
early language recognition abilities and word formation capabilities. It also encourages
children to practice critical thinking and hands-on skills by sorting and analyzing the
position of letters, as well as grouping letters to make words.

The game contains letter cubes; flashcards with predefined words, including a picture
defining the word; and a game tray with a slot for cubes to match letters into a word. The
child looks at the picture and word on a card and then tries to find each matching letter
from the large letter cubes to form the word, placing the letters on the tray in the correct
order. The MLG includes letter cubes, flashcards with predefined words explained by
pictures, and a game tray with slots for placing the cubes while forming words. The child
needs to analyze the picture and word on a flashcard and then try to match the letters
by using larger letter cubes to construct the word. Once they find the letters, they are
placed on the tray in the correct order to construct the word. The examples of matching
3-7 letter Uzbek words using eight cubes are presented in Figure 1. The cases in (a)—(e)
describe the matching of 3-, 4-, 5-, 6-, and 7-letter words constructed using eight cubes for
the Uzbek language.

(a) (b) (c)

(d (e)

Figure 1. Examples of an English MLG: (a) 3-letter word; (b) 4-letter word; (c) 5-letter word; (d) 6-letter
word; and (e) 7-letter word.

The existing cubic-oriented MLGs by Aristides et al. [12] were presented mainly in
English and targeted children 3-8 years of age. Most of them have 8-16-letter cubes with
options to create a maximum of 64 words from the word flashcards presented and 3—4-letter
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words. That is, a lot of cubes are required to create a limited number of words. The MLGs
have not been developed for low-resource (Uzbek, Kazakh, and Tatar) and other (Sloven
and Poland) languages.

In this paper, we develop a novel methodology to design a cubic-oriented MLG based
on the character-level N-gram technique and statistical analysis. Our main goal is to
identify the optimal number of letter cubes while maintaining the overall word coverage.
We further analyzed all possible combinations of interchanging cubic letters to improve the
overall coverage, addressing the above-mentioned challenges. The model produces a set
of letters that can be placed on cube faces to facilitate word formation.

The proposed model was evaluated on 12 datasets from various languages, including
morphological features for the cases of 3-5-letter words with 7-8 cubes and 6-7-letter
words with 8-9 cubes. The experimental results prove that ACG achieved relatively high
coverage on all datasets for all cases. Our model obtained over 90% maximum coverage
in constructing 3-5-letter words from eight cubes and 80% of maximum coverage in
constructing 6—7-letter words using nine cubes on 8 datasets out of 12.

The rest of the paper is organized as follows: An overview of the related work is given
in Section 2. Section 3 provides a detailed description of our proposed models. The attained
results are comprehensively discussed in Section 4. The study is concluded and our future
directions are outlined in Section 6.

2. Scientific Background

Existing word game models are mainly focused on high-resource languages like
English, French, or Spanish, and none of them are aimed at designing cubic-oriented word
games. Therefore, our current study, developing cubic-based word game models for low-
resource languages, can be considered a novel contribution to the field. We analyze some
of the word game models in this section.

Study [13] developed a cubic-oriented model based on a character-level N-gram lan-
guage model and showed the importance of word games in the vocabulary teaching process.
That research was conducted exclusively for children to learn 3-5-letter words by using
5-8 cubes in Uzbek, Sloven, English, and Russian. The key differences between the current
study and the study in [13] are that (1) we added a new optimization technique to improve
the overall coverage and (2) comprehensive evaluations were performed on 12 datasets,
including inflected words that were morphologically constructed, with extended cases of
67 letters using 8-9 cubes (for young learners and teenagers) to show the advantages of
the novel models.

Uzbek, as an agglutinative language, forms many words by adding multiple affixes to
a single root, leading to data sparsity in statistical models. The research in [14] addresses
this challenge by developing a morphological analysis model that identifies key inflec-
tional patterns. Our proposed model extends this by incorporating words with complex
morphological structures, ensuring a more comprehensive analysis of the Uzbek language.

The study by Zaitun [15] analyzed the effectiveness of the Big Cube game in students’
development of vocabulary mastery. For a “guessing with words and pictures” activity,
40 students took part in developing the game, conducted by the researchers. Through
experimental testing, they confirmed that the game can effectively serve as an educational
tool. Comparing the pre-test and post-test data, both consisting of 20 questions in parts
of multiple choice and sentence completion, a positive impact of cubic games in the
educational process was statistically confirmed.

Prior research has also explored cube-based word and puzzle games as a medium
for assessing player interaction and cognitive behavior. For instance, Anadon et al. [16]
proposed a two-stage analytical approach to characterize players of a cube puzzle game
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by using performance clustering and decision trees to evaluate gameplay behavior and
strategies. While their study focused on behavioral patterns and user categorization in
a gamified puzzle setting, our research diverges by targeting linguistic and educational
aspects—specifically the optimization of letter cube configurations for vocabulary develop-
ment across multiple languages. However, both approaches underscore the flexibility and
educational potential of cubic puzzle games, whether in cognitive or linguistic dimensions.

In the study in [17], the authors present a statistical approach for predicting word data,
emphasizing the importance of accurate linguistic data forecasting in various computa-
tional applications. Their methodology involves analyzing word frequency distributions
and applying statistical models to predict subsequent word occurrences. This approach
is particularly relevant to our research on optimizing letter cube configurations for multi-
lingual vocabulary games, as both studies leverage statistical analyses of language data
to enhance linguistic applications. Integrating such predictive models can significantly
improve the design and adaptability of educational tools across diverse languages.

Effectiveness in the utilization of word games in teaching English vocabulary in a
school in Vietnam was established by Vu et al. [18] through a demonstration with two
classes of students for eight weeks to assess the effectiveness of using games in teaching
and improving learning and in enhancing the performance of students in post-tests, with a
significant improvement in vocabulary retention. In the study, statistical support for using
word games to improve language learning and vocabulary learning for students in schools
has been demonstrated.

The study by Anugerah et al. [19] examined the effectiveness of instruction using the
Build-A-Sentence cube game for instruction in simple past tense. With 16 students in the
Eighth Level Q-Learning Course Pontianak, post-test achievement increased compared
to the pre-test results, and it can be concluded that instruction with the use of the game
helped students at a moderate level. This study also proves the usefulness of word games
in teaching vocabulary to young learners.

The primary objective of our research work aligns with the objectives of the afore-
mentioned studies, but our work introduces new approaches toward developing a cubic-
oriented word game, and the present studies have focused predominantly on the integration
of word games in the educational process. As a low-resource language, the Uzbek language
lacks publicly accessible corpora, and algorithm development in such a scenario is even
more challenging. Our main contributions and objectives are as follows:

e Within this study, we developed a new dataset for the Uzbek language by involving
language experts. This can be considered a good contribution because the Uzbek
language is a low-resource language and there are not enough publicly open corpora.

e We developed a novel methodology based on vowel-consonant patterns and
statistical analysis to design a cubic-oriented MLG for low-resource and high-
resource languages.

*  The performance of the model was evaluated by comprehensive experiments on
12 datasets.

3. Methodology

In developing our approach, we established specific conditions and constraints. Since
the game is intended to help children familiarize themselves with letters, we ensured that
every letter of the alphabet appeared at least once on the cubes. To optimize the model,
we implemented two key restrictions. First, each cube contains unique letters, meaning
no letter is repeated on the same cube. This enhances gameplay by allowing players to form
a wider variety of words, as only one face of a cube can be used at a time. Second, each cube
is designed to include two or three vowel letters to maintain a balanced vowel distribution
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across all cubes. It can be seen from [13] that vowels are the most used letters to construct
words in different languages. By considering the above fact, it is important to use more
vowel letters in cubes and place those vowels in different cubes. Our methodology mainly
consists of the following 5 steps for constructing optimal cubes: data preparation, statistical
analysis (generation of letter frequencies based on Uni-gram and Bi-gram techniques),
identification of letter position, generation of cubes, and interchanging the letter cubes to
form the final model. The proposed methodology is presented in Figure 2.

et @

Dataset, Data Statistical Identification of Generation of Interchange of
alphabet preparation analysis letter-position cubes letters in cubes

Figure 2. Overview of the developed model.
The following subsections describe the above-mentioned steps in detail.

3.1. Data Preparation

The dataset consists of the following 12 languages: German (de), English (en), Spanish
(es), French (fr), Kazakh (kz), Malay (ms), Polish (pl), Russian (ru), Slovenian (sl), Turkish
(tr), Tatar (tt), and Uzbek (uz). These languages belong to different linguistic families based
on their structural characteristics. Uzbek, Kazakh, Tatar, Turkish, and Malay are examples
of agglutinative languages in the collection, where words are created by adding affixes
to a root. Complex inflections are used to express meaning in fusional languages like
Spanish, German, French, Polish, Russian, and others. A thorough linguistic representation
is ensured by the diversity that English and Slovenian provide as analytic and inflected
languages, respectively, to the dataset. Since there is no dataset for young learners in
the Uzbek language, we created a new dataset that includes 3-5-letter words (for young
learners) and 6-7-letter words (for teenagers) with the help of language experts. The data
preparation phase is defined as follows:

(1) Collection of words. We extracted the 3-5-letter words that are appropriate for
young learners from the largest dictionary book in the Uzbek language [20] and
6—7-letter words from [21], as well as a syntactic tagged corpus for the Uzbek lan-
guage [22]. We extracted 3-5-letter words for the English language from ESL Forums
https://eslforums.com (accessed on 20 September 2024), for the Kazakh language
from Ref. [23], for the Russian language from [24], and for Slovenian from Ref. [25].
All words for German, Tatar, Spanish, Kazakh, Malay, Polish, Turkish, and French
were extracted from Ref. [21].

(2) Normalization. After the generation of the word list for our dataset, we performed
normalization to simplify the coding.

(a) The Uzbek language involves digraphs with diacritic markings, and it is not an

easy matter to calculate letter frequency in them. To bypass this, we replaced g’
and o’ with modified characters (§ and 0), converting each digraph into a single
character. Despite initially being regarded as two single characters in a word,
with this substitution, the letter frequency could be determined with a high level
of accuracy. For ch and sh, these two digraphs were analyzed and regarded as
individual parts (s and k). As c is not part of the Uzbek alphabet, we retained it in
its form of a digraph and regarded it as an individual character in the calculation

of letter frequency.
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(b) The Uzbek alphabet contains a phonetic glottal stop (Tutuq belgisi) character,
which is not a letter but is included in the alphabet. Since only 18 words in the
corpus of Uzbek contained this character, in an attempt to make the analysis
easier, in filtering, we eliminated these words.

(3) Filtering. After the normalization, the Uzbek corpus consisted of 18,523 words. To
make our corpus more appropriate for kids and teenagers, 4 volunteer experts from
the Uzbek Linguistics Department of Urgench State University were involved, and
they helped eliminate infrequent and unfamiliar words not suitable for young learners.
As a result, the filtered corpus consisted of 4558 three- to five-letter words and 8456 six-
to seven-letter words. All other datasets were generated by filtering words with 3-
to 7-letters and removing less frequently occurring words. The datasets are publicly
available at https:/ /github.com/UlugbekSalaev/MatchingLetterGame (accessed on
14 February 2025).

3.2. Descriptive Statistics

We computed the statistics on the selected languages to analyze the occurrences of
vowel and consonant letters in words. The alphabets of the languages and their occurrences
in the datasets including 3-5-letter words are shown in Table 1 and 6-7-letter words in
Table 2 (infrequent letters are marked in bold).

Table 1 proves the active participation of vowel letters in all languages to construct
3-5-letter words, and these statistics can be considered in the letter placement phase of
the model.

Table 1. Letter frequencies for the dataset representing 3-5-letter words and their frequency percent-

age.
de en es fr kz ms pl ru sl tr tt uz
e 146 e 104 a 151 e 112 a 118 a 166 a 99 a 108 a 112 a 128 a 109 a 141
t 8.8 a 92 o 100 a 84 e 6.8 i 83 o 62 o 9.0 e 93 e 84 wm 6.6 i 83
a 7.1 s 85 e 93 s 77 b 67 u 69 i 60 «x 6.2 o 85 i 76 1 6.2 o 82
n 6.7 o 74 s 74 r 71 6.1 e 61 e 55 p 6.0 r 68 r 56 e 6.2 r 60
r 6.4 r 60 r 66 i 71 i 5.2 r 58 r 52 59 i 66 k 56 «x 57 1 51
s 5.2 1 54 i 56 o 63 p 5.0 t 58 u 44 e 52 t 53 n 55 p 5.1 s 49
i 5.2 t 54 1 51 t 57 m 49 s 58 s 43 1 5.0 n 53 I 49 u 5.1 t 49
1 48 i 54 t 46 u 52 ¢ 4.6 k 55 y 42 =u 4.8 k 53 t 46 o 5.0 u 48
o 4.6 d 46 n 45 I 50 =x 39 n 51 k 42 ¢ 4.6 1 47 s 41 =n 4.5 n 44
h 41 n 43 c 42 n 48 «x 3.6 1 50 n 40 = 4.5 s 4.0 m 39 n 4.5 m 3.7
u 35 c 40 u 40 é 45 y 35 o 44 't 40 y 3.6 p 35 1 39 vy 38 q 36
g 3.4 u 37 p 33 c 36 x 33 m 39 m 36 ™ 31 wvs. 33 u 39 ¢ 3.6 k 34
m 31 b 36 d 32 m 31 o 32 p 34 d 36 =« 3.1 d 32 d 34 M 33 y 31
b 3.0 p 32 m 31 p 30 »x 3.0 b 32 w 35 B 3.0 u 29 o 30 r 2.3 h 30
d 29 m 29 b 24 d 27 wm 29 d 29 z 34 30 m 29 y 28 o 23 b 29
f 2.4 h 27 g 21 g 24 n 25 h 26 p 33 6 27 b 26 i 23 = 22 e 26
k 23 g 25 s 1.5 b 22 m 23 g 22 1 32 » 24 i 24 z 23 u 22 d 25
w20 f 22 h 15 wvs. 21 6 23 c 15 b 28 r 2.0 c 23 b 21 o6 22 z 25
c 1.8 y 22 f 14 f 17 =3 2.0 j 14 t 28 3 19 g 19 s 19 =3 21 wvs. 21
P 17 k 20 i 11 h 13 =u 19 f 11 ¢ 25 = 17 z 19 p 18 « 2.1 o 19
z 13 w17 y 10 y 06 x 18 w 09 a 24 « 14 s 17 ¢ 16 m 2.1 p 14
it 10 s 1.1 z 08 x 06 vy 1.8 y 07 g 19 wu 14 z 14 h 15 =& 2.0 f 14
a 1.0 x 05 k 06 i 05 it 17 vs. 04 e 17 m 13 h 12 g 13 y 19 g 13
v 0.9 z 04 04 k 05 vy 15 z 03 j 17 i 13 ¢ 11 6 12 e 15 i 12
[¢] 0.5 j 04 x 04 e 04 o 14 x 01 o6 14 x 13 f 08 f 12 i 14 g 11
j 0.5 q 01 q 03 z 03 r 13 q 01 z 12 x 12 vs. 12 x 0.8 x 10
B 0.4 w 03 a 03 r 1.0 f 07 & 1.0 c 09 =& 0.8 c 06
y 0.4 é 03 =u 1.0 ¢ 07 o 0.9 g 06 x 07
X 0.3 w 02 o 0.9 h 07 o 0.6 j 01 10 0.6
q 0.1 6 02 = 0.6 $§ 05 1w 0.5 e} 0.6
a 02 x 0.4 n 02 m 0.3 B 0.6
q 02 & 0.3 z 01 » 0.3 ) 0.5
i 01 0.3 - 0.1 h 0.2
i 01 = 0.2 b 0.2
e 01 o> 0.1 K 0.1
¢ 01 » 0.1 I 0.1
é 01 0.1 B 0.0
a 01 « 0.1
@ 01 h 0.1
ity 0.1
b 0.1
é 0.1
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It can be seen from the table that every language has some infrequent letters used to
construct the words. We performed this statistical analysis to improve the overall coverage
by replacing the least frequent letters (<0.2%) with the most frequent letters.

Table 2. Letter frequencies for the dataset representing 6-7-letter words and their frequency

percentage.
de en es fr kz ms pl ru sl tr tt uz
e 17.7 e 131 a 162 e 123 a 12.8 a 165 a 101 o 9.7 o 100 a 128 a 11.5 a 146
t 9.4 s 8.5 e 105 r 87 b 8.5 n 8.7 o 7.1 a 8.8 a 100 e 89 b 7.7 i 128
n 8.5 r 7.8 r 8.8 s 8.2 e 7.0 i 8.6 i 6.9 e 7.5 i 9.4 i 7.7 e 6.9 o 6.2
r 7.4 a 7.4 o 8.7 a 8.0 H 6.6 e 8.5 e 6.4 u 6.7 e 9.3 n 6.7 H 6.5 r 6.2
a 55 i 6.9 s 7.5 i 7.0 T 6.3 r 6.2 r 5.2 p 5.7 n 6.6 r 6.1 p 6.2 n 5.9
s 53 t 6.4 i 6.1 t 6.3 i 5.8 u 5.4 z 4.7 T 5.6 r 5.8 1 5.6 o 5.8 1 5.8
i 5.3 n 6.1 n 5.6 n 5.8 p 5.3 t 54 n 45 H 5.6 1 52 1 5.6 ) 5.8 s 52
1 5.1 0 5.3 t 4.9 é 5.5 a1 4.5 s 51 w 43 a1 47 t 43 k 4.7 T 5.6 t 47
g 44 1 5.2 d 4.4 o 5.3 c 43 k 47 y 41 c 47 s 41 t 43 K 54 d 39
h 3.8 d 5.2 1 4.4 u 48 pit 4.0 m 43 k 41 K 40 s 3.9 m 42 c 3.6 u 33
u 3.0 c 3.8 c 43 1 45 K 33 1 41 s 3.9 B 4.0 k 3.8 d 3.9 u 35 h 33
b 2.8 u 35 u 3.5 c 4.1 K 2.8 P 3.3 c 36 ™ 3.7 p 3.7 s 37 ™ 3.1 k 3.1
o 2.5 g 3.3 m 2.7 p 2.9 y 2.7 g 3.3 t 35 y 3.2 d 3.5 y 3.6 r 3.1 m 3.1
m 2.5 P 3.0 p 2.6 m 27 ™ 2.7 d 3.2 d 3.4 pit 3.1 j 3.1 u 3.5 y 2.6 g 2.8
d 2.3 m 25 b 2.1 d 2.6 o 2.2 o 29 u 3.2 oy 29 m 3.1 o 2.3 bt 2.5 b 2.6
f 2.3 h 23 g 1.8 g 2.1 6 2.1 b 29 m 31 B 2.8 z 2.5 i 2.1 6 2.1 y 25
c 22 b 20 s 1.5 s, 1.8 s 2.0 h 2.0 p 3.0 3 2.0 u 2.3 z 1.7 o 1.9 e 24
k 2.1 y 17 f 1.0 b 1.6 P 17 y 12 1 2.9 6 19 b 1.9 b 17 m 1.8 q 2.3
p 1.6 f 17 j 0.9 f 16 m 17 j 1.0 1 2.5 s 1.8 ¢ 1.6 s 1.6 3 1.8 z 17
z 13 k 12 h 0.8 h 13 it 1.6 c 1.0 b 2.0 r 1.6 g 1.6 g 12 u 17 0 13
w 12 w 12 z 0.6 X 0.5 3 1.6 f 0.6 a 19 it 15 h 13 < 12 oS 15 s 13
i 1.0 s 1.1 fi 0.3 q 05 x 15 w 0.5 j 17 x 14 8 11 p 1.0 Y 15 P 1.1
a 1.0 X 0.3 q 0.3 y 0.4 u 14 s 0.3 g 1.6 “ 12 c 0.9 g 1.0 it 13 c 0.9
v 0.7 z 0.2 X 0.2 e 0.4 H 14 z 0.2 e 1.1 b 1.1 Z 0.9 c 1.0 s 13 f 0.8
6 0.5 j 0.2 y 0.2 j 0.3 r 13 q 0.1 6 1.1 x 1.0 f 0.3 h 1.0 o 1.0 b3 0.7
B 0.2 q 0.2 k 0.1 k 0.2 s 11 X 0.1 h 10 1 0.7 6 0.9 H 0.9 g 0.7
j 0.2 w 0.1 é 0.1 S 1.0 ¢ 09 m 0.7 vs. 0.9 B 0.6 j 0.6
y 0.1 z 0.1 Yy 1.0 Z 0.8 11 0.6 f 0.7 X 0.6
X 0.1 0 0.1 ) 0.6 $ 0.6 é 0.6 j 01  x 0.6
q 0.1 c 0.1 s 0.3 f 04 o 0.4 o) 0.4
a 01 & 0.2 f 02 0.3 E) 0.3
a 0.1 X 0.2 Z 0.1 B} 0.1 10 0.3
i 0.1 B 0.2 b 0.1 b 0.2
1 0.1 1L 0.1 h 0.1
w 0.1 b 0.1 2K 0.1
o3 0.1 0 0.1 1 0.1
é 0.1 E) 0.1 B 0.1
9 0.1 s 0.1
h 0.1
B 0.1
1, 0.1

Table 2 shows that the French and Kazakh languages have more infrequent letters. The
main reason is that the French and Kazakh languages have more letters in their alphabets
and some of them occur in words very rarely.

3.3. Proposed Method

We proposed a novel approach to designing a cube-oriented game by considering
the statistical analysis of letters. In the first step (Algorithm 1), the frequencies of the
letters for each dataset are generated based on Unigram and character-level Bigram tech-
niques [26]. The use of Unigram and Bigram techniques was intentionally chosen to align
with the primary goal of the study—placing letters in separate cubes to maximize cover-
age while forming words. Using higher-order N-grams, such as Trigrams, could result
in multiple letters from the same N-gram being placed in the same cube, which would
limit the flexibility of the game and reduce its intended effectiveness. In the second step,
infrequent letters are eliminated from the alphabet based on the letter frequency tables and
are later replaced by frequent letters. This step can help improve overall coverage. In the
third step (Algorithm 2), potential cubes are generated from the letters produced in the
previous step. The optimization technique is used by interchanging cubic letters in the final
step (Algorithm 3).
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Algorithm 1 Generation of Letter Frequencies (GLF) based on a character-level N-gram
technique

Input: An Alphabet A, dataset D, number of character n

Output: Dictionary (list of key-value pair)

Initialization: Empty dictionary Frequency to store the frequency percentage of character(s)
N-gram, assign 0 to total_ngram

1: for each word € D do

2 for (i = 0;i < word.length —n;i+ +) do

3 if word[i : i +n) € A then

4 if word[i : i + n) € Frequency.keys() then
5: Increment Frequency[word[i : i +n)] by 1
6 else

7 Frequencylword[i : i +n)| <1

8 end if

9 end if

10: Increment total_ngram by 1

11: end for

12: end for

13: for each key € Frequency.keys() do

14: Frequencylkey] < (Frequencylkey|/total_ngram) % 100
15: end for

16: return Frequency

CLF takes the alphabet (list of letters), dataset, and n (1: Unigram; 2: Bigram) as input
parameters. The CLF algorithm computes the word frequencies based on the character-
level N-gram technique. If n equals 1, the method is called as a Unigram, producing a
dictionary that contains a letter as key, with their frequency percentages as the value (e.g.,
a: 14.6; r: 6.2). When n equals 2, the method is called a Bigram, returning a dictionary of
2-letter word combinations with their corresponding frequency percentages (e.g., ar: 8.4,
ut: 5.7).

Algorithm 2 Elimination of infrequent letters (EIL)
Input: An Alphabet A, Dataset D, p threshold
Output: A Letter_list
Initialization: Empty Letter_list

1: Alphabet < GLF(A,D,1)

2: for each letter € Alphabet do

3 if letter.frequency > p then
4: Letter_list < Letter_list U {letter}
5
6
7

end if
: end for
. return Letter_list

EIL takes the alphabet of the language, dataset, and threshold p as input parameters
and returns the reduced list of letters. EIL removes the infrequent letters whose frequency
percentage is lower than p. Algorithm 3 defines the procedure to generate all possible new
sets by swapping a single letter between any two cubes within an initial set of cubes.

Algorithm 3 starts by initializing an empty list to store unique sets. It iterates through
each pair of cubes in the set, ensuring that each pair is considered only once. For each
pair, the algorithm performs a nested iteration over all letters in the two selected cubes. A
temporary copy of the initial set is created to avoid altering the original set. The algorithm
then exchanges one letter between the two cubes, forming a new set. If the newly generated
set is different from the initial set and is not already included in the list of unique sets, it is
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added to the list. Finally, the algorithm returns all unique sets generated by the swapping
process. The final model is outlined in Algorithm 4.

Algorithm 3 Generation of Potential Letter Cubes (GPLC)

Input: Cubes (2D array with size of Nx6)
Output: A set U, optimized cube configurations (each configuration being a set of N cubes
with 6 distinct letters).
Initialization: Assign an empty set U to store combinations of cubes, number of cubes N
from Cubes.

1: fori,je{1,...,8},i<jdo

2: fork,l e {1,...,6} do

3: Cubes’ < Cubes

4 Swap Cubes'[i][k] and Cubes’(f][!]
5: if Cubes’ ¢ U then

6: U «+ UU{Cubes'}

7: end if

8: end for

9: end for

10: return U

Algorithm 4 Generation of the optimized letter cube

Input: Alphabet A, a list of vowels V, dataset D, number of cubes N
Output: Set of Cubes (Cubes is a 2D array with size of Nx6)
Initialization: Empty list L to store frequent letters, empty list DL to store the duplicate let-
ters, Empty list SL to store the sequence of letters, empty 2D array Cubes with size of Nx6
to store cubic letters
1: L+ EIL(A,D,0.2)
2: Unigram_Frq <— GLF(L,D,1) © Returns dictionary which contains a letter (key) and
its frequency (value), i.e, [a: 14.6,i: 12.8, ...]
3: Bigram_Frq <— GLF(L, D, 2) > Returns dictionary which contains 2 letters (key) and its
frequency (value), i.e., [sa: 6.2, te: 2.3, ...]

4: Unigram_Frq < sort(Unigram_Frq, value)
5. Bigram_Frq < sort(Bigram_Frq, value)
6: for each key € Bigram_Frq do

7: for each [etter € key do

8: if letter ¢ SL then

9: SL < SL U {letter}

10: end if

11: end for

12: if SL = L then

13: break

14: end if

15: end for

16: SL <~ SLUEIL(V,D,5)

17: SL <= SLU Unigram_Frq.keys[0 : N « 6 — SL.length)
18: SL < sort(SL, descending by Bigram_Frq.value)

19: for (i = 0;i < N;i+ +) do

200 for(j=0;j <6;j++) do

21: Cubesli][j] <= SL[j * 6 + 1]
22: end for
23: end for

24: return GPLC(Cubes)

The input of Algorithm 4 is an alphabet of the language, vowel letters, dataset, and
number of cubes. The first line extracts the frequent letters from the alphabet by removing
the infrequent letters (frequency < 0.2%). The second and third lines utilize the Unigram
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and Bigram techniques to find the frequencies of one letter and two consecutive letters,
and these frequencies are sorted by values in lines 4-5. Lines 6-15 form the sequence of
unique letters from Bigram_Frq. In lines 16-17, vowel letters whose frequencies are higher
than 5% are added to the letter list (SL) to fill the letter list (SL) up to Nx6. The letter list
SL is sorted based on the Bigram_Frq value to avoid placing the same letters into the same
cube. Lines 19-23 place the letters in SL to the cube sides (Nx6) to form the base cubes. The
last line computes all the combinations of the potential set of cubes by using base cubes
and returning the results.

4. Experimental Results

We performed experimental evaluation on 12 datasets. The proposed model was tested
in four cases: 3-5-letter words on seven cubes; 3-5-letter words on eight cubes; 6-7-letter
words on eight cubes; and 6-7-letter words on nine cubes. The detailed information about
datasets is presented in Table 3.

Table 3. Description of the datasets.

# of # of # of # of # of
Dataset 3-Letter 4-Letter 5-Letter Total 6-Letter  7-Letter Total
Words Words Words Words Words

de 439 924 1763 3126 2944 4100 7044
en 1026 2499 2499 6024 3295 3908 7203
es 483 1514 3541 5538 2500 3707 6207
fr 350 991 2293 3634 3430 4633 8063
kz 493 1210 2836 4539 4068 5371 9439
ms 438 1129 2262 3829 2275 2995 5270
pl 350 1274 3094 4718 4108 5448 9556
ru 516 1285 2507 4308 4017 5068 9085
sl 515 1598 4167 6280 4198 4991 9189
tr 417 1151 2824 4392 3563 5191 8754
tt 403 1089 2574 4066 4077 5401 9478
uz 518 1165 2875 4558 3774 4682 8456

Table 4 presents the experimental results of the ACG model for seven cubes with
3-5-letter words. The experimental results show the overall coverage (computed as the
mean coverage across the entire set of cubes that returns from Algorithm 3), along with
the standard deviations and the number of cubes generated obtained by interchanging
cubic letters. The Max case indicates the highest coverage achieved by the ACG model for
a dataset across all the sets of cubes.

It can be seen from Table 4 that the highest total coverage is observed in the ms dataset
(92.4%), followed by en (90.6%) and sl (87.8%), while the lowest total coverage is obtained
in the tt (55.3%) and kz (62.6%) datasets. For three-letter words, ACG performed the best
result on ms (95.6%) and sl (95.4%) datasets, while the tt (75.1%) and kz (77.4%) datasets
show lower coverage. The Max case results present that the en (91.8%), ms (93.2%), and
sl (90.0%) datasets gained the highest peak coverage, proving that ACG performs best in
these datasets when optimizing cube design for 3-5-letter words.
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Table 4. Overall coverage (%) with a standard deviation for the ACG model in the case of 7 cubes
with 3-5-letter words.

# of
Dataset Generated 3 Letters 4 Letters 5 Letters Total Max Case
Cubes
de 596 918+ 06 829+09 705+13 771409 78.9
en 512 9244+02 921+04 884+08 90.6+05 91.8
es 525 840+01 874+03 863+09 864106 87.5
fr 489 836407 785+07 745+£09 765408 77.9
kz 598 7744+0.7 726+09 558+12 62.6+09 65.7
ms 503 95.6+02 952+03 904+08 924405 93.2
pl 591 86.3+08 758+11 580+12 649+1.0 67.8
ru 617 848 +07 767+10 568+18 661+13 69.8
sl 544 954 +05 933+05 848+11 878408 90.0
tr 578 91.2+07 853+07 695+11 757+09 78.3
tt 600 751+12 664+11 4754+1.0 553409 58.7
uz 577 940+05 876+09 739+20 797415 84.0

Although ACG gained 77.4% and 75.1% overall coverage in the kz and ¢t languages in
constructing three-letter words from seven cubes, the coverage decreased around 30% in
constructing five-letter words, which is an expected behavior.

Table 5 demonstrates that the overall coverage of the ACG model was noticeably
improved on all datasets in the case where eight cubes were used for 3-5-letter words
compared to seven cubes. AGC achieved a coverage below 80% for five-letter words on
the fr, kz, and tt datasets. The key reason is that the Kazakh, Polish, and Tatar languages
include more letters in their alphabets and more infrequent letters compared to other
languages. In general, our model obtained over 90% of Max case on 8 datasets out of 12.

Table 5. Overall coverage (%) with the standard deviation of the ACG model in the case of 8 cubes
with 3-5-letter words.

# of
Dataset Generated 3 Letters 4 Letters 5 Letters Total Max Case
Cubes
de 790 96.8+03 934+04 863+1.0 89.8=+0.6 91.4
en 720 9454+01 9424+03 935+£0.7 940404 94.8
es 740 905+01 93.0+02 91.5+£0.7 91.8+0.5 93.0
fr 687 874+01 849+02 864+03 861402 86.8
kz 792 865+04 878+04 7894+09 821407 83.4
ms 728 9.6 +01 988+0.3 95.0+09 96.7+0.6 98.2
pl 791 9244+06 887+07 789+12 825+1.0 85.0
ru 797 942 +03 920+05 859+0.8 88.7+0.6 90.5
sl 750 992 +01 9744+05 9334+1.0 948408 96.6
tr 770 974+03 951+04 8724+1.0 903407 92.1
tt 773 906 £0.6 862+0.6 780408 815406 83.2
uz 761 94+02 97.74+04 939408 955406 96.5

Interestingly, our model obtained worse coverage in the cases eight cubes were used
for 3-letter words (90.5%) than 4-5-letter words (93% and 91.5%) on the es dataset. The key
fact is that the es dataset has three times more four-letter words and seven times more five-
letter words compared to three-letter words. Another reason is that the Spanish language
has more morphological word forms.

Table 6 shows the overall coverage results of our model for the case of eight cubes
designed to accommodate six- to seven-letter words. A general decline is seen as word
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length increases, which is an expected behavior, with seven-letter words achieving lower
coverage across all datasets, particularly kz, tt (43.3%), and p! (45.9%). The experimental
results reveal significant differences across languages, with some datasets, such as en, ms,
fr, sl, and es, exhibiting relatively high total coverage (above 75%), while other languages,
such as kz, pl, and tt, show lower overall coverage (below 55%).

Table 6. Overall coverage (%) with the standard deviation for the ACG model in the case of 8 cubes
with 6-7-letter words.

# of
Dataset Generated 6 Letters 7 Letters Avg Total Max Case
Cubes
de 790 732+21 529 £2.6 614 +£23 67.7
en 720 849 +1.6 675+24 754 +20 79.7
es 740 86.7 £ 1.6 70.1£25 768 £2.1 82.2
fr 687 86.1 £0.9 758 £ 1.7 802+13 82.8
kz 792 645+ 14 433 +£20 524+ 17 56.9
ms 728 88.1 1.7 721+23 79.0£20 85.8
pl 791 659+1.6 459 £2.0 545+ 1.8 58.3
ru 797 703+ 1.1 488 + 1.6 583 +13 61.4
sl 750 8§73+ 1.7 715+ 26 787 £22 83.6
tr 770 734 +13 49.7 £20 593+ 17 62.9
tt 773 63.7 £ 1.1 433 +1.38 520+14 54.7
uz 761 849+15 66.4+23 747 +19 77.8

It can be seen from Table 7 that the ACG model’s performance was reasonably high
across all datasets. ACG achieved over 75% of Max case on all datasets except kz, and
these percentages were even higher on the es, fr, and s/ datasets (over 90%). Our model
generated a slightly lower number of cubes on the fr dataset (921 cubes), which means
most of the generated interchanging letter cubes were the same on this dataset.

Table 7. Overall coverage (%) with the standard deviation for the ACG model in the case of 9 cubes
with 6-7-letter words.

# of
Dataset Generated 6 Letters 7 Letters Avg Total Max Case
Cubes
de 996 752 +£3.1 58.5 £ 3.8 65.5 £ 3.5 76.0
en 977 873+ 14 712 £238 78.6 £2.2 84.8
es 971 940+ 1.2 83.7+23 878+ 1.8 92.4
fr 921 90.5+ 1.0 847+ 19 872415 90.3
kz 1014 80.7 £ 1.1 643+ 19 71.5+15 74.0
ms 986 899+19 755+ 3.2 81.7 £2.6 88.3
pl 1003 88.0 £ 0.8 76.6 £1.3 815+1.1 84.3
ru 1023 865+ 1.1 746 £1.8 798 £14 83.2
sl 974 947 +£0.7 86.1+14 90.0 £ 1.1 92.8
tr 987 83.9 + 1.1 66.9 £ 1.6 738+ 14 76.4
tt 1001 80.6 £ 1.0 685+ 1.6 73.7£13 75.4
uz 991 922+12 789 +£2.6 84.8+19 88.7

In general, the ACG model acquired the intended coverage in all datasets in the case
eight cubes were used for 3-5-letter words and nine cubes for 6-7-letter words. This was
the expected behavior because the chance of constructing 3-5-letter words from eight cubes
(containing 48 letters) and 6-7-letter words from nine cubes (containing 54 letters) became
really high.
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The total coverage of the ACG method for 3-5-letter words using seven and eight
cubes are presented in Figure 3.
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Hde Men Mes fr mkz Wmms HMpl Wru HEsl Etr Ett Wuz

Figure 3. Comparison of the total coverage for 3-5-letter words using seven and eight cubes.

Figure 3 illustrates that significant improvement is observed in constructing 3-5-letter
words using seven and eight cubes in terms of total coverage on the kz, ru, pl, tt, and uz
datasets. Similar improvements are obtained for 6-7-letter words using eight and nine
cubes, as shown in Figure 4.
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Hde Men Mes fr mkz Wms Mpl WMru HWsl Etr Ett Wuz
Figure 4. Comparison of total coverage for 6-7-letter words based on eight and nine cubes.

The training time was measured during the experiment to verify the temporal com-
plexity of the suggested models, as indicated in Table 8. The model’s training process was
conducted on a computing system equipped with an Intel Core i5-1135G7 processor and
8GB DDR4 RAM.
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Table 8. Overall training times in seconds for the proposed model.
Dataset 6-7 Letters 3-5 Letters
9 Cubes 8 Cubes 8 Cubes 7 Cubes

de 0.6962 0.5316 0.3197 0.2798
en 0.6420 0.4042 0.3260 0.2737
es 0.5455 0.4413 0.3214 0.2885
fr 0.5389 0.6160 0.3962 0.4126
kz 0.7133 0.6570 0.4005 0.5063
ms 0.7697 0.2471 0.1608 0.2819
pl 0.7588 0.5665 0.3090 0.1833
ru 0.6798 0.6512 0.4210 0.4813
sl 0.6780 0.5591 0.3924 0.3796
tr 0.5905 0.5379 0.3469 0.2871
tt 0.8481 0.8310 0.5322 0.3065
uz 0.7402 0.4367 0.3263 0.2874

5. Discussion of Results

The experimental results showed that the ACG model achieved reasonably high
coverage across various languages. The coverage of the ACG model significantly improved
with an increase in the number of cubes, which is an expected behavior. The proposed
model obtained the intended coverage with eight cubes for 3-5-letter words and nine cubes
for 6-7-letter words, which were selected as the optimal number of cubes in all datasets.
The ACG model attained over 95% of Max_coverage on the Malay, Sloven, and Uzbek
language datasets to construct 3-5-letter words with eight cubes. For the case of 6-7-letter
words using nine cubes, our model achieved over 90% of coverage in Spanish, French, and
Slovenian. The ACG model obtained worse coverage in constructing seven-letter words
with eight cubes in Kazakh (43.3%), Tatar (43.3%), and Polish (45.9%). The main reason is
that those languages have more letters in their alphabet compared to other languages. It is
recommended to have more cubes in Kazakh, Tatar, and Polish to increase the coverage.

In [13], the MLG model was developed only for Uzbek, English (96.8%), Russian
(84.1%), and Slovenian (94.2%). All languages are fusional except Uzbek, which is an agglu-
tinative language, and these datasets included 3-5-letter words with non-morphologically
formed words. We also used the same datasets for English (94.0%), Russian (88.7%), and
Slovenian (94.8%) and achieved higher results in our present study.

We have elaborated on how different morphological structures—particularly in agglu-
tinative versus fusional languages—affect word formation and model performance. Unlike
fusional languages, agglutinative languages form words by attaching a series of affixes to a
root, resulting in a high frequency of suffixes in morphologically complex words. Our analysis
shows that suffixes appear less frequently in shorter words (3-5 letters), which leads to higher
model accuracy for agglutinative languages such as Turkish, Kazakh, Tatar, and Uzbek (in
Table 5). However, in longer words (67 letters), suffix usage becomes more prevalent, and
agglutinative languages begin to exhibit complex morphological phenomena like allomorphy.
These changes introduce variability, which affects the model’s ability to generalize, as seen in
the performance differences shown in Table 7 for the same set of languages.

In exploring the statistical underpinnings of word game design across languages, our
study leverages the associative networks to enhance gameplay and learning outcomes,
aligning with broader research on semantic structures in language acquisition. Cox and
Haebig (2023) [27] demonstrate that child-oriented word associations, elicited from adults
imagining interactions with toddlers, significantly improve models of early lexical growth
compared to unconstrained adult-oriented associations. Their findings reveal that child-
oriented responses—characterized by simpler, higher frequency words with earlier ages
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of acquisition are better ar predicting vocabulary development, reflecting a semantic
environment tailored to young learners. In contrast, our work extends beyond acquisition to
application, utilizing cross-linguistic statistical patterns to design word games that engage
diverse players; however, this similarly relies on associative networks to capture meaningful
linguistic relationships. While Cox and Haebig focus on developmental modeling, our
approach highlights the practical utility of such networks in interactive contexts, suggesting
a complementary interplay between semantic structure and gamified learning.

6. Conclusions and Future Work

Since the matching letter game is an essential tool for teaching words to children and
improving their vocabulary, a novel (ACG) model was developed to design an MLG based
on the statistical analysis of letters. In this study, participants are given a set of cubes
and tasked with forming the maximum number of words from the language. The testing
process was conducted using sufficiently large datasets of words in different languages.
The experimental results demonstrate the significance of our model by achieving relatively
high coverage in all languages.

ACG obtained 94% average coverage over 12 datasets for 3-letter words, 94.4% average
coverage for 4-letter words, and 87.4% average coverage for 5-letter words with eight cubes,
which is selected as the optimal case for constructing 3-5-letter words. For 6-7-letter words,
we selected nine cubes as an optimal case because the proposed model achieved relatively
high coverage (86.6% average coverage over 12 datasets for 6-letter words and 74.1% for
7-letter words) in that case. The ACG model is easily interpretable and can be applied in
any language. Our model obtained great results in terms of total coverage (over 95% for
3-5-letter words with eight cubes and around 85% for 6-7-letter words with nine cubes) in
the newly created Uzbek dataset.

Our evaluation shows that our model performs well with languages that have complex
morphological structures. In the future, we plan to improve and adapt ACG for other
agglutinative languages, particularly those from the Turkic family.
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EIL Elimination of Infrequent letters
GPLC  Generation of Potential Letter Cubes
de German

en English

es Spanish

fr French

kz Kazakh

ms Malay

pl Polish

ru Russian

sl Slovenian

tr Turkish

tt Tatar

uz Uzbek
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