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RESUMO 

 

Este trabalho descreve um experimento sobre aprendizado de kanji realizado 
com estudantes de Japonês como L2 na UFPR, bem como a conceptualização, 
projeto e teoria por trás do experimento. 

O trabalho foi constituído pelo desenvolvimento e uso de uma aplicação 
inspirada em teorias de aquisição de linguagem e machine learning que procurou 
aumentar a eficiência do aprendizado de kanji por meio da interação com partes das 
formas de estudo tradicionais consideradas pertinentes dentro do escopo teórico do 
trabalho. 

 
Palavras-Chave: CALL. Aquisição de linguagem. Kanji. Machine learning. 

 
  



 

ABSTRACT 

 

This paper describes an experiment on kanji learning by students of Japanese 
as L2 conducted at UFPR, as well as the conceptualization, design and theory behind 
the experiment. 

The work consisted of the development and use of an application inspired by 
concepts from theories of language acquisition and machine learning that sought to 
improve the efficiency of kanji learning by tackling parts of traditional methods of study 
that were considered fit for optimization within the theoretical scope. 
 

Keywords: CALL. Language acquisition. Kanji. Machine learning. 
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1 INTRODUCTION 

 

Computer Assisted Language Learning (CALL) has been around for a few 

decades, the first researches in the field surfacing in the early 1980s following the 

popularization of personal computers (HUBBARD, 2009).  

CALL focused computer software is constantly changing and evolving 

alongside the mainstream technology. This paper seeks to further extend the 

foundation on which to build CALL software. To achieve this, it will describe and draw 

considerations on the building of CALL tools based on machine learning and other 

contemporary computing techniques. 

Being an area of software which has shown significant gain in popularity in 

recent years, machine learning is a technological field which employs computer 

algorithms to intelligently classify massive amounts of data, improving overtime as it 

performs its designed task.  

This research sought to describe how machine learning based systems can be 

paired with concepts derived from applied linguistics to achieve more efficiency over 

traditional learning techniques in certain disciplines of the study of a foreign language. 

It will also seek to illustrate how the data, a by-product of the machine learning software, 

can be used to provide meaningful reports to teachers and researchers. By building 

upon those two pillars, the concepts here presented intend not to replace traditional 

teaching, but to add to it. 

To achieve this goal, a conceptual application was developed and used for a 

month by undergraduate students of Japanese Language and Literature at the Federal 

University of Paraná. This paper will present details about the theoretical foundation 

on which the application was built, its technical details and some data collected from 

its usage by the students.  

Due to time and resource constraints, as well the need of a well-defined and 

narrow scope, the experiment hereby proposed should not be a definitive one. It is 

closer to a well-illustrated example of one possible path to be followed by anyone 

interested in experimenting with the CALL disciplines here approached. 
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2 BIBLIOGRAPHIC REVISION 

 

The conceptual phase of the application used knowledge provided from three 

major fields of study: Machine learning, CALL and applied linguistics. In this section I 

will briefly describe those fields and how they have taken part in this work. 

 

2.1 CALL 

 

Computer-assisted language learning is the study and research of computer 

applications used in language teaching and learning. As a field of study, CALL saw its 

popularity rise alongside that of personal computers in the early 80s. Today, subsets 

of CALL, such as distance learning, are widely adopted and used in learning institutions 

around the world, some using it as its sole medium.  

Hubbard (2009) describes CALL as being both exciting and frustrating, citing 

its complexity, dynamism and quick pace as the reason behind his affirmation. 

Hubbard’s remarks are not hard to justify. Since its first appearance, consumer 

oriented computers have been evolving at breaking neck speed and now permeate 

most aspects of our lives. “[...] as computers have become more a part of our everyday 

lives - and permeated other areas of education - the question is no longer whether to 

use computers but how.” (HUBBARD, 2009, p.1), and it was not different with CALL. 

It is indeed exciting to imagine how CALL applications evolved from simple text 

based quizzes in early computers to readily accessible complex applications in a large 

array of devices, including even novelty hardware as smartwatches and virtual reality 

devices, its possibilities broadened by state-of-the-art resources as computer vision, 

writing and speech recognition and computer generated voice. 

 

2.1.1 Studying past call publications to avoid previous mistakes 

 

In his paper “A review of technology choice for teaching language skills and 

areas in the CALL literature” Stockwell’s (2007) analysis of nearly 90 CALL articles has 

shown a general lack of conclusiveness, suggesting that one of the possible causes 
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for this could be the excessive ambition of projects. She pointed that over the years 

the projects had broadened their data-gathering methods and had become more 

diverse, but suffered from a lingering tendency of lack of attention to credibility issues 

and over-ambitious reporting. 

To avoid repeating the same mistakes identified by Stockwell, especially over-

ambitious reporting, the scope of this work was limited to kanji learning by students of 

Japanese as L2. Also, trying to dodge the risk of aiming to produce a silver-bullet 

application designed to replace traditional methods, I set on building an application that 

integrates with them and, in this aspect, I believe a narrower scope will ease the path 

of accomplishing this. 

Still regarding scope, Zhao (2003) examined over 150 articles on CALL and 

noted that most of them produced monolithic applications rather than integrated 

systems. This displays a general tendency of authors of CALL software in trying to 

produce complete walled-garden systems that resemble complete courses. While this 

is effective from an economic standpoint, that is, the idea of selling a complete bundled 

language learning solution, I believe this to be a major flaw of current applications. The 

monolithic architecture overlaps the good parts of established means of study, with 

such applications competing with traditional systems instead of integrating with them. 

Building on the lessons brought by the analysis of Stockwell and Zhao, it was 

defined that the application produced in this work should be able to extend its reaches 

to the realm of non-computational study methods. Instead of building a “kanji teaching 

software”, I sought to build an aide to Japanese students and teachers that could profit 

from interacting directly with traditional methods, focusing specifically on the flaws 

identified on those methods instead of replacing them entirely. 

 

2.2 MACHINE LEARNING 

 

2.2.1 What’s machine learning and how it can be brought to the classroom 

 

In the introduction chapter of this work, the word machine learning was briefly 

mentioned. But what does it mean? 
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Machine learning is a field of computer science that could be described as a 

subfield of artificial intelligence, its core being the study and development of software 

specially designed for pattern recognition and learning. In other words, it focuses on 

computer programs that can “learn” to become better at solving a given problem. 

Harrington (2011) describes machine learning as being in the intersection of 

three major fields of study: Computer science, engineering and statistics. One of the 

key aspects of machine learning which Harrington (2011) used ostensibly in his book 

is classification of data.  

For reasons to be discussed later, the machine learning subfield of data 

classification is crucial to this work. For that reason, we should better understand it 

now before being able to connect it to language learning and how it was applied on the 

developed applications. 

A common example on classification, the iris flower classification might help 

us better understand the way this science works. Dating back to 1936, the data set on 

the iris flower produced by Ronald Fisher is a fertile ground for the introduction of 

machine learning concepts. Fisher’s data set maps the existing three species of iris 

flower (iris setosa, iris virginica and iris versicolor) and separates them using four 

distinctive features: sepal length, sepal width, petal length and petal width.  

Before the rise of artificial intelligence, the species of iris of a specimen could 

be identified mathematically using these four features, a technique called statistical 

classification. The idea focuses on using specific equations to cross the measurements 

of a specimen against the data set to calculate the probability of it pertaining to each 

species. In simpler words, if the sepal and petal width and length fall within the average 

of the iris virginica according to the data set, than it likely is an iris virginica. If this is 

proven true, then the specimen measures can be added to the data set, allowing for 

greater accuracy in future calculations. 

Machine learning classification does the same, but in a much larger scale. The 

mathematics used in the iris example are based on vector arithmetic. Humans 

perceived the world in three dimensions and that roughly limits our abilities to operate 

with vectors. It is very hard to imagine a Cartesian plane with more than three 

dimensions, making traditional mathematical categorization of data, as in the case of 

the iris flower which uses four dimensional vectors, quite challenging. Computers, on 

the other hand, will happily compute equations based on vectors with hundreds of 

coordinates, expanding the possibilities of vector based classification. 
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In the realm of language learning, a few examples that could benefit from this 

sort of classification software promptly spring to mind. It could be used to better 

determine a student’s strengths and weaknesses in each grammatical topic through 

the evaluation of data collected from tests and homework. It could also be used to 

statistically calculate the possibility of a student being approved in a certain level of a 

language proficiency test. Finally, it would fit nicely with repetition based drills such as 

flashcards, which is how data classification was used in this work. 

 

2.3 SECOND LANGUAGE ACQUISITION 

 

Being a work revolving around language learning, focusing exclusively on 

technological fields would be counter-productive. At heart, computer software could be 

described as the agent of the mathematical interpretation and solution of real world 

problems. For that reason, the modelling of a problem to be solved through software 

must follow careful steps if success is to be achieved.  

Defining applied linguistics is an arduous task. The field is broad and consensus 

on its scope and objectives has not been very clear since it surfaced. Its 

interdisciplinary approach has several branches including bilingualism, sociolinguistics, 

language assessment, second language acquisition and language pedagogy. One 

trace that is readily identifiable, though, is how the branch of second language 

acquisition of applied linguistics is interested in understanding how a natural language 

is acquired. 

To leverage the power of using classification techniques aiming to boost the 

efficiency of traditional learning methods, first we must understand, at least partially, 

how learning and acquisition happens. The usage of language acquisition theories in 

this work stems from this need. Berns & Matsuda (2006) notes on their study of the 

history of applied linguistics that it is a field of study from the second half of the XX 

century. If we put that into perspective against the fact that natural languages and 

sciences to them related such as translation and literature have been studied for 

millennia, it could be said that specialized researches on how humans become 

proficient in natural languages are somewhat new. However, no small amount of 

research was produced inside the scope of the branch of language acquisition of 
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applied linguistics. Because of the expressive breadth of the study of language 

acquisition and how diverse and mutable it has been, this work decided to focus on the 

work of one of its major researches: Stephen Krashen. 

In Principles and Practice in Second Language Acquisition, one remark quoted 

from Krashen's work is particularly interesting from the standpoint of a machine 

learning derived CALL application, which is at the center of this work. 

 
One of the most exciting discoveries in language acquisition research in 
recent years has been the finding that the acquisition of grammatical 
structures proceeds in a predictable order. Acquirers of a given language tend 
to acquire certain grammatical structures early, and others later. The 
agreement among individual acquirers is not always 100%, but there are clear, 
statistically significant, similarities. (…) Shortly after Brown's results were 
published, Dulay and Burt (1974, 1975) reported that children acquiring 
English as a second language also show a "natural order" for grammatical 
morphemes, regardless of their first language. The child second language 
order of acquisition was different from the first language order, but different 
groups of second language acquirers showed striking similarities. (KRASHEN, 
1982, p. 12-13) 

 

Machine learning excels exactly in identifying and exploring patterns. If there’s 

an order and following it is more natural for the apprentice, then we may probably 

achieve tangible results by making use of data analysis and machine learning to 

optimize how this order is displayed to the student. A possibility that instantly comes to 

mind is a program capable of deriving the results of students from the past to find the 

most effective possible order to be taught to future pupils, especially profiting from 

computing techniques to do this in a micro-scale, taking into consideration small 

defining features that could affect the result such as behavioural factors. One example 

would be minimizing the time spent studying subjects which are identified to be more 

easily understandable. The application also could be used to provide teachers with 

meaningful insights and reports on general progress by dynamically collecting data 

from almost every material used by the students. While not being conclusive, theories 

such as this one emerge when considering the possibilities of joining applied linguistics 

and data sorting oriented software hints the existence of the potential for a fruitful 

integration between those fields. 

I believe the theory produced by the study of language acquisition that better 

illustrates this potential for affinity is to be found diving even deeper into Krashen's 

work: The Input hypothesis. While this is but a small from the study of language 



 

 

13 

acquisition, I believe this popular theory to be exceedingly ripe for a software based 

approach. In Principles and Practices, Krashen theorizes how the central part of 

becoming proficient in a foreign language is acquisition, with learning taking a more 

peripheral position. Per the input hypothesis, comprehensible input is at the center of 

how we acquire language. 

Krashen’s input hypothesis states that acquisition is a powerful aspect of 

becoming proficient in a foreign language. He argues that while some authors suggest 

that acquisition is restricted to children, it plays a central role in the adults’ experience 

too. As on how this happens, he states the following: 

 
Language acquisition does not require extensive use of conscious 
grammatical rules, and does not require tedious drill. It does not occur 
overnight, however. Real language acquisition develops slowly, and speaking 
skills emerge significantly later than listening skills, even when conditions are 
perfect. The best methods are therefore those that supply "comprehensible 
input" in low anxiety situations, containing messages that students really want 
to hear. These methods do not force early production in the second language, 
but allow students to produce when they are "ready", recognizing that 
improvement comes from supplying communicative and comprehensible input, 
and not from forcing and correcting production. (KRASHEN, 1982, p. 6-7) 

 

Based on the study of Krashen’s work on the input hypothesis, the cornerstone 

of the software aspect of this work will be to use data analysis and algorithms inspired 

by machine learning to identify which content is the closest to “plus one” to the 

apprentice using the application and maximize the time exposed to this content by 

filtering out what’s too easy (which falls inside N) or what’s too hard (which falls beyond 

N + 1).  
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3 METHODOLOGY 

 

As it was hinted briefly earlier, this work focused on the experience of 

apprentices learning Japanese as second language. Within this scope, it focused the 

study of ideograms, the kanji.  

Krashen’s input hypothesis considers the entirety of the language acquisition 

process, having a strong focus on the attainment of communication proficiency. I 

believe it could be said that the hypothesis looks closer to the attainment of speaking 

and listening proficiency than other parts of the acquisition process. Writing and 

reading, however, poses challenges of their own, especially concerning presenting 

"plus one" content to the apprentice. 

One activity that commonly takes place in class to expose students to written 

“plus one content” is reading texts. In the context of Japanese as a foreign language 

this is a particularly daunting task. Compared to most languages, reading in Japanese 

as an apprentice tends to be harder since it demands the prior knowledge of symbols, 

the kanji, in a number considerably bigger than the Latin alphabet. Also, there is the 

aggravator of each ideogram potentially having multiple possible readings and 

meanings without specific rules to help deciding when to use each. 

To address this issue through software, the proof-of-concept applications 

produced in this work sought new ways to optimize how kanji is studied, especially the 

order and time spent in each kanji to maximize the time an apprentice is exposed to 

content which could be classified as "plus one", that is, at the “just right” level to be 

learned. 

Just as in the example of the iris flower, data should be collected before being 

classified. This was done tapping into data which is normally produced by traditional 

kanji study methods. 

With the stream of data coming from the harvesting methods I will explain 

ahead, the system could leverage general features (kanji difficulty according to the 

Japanese Proficiency Language Test...) and specialized features (class and student 

behaviour) to infer which kanji could best be classified as "plus one", or ripe to be 

learned. 
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SOURCE: Author (2016) 
 

3.1 HARVESTING DATA FROM TEXT 

 

To counter the difficulty imposed by the peculiarities of the Japanese written 

system, a common technique is the use of text marked with furigana, a phonetic guide 

placed above each kanji to make its reading readily attainable even if the kanji is 

unknown to the reader.  

Furigana helps improving the reading experience because searching the 

dictionary for the meaning of a word tends to be easier if its pronunciation is already 

known, especially in the case of electronic dictionaries, in which the desired word can 

be ‘typed phonetically' using roman letters. Unsurprisingly, using this form of phonetic 

guide is exceedingly common, even in more advanced levels. In fact, some books in 

Japan even come with furigana for older or generally harder words. 

FIGURE 1 - SCHEMATICS OF THE ENTIRE APPLICATION 
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More and more students and teachers are turning to tools such as computers, 

e-Readers, smartphones and tablets for reading. Thanks to the popularization of 

modern digital reading devices, harvesting data from what is being read by students 

on these devices is relatively simple and unobtrusive. The technique employed in this 

work proposes to replace traditional text-reading software as Microsoft Word or PDF 

readers as the vehicle to present texts digitally and instead use a custom web based 

application that concealed the phonetic guide of each kanji, only displaying it once the 

user hovered or tapped (in the case of touch-sensible devices) it to read the phonetic 

guide.  

 
FIGURE 2 - HARVESTING DATA FROM TEXT 

 
SOURCE: Author (2016) 

 

When the phonetic guide is displayed, the fact that the student actively needed 

to use aid to read that kanji can be “captured” by the system. The data collected though 

this method made the bulk of the information harvested by this part of the application. 

In the proof-of-concept application built to be used by students of Japanese at 

UFPR, a website in the form of a single page application was used to present texts 

chosen by the teacher after the students entered their credentials. The usage of 

credential based authentication was necessary to tie the captured phonetic guide 
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consultations to each student correctly. After gaining access to the text directed by the 

teacher, the class would follow with their regular reading based exercises. 

Every time a student consulted the phonetic guide of a kanji, the system would 

start a timer. After the event finished (the student moved on reading) the system would, 

through a simple mathematical expression based on the consulted word length, check 

if the student spent more time reading the phonetic guide than an dynamically 

calculated minimum threshold. This was done seeking to mitigate false positives such 

as when the student accidently activated the phonetic guide on a kanji s/he didn’t 

meant reading with aid.  

After evaluating a consultation as valid, the program split the kanji composing 

the consulted word and dispatched each to a cloud based central system, which in turn 

logged that the student required aid to read that set of kanji. 

The logged data was stored to be used by other systems, such as the classifier. 

As we will see later, this allowed the reading behaviour of the students to be used to 

more accurately calculate which kanji they need being more exposed to and which are 

already known, meaning the frequency they appear in other forms of study can be 

reduced. 

 

3.2 HARVESTING DATA FROM FLASHCARDS 

 

Drilling using flashcards is not uncommon to L2 students, but in the case of 

students of Japanese its usage is particularly usual, especially for studying kanji. As 

mentioned earlier, reading in Japanese as an apprentice is a notably hard and time 

consuming task since it requires the memorization of more than a few kanji to be 

performed. 

The biggest advantage of using flashcard based study under the light of the 

objectives sought by this work is that it is adequately computer friendly. The concept 

of shuffling cards in a deck and displaying one per round is easy to implement 

computationally and explains in part the existence of several flashcards software. It's 

worth noticing that most computer based flashcards marry traditional flashcards to a 

quiz on the current card, only showing the next card when the student answers the 

question correctly. This relates to a common form of usage of traditional printed 
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flashcards in which the front face contains what is being memorized and the back 

contains the answer and the student only moves to the next card after either 

remembering the face value or checking the back if not able to. 

The computer friendliness of flashcards allows us to harvest data from them 

relatively easily and effectively with minimal intrusion to the customary study routine. 

The staple data to be harvested from flashcards is the apprentice's behaviour itself. 

The proposition is to log and analyse mistakes and successes and from these two 

interactions try to calculate the probability of an apprentice knowing or not the face 

value which was shown in each card. Furthermore, the data collected from flashcards 

is not limited only to these two basic interactions and can cover aspects as the time 

taken for the student to choose an answer or even more sophisticated algorithms to 

try to determine if a question was answered correctly through actual knowledge or 

guessing. 

In the proof-of-concept application, these two basic actions made by the 

apprentice were sent to the core application for storage and processing, being returned 

on demand to fine tune the flashcard while the apprentice was using it. This allowed 

the system to try to predict which kanji had the biggest probability if being the optimal 

to be studied at the moment. Naturally, the harvested data was also used by other 

parts of the application, which will be later discussed in further detail. 
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FIGURE 3 - HARVESTING DATA FROM FLASHCARDS 

SOURCE: Author (2016) 

3.3 HARVESTING DATA FROM TRADITIONAL PRINTED EXERCISES 

 

All methods of data harvested described as part of this work so far share the 

particularity of being computer bound. Despite this being entirely expected from a work 

based on CALL, this work also had by objective integrating closely with traditional 

teaching techniques. 

The main way this work handled this task was by being able to read printed 

paper. However, while complex technologies such as computer vision, a sub-field of 

machine learning that allows the training of computer programs focused on "seeing the 

world" through digital video and images, have improved immensely in recent years, 

this is still a field marked by trial-and-error and its potential and is not ready to be 

employed as required by this work for the most part. 

To counter this issue, a small degree of modification on traditional printed 

papers was required. Notwithstanding the complexity of reading and decoding the 
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meaning of written test, a simpler solution showed a good degree of promise: QR 

Codes. 

QR Codes are an evolution to the traditional bar code system. They are mainly 

a square area in which black or white dots are used to encrypt phrases or, in computer 

terminology, strings. These phrases can be both natural language phrases or computer 

language ones. The idea behind the system consisted of encrypting a string containing 

which kanji were being studied in each task in a printed exercise sheet and place two 

variants of the codes next to the task, one meaning “correct” and another “incorrect”. 

The exercise sheet then could be checked by a human which would cover the 

label opposite to the conclusion on the student's reply to the task. If the student got it 

right, the "incorrect" QR code should be covered, leaving only the "correct" readable 

by a computer program.  

 

SOURCE: Author (2016) 

FIGURE 4 - HARVESTING DATA FROM TRADITIONAL TESTS 
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By doing this, the images could be loaded to a computer using a scanner or 

even a smartphone camera, and the application would be able to iterate through all 

QR codes found in the exercise sheets and log whether the apprentice who’s that sheet 

was got the kanji correctly or not in each task. The identification of the student was 

done by placing a reference to s/he's internal identification number inside each QR 

code. This information could be used, in turn, to feed other parts of the system. While 

this is not definitive, the minimum payload of data to be contained inside a QR code 

for it to work in the purposed lines in this work is an identification of the user who 

responded the question marked with the QR code and the kanji needed to be known 

for the current question to be replied correctly. 

The question that remained was how the generation of the QR codes to be 

attached to traditional study sheets could be performed easily even for people with 

basic computer knowledge. This could be done in two ways: Either by providing a 

software specialized in producing the QR-code enabled sheets or by directly 

interacting with a traditional text processing software (Microsoft Word, Google Docs…) 

generated file to analyze the used kanji in each task and dynamically generate and 

attach each QR code. The former technique was preferred thanks to it allowing the 

teacher to decide which kanji were to be considered as evaluation targets in each task, 

hence giving finer control over the evaluation. 

 

3.4 TRADITIONAL KANJI TEACHING AND LEARNING AND THE QUESTION OF 

IMMUTABILITY 

 

In the study of kanji, finding an order of learning that feels natural and that goes 

up in difficulty gradually seems to be a common concern amongst many authors.  

Taking Japanese as an example, the usage of particles to connect nouns and 

verbs is a standing feature that sets it apart from most, if not all, European languages. 

Beginner level students of Japanese as L2 will usually interact first with easier and 

more commonly used particles such as “は” and “を”, then gradually proceeding to 

more complex ones.  
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Books and materials targeting kanji learning for students of Japanese as L2 

often vary significantly on their approach concerning the order which the kanji is to be 

presented to students. Some authors stick firmly to the Japanese government’s JLPT 

- Japanese Language Proficiency Test and through statistical study of the required 

kanji to be approved in each level try to produce a list that follows the test hierarchy. 

Other authors have favoured an in-house order, which accounts to defining features of 

kanji such as numbers strokes, frequency of use and even the Japanese school system 

sanctioned learning order. 

However, regardless of the used approach to determine the best possible 

order, a shortcoming shared by these materials is their inflexibility. Even a carefully 

designed list of kanji is likely to face a few issues. One is the fact that learning kanji is 

a long task that is prone to forgetfulness. Traditional immutable lists cannot account 

for ideograms forgotten by the apprentices, who find themselves in the situation of 

having to watch out for possible forgotten kanji and refresh their memories by going 

back in the book often. Another issue is the fact that static lists cannot account for 

content learned outside of their own scope, which means that as the student 

progresses and acquires knowledge of new kanji through sources other than the book, 

more often s/he would be lead into studying content already known, which can prove 

ineffective. 

These shortcomings’ main source is immutability. Due to their inflexibility, 

traditional methods cannot account effectively for changes in pace or factors such as 

forgotten content or even multi-source acquisition. 

Given the dynamic nature of software, this issue can probably be effectively 

addressed by the combined usage of disciplines we described earlier: CALL, theories 

on language acquisition and machine learning. The idea is that if a computer program 

could react to the students’ needs and account for differences in pace of study or even 

infer how much is already known, a truly mutable and dynamic list of kanji could be 

produced to target the individual needs of each apprentice in that specific moment. 

A software trying to do this could move a kanji it deemed more important to the 

head of the list. Also, it could lower the priority of content determined to be already 

know by the pupil. Finally, it could guess that an ideogram was forgotten and present 

it to the student to restudy it on its own, effectively “becoming alive” and reacting to the 

student’s needs as s/he progresses.  
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Furthermore, dynamic lists containing the features described above could be 

used in a class environment to present faster paced students with fresher content 

beyond the current class level, allowing them to progress unhindered by the constraints 

imposed by group study. Also, such lists would automatically adapt for slower paced 

students who may need more time to memorize the content, avoiding the snowball 

effect verified when the class pace is quicker than the student’s. 

The software conceptualized and produced as proof-of-concept in this work 

tried to address this issue through machine learning. If the kanji currently being studied 

by the apprentice using the program could be dynamically classified, then the overall 

effectiveness of the kanji studying could be assessed. Because of that, a software field 

tightly coupled with the concept of classification such as machine learning seemed to 

be the optimal choice. 

 

3.5 CLASSIFYING KANJI 

 

3.5.1 Defining the kanji features for classification 

 

Just as in the iris flower example I have presented on the “Machine Learning” 

section, classification of ideograms performed by the application was done via features. 

The kanji already possess a few inherent features, to name a handful we have: number 

of strokes, JLPT level, Japanese school level and frequency of use. These features, 

however, cannot provide the program with the needed information to determine if an 

apprentice is doing well in the study of a particular kanji. 

To solve this, a simple algorithm was created to provide a definitive feature, 

called internally “interaction coefficient”, or IC.  What the algorithm did was to 

mathematically calculate a value representing the student's progress in each kanji 

every time the student interacted with that kanji. This was calculated through an 

equation, defined as following: 𝐼𝐶 𝑚 = 𝑎 ∗ ((
)
∗ 𝑚

*+,
+--) . 

Where a is the current stored IC, which defaults to 50 if this is the first time it 

is being calculated and m is the number of mistakes committed before getting the 

current interaction correctly. This interaction could be a correct reply to a flashcard or 
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a printed paper text or even hovering over a furigana marked kanji in the text reading 

application, a case in which the value of m is fixed. This equation was created because 

of its feature of changing the value of a justly slightly for a low value of m, such as in 

slight mistakes by the students, but intensely for bigger values of m, a situation 

correlated by graver mistakes. 

In the case of tests and flashcards, the value of m always is 1 for the calculation 

of the IC of an incorrect guess, the kanji being evaluated being the one guessed by the 

student, and not the one presented by the question. This ensures that not only the 

correct answer is being evaluated, but the incorrect choices are also getting a slightly 

lower IC. After all, if the student knew the answer s/he probably would not have picked 

the kanji receiving the m value of 1 as a guess. 

For correct answers the value of m is 0, which is the only applicable value that 

causes the IC to go up. Values bigger than 1 to m causes the IC to go down 

progressively faster and are applied in cases of the studying having guesses too many 

times before getting the interaction correctly. These values do not occur in passive 

data gathering parts of the application such as text reading. 

This feature defining equation was used to calculate the IC based on data 

harvested from the sources I talked earlier; Flashcards, text reading and printed 

exercises using the QR code system. In the case of text reading, the "interaction 

coefficient" value will always go down since the data we are collection accounts to the 

student having to use a phonetic guide to read a kanji. 

The IC is an arbitrary value to compensate for the lack of defining features to 

help us discover the students’ progress in each kanji. If we account for the immaturity 

of the proof-of-concept application produced in this paper, there is no denying that this 

equation is expected to be refined or even replaced by more sophisticate techniques 

as the development of the application progresses in the future. 

 

3.5.2 The classification phase 

 

After we calculated the features pertaining to the studied kanji, the software 

could calculate its grade from "A" to "E". This was done by using a slightly modified 

implementation of the k-nearest neighbours (kNN) algorithm, the original 
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implementation that inspired the one used in this work being Harrington’s from his book 

Machine Learning in Action (2011) 
The kNN algorithm is a classification method that resembles a democracy. 

Using the normalized features pertaining to each kanji in our data set, we could spread 

these kanji across a Cartesian plan. The software then would be able to use vector 

math to calculate the distance between the kanji being classified at the moment and 

its nearest N peers, where N is a value set manually to fine tune the accuracy of the 

classifier. If we had a N value of 10, the algorithm would fetch the 10 nearest kanji 

based on their Cartesian coordinates. These kanji would in turn vote to define to which 

group the kanji being classified belonged. If the 10 closest kanji were split as being 6 

belonging to grade "A" and the other 4 to grade "B", grade "A" would win the ballot and 

the kanji being classified would too be marked as being part of grade "A". 

 

SOURCE: Author (2016) 

 

The figure above is a simplification of the concept. In the Cartesian plan 

depicted in the image, ideograms whose features placed it closer to the blue cluster 

would be assigned the same category as “冬”, “春”, ”夏” and “秋”. The “ballot” part of 

FIGURE 5 - REPRESENTATION OF THE KNN ALGORITHM "CLUSTERS OF RELATED DATA" ON 
THE CARTHESIAN PLAN 



 

 

26 

the algorithm serves the purpose to define the category of an ideogram when it is 

placed in overlapping clusters. (Figure 5) 

The definition of to which area of the Cartesian plan each grade belonged was 

set manually in this application using data collected during the build phase. This is the 

main difference to traditional kNN implementations, in which this range would be 

calculated dynamically by providing input to the program on the accuracy of its previous 

classifications. The program would use this input to correct the ranges to make the 

classification more accurate. Due to time constraints and the short period of trials in 

class, a fixed range was preferred. 

 

3.6 USING THE CLASSIFIED KANJI 

 

After becoming able to classify the kanji, the application could utilize this data 

in several ways. In this chapter, I will describe these methods, how they were built from 

technical and linguistics standpoints and describe the class experience using them 

during the proof-of-concept phase. 

 

3.6.1 Flashcards 

 

As I mentioned earlier, flashcards are a very CALL friendly method of study. 

Despite Krashen’s criticism of drilling and the seemingly contradiction of employing 

essentially drilling based flashcard study in a work which is loosely rooted in Krashen’s 

Input theory, flashcards are common in the Japanese as L2 context and their 

implementation is easy computationally, it can benefit from the classified data easily 

and is a very good source of data to feed other parts of the software. Because of that, 

flashcards were employed as an integral part of this application. 
In the proof-of-concept app, flashcards were displayed to the user in two forms, 

one built for studying a kanji possible readings and one for words written using kanji 

for the user to have “real world contact” with the usages of a kanji. 

 



 

 

27 

FIGURE 6 - FLASHCARDS ON THE ACTUAL APPLICATION 

 
SOURCE: Author (2016) 

 

In both cases, every time the student sent a reply to the application, be it 

correct or not, the background classifier would work on the received kanji to measure 

the students’ progress and rebuilt the kanji list in the inferred optimal order of learning 

through classification. By doing this, we could ensure the application reacted to the 

student as s/he progressed and would be able, hopefully, to account for forgotten 

ideograms and other aspects we discussed earlier. 

In the context of flashcards, “plus one” content was defined as kanji the student 

had the biggest chance of memorizing with the minimal amount of exposure. This 

excluded content already mastered and reduced emphasis on content placed beyond 

the student’s current set of known ideograms. In the future, the application could be 

tuned to also consider on its classification of what’s optimal the presence of each kanji 

in texts relevant to the user. For example, if two kanji were in identical places in the list 

due their features, one being most common in engineering texts could be placed higher 

if the student showed interest in reading texts from this particular field. While this 

example was not employed in this trial phase, it serves to show that all the application 

needs to infer what is “plus one” are features and thus we can change this concept by 

changing the features. 
Seeking to display only "plus one" content in this terms to the apprentices, a 

dynamic list based on the student performance was maintained and updated every 

time the student interacted with each part of the application using the classifier. As 

described earlier, the kanji were split in five possible grades labeled internally from “A” 
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to “E”, “A” being kanji inferred to be completely known by the student and “E” 

completely unknown. 

Then, to give the flashcards a higher probability of showing “plus one” content 

from the classified list an initial hard coded probability was tied to each level, as in the 

table below: 

 
TABLE 1 - PROBABILITY OF A KANJI APPEARING ACCORDING TO THE APPLICATION 

INTERNAL GRADE 

Internal Kanji 

Level 

Probability of showing up 

A 5% 

B 19% 

C 38% 

D 22% 

E 16% 

 

The program sought to minimize the presence of already known kanji in the 

list, limiting the appearance of “A” level kanji to just 5% of the cases. It also reduces 

the probability of kanji unknown to the student by reducing the probability of levels “D” 

and “E” to 22% and 16% respectively. The objective by doing this was to prevent that 

hard content was displayed too often, which could possibility demotivate the 

apprentices. Level “B” was meant as a transitory phase where the program could 

ensure a kanji rising from lower levels was indeed known and received 19% of the 

appearances. The bulk of the application was composed by “C” level kanji, those which 

were new to the application and, potentially, to the student. The reason why level “C” 

was considered the range containing the most “plus one” content was because it was 

neutral ground, composed mostly from kanji still untouched by the student and yet 

whose features gave the best chance of rapid memorization: few strokes, low JLPT 

level and frequent usage. As the student progressed, fewer simple kanji would be 

available to be placed on level “C” since the student would have either succeeded or 

failed at learning them, causing these kanji to be placed in higher or lower groups. 
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The low probability of kanji of level “A” of appearing on the deck is because 

ideograms in these range had a calculated IC closer the internal limit of 100, meaning 

the student often gave flawless answers on then. Considering that, the application 

could infer these to be already known content and the low probability served to prevent 

the student from spending time on things already mastered and yet gave the 

application a small window of opportunity to check if a kanji previously placed on grade 

“A” was not forgotten since it was last seen by the student. 

One word of advice however is that these arbitrary values were not a carefully 

planned statistical based classification, but rather a starting point from which the brand-

new application could evolve from. Due to the short period of trial, these features did 

not manifest in a particularly remarkable degree, but the application was fitted with 

mechanisms to analysis the students’ progress as we will see later and thus these 

values could be fine-tuned to achieve better performance. Also, as mentioned earlier, 

one of the defining features of machine learning programs is the ability to evolve, in 

this case based on the student’s progress. Given enough time, it would be possible to 

use machine learning for the application to dynamically set these ranges based on the 

class performance. Too many kanji gotten correctly would mean that the kanji being 

placed on level “C” were too easy and the classifier could step up the difficulty. Too 

many gotten wrong, then the opposite direction could be taken. 

 

3.6.2 Traditional methods – renshūyōshi 

 

Renshūyōshi, which could be loosely translated as "study sheet" is a sheet of 

paper containing squares in which a kanji can be drawn to allow the student to acquire 

"muscle memory" on how it is written. It is not uncommon for renshūyōshi to also 

include information on the kanji readings, order of strokes and even meaning, allowing 

the student to study these aspects while practicing the writing. This being a form of 

study commonly presented to students of Japanese as L2 at UFPR and usual in kanji 

books, it was slightly modified to benefit from nature of the application. Being usually 

built around a definitive order, this form of study suffers from the issues of immutability 

discussed earlier.  

The way to leverage the kanji data classification capabilities of the application 

was to use the mutable list to dynamically generate a new printed-ready PDF 
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renshūyōshi sheet every time the student requested. The feature that tells this sheet 

apart from traditional methods is in its order. The kanji at the top of the sheet were 

these the application inferred to be the ones the study knew the least, grade “E”. Since 

this kind of exercise is essentially a repetition drill, this linguistic decision was taken to 

ensure the student would spend his time drilling only kanji he could not memorize 

through less repetitive methods. 

 
FIGURE 7 - KANJI EXERCISE SHEETS 

 
SOURCE: Author (2016) 

 

During the trial phase, the teacher responsible by the class instructed students 

to generate and study using the renshūyōshi when other methods started becoming 

too difficult. This would ensure students would print sheets composed by the kanji 

causing the difficulties in other parts of the application. After the drilling, it is expected 

that these kanji would have been at least partially learned by the student, which could 

be verified by analysing the student’s behaviour in other parts of the application. 
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3.6.3 Reports 

 

Another possibility presented by the application was that of providing 

meaningful reports for teachers. A simple example displayed by the illustration below 

is the possibility to draw a comparison between the progress of classes in different 

years. By using this tool, we can query the database for the total number of kanji 

classified at the highest level, in other words, the kanji thought to be known by students, 

and draw charts based on this data.  

The charts then could be used by teachers freely in several ways, one good 

example being the validation of differences in the way kanji is being presented to 

students across the years, which could account for lower or higher performance 

between classes using different approaches. 

 

 

 
SOURCE: Author (2016) 

 
Reports can also be used to track individual performance. A potential usage of 

individual reports would be contextualizing the student’s performance. An example 

performed in the proof-of-concept application was to use the data to cross compare 

the kanji the students knew the most according to the program and those most 

FIGURE 8 - EXAMPLE OF A POSSIBLE CHART BASED ON THE DATA COLLECTED BY THE 
APPLICATION 
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commonly found on each level of the Japanese Level of Proficiency, allowing the 

program to statistically calculate the probability of the students being approved in each 

level of the JLPT, at least when it comes to knowing the kanji presented in each text, 

which is a good thermometer for the chance of the student succeeding. 

 

3.7 LINGUISTIC DESIGN DECISIONS 

 

The biggest objective sought from the linguistic standpoint was to provide 

students with tools to optimize their exposure to "plus one" content, a concept loosely 

based on Krashen's Input Hypothesis. 

To achieve this goal, a set of linguistic designs pertaining to each part of the 

proof-of-concept application had to be taken. I will describe next a few of these and the 

reasoning behind them. 

 

3.7.1 Ordering the content 

 

I already described how the software acted mostly using a machine learning 

inspired implantation to dynamically order the kanji being exposed to the student.  

However, even if the order of learning was to be calculated dynamically, a base 

order had to be decided as an starting point before data began to be collected. Should 

this decision be neglected, there is the chance students would be presented kanji 

beyond their current capabilities before the software could have enough data to correct 

that. 

In the case of the students of Japanese at UFPR, the base order was the same 

of that of the book traditionally used at grade II, Kanji – Look and Learn (BANNO, 

IKEDA, SHINAGAWA, TAJIMA and TOKASHIKI, 2009). The book divided the kanji in 

12 chapters, each chapter containing 16 kanji, just as in the chart below: 
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FIGURE 9 - THE KANJI USED ON THE APPLICATION SEPARATED BY LESSON 

SOURCE: Author (2016) 

 

The decision to use the same base order as the book used at UFPR at the 

time of the writing of this paper was taken by the staff of the course and could be 

replaced by other base orders such as that of the Japanese public school or even other 

books. 
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Besides giving a baseline for the starting point of the program, the base order 

influenced how new content was displayed to the user. Beyond classifying the 

student’s knowledge in each kanji, the classifier had to present new content to the user. 

This too was done dynamically, favouring easier content to be displayed first. 

“Easy” was defined by analysing each kanji inherent features such as number of 

strokes and JLPT level and the class overall rate of success, ideograms with a higher 

presence on grade “A” amongst students being considered easier. However, this alone 

was not enough to provide an uniform order across the class. To counter this, these 

features were used alongside the base order. After the application calculated the 

likeliest “plus one” content using these features, it would use the base order to narrow 

down which kanji was to be shown next. The data on each kanji’s featured was derived 

from the open-source KANJIDIC2 database (BREEN, 2016). 

To do this, a simple rule was created. If the student had more than 80% of the 

kanji on the current level of the base order being classified at an internal grade higher 

than "B", the application allowed new content derived from the next level.  

In this trial, more importance was placed on the class being able to move on 

using an order that resembled that of the traditional book. Thus, the application gave 

preference to the base order than the other features to decide on the introduction of 

new uncharted content. 

 

3.7.2 Flashcards 

 

Flashcards are a form of study based on a deck of cards carrying information 

either on one or both sides. In the case of CALL application, flashcards usually take 

the form of a quiz. To be able to see the next card you must provide a correct reply on 

the question asked by the current card. 
This was the model adopted by this application, which had two different 

categories of flashcards. The first was focused on exposing the student to the most 

common possible readings of each kanji, also providing its core meaning. This, 

however, does not ensure that the entirety of the knowledge needed to read an 

ideogram is being acquired by the student. Also, the amount of information presented 

on each kanji can be overwhelming. 
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Considering this, the second category of flashcards focused on exposing the 

apprentices to “real world” words composed by one or more kanji. Besides exposing 

the students to each kanji possible reading in a determined word, this allowed students 

to have contact with complex or exceptional readings. Also, it helped students to 

enlarge their vocabulary. 

In both categories, the system presented the user with a question on a kanji 

and displayed several alternatives to the question.  

 

FIGURE 10 - FLASHCARDS ON THE ACTUAL APPLICATION 

 

SOURCE: Author (2016) 
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FIGURE 11 - FLASHCARDS ON THE ACTUAL APPLICATION 

 

SOURCE: Author (2016) 

 

In these flashcards, interaction was defined by the student selecting an answer. 

An incorrect answer provided negative feedback to the classifier on the kanji presented 

in the question and the one that belongs to that answer following the idea that if the 

student knew that kanji, s/he would have probably crossed it from his possible 

alternatives when guessing. A correct answer provided positive feedback on the asked 

kanji and allowed the student to move to the next card on the deck. 

By looking at pictures of the two categories of flashcards, one easily identifiable 

difference between them is the number of possible alternatives. While most tests use 

four possible alternatives, the word reading flashcard employs six. This was done to 

allow the classifier to better detect when the student was guessing, an important 

feature needed to ensure data integrity. The kanji information flashcard also had six 

possible alternatives at first, but was toned down to four because the amount of 

information provided to be too confuse for the students. The word flashcard, however, 

kept its original design because this effect was not verified in its case. 

Another decision that could have impact on the linguistic performance of the 

flashcard system was the bar at the bottom that presented information on the last 

correct kanji. It was placed there seeking to provide the student with one last portion 

of information on the studied kanji, allowing the apprentice to have contact with 

information such as readings or meanings other than the one used to provide the last 
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answer. This, however, is debatable and its use is not mandatory and the bar could be 

removed if the teacher administering the system deemed it better. 

 

3.7.3 Gamification 

 

Trying to capture the students’ focus and motivate them to study through a 

more dynamic approach is a feature that could be thought to be shared by most CALL 

application and, in this case, this was not different. 

One mean to achieve this goal is the use of the concept of “gamification”. 

Hamari (2015) describes gamification as the inclusion of elements of gaming design to 

non-gaming services. He also notes that the reasoning behind this practice is trying to 

boost user interest by bringing features from the gaming world as completionism and 

competition to non-game tasks. 

In the proof-of-concept application, I tried to leverage some degree of 

gamification by presenting the students with a chart containing all the kanji available to 

be studied during the month the students had to use the application.  

A colour scheme was used to represent the student’s performance in each 

kanji. Those the classifier marked as being of grade “A” were marked in blue, meaning 

the student had perfected that kanji. Ideograms classified to grades “B” and “C” 

received a green tint and those of grades “D” and “E” received yellow and red markings 

respectively. 
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SOURCE: Author (2016) 

 

This was done to achieve the two gamification features I described above: 

Completionism and competitiveness. Students prone to completionism would probably 

want to have their charts painted entirely in blue. Competitive students would want to 

see less yellow or red marking in their charts than their peers. Both situations were 

verified to happen often during the month students used the application, but due to the 

lack of a control group using the application striped of gamification I cannot make 

conclusive remarks on its effectivity. The motivational factor, however, was present. 

 

3.7.4 Practice sheets (renshūyōshi) 

 

Trying to stick to the objective of integrating with traditional study techniques 

instead of reinventing them, the linguistic design of the renshūyōshi kept most of the 

decisions of orthodox methods. 

The objective of a kanji renshūyōshi is to allow students to learn how to write a 

kanji, or to achieve “muscle memory”. This is important because it is not uncommon 

for students to be able to read a kanji, but not be able to write it. On a personal side, I 

would like to notice that I suffer from this problem with most kanji I know. 

FIGURE 12 - KANJI COLOURED IN THE GAMIFICATION SCHEME 
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For the drawing exercise students were provided with empty square boxes, the 

first square being populated with a kanji written in lightly coloured lines that can be 

used as guideline for the first time the student tried drawing the kanji. 

 
FIGURE 13 - DETAIL OF THE KANJI EXERCISE SHEET 

 
SOURCE: Author (2016) 

 

Another important aspect provided the renshūyōshi is to train the student to 

know the correct strokes order of an ideogram. Each kanji has a correct order in which 

strokes must be drawn to produce the correct final shape. To help students follow the 

correct order, small numeric markings were place next to each stroke, allowing the 

student to draw them orderly. 

 

 

 
SOURCE: Author (2016) 

 

Renshūyōshi-like exercises are common to most kanji textbooks, but this 

exercise is seldom performed in-class. To line the application with such particularity of 

this form of study, the renshūyōshi were provided in printer-ready file and students 

were encouraged to print their own renshūyōshi and study at home, freely. 

FIGURE 14 - MARKINGS INDICATING 
THE CORRECT DRAW ORDER 
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The main difference between this and the traditional form of this kind of study 

is, as described earlier, its dynamic ordering. Since the renshūyōshi produced in this 

application used machine learning to place kanji inferred to be the least known by the 

student at the top, the renshūyōshi could be used as a tool when the student felt the 

need to better memorize the kanji being used during the term. To better achieve this 

effect, students were encouraged to print the renshūyōshi and practice on it every time 

the flashcards or texts felt too hard.  

 

SOURCE: Author (2016) 

 

 

FIGURE 15 - DEPICTION OF PART OF THE RENSHŪYŌSHI. THE KANJI “夏” WAS PLACED 
ABOVE “飲” BECAUSE THE STUDENT HAD WORSE PERFORMANCE IN IT. 
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3.7.5 Reading 

 

For the text reading part of the application, the teacher responsible for the class 

would periodically selected a text she considered to be on-par with the class level and 

sent me it to be put on the application. Texts were read weekly in-class under the 

teacher’s orientation, who used the read content to perform several activities. 

The one defining difference between using the application and simply printing 

the text on paper from a linguistic design standpoint was how the phonetic markings, 

the furigana, were presented.  

As previously mentioned, the use of phonetic markings is common to students 

of Japanese because of the complexity of reading kanji, especially for newcomers. 

Most kanji have several possible readings depending on the context and kanji 

dictionaries are hard to use if the sought kanji reading is unknown. These are the core 

reasons behind the use of phonetic aid. 

In printed texts, the phonetic aid is placed in a smaller font right above or below 

the kanji that has that reading. There is one issue with this approach, however. 

Students tend to become addicted to the phonetic guide and start to bypass the kanji 

entirely. The issue is that outside of language classes and niche literature such as 

manga, phonetic guide is seldom used in Japanese. The habit of bypassing the kanji 

can harm the student’s ability to later interact with “real world” texts. 

To help avoiding this issue the phonetic guide was hidden by default on the 

application. To use it, the student had to actively place the mouse pointer above or tap 

(for handle held devices) the kanji s/he could not read. This was done to cause the 

effort necessary to see the phonetic guide harder than trying to simply read the kanji, 

encouraging the students to try to remember the kanji reading instead of simply going 

directly for the phonetic aid. This technique had the added benefit of allowing data on 

the student’s use of phonetic aid to be easily collectible. 

 

3.7.6 QR-code printed exercises 

 

Just as in the case of the renshūyōshi, QR-code exercises were designed to 

be plain and closely follow traditional techniques. As presented before, QR-codes are 
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computer generated printable bar-code like structures that can be used to transport 

data in a piece of paper and were applied in the core design of this work to carry 

information on the user on printed tests to provide more data to the classifier. However, 

due the constraint of the QR-code being used in binary fashion, exercises created to 

be used with this tool had to be designed taking this into consideration. 

Since this part of the application could not be used during the proof-of-concept 

phase, this was not deeply investigated. The general guidelines, however, are to 

produce phonetic-aid free reading exercises, which could be used to determine 

whether the student could or could not complete a task that required kanji knowledge. 

One good example of these kind of exercise are those used in the JLPT, which 

leverage closely looking kanji or kanji with ambiguous readings to test the student 

capability of giving an answer based on the complete ability to read and understand a 

sentence. 

This form of study, however, is prone to false positives. It's unlikely that these 

proposed exercised would target only one kanji. In most cases, what we expect at least 

a few, contained in a phrase. However, if the student got the answer wrong because 

he didn't know only part of the kanji used on the sentence, the score of all the kanji 

would be dragged down regardless.  

In part this is one of the main reasons apart from time constrains for QR-code 

tests not being used in the proof-of-concept phase. The software application being built 

outside of the scope of this paper is much larger and goes beyond the study of kanji 

alone. In other parts of the study of Japanese as L2 such as grammatical topics and 

reading and comprehension, the QR-code tests fits much better. 

 

3.8 TECHNICAL DESIGN 

 

From the technical standpoint, the main goal set for the application was to be 

as readily available and easy to use as possible. In the past, it was common to see 

CALL applications being developed in the form of heavy-weight, platform-specific 

monolithic apps requiring installation into the machine to be used by the student. I 

believe this to be detrimental to the adoption of CALL in the classroom since it requires 

specific hardware and software and knowledge to be usable, which could scare away 
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teachers and students not wanting not wanting to deal with the hassle of obtaining, 

installing and maintaining this form of software. 

 

3.8.1 Cloud based call 

 

For this reason, the format adopted by this application followed the trend to 

move software from on premise hardware to the cloud, with the application exposing 

to the user only a web-browser ready interface. The internet is readily available and 

commonly used by many students and teachers and requires little more than a 

relatively recent computer to be used, with the added benefit of its high level of 

portability and platform independence. 

The cloud based approach also brings a few other benefits, including easy 

setup process, student data and CALL applications being available in every web-ready 

device, compatibility with lower end devices such as the ones commonly found in 

poorer schools and the possibility to leverage web standards on user experience to 

reduce the amount of training necessary to effectively use the CALL application. 

 

3.8.2 Responsivity seeking less distraction 

 

One important technical aspect that was sought in the construction of the 

proposed application was to be the least disruptive as possible. Since it is a web based 

program, the time spent staring at a blank screen between changing pages could 

distract or even demotivate the students and thus had to be brought down to a 

minimum. 

To avoid this, the interface exposed to be used by the students adopted a 

structure known as Single Page Application, or SPA. A SPA is a self-contained 

application written in JavaScript which is loaded only once and simulates changing 

pages by redrawing what is being displayed on the web browsers without having to 

fetch the entire page from a remove server as in a traditional web application. 

The SPA based approach allowed the proof-of-concept to operate with 

minimum spacing between changing screens, allowing the students to remain focused 

on their current task. This was especially important for the flashcard system. 
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3.8.3 Ensuring data consistency 

 

Another technical issue to be addressed was the requirement of data integrity. 

Since the classifier relies on data sent indirectly by the students (through use of the 

application) and directly by the teacher (through the checking of QR code marked 

traditional tests), it is imperative that this data must be pristine and associated to the 

correct student for the results to be optimal. 

Two factors that can cause this data to become tainted are connection 

intermittences and data misidentification. The former accounts to infrastructural 

problems on the network that might cause the data to fail to reach the cloud based 

classifier. The latter is when data is received, but is identified by the classifier as 

belonging to an apprentice different from the one who sent the data. 

To ensure data integrity the cloud based service was constructed atomically, 

meaning that it only saved data if it received it whole and no problems were identified 

during the processing and saving process. This ensured the data would not be 

corrupted. As for the issue of data never getting to the cloud classifier if the internet 

connection showed instability or went down, the application leveraged the fact that the 

user interface ran in-memory as a single page application. Before sending the data, 

the application created a cache in which it could store as much as information as 

possible in the event of the internet failing. It would flush the cache to the cloud 

classifier as soon as the connection resumed activity and would only empty the cache 

if the server provided confirmation that the data was received and processed. This 

ensured student progress would not be lost in most cases of internet disruptions. 

The final aspect is that of data integrity, or the need of ensuring that data 

coming from different students would not be mixed. Should this happen, one student’s 

behaviour being interpreted as another’s would taint the effectiveness of the classifier 

for both. This was addressed through a mixture of technical features and providing 

general usage guidelines to the students.  

As for the technical part, student identification was done per the JSON Web 

Token specification. In layman’s terms, the JSON Web Token, or simply JWT, is a 

computer encrypted line of text that can be used to securely transmit data between the 

server (the cloud classifier) and the client (the web browser application used by the 

students). Every time the student started using the application, it requested an email 
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address and password to grant access. This allowed a JWT containing info on the user 

currently using the application to be sent alongside the data, thus allowing the classifier 

to tie a received payload of data to the student who generated it. As for the offline 

assets, as in the case of QR code printed exercises, the JWT would be pre-generated 

and bundled within each code. After that, all that had to be done was to give each 

student its correct copy of the printed exercise which could be identified by the 

student’s name on the upper part of the sheet. 

This technique would fail, however, if students would exchange seats on their 

computers without logging off from the application or used each other tests. To avoid 

this, specific guidelines on the use of the application and the importance of sticking to 

your own session and sheets were passed to the users. 

 

3.8.4 Mitigation of false positives 

 

To better ensure the desired results sought by this application, a few false-

positive checking algorithms had to be produced. Two main sources of false-positives 

were initially identified: Data sent mistakenly to the application and complex data in 

which a part of the received bundle could cause the program to interpret the whole 

wrongly. 

Data sent mistakenly happened mostly in parts of the application that required 

user interaction for data to be sent, text reading and flashcards being the biggest 

examples. In both cases, if the student mistakenly pressed a button that caused a 

phonetic aid to be shown or a flashcard quiz choice to be selected the data would be 

sent regardless if the user meant that and could taint the accuracy of the classifier. 

This was mitigated mostly with time based algorithms that defined a standard 

behaviour that could tell if the interaction was intentional, at least in part of the cases. 

To better illustrate this concept, we can look in detail to the false-positive 

mitigation algorithm present on the text reading application. Every time the student 

interacted with the phonetic aid, the student would log the time this interaction started 

and ended. Then it would proceed to dynamically calculate the minimum time the 

student would need to read the phonetic aid. The dynamic threshold was calculated by 

calculating the guide text length against a fixed constant of 300ms per character, this 

constant being an arbitrary number that can be improved in later versions. After this 
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minimum threshold was calculated, the system would check if the student spent more 

time using the phonetic aid than the threshold and only if so would dispatch that 

interaction to the classifier. By doing this, the algorithm helped prevent accidental 

hovers being counted as real interactions. 

Another false-positive mitigation technique was used to ensure that complex 

data would be evaluated evenly. That is, in a complex word or sentence the program 

had the need of identifying which part of the word or sentence caused the apprentice 

to fail or succeed. To better illustrate this concept, look at the following word: 駐車場. 

Imagine a situation in which the student failed to identify its reading on a 

flashcard exercise, causing the system to dispatch these three ideograms to the 

classifier labelled as mistakes, or negative interaction. If the false-positive mitigation 

step was not present, all three kanji would have their internal score reduced, causing 

the program to believe the student to be less capable on reading or knowing the 

meaning of all of them. However, imagine a scenario where the student could read the 

more common "車" and "場" ideograms, but only failed for not being able to read the 

rarer "駐"? This would cause inaccuracy. In this scenario, the kanji “車" and "場" would 

needlessly have their probability of being on the following cards on the flashcard deck 

raised, causing the student to waste time reviewing content already learned. 

To avoid this situation, the system performed a cross-comparison between 

each received complex word and the student's prior records. Still using the case of the 

word "駐車場", if the classifier identified a high rate of success for the kanji “車" and "

場" when read alone or in other words, it could infer that the kanji that caused the 

student to fail was only "駐" and thus take proper action to only reduce this kanji internal 

score. Unfortunately, this filtering technique demands a minimum history of user 

interaction to be effective. It cannot work if the system has no prior data on the student 

to perform the cross-comparison. Nevertheless, it helped mitigate false-positives in 

scenarios like the one presented above. 
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4 THE EXPERIENCE 

 

The proof-of-concept application described above was used during 25 days by 

22 students of Japanese grade II at the Japanese Language and Literature 

Undergraduate Course of the Federal University of Paraná. 
Each student received an username and password which could be used to 

login into the application on their first day of usage. These were the credentials used 

coupled with the token system to ensure the student data would not get cross-

processed.  

After an initial explanation about the application and the project expectations, 

as well a brief talk on best practices such as avoiding sharing computers or passwords 

to prevent the system from mixing students result, the titular teacher took control and 

monitored and conducted class activities using the programs for the entire trial period 

every Thursday. I was present during these encounters to take notes and observe the 

general progress. Besides in-class activities, students were also encouraged to use 

the application during their time off class. 

During the encounters, the teacher generally focused on her usual activities of 

text reading while giving oral explanation on the subject for most of the time. This 

activity allowed the application to collect data on which kanji the students needed the 

most. At the end of the classes, students were given free time to use the application, 

most of them choosing to use flashcards. 

When using flashcards, the desired effect of gamification was verified, at least 

partially. Students showed concern on their chart colouring and even some degree of 

competition regarding who had made the most progress, usually relying on doing more 

flashcards to improve their chart standing. While this behaviour was observed as 

intended, I cannot draw definitive conclusion on its effectiveness due the short duration 

of the trial phase and the lack of resources to establish a control group. What stands, 

however, is that more interest and focus was verified mostly likely thanks to the CALL 

and gamification aspects of the application. 

As for the classifier results part, I prepared some charts from data collected 

from the students during that month. The study of this data can provide us with insights 

on the successes and shortcomings of the method proposed in this work. 
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4.1 ANALYSING THE DATA COLLECTED FROM THE IN-CLASS EXPERIENCE 

 

During the 25 days of test, the application collected several parameters to allow 

us to analyse the class performance. This is closely related to the proposed ability to 

provide teachers with data generated in the application, this data being able to be used 

to provide insights and help teachers on the job of evaluating the class and its 

possibilities, as well comparing how different methodologies affect the overall 

performance of the students. To better illustrate this concept, I will show and analyse 

some of the data provided by the application. 
The most basic layer of data is the number of kanji studied by each student. At 

the end of the test, this number sat at an average of 61.53 kanji studied per student 

from a universe of 192 possible kanji extracted from the first twelve chapters of the 

kanji textbook used by at UFPR. While this number is just shy of 33% of the total kanji, 

I believe this to be a good indicator. According to the class schedule, the 192 kanji 

should be studied during one semester, allowing me to infer that at the pace verified 

during the trials the class could have finished studying all of them in just about half of 

that time. 

Being exposed and studying these kanji alone, however, does not ensure that 

they were effectively learned. We will see next statistics generated by the classified on 

the class overall performance. 
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FIGURE 16 - CHART SHOWING THE DISTRIBUTION OF THE KANJI DURING THE 25 DAYS OF 

TRIAL PER THE CLASSIFIER 

 SOURCE: Author (2016) 

 

The graph shows that the number of grade "A", or perfectly known kanji, has 

decreased during the test. This was expected considering that kanji from the first 

grades were easier, being mostly composed by kanji with few strokes and possible 

meanings. The predominance of grade "A" in the classifier indicates that the students 

generally found success on the exercises on most kanji. This could mean either that 

the class is progressing effectively and fast or that exercises were too easy. A longer 

period of trials is needed to answer this question. 

A positive sign that can be drawn from the chart is the general low levels of 

kanji of grade "E", especially since group "D" ballooned in the last days of test. These 

were kept steadily under 5%, meaning students managed to recover from kanji they 

failed to get right initially, a good sign that the application might have succeeded in 

ensuring that the students could review kanji they were struggling at the right pace. 
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4.1.1 Performance by feature 

 

Another interesting approach to analysing the collected data is exploring how 

particular features of the kanji affected the apprentice’s performance.  

One of the most easily identifiable feature which can determine an apprentice's 

performance in each kanji is its statistical placement on the JLPT. It's no coincidence 

that easier levels of the JLPT might house easier kanji, a statement I believe to be 

proven true by the classifier data. 

The three charts below show the graded kanji split in three groups: One 

containing only kanji commonly found on the easiest level of the JLPT, N5, the second 

the kanji found at the N4 and the third kanji from N3 and above. 

 

SOURCE: Author (2016) 
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FIGURE 17 - KANJI FROM THE JLPT N5 DISTRIBUTION PER THE CLASSIFIER 
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SOURCE: Author (2016) 
 

As the charts shows, students are more likely to do well on kanji which are 

commonly found on the N5 of the JLPT. The gap between N4 and N3+ is closer, but 

the trend that the higher the JLPT level is, the harder is the kanji is observable. From 

the results from these graphs we can draw a few conclusions. One is that the linguistic 

design choice of using the JLPT as one of the main features used by the classifier has 

paid back, with the program giving priority to N5 kanji before allowing the students to 

proceed to higher levels, students can achieve a less steep progression path. Another 

conclusion is on the usefulness of this data to manage the class: Knowing that students 

are doing particularly well on kanji from the N5, it’s possible to infer that the possibility 

of each student achieving success in this level of the JLPT is high, at least when it boils 

down to kanji. With this information in hand, the students can be counselled to target 

a higher level, such as N4.   
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FIGURE 18 - KANJI FROM THE JLPT N4 DISTRIBUTION PER THE CLASSIFIER 
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SOURCE: Author (2016) 

 

However, data from these charts have exposed a possible failure of the 

algorithm proposed in this work. The differences between the levels is much smaller 

than what was expected. While this may have been caused by the short period of trials, 

it also may be a suggestion that the application which fed the classifier was too easy. 

The fact that kanji from the N3 and beyond received enough positive responses from 

beginner level students for the classifier to place just under 70% in the grade "A" might 

suggest that the students found a way to get answers right without having mastered 

the kanji. 

This phenomenon might also have been caused by the fact that the application 

was not complete during trial phase. In the core design, there were the “QR-code tests” 

which were left during trials. Also, outside the scope of this paper the application goes 

beyond kanji alone. The toning down to cover only kanji to make this academic paper 

feasible might have impacted negatively the result. What stands, however, is that the 

application provides enough data to be tuned and improved, should the theory that 

students got positive results beyond reality be confirmed. 
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FIGURE 19 - KANJI FROM THE JLPT N3 AND ABOVE DISTRIBUTION PER THE CLASSIFIER 
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4.2 REMARKS ON THE EXPERIENCE 

 

Besides analysing hard data, another opportunity the trials gave me was to be 

present during the use of the application to take notes on user behaviour and receive 

general feedback from the students and teachers. 

One situation that matched my expectations on using CALL in a class 

environment was the display of more interest by students with a greater degree of 

affinity with computers. During the encounters, I received a considerable amount of 

positive feedback from these students, who tended to use the application more eagerly 

than their less computer savvy peers. 

To better understand the class reaction to the application, a feedback form was 

provided to allow the participants to give their opinion on the general experience. The 

form was anonymous and contained six multiple choice questions and one field for 

suggestions and criticisms. Ten out of the total of twenty-two students gave their 

feedback. The results of the forms are as in the following charts: 

 

 
SOURCE: Author (2016) 
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SOURCE: Author (2016) 

 

 

SOURCE: Author (2016) 
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SOURCE: Author (2016) 

 

 

SOURCE: Author (2016) 
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SOURCE: Author (2016) 

 

Despite the general good reception displayed by the students, one point that 

showed that one of the objectives of the application was not achieved was the high 

number of students that did not use the application outside class. 

Analysing the suggestions provided by the students themselves showed that 

a definitive factor that prevented them from using the application outside of class was 

the lack of a truly mobile ready format of the application. Due to time constraints, the 

application was made into a responsive single page browser based application that 

could be used comfortably from handle held devices, but required an active internet 

connection to work. The theory of this technical aspect being the cause for the lack of 

use outside of class could be further strengthen by the contrasting number of students 

who showed sizable interest in studying kanji using this CALL software. 
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5 FINAL WORDS 

My reading of several publications of CALL, including those dedicated to the 

analysis and study other CALL publications, has shown a few trends pointed as 

common mistakes in this area. One recurring point in these texts revolved around 

CALL applications not having enough theoretical background to support them. In this 

work, I tried to tackle this issue by using theories on language acquisition and areas of 

software to create the core concepts of the application produced and tested in this 

experiment. 

 Bringing computers to the classroom is by no means a novelty. However, 

technology is steadily improving and new techniques keeps surfacing. This work was 

an experiment on building CALL applications leveraging these modern technologies. I 

believe it showed the feasibility of bringing together studies on language acquisition 

and machine learning to provide one more possibility for CALL applications in real 

world situations.  

 Machine learning, a field of software closely coupled to data classification, 

provides one of the most fertile grounds for bringing innovations to CALL applications. 

This work focused mostly on data classification, but areas such as recognition of 

speech and images, for example, could become the base of notable works on this field 

in the coming years. 

New forms of input and output, for example the emergence of “multimedia” 

oriented software in the 90s and 2000s, have emerged in the past and developers and 

researches trying to profit from them to build more interesting and capable CALL 

applications helped improve how these applications impact students of L2. I believe 

the experiment produced in this work to be just like that. By experimenting with 

machine learning, this work not only paved the way for other application seeking to do 

the same, but also helped in the task of bringing attention to a field that provides new, 

attractive possibilities for CALL. 

The conceptualization, building and trial phases provided insights on the 

production of this sort of applications which, hopefully, will be of help for those 

interested in building their own applications. I believe the success and shortcomings to 

be found in this work will be of helping in extending the foundation on which CALL 

software can be produced in the future. While this work focused on Japanese as L2, I 

believe what was produced in it can be adapted to suit the peculiarities of the study of 
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other languages. On the machine learning aspect, despite being based on a simple 

algorithm, the somewhat successful usage of machine learning in the scope of kanji 

learning should provide developers reading this paper with insights, ideas and a clearer 

path to build their own applications. 

Another good point left by this work is that CALL applications does not have 

necessarily to be a complex monolithic software that seeks to replace entirely the roles 

of the traditional educator and orthodox teaching methods, which, I believe, is a 

downside of some CALL works. Instead of competing with older forms of study, by 

seeking to integrate with them we can produce applications which are not only better 

suited to real work environments, but also more appealing to those currently working 

with traditional techniques. 

In the future, I expect to expand this work to include other areas of the Japanese 

language and to deepen its machine learning capabilities in order to produce the 

blueprints to an application that, hopefully, will cause a positive impact in classes of 

Japanese as L2 while integrating with currently used methods. 

In this expansion, I would like to add the decoupling to the particularities of 

Japanese as one of the goals sought by this work. By being more generic, I believe 

the purpose of being an experiment seeking to expand the foundation of CALL 

applications will be better achieved, while broadening the audience who can benefit 

from what was written in this pages. 
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