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Abstract: The aim of our present study is to develop a system to apprehend when learners 

hesitate in the process of solving English word-reordering problems. Learners' hesitation would 

be, when detected, an important clue to know learners' lack of knowledge needed to solve the 

problems. Our system provides an interface with which learners perform tasks of reordering 

given words by the use of mouse drag-and-drops, and it also records learners' study logs of 

mouse movements and behaviors. In this study, regarding the problem of detecting hesitation as 

a classification problem of study logs into two labels, or, "hesitating" and "not hesitating," we 

will adopt a supervised learning technique in machine learning. Parameters of mouse behavior 

(e.g., average speed, and drag-and-drop time) are used as features for classification, and those 

classified as "hesitating" behavior help teachers identify the difficulty learners have experienced 

in the solving process. 

 

 

Introduction 
 

 In word-reordering problems (WRPs), learners are required to make an English sentence from given 

words, one with a meaning equivalent to the sentence provided in the learners’ native language. This type of 

problem has been and is even now a popular means in Japan to measure learners’ knowledge of grammatical 

items, sentence structure, idioms/idiomatic phrases, and usages—the command of which is essential for producing 

correct sentences. Since Japanese is a synthetic language, it has quite a loose word order, while in an analytic 

language like English, word ordering has a crucial importance to decide the meaning of the sentence, its 

grammaticality, and acceptability. This is why novice or poor Japanese learners of English have difficulty in 



 

 

making a correct English sentence, and WRPs are effective in confirming the ability needed to produce English 

sentences. 

 Although word-reordering tasks are commonly performed on paper-based, we have developed a system 

with which learners solve WRPs in the e-Learning setting, and learners reorder the given words and produce a 

sentence by the use of mouse “drag-and-drops” (D&Ds). This enables us to not only record all mouse movements 

but also reproduce them both visually and mathematically. 

 According to J. Huang, et al. (2012), eye movements, which reveal users’ psychology during 

performance, are closely related to mouse movements. Our hypothesis is, therefore, that the learners’ 

psychology—especially the hesitation resulting from lack of knowledge—is reflected in their mouse movements, 

and that we will be able to ascertain when and where in the process of solving problems hesitation occurs by 

analyzing mouse movements. This will help teachers identify the weakness of each one of learners and offer 

review or further exercise appropriate to individual learners. 

 

 

Related Research 

 
 There have been several studies that have featured the analysis of study logs or mouse movements of 

learners, psychological approach to system users, or machine learning adopted in e-Learning. Cetintas, et al. 

(2010) proposed a machine learning model to identify students’ off-task behaviors while working with an 

intelligent tutoring system, by making use of a set of evidences such as time, performance, and mouse movement 

features. Ohmori, et al. (2006) scrutinized mouse behavior during the course of learners’ reading task, classifying 

learners’ reading habits into three general patterns. They indicated the effectiveness of learning would be detected 

through these reading patterns. Freeman and Ambady (2010) developed a software package called 

“MouseTracker,” which monitors subjects’ behaviors during a psychological task, with the mouse trajectories 

being processed and visualized in real time. Nakamura, et al. (2010) analyzed facial expressions, eye movements 

and head position in order to know the difficulty/easiness of the e-Learning problems the learners solved. 

 We discussed in Miyazaki, et al. (2011) and Zushi, et al. (2012), (2014a), (2014b), (2015), that mouse 

trajectory data would be potential indicators of the degree of learners’ understanding level and hesitation, which 

otherwise cannot be detected from mere scores. 

 

 

Web Application 

 
 Our software has three modules with independent, but also interrelated functions: 1) Problem 

Construction Module, where teachers construct and add new problems on their own, or change marking scales 

from the default form; 2) Study Module, which requires learners to perform word-reordering tasks by “dragging 

and dropping” each word into the appropriate position in a sentence, simultaneously recording all the mouse 

trajectories as well as the timing of D&Ds in answering the problems; and 3) Retrieval & Analysis Module, which 

reproduces all the actions in the learners’ mouse trajectories, and analyzes the data from the diverse patterns of 

the study logs both from the learners’ and problems’ perspectives. This software, consisting of three modules, has 

been programmed using PHP, JavaScript, and MySQL. 

 Module-1: Problem Construction Module. This module provides WRPs for learners to solve. The 

processes of making problems are shown in Figure 1. 

 



 

 

 
 

Figure 1: Procedure for a WRP construction. 

 

 The database in this module stores the following data. 

1) English sentences and the corresponding meaning in Japanese 

The English words used in the sentence will be broken down automatically in random or alphabetical order, or 

the teacher can use optional order of his/her own. By choosing one of the three methods, the teacher will be able 

to avoid rather serious danger of producing a WRP which is similar in form to the correct sentence. Also an “Alert” 

function is incorporated into this module to eliminate the teacher’s burden of checking these similarities between 

problem and answer sentences. 

2) Chunk of and/or fixed words 

A series of words become one group (= a chunk of words) when the straight-bar(s) “|” that separate each adjacent 

words are deleted, and the chunk will be treated as one word, making the number of words included in the problem 

smaller. Also, the word position in a sentence can be fixed. Once a word or a group of words are fixed to a certain 

position, learners are not able to change it. The “fixed words” help teachers avoid double/multiple correct answers 

to one problem. The computer’s binary recognition system accepts only one generated sentence as the correct 

answer unless another or other correct ones have been additionally programmed in advance. The “fixed words” 

make it easier for teachers to deal with a sentence composed of words that can be arranged into more than one 

correct order. For example, the sentence, “They went out of the room unobserved” can also be ordered correctly 

as “Unobserved they went out of the room.” Using this function, though, teachers can fix the position of 

“unobserved” in the initial or end position (as in Figure 1), and thereby prevent the possibility of double correct 

answers. 

3) Degree of difficulty and grammatical items 

All problems are classified into one of three grades (lower, intermediate, and higher) according to difficulty of 

each problem. Also, grammatical items such as gerund, relative pronoun, subjunctive, are labeled on each problem. 

There are 21 items and one problem may include more than one grammatical items.  

4) Partial credit 

Teachers can prepare partial credit for a correct part of a sentence or a sentence which is not completely correct 

but good enough to make sense (e.g. Olympics are watched by the people all over the world). 

The whole list of problems including formerly stored ones in this database can be available as well as a target 

group of problems retrieved by the keywords, phrases, or grammatical items. 



 

 

 Module-2: Study Module. In WRPs, learners are asked to reorder given words and to make an English 

sentence in accordance with the sentence provided in Japanese. The words to be rearranged are given in the 

“problem slot,” and all the words should be moved into the “answer slot” by D&Ds with the mouse (Figure 2). 
 

 
 

Figure 2: Study Module. 

 

 It is required for learners to press the OK button to finish answering, and then they rate their confidence 

level in the answers on a four-point scale—confident, a little confident, not so confident, or not confident. Using 

a newly added function to this module, they have a chance to report which word(s) have been difficult to reorder 

by checking the word(s) in their own answers (Figure 3). After all these procedures are completed, the answers 

are automatically evaluated by the system. 

 

 

 
 

Figure 3: Difficult word(s) reported by learners themselves. 

 

 In order to facilitate learners’ performing the tasks, this module has the following functions: 

1) Word groupings: an arbitrary number of words can be grouped together by mouse-dragging (rectangular 

selection) if it is convenient for learners to treat them together, and; 

2) Relocation to registers: areas called “registers” are provided as a temporary “shelter” for words, where a set of 

words can be integrated into meaningful segments if it is preferred for learners to organize their ideas. 

 All mouse movements for solving problems are recorded in this module, such as D&D(s), U-turn(s) (the 

right-and-left or up-and-down mouse movements), and the time used in one treatment of one word, as well as the 

time elapsed between a particular drop and the click of the next word (D-C time), and standstill time of the mouse. 

 Module-3: Retrieval and Analysis Module. The study log data recorded by the Study Module when 

learners perform tasks, can be retrieved and analyzed by using one of the six menus in the Retrieval & Analysis 

Module. The menus included in this module are Reproduction, Learner Analysis, Problem Analysis, Study Log 

Retrieval, Correlation Analysis, and Clustering menus, each of which has links to related pages of other menus 

so that teachers are able to have an access to sets of data they want to check. 

“report which word(s) have been difficult to reorder” 

slot for free description 

clicked word 

confidence levels 

answer slot 

 

Japanese sentence 

registers 

OK 
problem slot 



 

 

 1) Reproduction: mouse trajectories are reproduced in visible lines whose colors change every ten 

seconds, so that the newer lines can be identifiable when the trajectory lines overlap, with reproduction speed 

changeable from 50% to 500% of its original speed, and also with reproduction being able to start at any selected 

point on the slider. Teachers can physically observe the solving processes by which learners have reached their 

answers (Figure 4). 

 

 
 

Figure 4: Reproduction of mouse trajectories. 

 

 2) Learner Analysis: data for a particular learner is available, such as the percentage of correct answers 

classified by grammatical items, the total number of problems attempted, the percentage of overall correct answers, 

as well as the average time needed for answering problems. 

 3) Problem Analysis: data for a particular problem can be reviewed, such as the number of times the 

problem was attempted by all learners, the percentage of correct answers, the average time needed for answering 

a certain problem, the number of words to be reordered in the problem, and so on. Answers for a particular group 

of problems sorted by the degree of difficulty or grammatical items can also be displayed. 

 4) Study Log Retrieval: this menu helps teachers retrieve data for specific criteria they want to focus on. 

Combining several search types and commands, the teacher can have an access to, for example, learners that used 

U-turns more than 15 times to solve a particular problem, or problems that required D&Ds less than 10 times for 

a certain learner to solve. 

 5) Correlation Analysis: with this menu correlation analysis is available between scores and other 

parameters for mouse movements—such as response time needed, the number of D&Ds, the total distance of 

mouse movement, and the number of U-turns —from either the learners’ or the problems’ perspective.  

 6) Clustering: this function assembles similar logs in groups. Considering the large difference in the 

variances and scales of each parameter, a standardized Euclidean distance was used instead of the generally used 
(non-standardized) Euclidean distance. Ward’s method was adopted for computing the distances among clusters. 

Teachers can choose the number of clusters and which parameters to be incorporated for clustering criteria, from 

“the ratio of correct answers,” “the number of D&Ds,” “the number of U-turns,” and “average answer time.” 

For more detailed description of the menus and their functions in Retrieval & Analysis Module, refer to Zushi, et 

al. (2014a) and (2014b). 

 

 

Feature Extraction by Mouse Trajectories 
 

 In this application, X and Y coordinates of the mouse location at each time step are stored along with its 

status. Concretely, the following data are recorded: 

 X and Y coordinates 𝑥𝑖 and 𝑦𝑖  at time step 𝑡 = 𝑡𝑖, respectively, and 

 The value of the MouseDown property of the mouse at 𝑡 = 𝑡𝑖. 
 From these, the following parameters are computed as features of mouse trajectories. Each parameter 

value is obtained every time one learner solves one problem. 

 Total distance of mouse movement:  

𝑇 =∑ √(𝑥𝑖+1 − 𝑥𝑖)
2 + (𝑦𝑖+1 − 𝑦𝑖)

2
𝑛−1

𝑖=0
 

 Average velocity (= 𝑇 / answer time) 



 

 

 Maximum velocity 

 Longest standstill time 

 Total standstill time 

 Number of vertical and horizontal U-turns 

 Number of D&Ds 

 Maximum D&D time 

 Minimum D&D time 

 Maximum D-C time 

 The maximum velocity is the maximum value of the velocity computed between each two continuous 

time steps. The standstill time is the time when there is movement in neither the X nor Y coordinates of the mouse. 

A horizontal U-turn occurs when the signs of 𝑥𝑖 − 𝑥𝑖−1  and 𝑥𝑖+1 − 𝑥𝑖  differ. Vertical U-turns are counted 

similarly. The maximum (minimum) D&D time is the longest (shortest) time required to complete one D&D 

operation. The maximum D-C time is the longest D-C time, which was previously defined. 

 Computation of some of the parameters is illustrated in Table 1 and Figure 5. The standstill time is the 

time elapsed with no mouse movements—namely, from 𝑡7 to 𝑡8. The standstill time is counted only between 

𝑡7 and 𝑡8; the maximum standstill time is 100 (ms). A horizontal U-turn occurred once (between 𝑡2 and 𝑡4), 

and vertical U-turns occurred three times (between 𝑡2 and 𝑡4, 𝑡4 and 𝑡6, and 𝑡5 and 𝑡7). D&Ds are counted 

at bold lines for 𝑡1 to 𝑡3 and 𝑡5 to 𝑡6 (twice). The D&D time is measured to be 200 ms (𝑡3 to 𝑡5) and 500 

ms (𝑡6 to 𝑡11). Therefore, the maximum D&D time is 500 ms. 

 

i ti 
X- 

coordinate 

Y- 

coordinate 

Mouse status 

(1:Down 0:Up) 

1 100 218     84     1 

2 200 128     145     1 

3 300 58     221     0 

4 400 76     162     0 

5 500 135     82     1 

6 600 192     217     0 

7 700 264     161     0 

8 800 264     161     0 

9 900 377     144     0 

10 1000 454     130     0 

11 1100 507     84     1 

 

Table 1: Example of parameters. 

 

 
 

Figure 5 Mouse trajectory reproducing the data in Table 1. 

 

 

 

 



 

 

Distinction between “Hesitating” and “Not Hesitating” 
 

 In this study, regarding the problem of detecting hesitation as a classification problem of study logs into 

two labels—"hesitating" and "not hesitating"—we will adopt a supervised learning technique in machine learning. 

Its algorithm and incorporated method are explained below. 

 First, the classification problem in machine learning is outlined. A classifier is gained with the learning 

data consisting of labels and features. After the classifier is created, a label is output by inputting parameter values 

of the features. The label is set to the degree of confidence obtained by the answers from the learners. The features 

are the parameter values summarizing the mouse movements described in the previous section. At present, the 

application asks learners to give the degree of confidence in solving each WRP. However, the classifier with a 

high precision will enable the degree of confidence (i.e., degree of hesitation) to be judged only by the study logs 

created by learners. 

 Implementation has been achieved using scikit-learn (Pedregosa, et al., 2011), a library running on 

Python. In addition, random forest (Friedman, et al., 2001) was adopted for the learning algorithm. Random 

forests is an ensemble learning method for classification, regression, and other tasks, that operates by constructing 

a multitude of decision trees during the training time and outputting the class. One of the pros of the random forest 

algorithm is its easy determination of which features made a contribution to the classification. 

 

 

Experiments and Evaluation 
 

 To collect label and feature data, 20 students with a variety of majors at a certain university in Japan 

were asked to solve 30 problems using the WRP system we have developed. We conducted an experiment in 

which the subjects were informed that their mouse trajectories would be recorded and analyzed for the purpose 

of investigating their solving processes. Five hundred ninety-two sets of data were correctly stored, eight of which 

were inappropriate for analysis owing to a recording failure. 

 For the evaluation, we adopted a leave-one-out cross-validation test with ten divisions and produced the 

ratio of correct answers, precision, recall, and F-measure for performance indices. 

First, the distribution for the degree of confidence obtained from subjects’ study logs is shown in Table 2: 

 

Confidence Not confident Not so confident A little confident Confident 

# of data 103 121 175 193 

 

Table 2: Distribution of confidence. 

 

 Among these data, regarding 103 data (not confident) as “hesitating” and 193 data (confident) as “not 

hesitating,” the classification was attempted. The resulting correctness and baseline ratios (the ratio for the 

appearance of the most frequent label) are shown in Table 3, in which the ratio of correctness is the ratio of all 

data that were correctly classified. It is confirmed that the proposed method achieved improvement in the ratio of 

correctness relative to its baseline by more than 10%. 

 

Ratio of correctness Baseline 

0.763 0.652 

 

Table 3: Ratio of correctness and baseline. 

 

 Next, Table 4 presents the averaged precision, recall, and F-measure for “hesitating” and “not hesitating.” 

 

 



 

 

Label Precision Recall F-measure 

Hesitating 0.816 0.824 0.817 

Not hesitating 0.682 0.648 0.655 

 

Table 4: Precision, recall, and F-measure. 

 

 For all three criteria, hesitating showed higher correctness. The proposed method is proved to have 

higher potential to judge when data including hesitation is more likely to be guessed correctly. 

The top 5 ranked features that make contributions to construct the classifier are listed in Table 5. Note that these 

orders are based on the averaged decrement of Gini coefficients in the random forest algorithm. 

 

Rank Parameter 

1 Maximum D-C time 

2 Total distance of mouse movement 

3 Average velocity 

4 # of horizontal U-turns 

5 # of vertical U-turns 

 

Table 5: Significant top 5 parameters for classification. 

 

 The maximum D-C time made the largest contribution to construct the classifier. The large magnitude 

of this parameter implies that there were cases in which more time was needed to make a decision on which word 

to reorder next, after the completion of one reordering. 

 Next, the topic will be shifted to the maximum D&D time (not the maximum D-C time). The large 

maximum D&D time shows that there existed a word that took a long time to be dropped after the subject started 

to drag. The fact that the maximum D-C time made a more significant contribution to classification than the 

maximum D&D time implies that the hesitation by learners is attributed to the time needed to make a decision on 

which word to move rather than the time needed to make a decision on where to move the chosen word. This also 

suggests that learners begin to move words after they make a decision on where to move them, rather than 

hesitating after they start to move them. 

 That fact that the total distance of mouse movement contributed to constructing a classifier indicates that 

the more attempts are made to reorder words, the more subjects are hesitating. The authors had assumed that this 

fact would be observed more clearly in the number of D&Ds. However, this feature did not work appropriately, 

probably because such a parameter depends on the number of words in a problem rather than the extent of 

hesitation by the learners. In fact, the number of D&Ds made the least significant contribution among all features 

used in this experiment. 

 

 

Summary 
 

 In this study, a method was proposed to judge whether learners hesitated in the process of solving WRPs 

by applying the technique of supervised machine learning. In its course, a classifier was constructed using a 

random forest algorithm with the degree of confidence learners rated as labels and parameter values of mouse 

movements as features. In the experiment, it was shown that the ratio of correctness was more than 10% higher 

than the baseline ratio. The top 5 significant parameters in constructing a classifier were also discussed with their 

rationales. The future plan of this study is to reduce the granularity of the location where hesitation takes place. 

Currently, the proposed method attempts to identify the problems in which learners hesitate, but our aim is to 

identify the very word in the problem on which they hesitate. This analysis will be feasible by having learners 

mark the words on which they hesitate when solving WRPs (as in Figure 3) and devising more features that are 

specifically meaningful word-wise rather than merely problem-wise in the following study. 
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