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Abstract

This study focuses on foreign language vocabulary learning in computerized medium and 
seeks behavioral variables that best reflect the difficulty level of learning material. In this 
respect, we employ a spaced repetition flashcard software and display English vocabulary 
belonging to various word classes as well as difficulty levels to a set of participants and 
determine the most efficient variables in representation of task difficulty and estimation 
of required effort. Based on an analysis of activity logs, we propose a set of behavioral 
variables, which have a potential relation to task difficulty. Subsequently, we examine 
the correlation between these behavioral variables and task difficulty levels. Our results 
indicate that variables at deck level have a stronger relation to difficulty than those at card 
level. In addition, when the correlation of the proposed variables with the difficulty level 
is contrasted to users’ self assessment of difficulty, the proposed variables are found to 
be more reliable indicators of difficulty. Such variables are promising for improving the 
performance in user-adaptation, scheduling of learning tasks, and estimation of learning 
effort, motivation and engagement among others.

Keywords: E-learning, behavioral variable, adaptation, effort estimation, engagement.

1 Objectives and Related Work

Recently, computer based tutoring systems are have become common learning tool at var-
ious levels of education as well as in voluntary self-motivated pursuit of knowledge (i.e. 
lifelong learning)[1]. The rapid diffusion of such systems into education is suggested to be 
due to a series of reasons including their low cost, ease of access, and diverse range of study 
materials [1, 2, 3].

In addition to these, one of the most important advantages is considered to be user-
adaptative properties, and specifically providing of personalized support through various 
interventions (e.g. adjustment of pace, introduction of incongruity, arousing of curiosity) [4,
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5]. However, incorporation of such stimuli initially requires assessment of the amount of 
learning effort or user’s motivational state.

The estimation of learning effort can be utilized for several purposes. For instance, if 
the required effort is very high, i.e. the study material is too challenging for the user, it can 
be considered to adjust it to a more reasonable degree for avoiding frustration. Similarly, 
if the effort is very low, i.e. the material is too trivial, it can be considered to adjust it to 
a higher level to avoid boredom and monotony. In addition to the adjustment of material 
difficulty, estimated effort can be incorporated with estimation of user’s state of engagement 
(i.e. focused, distracted, fatigued etc.)[6].

Specifically, the learning platform (e.g. computer, smart phone, tablet) offers a con-
venient medium for observing various user behaviors summarized in activity logs [7]. In 
particular, several computer-recorded values such as frequency of logins, number and fre-
quency of responses/views, time spent online etc. emerge as convenient attributes for esti-
mation of learning effort, workable on almost any platform [8, 9].

Activity logs are an integrated part of almost any e-learning system independent of the 
specifics of the learning subject (e.g. foreign language, mathematics), target user profile 
(e.g. students, off-curriculum learners), or teaching method (e.g. tests, quiz), etc. [10, 11]. 
In addition, they are easy to record from a large number of users, and they capture an abun-
dant variety of information enabling detection of regularities or deviations within numerous 
users. To date, various behavioral variables are derived from computer recordings, namely 
log files, such as task duration, response/decision time, answer correctness etc. [11], which 
bear the potential of observing certain actions at intermediate stages of the learning session, 
enabling a continuous monitoring of users’ motivational state [12].

Numerous studies examine these behavioral variables at several difficulty levels. How-
ever, they often disregard any inherent variations on learning material. For instance Ma et 
al. study the relation between reaction time and difficulty regarding a textbook irrespective 
of the required skills for different subjects [13]. Similarly, Beck detects disengagement us-
ing response time to cloze type questions, where users need to identify deleted words in a 
sentence, irrespective of the word class or grammatical function [14]. In addition, although 
analysis of activity logs has been employed in detection of motivational state of users since 
a long time, most studies consider markers of a single particular task [7, 15, 16]. In that 
respect, this study distinguishes itself by investigating the effect of varying content types.

Moreover, this study investigates the relation between several behavioral variables and 
difficulty levels across content types. Any possible behavioral variation with respect to 
content type enables fine-tuning of the interventions or adaptations (e.g. optimization of 
task scheduling) or improving detection of disengagement [17, 12]. In that respect, it 
offers an additional and more profound evaluation of efficacy in addition to the conventional 
approaches relying merely on final test accuracy [18].

Specifically, we consider the task of memorization (of vocabulary), which is a sub-
stantial part of foreign language education. We prepare several tasks involving vocabu-
lary from different word classes and with different difficulty levels. We then present them 
through a spaced repetition flashcard software to several participants and record their activ-
ity logs [19]. From activity logs, we derive certain behavioral variables and investigate the 
effect of content type on those variables. Particularly, recent research on neural processing 
mechanisms relating different word classes provide promising results and indicate a po-
tential of fine-grained adaptation of the learning software in relation to such background 
information [20].
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2 Experiments

In order to promote the expansion of behavioral spectrum of learners, we designed several 
diverse tasks. In particular, the tasks vary in (i) their content type and (ii) difficulty stage (i.e. 
required learning effort). The tasks are presented through a free and open-source e-learning 
platform, which is modified to register particular user a ctions. The registered actions are 
then employed in representing user behavior. A total of 6 users (henceforth, participants) 
carry out the tasks on the e-learning platform and their activity logs are collected1. In 
particular, the participant set is constituted by 4 females and 2 males, all mother tongue 
Japanese speakers, with an age of 43 ± 7.1. In what follows, we provide further details on 
the tasks, e-learning platform, and activity logs.

2.1 Experiment tasks

The tasks target English language vocabulary learning. In terms of content type, we consider 
different sorts of vocabulary, or lexically speaking, parts of speech, as (i) concrete noun,
(ii) abstract noun and (iii) verb. Moreover, for each content type, we build three sets of
vocabulary (henceforth, decks) at difficulty l evels o f ( i) e asy, ( ii) m edium o r ( iii) hard,
denoted by E, M and H, respectively.

In particular, this objective level of difficulty i s a chieved b y s electing t he vocabulary 
from different sets of study materials of a standardized English test (i.e. STEP Eiken) at 
different stages (i.e. proficiency l evels). Moreover, we represent it by an integer v ∈ [1,3], 
where v = 1 corresponds to E, and v = 2 and v = 3 correspond to M and H, respectively. 
We adjusted the composition of the decks using the method of [21] such that E is performed 
effortlessly, while M is in fair correspondence with users’ skills, and H is involves words 
least familiar to users, and in that, requires significantly h igher e ffort t o r emember. We 
confirmed using rank bi-serial correlation that the assigned difficulty levels of the cards are 
uniform within each deck, diverse between different decks and comparable across content 
types [22].

2.2 E-learning platform

The aforementioned tasks are delivered through a spaced repetition flashcard software “Anki” 
[23, 24]. In analogy to the physical flashcards, a virtual flashcard has two sides as front and 
back (See Figure 12). Here, front side involves the query (i.e. a word in Japanese), whose 
correspondence the user needs to remember in English. The correct correspondence, i.e. 
answer can be seen by flipping the card and disclosing the information on the back side.

The general course of tasks is initialized by receiving a query. Subsequently, the user 
tries to remember the answer to this query and then “flips” the card to (i) learn or confirm 
the answer and (ii) evaluate his/her confidence in remembering this answer. The evaluation 
consists of choosing one out of the three options of “Again”, “Good” or “Easy”. We con-
sider this evaluation as the subjective (i.e. perceived) level of difficulty of that query, and 
represent it with v′ ∈ [1,3]. In particular, choosing “Easy” is denoted by v′ = 1, whereas 
“Good” and “Again” are denoted by v′ = 2 and v′ = 3, respectively. Note that, all words in

1The participants are informed in a clear manner about the nature and method of the research, volunteered 
to participate in the experiments, and gave their permission for data recording. The participants reported to 
have an approximately same skill degree in English (corresponding to high school graduate level).

2For readability, the interface is displayed in English, but in experimentation a Japanese interface is used.
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(a) (b)

Figure 1: (a) Front and (b) back sides of a sample card.

the same deck have the same objective level of difficulty v, irrespective of the time point in
the experiment, whereas the subjective level of difficulty v′ is expected to decrease in time,
as the participant practiced it (multiple viewings of the cards). Upon evaluating difficulty,
the succeeding word appears, until the user exhausts all the cards in the deck. Although
there is no time limit on how long can the query be viewed or the answer can be reviewed,
we let the users study a deck for at most 15 minutes.

2.3 Activity logs

The software registers user activity into a log file in terms of a set of markers. First of all,
several identification information about each individual card is registered, namely d and i,
which are both 13-digit integer codes representing deck ID and card ID, respectively. In
addition, we consider 3 kinds of markers as tp, te, t f representing time course of the exper-
iment. In particular, tp denotes the instant, at which the query is displayed. In addition, t f

and te represent the instants, at which the user flips the card, and the instant he/she evaluates
the difficulty of that vocabulary3. Finally, we register the subjective level of difficulty v′,
reflecting users’ confidence in recalling a particular vocabulary as explained in Section 2.2.

3 Methodology

Based on the activity logs mentioned in Section 2.3, we propose a set of variables reflecting
users’ behavioral patterns. We then investigate the correlation of those behavioral variables
with varying difficulty levels across different content types. In what follows, we provide the
explicit definitions of our behavioral variables, and the investigation of the relation between
the proposed variables and difficulty levels.

3.1 Behavioral variables

We process activity logs and derive several markers, which have the potential of indicating
how much strain a card or a deck puts on a user (to accomplish the goal of memorizing).
Specifically, we consider the following 10 behavioral variables.

Three behavioral variables are derived from number of card displays (or reviews) as
nc, navg and ntot. Here, nc denotes the total number of displays of a card. Namely, for a
card i, which is displayed ni times, nc[i] = ni. Since nc is defined on a card-basis, it can

3All the variables relating time, i.e. tp, te, t f , are registered in standard Unix time in milliseconds.
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navg =
∑i∈d ni

N
, (1) ntot = ∑

i∈d′
ni, (2)

where d′ is the set of cards that the user studied from deck d and N is the number of cards in
deck d. Since navg and ntot are defined on a deck-basis, they are expected not to be affected
by minor irregularities of difficulty within the deck.

In addition, if the deck is trivial for the participant, he/she is likely to finish studying all
N cards within the allowed time window. However, if the deck is challenging, the user may
consume the time limit without exhausting the cards (but studying only the cards in d′).
The introduction of the two behavioral variables of navg and ntot allows us to better address
this latter situation. Namely, while both variables are expected to grow with deck difficulty,
only the growth in the latter one is affected by the ability of the user to finish the deck.

In addition to the set of variables derived from number of card displays, we derive
another set of variables from the time stamps. For the card i, let tq[i] represent the average
duration that the user viewed the front side. Moreover, let t f [i, j] represent the time card
i was flipped on its jth viewing, and let tp[i, j] stand for the time of prompt for the same
viewing. Then tq[i] can simply be defined by taking the average over all ni viewings,

tq[i] =
∑

ni
j=1 t f [i, j]− tp[i, j]

ni
(3)

In addition, the average duration spent on back side of card i and the average duration spent
on card i can be expressed as,

ta[i] =
∑

ni
j=1 te[i, j]− t f [i, j]

ni
(4) tc[i] = tq[i]+ ta[i] (5)

Moreover, we account for rate of front (query) viewings to back (answer) viewings rqa,

rqa[i] =
∑

ni
j=1 tq[i, j]/ta[i, j]

ni
. (6)

Note that tq[i], ta[i], tc[i] and rqa[i] relate a single card i. In order to represent user’s reactions
against the entire deck, we define t̄q[d], t̄a[d], t̄c[d], which are averages of the corresponding
variables for all cards in deck d. Let t̄q[d] be the average duration, which the user spent on
the front sides of all cards belonging to deck d,

t̄q[d] =
∑i∈d′ tq[i]

N′
, (7)

where N′ is the number of cards in d′. Using a similar logic, we define three other variables 
for deck d as t̄a[d], t̄c[d] and r̄qa[d].

As we examine the distribution of behavioral variables, we see that there are several 
outliers. Since these values are quite few in quantity, we regard them not to represent 
the “normal” behavior and filter them out by preserving the data below a threshold which 
bounds the lower 95% of all data. After this sort of preprocessing, the probability density 
functions of the above-mentioned behavioral variables regarding all users, content types 
and difficulty levels are approximated as in Figure 2.

potentially be subject to large variation, particularly if the difficulty is not uniform within 
the deck. Therefore, we define two other variables as n avg and n tot, which are expected to 
be less prone to the effect of irregularities. Namely, navg is average number of displays for 
all -displayed- cards in a deck, whereas ntot is the total number of card displays from a deck 
within the time limit (of 15 minutes).
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This effect can also be noticed when card level variables (i.e. tq, ta, tc and rqa) are con-
trasted to the deck level variables (i.e. t̄q, t̄a, t̄c and r̄qa). Namely, averaging the variables 
across viewings of a card, does not help in eliminating the variations between cards. How-
ever, as we represent behavioral patterns addressing an entire deck, i.e. in terms of t̄q, t̄a, t̄c
and r̄qa, we notice that certain variables achieve a high correlation with deck difficulty v, in 
particular, t̄a. It is not surprising that t̄a has a higher correlation than t̄q, since the front side 
involves only the prompt and in that does not require a significant effort, whereas the back
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Figure 2: Density estimations of distributions of behavioral variables.

4 Results and discussion

In order to determine the variables that best reflect the effect of task difficulty on  user 
behavior, we investigate the quality and extent of the relation between the difficulty levels 
(of the cards or decks) and the variables proposed in Section 3.1. To that end, we employ 
polyserial correlation, which defines the correlation between a quantitative variable and an 
ordinal variable [25]. In our specific case, numerical variables are the behavioral variables 
defined in Section 3.1, whereas ordinal variables are objective levels of difficulty v.

4.1 Correlation of behavioral variables and difficulty levels

The polyserial correlation values illustrated in Table 1 represent the relation between ten 
behavioral variables and three objective levels of difficulty. In addition, in order to provide 
a baseline, we consider assigned difficulty by the user v ′ as a pseudo-variable, and present 
its correlation with the objective difficulty v.

Examining the efficacy of each behavioral variable in representing the task difficulty, 
we see that ntot and navg have higher correlation than nc. This observation is in line with 
expectations, since these variables are less exposed to variations of difficulty between cards 
but relate the entire deck.



Table 1: Polyserial correlation between behavioral variables and difficulty levels for varying
content types.

Behavioral variable Abstract noun Concrete noun Verb

nc 0.64 0.65 0.64
navg 0.90 0.95 0.90
ntot 0.85 0.90 0.83

tq 0.18 0.24 0.29
ta 0.48 0.41 0.42
tc 0.44 0.40 0.46
rqa 0.28 0.19 0.24

t̄c 0.84 0.79 0.82
t̄q 0.56 0.60 0.70
t̄a 0.93 0.88 0.80
r̄qa 0.85 0.85 0.75

v′ 0.76 0.68 0.72

side is viewed for longer since it presents the essential matter to memorize. Obviously, this 
is particularly true for the first time interaction (i.e. studying a deck of cards for the first 
time), as is the case in our experiments.

A very interesting observation from Table 1 is that users’ subjective assessment of dif-
ficulty v′ has a lower correlation to objective level of difficulty v than some of the 
proposed behavioral variables (e.g. t̄a, t̄c). Therefore, we can claim that those behavioral 
variables provide a more accurate estimation of effort than users’ own estimation.

Another interesting point of Table 1 is that in terms of ta and tq, verbs present slightly 
different characteristics in comparison to abstract and concrete nouns. Moreover, the dis-
crimination seems to be in opposite directions, i.e. tq relating verbs is slightly larger than 
those relating abstract or concrete nouns (0.70 > 0.56,0.60). On the contrary, ta is slightly 
smaller for verbs (i.e. 0.80 < 0.93,0.88). The potential reason could be that actions are 
represented or associated in a different manner than namings and demand different neural 
processing [20]. We find these inferences drawn from the variables computed at the card 
level particularly interesting, since they have the potential of monitoring intermediate stages 
of learning sessions in addition to the entire course of learning [26].

4.2 Discussion on effect of stimulus length

According to literature, various potential markers have been proposed to be in relation to 
vocabulary difficulty, where one particular marker is word length. In particular, word length 
can affect the time, that is necessary for reading the query or the answer. Namely, it may 
take longer time for the participants to react to longer queries or answers than shorter ones. 
Therefore, we need to confirm that the correlation between the proposed variables is due to 
the level of difficulty, and not due to the -possibly- longer lengths of more difficult words.

   In order to eliminate any doubts of bias due to word length, we compute word length
of decks with various levels of difficulty and confirm that there is no significant relation
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between length and difficulty. Tables 2-(a), (b), (c) illustrate length of the prompt and the
answer in terms of characters and strokes, respectively.

It is noteworthy to mention that the characters on the front sides of the cards are
ideograms (i.e. Chinese characters). Therefore, in order to quantify their complexity, we
use both the number of ideograms and the number of strokes. In any case, we can see that
there is no significant relation between word length (represented in number of ideograms
or strokes) and level of difficulty. In other words, the length of an arbitrary word from one
deck, is highly likely to lie withing a single standard deviation of another particular deck.
This assures that any behavioral distinction is due to vocabulary difficulty and not due to a
higher number of characters or strokes.

Table 2: Statistics of (a) query length in number of Chinese characters, (b) query length in
number of strokes, (c) answer length in number of roman letters.

(a)

Abstract Concrete Verb

Easy 1.90 ±0.60 2.13 ±0.62 2.50 ±0.73
Medium 2.03 ±0.41 1.96 ±0.55 2.96 ±0.92
Hard 2.50 ±0.68 2.53 ±0.97 3.9 ±0.80

(b)

Abstract Concrete Verb

Easy 16.80 ±6.78 17.06 ±6.67 12.70 ±4.78
Medium 17.63 ±5.83 21.06 ±8.17 16.00 ±6.29
Hard 22.90 ±7.07 22.26 ±6.75 21.33 ±6.90

(c)

Abstract Concrete Verb

Easy 6.23 ±1.83 5.50 ±1.79 4.73 ±1.55
Medium 8.16 ±2.19 7.06 ±2.49 5.23 ±1.43
Hard 8.56 ±1.94 7.13 ±1.90 7.3 ±1.39

5 Conclusions

This study focuses on vocabulary learning task on digital platforms and seeks for variables 
that best reflect the effect of task difficulty on user be havior. To that end, vocabulary from 
various word classes and at different levels of difficulty are presented to learners through a 
spaced repetition flashcard s oftware. Using activity logs, a  set of behavioral variables are 
derived and the effect of task difficulty on these variables is investigated. It is observed that 
behavioral variables derived at the deck level present higher correlation with difficulty than 
those computed at card level. It is also noteworthy that the correlation of these variables are 
higher than the self assessment of the user regarding difficulty level, which indicates to the 
potential benefits of the behavioral v ariables. In addition, variables collected at card level 
show similar characteristics for abstract and concrete nouns, whereas verbs are somewhat 
distinguished by higher t̄q and lower t̄a values.
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