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Abstract: Incidental word learning tasks are widely adopted in pedagogical activities and
self-paced learning processes, given their advantages of providing rich contexts and training on
other language skills. While these tasks, diverse learners are often provided with the same
contexts. For example, a cloze test with the same essay may be offered to all users in an
e-learning system for learning target words. However, different learners may have varied
expertise on and subjective preferences of many topics. Hence the provided unified learning
context may be unfamiliar to some learners. The learning effectiveness is therefore likely to be
negatively influenced. In response to a call to solve this problem, we propose in this paper a
framework for word learning systems to automatically identify the context familiarity of
individual learners based on their logs. A personalized approach to accurate recommendations
of incidental word learning tasks is also devised according to the individual context familiarity.
The results of our experimental studies on real participants show that the proposed framework
and method promote significantly more effective word learning and increase the learning
enjoyment greatly than conventional approaches with unified learning contexts.
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1. Introduction

Incidental word learning tasks are widely adopted in pedagogical activities and self-paced learning
processes. This is mainly because incidental word learning provides not only richer contexts but also
more opportunities of practicing on other language skills such as reading, listening, speaking and
writing, compared with intentional word learning (Zou et al., 2014). While doing incidental word
learning tasks, diverse learners are often provided with the same contexts. For example, a cloze test with
the same essay may be offered to all users in an e-learning system for learning target words.
However, the provided unified learning context is perhaps unfamiliar to some learners, the
reasons of which can be categorized as follows.
® Diverse expertise: learners (or students) may have varied levels of pre-knowledge and skills
stemmed from their distinguished educational backgrounds and individual experiences. A typical
example is that students from different departments surely have diverse expertise and domain
knowledge.
® Subjective preferences: learners are likely to have subjective interests and preferences, which
influence their desirable learning contexts to a great extent, e.g., some may prefer sport news while
others enjoy science fictions.
The learning effectiveness therefore can be negatively influenced if the unified learning contexts are
offered to all users. To tackle this problem, we therefore propose (i) a framework for word learning
systems to automatically obtain the context familiarity of each learner based on their logs, including
their historical learning materials, testing results as well as the their writing assignments; and (ii) design
a personalized approach to recommendations of incidental word learning tasks according to the
individual context familiarity. Our hypothesis is that those tasks with contexts that are more familiar
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and/or engaging promote significantly more effective word learning. This is partially supported by a
study on topic familiarity and incidental word learning (Pulido, 2003). To further explore the
effectiveness of the proposed framework and approach in e-learning systems, we invite some subjects
to participate in the experiment. The results of our research show that the proposed framework and
method can promote significantly more effective word learning compared to conventional approaches
with unified learning contexts.

The reminder of this paper is organized as follows. In Section 2, we review the related work and
findings from past research. The framework which is designed to automatically identify context
familiarity of each learner based on their logs is introduced in Section 3. In Section 4, we present the
personalized approach to recommendations of incidental word learning task according to the individual
context familiarity. The experimental settings, procedures as well as the results are reported in Section
5. Finally, we summarize this research and discuss potential issues to be further explored.

2. Related Work

In this section, we mainly review the related work and existing findings in two relevant areas: incidental
word learning and e-learning systems for language learning.

2.1 Incidental Word Learning

Research in incidental word learning can be generally summarized in two categories. One of them
focuses mainly on word knowledge. It is commonly acknowledged that word knowledge is a continuum
of one unique system containing both productive and receptive knowledge (Webb, 2005). Some
researchers (Read & Chapelle 2001; Nassaji, 2006) argue that there is a distinction to be made between
the breadth dimension and depth dimension of word knowledge, which is a model for measuring word
knowledge. Particularly, the breadth dimension (a.k.a. vocabulary size) is the quantity of words
acquired by learners at a specific level of language proficiency (Mehrpour et al., 2011), while the depth
dimension refers to the quality of words known by a learner (Schmitt, 2008). The other category
concentrates on word learning process and facilitative factors for it. Fraser (1999) believes that word
learning naturally is a cumulative process in an incremental way. Laufer and Hulstijn (2001) propose
the involvement load hypothesis (ILH) to evaluate the effectiveness of diverse tasks in promoting
incidental word learning. There are also many other studies (Hulstijn and Laufer, 2001; Williams 2012;
Godfroid et al. 2013) which attempt to verify the validity and reliability of this hypothesis.

2.2 E-Learning Systems for Language Learning

The era of big data witnesses rapid development and great popularity of e-learning systems (Li et al.,
2009; Li et al., 2013). Existing research basically follows the paradigm of intentional word learning
rather than incidental word learning models (Zou et al., 2014). Loucky (2012) presents a task-based
distance learning to optimize the vocabulary development of language learners. A blended learning
environment named ‘ArabCAVL’ is developed by Essam (2010) to facilitate vocabulary acquisition of
Arab students. Marc et al. (2014) exploits the augmented reality (AR) techniques to enhance
vocabulary learning and compare learning performance of various AR-based systems. The popularity of
mobile devices in recent years results in the ubiquitous word learning systems for learners. Through
tracking users’ learning logs in mobile phone, Chen and Chung (2008) proposed a personalized
ubiquitous system for English word learning according to the item response theory. Chen et al., (2010)
further improves their ubiquitous learning system by integrating the context-aware techniques which
enable systems to be adapted according to learning contexts.

3. The Framework of Identifying Context Familiarity

3.1 Problem Formulation

The overall framework of identifying context familiarity can be interpreted as the problem of measuring
degrees of familiarity of each word for diverse learners from a collection of documents such as
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historical learning articles and testing results related to the learner. Formally, we model the overall
framework of identifying context familiarity as a mapping function & between the set of documents D
and the set of learner profiles L as follows.

0: D—>L @
where L is in the form of word-weight values to indicate the familiarity of each word for learners, and
each element d € D is essentially a document that can be modeled as a set of words d ={w|wed}.

3.2 Learner Profile with Familiarity

In this subsection, the definition of the learner profile is introduced. As we believe that the degree of
familiarity of learning contexts have positively effects on vocabulary learning, the degree of familiarity
for various learning contexts is included in the learner profile. However, it is impossible to include all
contexts in a learner profile because the learning contexts are naturally permutation of all words. The

guantity of learning contexts are Zinzl PV, where P is the permutation, |V| is the vocabulary size, and i is
the length of the context. To address this issue, we include the familiarity of each word rather than all
possible learning contexts in the learner profile.

Definition 1: Let {wy, W,,...w,}€V and {¢|, &, ,... £, } be the corpus of all words and the
corresponding degree of familiarity of each word for learner [;, the learner profile of I; is denoted by a
vector . as:

L =W, & W, & W, &)
As learning contexts are basically consisted of words, the degree of familiarity of a learning
context can be regarded as the expectation (i.e., the weighted mean) of the familiarity degrees of all

words that form this context. Given a learning context ¢ = {Ww, , W, W._}, the degree of familiarity for
learner |; therefore can be calculated as follows.

f(c,Ti) =ZT:1r(w'j )€, )
where f(c,I;) is the function of calculating familiarity degree of a learning context for a learner, and

r(W'j) is the ratio of W'j appearing in the context c. Note that words in the context ¢ is a sequence may

contain duplicated words. To eliminate the negative influence of useless high frequency words (e.g.,
“the”, “an”) we pre-process learner profiles, learning contexts as well as other relevant documents by
deleting all words that are in the stop-words list created by Google (Google, 2014).

3.3 Objective Vocabulary Familiarity

The objective context familiarity refers to the context familiarity obtaining from objective documents
(i.e., learning documents D°). Specifically speaking, we mainly use three kinds of learning documents:
learning articles for reading comprehension (denoted as D"), writing assignments for short essays
(denoted as D) and test papers for word learning practice in form of multiple choices (denoted as D").

Learning Essays. For each article (d" €D'), it can be represented by a bag-of-words. We
hypothesize that the degree of familiarity is positively correlated with frequencies of all words in an
essay. Therefore, we employ the model of term frequency and inverse document frequency (TF-IDF) to
calculate the familiarity (Manning, 2008).

fr (drlwx) :(1+|Og n(WX))XIOg(l+ NI/NI(WX)) (3)
where n(t) denotes the frequency of word wy appearing in an essay d; learnt by learner i, 1+logn(w) is

the log normalization, N; is the total number of essays learnt by this learner, and N;(w,) is the total
number of essays containing word w,. The sum of degrees of familiarity for each word to a learner is the
cumulation of all learning essays with an upper limit “1”.

Writing assignments. For writing essays, it can also be denoted by a bag-of-words. However,
in addition to the pre-process step of deleting all stop-words, the words with errors and typos should not
be taken into account while meaning the degree of familiarity. Therefore, we parse each word with
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WordNet and check whether the word exists in the WordNet or not (WordNet, 2014). Rather than
employing the TF-IDF model, we believe that writing process involves using words that have been
already stored in a learner’s memory. The ratio of the use of words reflects the degree of familiarity.
Therefore, the quantity of writing essays is a significant factor, and we adopt the ratio to represent the
degree of familiarity.

f.(Df, w,) =n(w,)/ N(D}) 4)
where n(wy) is the total frequencies of word w, among all writing essays, and N (D{) is the total number

of words in all writing essays.

Test papers. As the main purpose of a test paper is to exam whether a student acquires the
knowledge of target words or not, we can interpret the ratio of correct answers of a target word among
all tests as the degree of familiarity.

f, (D} w,) =c(w,) / N(w,) (5)
where c(w,) is the number of correct answers for the target word w,, N(w,) is the total number of tests of
the word w,. Note that for those test papers which do not show detail test results for each target words,
we take the overall test score as the degree of familiarity. To assign weights to three kinds of familiarity
from three data sources during the aggregation, we adopt the ILH theory (Laufer and Hulstijn 2001). As
suggested by the ILH theory (Laufer and Hulstijn 2001), we can assign the essay writing task with two
involvement loads, while assign one to the task of reading comprehension and cloze. Therefore, we
adopt the following aggregation method to obtain the overall objective context familiarity:

f=-f+a, f,+0;- 1, (6)
where a;=a;=1/4, a,= 1/2 to indicate their loads suggested by the ILH theory during their aggregation
process. Note that f is a simplified notation of f (w,) .

3.4 Subjective Vocabulary Familiarity

We also believe that individual preferences for the contexts may also positively facilitate word learning.
Thus, we invite learners to complete questionnaires to indicate their subjective preferences to contexts
(topics) for learning. The questionnaire includes all pre-defined topics associated with some typical
words (e.g., topic: food, words: bread, chip, steak, etc). The learners are required to give a score from
“strongly dislike” to “strongly like” (ranging from “1” to “5”) for each topic.

A problem here is how to assign the subjective familiarity to each word when you know the
individual preferences for a topic. The solution is that we adopt the latent dirichlet allocation (LDA) to
identify topics and the associated typical words (Blei et al., 2003). For each word, we have probability
distribution p(w|t) over all topics. Next, we use the expectation to denote the subjective familiarity as
follows.

fo (W) =2 si(t;) = p(w, |t;) ()
where si(t;) is a score given by learner i to topic t (note that the score is normalized to the scale of [0, 1]),
p(W,]t;) is the probability distribution of w, for a topic t;, and f,(w!) denotes the subjective familiarity

for word w, to learner I;.
Therefore, we can obtain the final familiarity of each word in learner profile (as defined in
Definition 1) by aggregating the objective and subjective familiarity as follows.

‘9>i< zﬂl fo(W:()+ﬁ2 fs (W>I<) (8)
where two parameters £, and /5 are to adjust the weight of two kinds of familiarity, and we adopt the
optimal combinations (£, = 0.6 and £, = 0.4) suggested by Cai et al. (2010).

4. Personalized Task Recommendation
In this section, we introduce how to recommend incidental word learning tasks based on the
familiarity-based learner profile obtained in Section 3. The learning context associated with a task can

also be represented by a bag-of-words paradigm. Formally, we define the task profile to denote the
learning context as follows.
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Definition 2: Let {wy, w,,...w,}eV and {5, S, ,... & } be the corpus of all words and the
corresponding degree of relevance to a learning context of task t,. The task profile of t, is denoted by a
vector t, as:

ta = (W, 0% W,,8%;..W,,52)
where the degree of relevance is the ratio of the word appearing in the learning context of the learning
task t,.

To recommend incidental word learning tasks with more familiar contexts to learners, it is
essential to employ a reasonable measurement to estimate how familiar the learning context is to the
learner when the task profile and the learner profile are provided. Research on profile-based
information retrieval (IR) has found that the conventional measurement in IR, for instance cosine
similarity, may be unsuitable due to the fact that the nature of the problem is to find the most familiar
task profile rather than the most similar one (Cai et al. 2010; Xie et al., 2012). Therefore, in this
research, we adopt the projection operation from the learner profile and the task profile as the
measurement of the degree of familiarity.

s(E,. 1) =lITi ||-cos )
where || Ti || is the Euclidean length of vector li=<g] &, ,...&! >, a is the angle between two vectors.

Essentially speaking, the function s here is to project learner profile to the task profile.

The motivation of using projection is that the degree of familiarity can be interpreted as the
guestion of how familiar each word in the learning context is to a learner. To answer the question, the
learner profile is therefore projected to the task profile (i.e., the learning context) to measure the holistic
degree of familiarity. In sum, we recommend the task with the highest degree of familiarity to the
learner.

t*=argmax, . s(f,. 1) (10)

where T is a set of tasks available in the system for the same target words, yet the task t* with the highest
degree of familiarity is recommended to the learner.

S. Experiments

In this section, we describe the experiment conducted to evaluate the proposed approach to personalized
recommendations. After introducing the details of the materials and subjects in the experiment, we then
report the experimental results.

5.1 Materials and Subjects

A pilot study was conducted to determine the set of target words for our experiment. As the participants
were freshmen from a university in Hong Kong, their language proficiency levels are normally in the
range of level 3 to 5 in the HKDSE English Language Subject, which are corresponded to scores from
5.48 to 6.99 in the International English Language Testing System (HKDSE, 2015). Results of the
standard vocabulary tests (Vocabulary Size Test, 2015), which was conducted in the pilot study, show
that the vocabulary sizes of our participants are in the range of 6000 to 8000 words.

Therefore, we selected 10 words from with the vocabulary levels of 9000 to 14000 and further
verified that these words were not acquainted with participants in the experiment. These words were
embedded into three categories of learning contexts, namely information technology, science and
literature. Adapted from fictions, academic articles and news reports, the learning contexts were further
polished or re-written by three native speakers so that all participants can understand their general ideas
literally. As mentioned, the participants are freshmen from a university in Hong Kong. There are totally
82 subjects who are further divided into 3 groups in the experiments.

5.2 Experimental Results

The results of immediate and delayed post-tests for the three groups are shown in Figure 1. Group C
achieves the best performance in both immediate and delayed post-tests among all groups, while Group
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B and A are the first and second runner-up in the two post-tests. The differences among groups reach at
significance level according to t-test analysis (p<<0.05). Such results support the rationale of the
proposed framework. That is, the more varied kinds of vocabulary familiarity proposed in our
framework been consider, the more effective the learning contexts being recommended would be. Note
that the differences among three groups in the immediate post-tests (61.4, 64.2 and 68.7) were smaller
in the delayed post-tests (43.7, 44.8 and 45.4). However, the differences were still significant as shown
by the results of the independent sample t-tests. This is consistent with the findings of previous work
(Wixted and Ebbesen, 1997) that the word retention rate would drop to a similar level without any
review after a certain period.

Table 4: Three groups of 82 subjects in the experiments

Group | N Descriptions

A | 27 | Control group without providing any familiarity-based contexts.

B 27 | Contexts are recommended based on objective vocabulary familiarity (Eq. (6)).

C 28 | Contexts are recommended based on aggregated vocabulary familiarity (Eq. (8)).

] | | | | | |
61.4
Group A ‘
I, <3.7
Group B | 64.2
Group C | 68.7
w 454
0 10 20 30 40 50 60 70 80

OImmediate Post-tests @ Delayed Post-tests
Figure 1. The results of immediate and delayed post-tests of three groups.

6. Conclusion and Future Work

In this research, we studied issues concerning how to identify the context familiarity from historical
learning documents of learners, how to model the subjective and objective context (vocabulary)
familiarity, as well as how to exploit the context familiarity and recommend preferable learning
contexts to assist learners’ vocabulary acquisition. We have also conducted an extensive experiment
involving 82 subjects, the results of which verify the rationale of the proposed framework of context
familiarity and personalized approach to recommendations of incidental word learning tasks according
to the individual context familiarity. Furthermore, we discussed the implications for both the design of
pedagogical activities and e-learning systems for vocabulary acquisition. For our future study, we plan
to integrate those words that have been learnt recently into the upcoming learning contexts is another
interesting topic as highlighted in the above systematical implications.
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