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Abstract This paper presents a proposal for system supporting learners in

improving their report-writing skills by recommending reports from previous

learners. The proposed system recommends reports that share similar subjects but

which have different structures, expressions, and originality based on the distribu-

tions of words and subjects within the reports, as estimated using latent Dirich-

let allocation (LDA). An important assumption made for this study is that reports

with different word distributions tend to include different structures, expressions,

and originality when they share similar subjects. Based on that assumption, the

system selects and recommends reports that have dissimilar word distributions but

which share similar subject distributions with a learner’s report. The proposed
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system is expected to enhance learning of various writing skills from other learners.

Finally, this paper demonstrates the effectiveness of the proposed system through

actual data experiments.

Keywords Recommender system � Topic model � Latent Dirichlet allocation �
Writing skills � E-learning

1 Introduction

Studies of higher education have recently emphasized the importance of writing

skills (Britt et al. 2004; Villalón et al. 2008; Azilawati et al. 2009; Calvo et al.

2011; Uto and Ueno 2015). However, beginning learners often find difficulty in

learning how to write academic reports by themselves. Therefore, to support novice

writers, this study develops an adaptive recommendation method that provides

reports from earlier learners based on an apprenticeship approach.

Recent learning theories have been transiting progressively and increasingly

towards Vygotsky’s social constructivist approaches (Vygotsky 1978). Vygotsky

modeled human knowledge construction, as presented in Fig. 1. The model

emphasizes the importance of supporting processes to understand learning objects,

instead of emphasizing a basic transfer of knowledge. Vygotsky claimed that

beginner learners gradually acquire meta-psychological skills such as attention,

self-reflection, attitude, motivation, and passion by receiving adaptive support

from experts based on the learner abilities. According to this model, the degrees

of interest and passion for teaching, perspectives, and ethics from experts become

a part of the culture of learning experience. Learners can acquire this cultural

background and this psychological view of the learning contents. In addition,

rather than receiving unilateral support from experts, beginners consciously learn

from others through observation, imitation, and comparison. Autonomous

development will occur through interaction with others without direct support

received from experts. Gradual and autonomous self-development via observation,

imitation, and comparison is a fundamentally important aspect of learning (Ueno

2015).

Fig. 1 Vygotsky learning model
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Based on the idea of learning from others, this study proposes a system providing

support for improving report-writing skills. Concretely, this study develops a

recommender system that provides past learners’ reports.

Several systems providing support for report writing have been developed to

date. For example, systems providing automatic feedback related to spelling, style,

plagiarized sentences, and citations have been developed (e.g., Macdonald et al.

1982; Britt et al. 2004; Villalón et al. 2008). Other studies (e.g., O’Rourke and Calv

2009; Aluisio et al. 2001; Shibata and Hori 2002; Feltrim and Teufel 2004; Uto and

Ueno 2011) have examined systems visualizing the logical structure of reports and

have suggested strategies to improve them. Other systems (e.g., Verheij 2005;

Azilawati et al. 2009; Uto and Ueno 2015) visualize the argument structure of

reports and provide feedback for revision based on the Toulmin model (Toulmin

1958), which is known as a normative model of argumentation.

However, these systems have limited provision of support in terms of the writing

style and formal structure. The proposed approach incorporates recommendations of

reports from other learners. This approach supports learning of other writing

methods from others through comparison of one’s own reports to others’ reports.

This objective raised the question of which report to recommend.

Many recommender systems have been developed in the domain of research in

education (e.g., Lu 2004; Tang and McCalla 2005; Yang et al. 2009; Abel et al.

2010; Huang et al. 2009; Ueno and Uto 2011). They recommend widely various

personalized contents such as learning objects, resources, learning process, and

academic papers using statistical methods. For example, Lu (2004) developed a

framework that determines student needs using a multi-attribute evaluation method,

and which recommends learning materials based on the needs. Tang and McCalla

(2005) proposed collaborative filtering techniques for recommending learning

materials based on learners’ interests and background knowledge. Yang et al.

(2009) proposed an adaptable recommendation framework that summarizes and

recommends multimedia contents. Abel et al. (2010) studied different recommen-

dation strategies on a discussion board for a personalized framework. Furthermore,

Huang et al. (2009) developed a Markov-based recommendation system modeling

the learning process and recommending learning paths. Ueno and Uto (2011)

proposed a recommender system for recommending e-portfolios considering

similarity among learners’ e-portfolios. Some other recommender systems recom-

mend academic and scientific papers based on cosine similarity between TF and IDF

vectors (e.g., McNee et al. 2002; Bollacker et al. 1999).

The current recommender systems recommend contents that share high degrees

of similarity with those of a target learner. However, effective learning can be

expected only to a slight degree by providing only similar contents (Ueno 2014). To

improve learning efficiency, recommender systems should also provide unexpected

contents that differ from what learners already know (Manouselis et al. 2012).

This study presents a proposal of a method to recommend reports that share

similar subjects but which are produced from diverse structures, expressions, and

originality. This proposed method uses latent Dirichlet allocation (LDA: Blei et al.

2003), which can estimate the distribution of subjects (designated as topics) and

words within a corpus of reports. For this study, we assume that reports with
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dissimilar word distributions tend to include different structures, expressions, and

originality when they have similar subjects. Here, structure means text organization

and argumentative structure of a report, expression represents vocabularies and

phrases used to convey ideas in a report, and originality denotes how unusual or

novel a claim and contents of a report are. Based on that assumption, the proposed

system recommends reports that have dissimilar word distributions but which share

similar subject distributions with those of a learner’s report. Learning from diverse

others is known to be more effective than learning from similar others (Ueno 2014).

Therefore, the proposed recommender system is expected to improve report-writing

skills effectively in terms of structure, expression, and originality.

This paper demonstrates the effectiveness of the proposed method based on

results of actual data experiments.

2 LMS Samurai

This study uses learner data stored in the learning management system (LMS) called

Samurai, which has been developed for many years by Ueno (2004a). The LMS has

been used with numerous e-learning courses.

LMS Samurai presents content sessions tailored for 90-min classes. Fifteen of

these content sessions constitute a two-unit course. Each session provides

instructional text screens, instructional images, instructional videos, and practice

tests. Learners choose from the array of contents and watch the lesson. How learners

respond to the sessions and how long it takes them to complete the lesson are stored

automatically in the learning history database. Those data are analyzed using

various data mining techniques to facilitate learning processes (e.g., Ueno 2004a, b;

Ueno and Uto 2011).

Report assignments are usually given during a course. LMS Samurai has a

discussion board system that enables learners to submit reports and which enables

them to assess and discuss with one another. The learner who submitted the report

can take the ratings and comments into consideration and rework them. The rating

data are used for calculating the average rating score of the report, estimating latent

ability of learners (Uto and Ueno 2016), and recommending e-portfolios (Ueno and

Uto 2011).

For our report recommendation, we use the report data stored in the system.

3 Latent Dirichlet allocation

This section presents a description of the topic model used for our recommendation

method. The topic model estimates topics in a document from the occurrence

frequency of words based on the assumption that certain words will appear

depending on the potential topics of the text. Latent Semantic Analysis (LSA:

Deerwester et al. 1990), Probabilistic Latent Semantic Indexing (PLASI: Hofmann

1999), and latent Dirichlet allocation (LDA: Blei et al. 2003) are regarded as
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examples of topic models. The LDA was chosen in this study for its higher accuracy

in estimating topics (Blei et al. 2003).

The graphical model of LDA is presented in Fig. 2. Here, K stands for the number

of topics, D is the number of documents, and V signifies the vocabulary size in the

documents. In addition, W represents observed words in each document, and Z

represents the topic allocation for each word. h ¼ ðh1; . . .; hDÞ denotes a set of D

multinomial distribution over the K topics (designated as topic distribution). / ¼
ð/1; . . .;/KÞ represents a set of K multinomial distributions over V vocabulary

words (designated as the word distribution). The topic distribution h shows what

topic tends to be generated in each document. The word distribution / shows how

vocabulary words are used in each topic. Both a and b are parameters of the

Dirichlet prior distribution. They are designated as hyperparameters.

The document generation process in LDA consists of the following steps.

1. For each document d 2 f1; . . .;Dg, the topic distribution hd ¼ ðh1d; . . .; hKdÞ is

generated from the K-dimensional Dirichlet prior distribution with hyperpa-

rameter a. Here, hkd 2 hd represents the occurrence probability of kth topic in

the dth document.

2. A topic zdi 2 f1; . . .;Kg that corresponds to the ith word in document d (the

word is designated as wdi) is selected with the probabilities given by the topic

distribution hd.

3. Each word wdi is drawn from the word distribution /k ¼ ð/k1; . . .;/kVÞ given

the corresponding topic zdi. Here, /kv represents the probability of the vth

vocabulary word in the kth topic. In addition, /k is generated from the V-

dimensional Dirichlet prior distribution with hyperparameter b.

The parameters hkd and /kw can be estimated using a collapsed Gibbs sampler

(Griffiths and Steyvers 2004) given the data that consist of occurrence counts of

words in each document.

The number of topics K is generally estimated from data based on model

selection techniques. The Akaike Information Criterion (AIC: Akaike 1974) and

Bayesian Information Criterion (BIC: Schwarz 1978) are well-known model

selection criteria. However, unfortunately, AIC and BIC, which assume regularity

for an approximation, are inapplicable to learning LDA problems that have no

regularity (Watanabe 2010, 2013). Therefore, the log marginal likelihood and

Fig. 2 Graphical model
representation of LDA
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perplexity have traditionally been used in LDA (Griffiths and Steyvers 2004;

Wallach et al. 2009; Taddy 2012; Blei et al. 2003). The optimal number of topics

can be estimated by maximizing the log marginal likelihood or minimizing the

perplexity. The log marginal likelihood based estimation is expected to provide

higher performance than perplexity, because it has the asymptotic consistency,

which is a property by which the estimates converge to the true value as the sample

size goes to infinity (Griffiths and Steyvers 2004; Taddy 2012; Buntine 2009;

Wallach et al. 2009). Although the log marginal likelihood cannot be solved

analytically, because it requires calculation of the posterior with all possible

instances of topics over words, we can estimate them approximately (Griffiths and

Steyvers 2004; Taddy 2012; Buntine 2009; Wallach et al. 2009). The well-known

approximation is the harmonic mean method using MCMC samples of the topic

allocation (Griffiths and Steyvers 2004).

Another approach for ascertaining the number of topics is using the hierarchical

Dirichlet process (HDP: Teh et al. 2004), which is a nonparametric extension of

LDA. The HDP assumes an infinite number of topics and concretizes a finite

number of them. Although HDP can estimate the number of topics as part of

posterior inference (Blei et al. 2010), the estimation is known to be sensitive to

hyperparameters of HDP (Buntine and Mishra 2014). In addition, HDP is more

complicated to implement than LDA is. For those reasons, this study estimates the

number of topics using the maximum log marginal likelihood approach.

4 Similarity calculation using Jensen–Shannon divergence

A unique feature of LDA is that it can accommodate the topic distributions and the

word distribution separately. This section defines the similarity between the topics

of documents and defines the similarity of words in documents using LDA.

In this paper, we define the dissimilarity of the topic and that of words between

documents using Jensen–Shannon divergence. This index takes a minimum value of

0 when two probability distributions are consistent. It returns a large positive value

that reflects the degree to which the two distributions differ.

Letting the Kullback–Leibler divergence be KLD(), the Jensen–Shannon

divergence of topic distributions between document d and d0 is expressed as

TJSDðd; d0Þ ¼
1

2
KLDðhdkmdd0 Þ þ

1

2
KLDðhd0 kmdd0 Þ; ð1Þ

where

KLDðhdkmdd0 Þ ¼
XK

k¼1

hkd ln
hkd
mkdd0

� �
: ð2Þ

In those equations, mkdd0 ¼ ðhkd þ hkd0 Þ=2, and mdd0 ¼ ½m1dd0 ; . . .;mKdd0 �. Distance

TJSDðd; d0Þ becomes 0 when two documents share the same topic distribution. Using

this method, one can find reports that have a similar topic to that of the target report.
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The Jensen–Shannon divergence of word distributions between documents d and

d0 is expressed as

WJSDðd; d0Þ ¼
1

2
KLDðgdkldd0 Þ þ

1

2
KLDðgd0 kldd0 Þ; ð3Þ

where

KLDðgdkldd0 Þ ¼
XV

v¼1

gdv ln
gdv
lvdd0

� �
: ð4Þ

In those equations, gd ¼ ½Nd;v¼1=Nd; . . .;Nd;v¼V=Nd�, Nd;v stands for the occurrence

frequency of vocabulary word v in document d, with Nd ¼
PV

v¼1 Nd;v. In addition,

lvdd0 ¼ ðgvd þ gvd0 Þ=2, and ldd0 ¼ ½l1dd0 ; . . .; lVdd0 �. This equation evaluates the dis-

tance of the word distributions between two documents. This index is useful to

identify reports made from contents that are as different as possible from contents of

the target report.

5 Report recommendation system

In this section, we propose a system of recommending past reports to learners using

the LDA model. To enhance deeper learning of report writing, the proposed system

recommends reports on a similar subject, but reports derived from structures,

expressions, and originality that are as different as possible, rather than simply

recommending reports including similar words. This study assumes that reports

produced from dissimilar word distributions tend to have different structures,

expressions, and originality when they share similar topic distributions. Based on

that assumption, the proposed system recommends reports sharing high similarity of

topic distributions and high dissimilarity of word distributions with a learner’s

report.

The algorithm of the recommendation mechanism is presented in Algorithm 1.

Through the algorithm, the proposed system recommends S reports selected from a

corpus of reports X ¼ fd1; . . .; dDg to a learner given a report of a learner dx. In the

algorithm, the topic distribution h and the word distribution / of the reports corpus

X are first estimated. Then, the topic distribution hdx of the learner’s report dx is

estimated by the collapsed Gibbs sampler, given the estimated word distribution /̂.

The third step extracts N reports from the corpus of reports X with the smallest

Jensen–Shannon divergence TJSDðdx; diÞ between dx and di 2 X. Then, the fourth

step selects M reports from the extracted N reports with the largest divergence of

word distribution WJSDðdx; diÞ. Finally, from the M reports, S reports that have high

peer assessment scores are selected and recommended to the learner. N, M and S are

restricted to N[M[ S. In this paper, we fixed the parameters as N ¼ 15, M ¼ 10,

and S ¼ 4.
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input : Learner’s report: dx
Corpus of reports : X = {d1, · · · , di, · · · , dD}

output: Report recommended to learners: Y

1 Estimate the parameters θ and φ using the corpus X.
2 Estimate the topic distribution θdx of learner’s report dx given φ̂.
3 Create Y by extracting N reports from X with smallest dissimilarity TJSD(dx, di)

for each di ∈ X.
4 Update Y by extracting M reports from Y with largest dissimilarity WJSD(dx, di)

for each di ∈ Y .
5 Update Y by extracting S reports from Y with the highest peer assessment scores.
6 return Y .

Algorithm 1: Report recommendation mechanism.

We implemented the report recommendation mechanism in LMS Samurai. The

system interface is shown in Fig. 3. In the system, a learner first submits the

learner’s own report. Then, the system selects reports from a corpus of reports based

on Algorithm 1, and displays them at the top of the system. Learners can download

and browse the recommended reports. By clicking on the recommended report, the

system shows the writer’s information and the topic distribution of the report. The

system also displays statistics for the input report. Specifically, the topic

distribution, the word distribution for each topic, and ranking of word appearance

are displayed. By comparing the topic distribution of the input report and the

Fig. 3 Report recommendation system
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recommended reports, learners can ascertain which topics are similar, and can see

the word groups that are included in the topic.

6 Evaluation

This section presents evaluation of the effectiveness of the proposed recommender

system. As described herein, we assume that recommending a report with similar

topics but different word distributions is more effective for improving report-writing

skills. To evaluate that hypothesis, we consider the following alternative settings:

1. Recommending reports that have word distributions as similar as possible to

those of the learner’s report for similar topics.

2. Recommending reports that have word distributions as similar as possible to

those of the learner’s report for dissimilar topics.

3. Recommending reports that have word distributions as different as possible

from those of the learner’s report for dissimilar topics.

With similar topic distributions and word distributions, only similar papers are

expected to be recommended, which produces a lack of diversity. However, when

the recommended reports share low similarity in topic distributions with the

learner’s report, irrespective of the similarity of the word distributions, it becomes

irrelevant to the learner’s topic, which also reduces efficiency.

As suggested by the points presented above, this experiment assumes the

following recommendation methods corresponding to the alternative hypothesis and

that of this paper.

• Method A: recommending reports with high similarity in topic distributions and

in word distributions.

• Method B (proposed method): recommending reports with high similarity in

topic distributions but with a low similarity in word distributions.

• Method C: recommending reports with low topic similarity but still sharing high

similarity in word distributions.

• Method D: recommending reports with low topic similarity and low similarity in

word distributions.

• Method E: recommending reports with high cosine similarity between TF and

IDF vectors.

• Method R: recommending reports randomly.

Here, Method E was introduced as a conventional recommendation method that

recommends reports with high cosine similarity of the TF–IDF value (Bollacker

et al. 1999; McNee et al. 2002). In addition, we introduced Method R, recom-

mending reports randomly, to confirm the effectiveness of similarity-based

recommendations.
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6.1 Corpus of reports

As the corpus of reports used for the experiment, we used reports stored in the LMS

Samurai. Specifically, this study used 90 reports submitted for an assignment

‘‘Describe prior knowledge production technique and its problems in the company’’

in the Master’s course lecture of ‘‘Knowledge production system theory’’. The

course comprises 15 lectures, which provide instructions in various management

theories such as scientific management theory, leadership theory, knowledge

management, education, and learning theory. The report assignment was related to

all those themes. Therefore, reports with various subjects can be submitted in the

assignment.

This experiment used the reports only for the single assignment. It will be

difficult to compare the writing skills if we used reports for different assignments

because differences among reports depend both on the writing skills and the given

assignments.

For our research purposes, LDA analysis using all the vocabulary words would

not be appropriate, because the existence of many common or stop words often

introduces meaningless or uninterpretable topics (Schofield et al. 2017). Therefore,

in this experiment, to remove common or stop words, the instructor and the tutor

selected 382 representative words of the course. Specifically, they were asked to

select keywords from the list of vocabularies, which were created from the corpus of

reports and which were sorted by occurrence frequency. Here, we instructed them

not to choose common and stop words. We used the selected words as vocabulary

words for LDA analysis.

The reports in the corpus are written in Japanese. Words in a Japanese text are

not separated by spaces. Therefore, we leave a space between words for reports

using the Japanese morphological analyzer MeCab (Kudo et al. 2004). Then, we

counted the vocabulary words for the reports.

For our LDA analysis, we first estimated the number of topics from the actual

data using the maximum log marginal likelihood method described in Sect. 3. For

calculations, we set the hyperparameters to a ¼ 1=K and b ¼ 1=KV , as used in

common LDA software (Taddy 2012).

Figure 4 shows the log marginal likelihoods for the respective numbers of topics.

The vertical axis shows values of the log marginal likelihood; the horizontal axis

shows the number of topics. Figure 4 shows that the log marginal likelihood reached

its maximum when the number of topics was 4. Therefore, we set the optimal

number of topics as K ¼ 4.

Then, we estimated the word and topic distributions given K ¼ 4. Table 1 shows

the top 10 most frequently used vocabulary words in the respective topics.

According to the estimated word distribution, one can interpret the topics, as shown

below. Topic 1 is Scientific Management Theory. Topic 2 is the Industrial

Revolution. Topic 3 is knowledge management. Topic 4 is engineering. They are

the important subjects in the course.
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6.2 Experimental procedure

Using the corpus of reports, we conducted the following experiment to evaluate the

effectiveness of the proposed system.

1. 60 university students were recruited as participants.

2. They were divided randomly into six groups corresponding to recommendation

methods A, B, C, D, E, and R.

3. Participants were asked to create a report for the assignment ‘‘Describe prior

knowledge production technique and its problems in a company’’. We provided

reference materials that were used during the lecture. The participants

completed reports using the materials and the internet. We designate the

reports that the participants first created as pre-reports.

4. After loading pre-reports, the system asked participants to read the recom-

mended reports; then, they were asked to add modifications to their pre-reports

before the next submission. The revised reports are designated as post-reports.

Fig. 4 Log marginal likelihood for respective number of topics

Table 1 Top 10 words in topics

Words (probability)

Topic

1

Labor (0.105), science (0.09), Taylor (0.075), work (0.071), practice (0.043), standard (0.026),

advantage (0.025), disadvantage (0.025), management (0.023), resource (0.023)

Topic

2

Technology (0.069), company (0.058), industrial (0.057), society (0.053), revolution (0.045),

venture (0.043), innovation (0.036), Japan (0.034), culture (0.028), cultivate (0.023)

Topic

3

Years (0.036), management (0.031), success (0.029), company (0.026), method (0.026),

business (0.024), case (0.024), process (0.023), cost (0.022), product (0.022)

Topic

4

System (0.061), information (0.048), requirement (0.03), work (0.026), problem (0.026), reports

(0.022), creation (0.019), efficiency (0.019), time (0.018), possibility (0.016)
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In this experiment, the numbers of valid responses were seven people in groups for

recommendation Methods A and C, six people in the groups for Methods D and E,

and five people in groups for Methods B and R.

6.3 Recommended reports

To confirm whether the recommendations worked as expected, or not, we first

calculated the similarity of topic distributions between pre-reports and recom-

mended reports for each recommendation method. The similarity is defined as the

inverse of TJSDðd; d0Þ between two reports d and d0. The average values are shown in

Fig. 5. Figure 5 shows that Methods A, B, and E recommended reports with high

topic similarity, whereas Methods C, D, and R recommended reports with low topic

similarity.

We next calculated the similarity of the word distributions between pre-reports

and recommended reports. The similarity is defined as the inverse of WJSD ðd; d0Þ
between two reports d and d0. The average values are presented in Fig. 6. Figure 6

shows that the proposed method B recommended reports with lower word similarity

than Method A or E, as expected. The proposed method revealed higher word

similarity than either Method C or D, which recommend reports with different topic

distributions. Although the word similarity can be decreased by selecting reports

with different topic distributions, the purpose of the proposed method is not merely

minimizing the word similarity. The proposed method selects reports with as

different word distributions as possible while sharing similar topic distributions.

Therefore, the word similarity of the proposed method is necessarily not lower than

that of Method C or D.

Finally, to demonstrate that the proposed method selected reports with similar

topic distributions and dissimilar word distributions, we calculated the word

Fig. 5 Topic similarity between pre-reports and recommended reports
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similarity weighted by the inverse of the topic similarity. Specifically, the index is

defined as WJSDðd; d0Þ�1=TJSDðd; d0Þ�1 ¼ TJSDðd; d0Þ=WJSDðd; d0Þ between two

reports d and d0. We refer to the index as weighted word similarity. Weighted

word similarity takes a low value as the word similarity decreases and the topic

similarity increases. If the proposed method worked appropriately, then it is

expected to reveal the lowest values.

Figure 7 presents average values of the index for the respective recommendation

methods. According to Fig. 7, the proposed method B presented the lowest value.

The result shows that the proposed method recommended reports sharing similar

topic distributions and dissimilar word distributions.

In summary, the experimentally obtained results presented in this subsection

verified that the proposed method and the alternative methods worked as expected.

Fig. 6 Word similarity between pre-reports and recommended reports

Fig. 7 Word similarity
weighted by the inverse of topic
similarity
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6.4 Characteristics of reports with similar topic distributions

This study assumes that the topic distributions estimated by LDA reflect the subjects

within reports. To evaluate the assumption, the following questionnaire was

presented to the participants at the end of the experiment. ‘‘Recommended report

was associated with the subject of your report.’’ The answers for the item were

given on the following five-point scale: (1) do not agree at all; (2) do not really

agree; (3) not sure; (4) agree a little; and (5) strongly agree.

Table 2 presents the results. Furthermore, we conducted Kruskal–Wallis test to

evaluate the differences in the average values. The result showed that a significant

difference (v2ð5Þ ¼ 15:59; p\0:01) was found among the methods. Therefore, we

conducted multiple comparisons using the Steel–Dwass method. Although the

multiple comparison showed no significant difference, the scores of Methods A, B,

and E took higher values than Method C, D, or R.

Results showed that topic distributions reflected the subjects within reports.

6.5 Characteristics of reports with different word distributions

This study examines the hypothesis that reports with dissimilar word distributions

have different structures, expressions, and originality when they share similar

topics. To evaluate the hypothesis, we conducted the following experiment.

We first randomly selected 10 reports written by the participants. Then, for each

participant report, 5 reports in the corpus which sharing the smallest similarity of the

topic distributions with the given report were extracted. Then, each report pair,

consisting of an extracted report and the corresponding participant’s report, was

evaluated by two experts based on the following evaluation items.

1. How different are the structures of the reports?

2. How different are the expressions of the reports?

3. How different are the originality of the reports?

Each item was evaluated using the following five-point rating scale: (1) extremely

similar; (2) similar; (3) neither; (4) dissimilar; and (5) extremely dissimilar. Before

the evaluation, we explained the means of the structure, expression, and originality

to the experts.

For each evaluation item, we calculated Spearman’s rank correlation coefficient

R between the word dissimilarities WJSDðÞ and the average scores. If the correlation

reveals a high value, then the hypothesis of this study can be supported.

Table 2 Average and standard deviation (in parentheses) values for the questionnaire related to subject

similarity between own report and recommended reports

Method A Method B Method C Method D Method E Method R

4.29 (1.03) 4.20 (0.40) 2.57 (1.29) 2.17 (1.07) 4.00 (1.00) 3.00 (0.71)
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The Spearman correlation analysis revealed significant correlation R ¼ 0:586 for

the evaluation of the structure (p\0:01), R ¼ 0:652 for the expression (p\0:01),

and 0.559 for the originality (p\0:01). Scatter plots for respective evaluation items

are presented in Fig. 8. In the figures, the vertical axis shows average scores for the

respective evaluation items; the horizontal axis shows the word dissimilarity.

Regression lines are shown as dashed lines. As the figures and the correlation

analysis results confirm, reports sharing similar topics but made from different word

distributions tend to have different structures, expressions, and originality.

6.6 Quality of pre-reports and post-reports

This subsection presents a description of how the proposed recommendation is

effective for improvement of report-writing skills. For that purpose, pre-reports and

post-reports written by participants in each group were evaluated by two experts

based on the following evaluation items.

• Q1: How was the structure of the report?

• Q2: How was the expression of the report?

• Q3: How was the originality of the report?

Each item was evaluated using the following five-point rating scale: (1) do not agree

at all; (2) do not really agree; (3) not sure; (4) agree a little; and (5) strongly agree.

Before the evaluation, we explained the means of the structure, expression, and

originality to the experts. Furthermore, the evaluations were conducted by not

informing the experts which report is a pre-report or post-report.

The results are presented in Table 3. To evaluate the differences in the average

values among the recommendation methods, we conducted Kruskal–Wallis test.

The v2 value and the p value for each evaluation item are presented in Table 3.

Results for pre-reports in the table show that no significant difference was found.

However, the results of post-reports show that significant differences were found

between the recommendation methods for all evaluation items. Multiple compar-

isons using the Steel–Dwass method for each item of post-reports revealed the

following results.

Fig. 8 Relations between the word dissimilarity and average scores for evaluation of structure,
expression, and originality differences
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For the evaluation of the structure, the proposed method B showed significant

differences with a significance level of 5% with respect to Methods A (p ¼ 0:037),

D (p ¼ 0:048), and E (p ¼ 0:046), and 10% with respect to Methods C (p ¼ 0:080)

and R (p ¼ 0:059). No significant difference was found between the other methods.

Results show that reading the reports sharing similar topics but with diverse

structures is more effective for participants to improve the structures of their reports.

Regarding the evaluation of expression, the proposed method B showed

significant differences with a significance level of 10% with respect to Methods

A (p ¼ 0:087), C (p ¼ 0:083), and 5% with Methods D (p ¼ 0:037), E (p ¼ 0:019),

and R (p ¼ 0:045). No significant difference was found between other methods,

which demonstrates that participants improved their expressions more by reading

reports with greater diversity of expressions under similar topics.

Finally, for the evaluations of originality, the proposed method B showed

significant differences with a significance level of 5% with respect to Methods A

(p ¼ 0:015) and R (p ¼ 0:045), and 10% with respect to Methods C (p ¼ 0:082), D

(p ¼ 0:090), and E (p ¼ 0:091). No significance was found for other techniques.

This result showed that participants were able to improve the originality of their

reports by reading reports that shared the similar topics but with different origins.

6.7 Amount of correction

We calculated the number of revised sentences produced by the participants.

Table 4 shows the results. We also presented the v2 values and the p value of the

Kruskal–Wallis test in the table. The results show that a significant difference was

found among the recommendation methods. Therefore, we conducted multiple

comparisons using the Steel–Dwass method. Consequently, the proposed method B

showed significant differences with a significance level of 5% with respect to

Methods A (p ¼ 0:048) and C (p ¼ 0:048), and 10% with respect to Methods D

(p ¼ 0:062), E (p ¼ 0:064), and R (p ¼ 0:074). No significant difference between

other methods was found.

Table 3 Average and standard deviation (in parentheses) values of expert evaluation for pre-report and

post-reports

Pre-reports Post-reports

Structure Expression Originality Structure Expression Originality

Method A 2.29 (0.70) 2.43 (0.50) 2.00 (0.00) 2.43 (0.73) 2.71 (0.70) 2.00 (0.00)

Method B 2.60 (0.49) 2.80 (0.40) 2.20 (0.40) 4.20 (0.40) 4.00 (0.00) 3.20 (0.40)

Method C 2.86 (0.83) 2.86 (0.64) 2.29 (0.45) 2.14 (0.99) 2.86 (0.64) 1.86 (0.64)

Method D 2.50 (0.50) 2.67 (0.47) 2.17 (0.37) 2.50 (0.50) 2.67 (0.47) 2.17 (0.37)

Method E 2.67 (0.47) 2.50 (0.50) 2.00 (0.00) 2.67 (0.47) 3.00 (0.00) 2.17 (0.37)

Method R 2.20 (0.40) 2.20 (0.40) 2.20 (0.40) 2.20 (0.40) 2.20 (0.40) 2.20 (0.40)

v2-value 3.57 5.52 3.61 15.23 17.45 16.98

p value 0.61 0.36 0.61 \0.01 \0.01 \0.01

Degrees of freedom of the Kruskal–Wallis tests are 5
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The results yielded the following interpretations for the respective recommen-

dation methods:

• Proposed Method B showed the greatest amount of corrections from pre-reports

to post-reports. Recommendation of reports with similar topics but with different

word distributions was able to enhance the corrections.

• Methods A and E showed fewer corrections, mostly because of the recom-

mended reports including too few differences from the participants’ reports.

• Methods C and D also showed few corrections, which indicates that

recommending reports sharing different topics cannot enhance revisions.

• Method R showed fewer corrections, because it often recommends reports with

different topics or with similar word distributions.

Furthermore, the following questionnaire related to the elaboration of reports was

presented to participants at the end of the experiment. ‘‘By reading the

recommended report, I was able to improve my report.’’ The responses to the

item were made using the following five-point scale: (1) do not agree at all; (2) do

not really agree; (3) not sure; (4) agree a little; and (5) strongly agree.

The last column of Table 4 shows the results. Although the Kruskal–Wallis test

showed no significant difference, the proposed method B received the highest

evaluation scores.

As results presented in this subsection show, we confirmed that the proposed

method enhanced an increase of the amount of corrections and that the participants

were aware of them. We can assume that the number of corrections reflects the

magnitude of learning from others. Therefore, we conclude that the proposed

method can improve the learning effectiveness of report-writing skills.

7 Conclusion

We proposed a recommender system based on LDA that provides useful reports

from previous learners to support learning from others in writing reports. This

system first identified previous learners’ reports that share similar topics with a

learner’s report by estimating the similarity of the topic distributions. Then, from

Table 4 Average and standard

deviation (in parentheses) values

of the number of revised

sentences made by participants,

and answers for questionnaire

related to report elaboration

Degrees of freedom of the

Kruskal-Wallis tests are 5

Number of revised sentences Questionnaire

Method A 3.00 (2.19) 3.86 (1.24)

Method B 14.80 (2.19) 4.40 (0.49)

Method C 2.71 (2.28) 3.00 (0.93)

Method D 2.83 (2.84) 3.33 (0.94)

Method E 4.67 (3.92) 3.67 (0.94)

Method R 1.00 (1.82) 3.80 (1.09)

v2-value 16.18 7.29

p value \0.01 0.20
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reports with similar topics, the system selected reports derived from different

structures, expressions, and originality from those of the learner’s report. Those

reports were chosen based on the dissimilarity of the word distributions, assuming

that reports with dissimilar word distributions tend to have different structures,

expressions, and originality when they have similar topics.

From results of experiments conducted using actual data, we demonstrated the

effectiveness of the proposed method. Specifically, the results of the experiments

showed the following features of the proposed system. (1) Reports with similar topic

distributions and dissimilar word distributions tend to include different structures,

expressions, and originality. (2) The proposed system can enhance reflection and

learning of report-writing skills in terms of structure, expression, and originality.

This study does not claim that learners can acquire report-writing skills through

the proposed system. A long-term experiment to evaluate whether the system can

enhance skill acquisition is a remaining task of this study.

Another future task is to extend the proposed system using extension models of

LDA that incorporate auxiliary information corresponding to structures, expres-

sions, and originality of reports. Many LDA extensions that incorporate auxiliary

information were proposed earlier (e.g., Flaherty et al. 2005; Blei et al. 2003;

Rosen-Zvi et al. 2004; Iwata et al. 2013). The use of auxiliary information generally

improves the accuracy of topic estimation better than using only the occurrence

frequency of words. Although this study demonstrated that the LDA provides

sufficient performance for our research purpose, those extension models might

further improve the performance.
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International License (http://creativecommons.org/licenses/by/4.0/), which permits use, duplication,
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