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Abstract: 

This study examines the relationship between one type of data-driven learning (DDL) and 

inductive–deductive learning styles. Participants were 145 Japanese university learners of 

English as a foreign language, all of whom showed significant improvements in a grammar test 

after teacher-led guided DDL induction. Data were collected using a questionnaire on inductive–

deductive learning styles and DDL task values. Weak correlations were found between the 

inductive–deductive continuum of learning styles and the DDL task value, but no differences in 

magnitude were found from an examination of the confidence interval for the two correlations. 

These findings indicate that depending on the type, guided DDL-type induction may be 

beneficial for both deductive and inductive learners irrespective of their learning styles. The 

paper concludes with suggestions that future DDL studies should carefully define the construct 

of DDL and explore its relationship with learner characteristics. 
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1.  Introduction 

Advances in corpus studies from the end of the 20th century have had profound effects 

on language teaching and learning in various areas such as lexicography, grammar, textbooks 

and syllabi, and test development (Boulton, 2012a; Taylor & Barker, 2008). The most direct 

application of corpus studies has been when learners receive hands-on experience in directly 

working with a corpus for learning purposes with guided tasks or materials, a teaching method 

known as “data-driven learning” (DDL). Since being proposed by Johns (1991), DDL has been 

used as a language learning and teaching method and has attracted much attention from both 

researchers and practitioners (Mizumoto, Chujo, & Yokota, 2016). Although the term DDL 

implies that learners search corpora by themselves (hands-on uses or direct student DDL), the 

definition also includes hands-off uses such as when teachers prepare concordance printouts for 

classroom use (e.g., Römer, 2011), especially when introducing DDL to lower level learners. In 

recent years, there has been an increasing use of DDL in classrooms (e.g., Tribble, 2015). 

Despite the diversification in the teaching methodologies for DDL, it has been found that 

inductive learners appear to benefit most from DDL (Chambers, 2005; Cresswell, 2007; 

Flowerdew, 2008) as it is inductive in nature (i.e., finding rules from examples). Meanwhile, 

Boulton (2009) suggested that “a DDL approach can appeal to learners with quite different 

styles” (p. 13). These contradictory views suggest, because of the wide range of DDL teaching 

methods, the relationship between DDL and learning styles has yet to be firmly established. This 

study therefore investigated the relationship between teacher-led, guided DDL induction and 

inductive–deductive learning styles. 
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2.  Literature review 

2.1.  Data-driven learning (DDL) 

DDL is a methodology that applies corpora to language teaching and learning (Aijmer, 

2009; Aston, 2001; Flowerdew, 2012; O’Keeffe, McCarthy, & Carter, 2007; Sinclair, 2004). 

Current research on DDL has suggested that the advantages of DDL include (a) awareness 

raising (or noticing) from using a concordancer to recognize patterns and forms to enhance input 

(Azzaro, 2012; Chang & Sun, 2009; Daskalovska, 2015; Scott & Tribble, 2006), (b) improved 

teaching and learning of lexico-grammatical items (Huang, 2014; Smart, 2014), (c) error 

correction in writing and proofreading (Chambers & O’Sullivan, 2004; Chang, 2014; Gaskell & 

Cobb, 2004), (d) a rich exposure to authentic language use (Chen, 2011), (e) cognitive and meta-

cognitive development (O’Sullivan, 2007; Yoon & Jo, 2014), and (f) learner centeredness (Biber, 

Conrad, & Reppen, 1998). All these benefits have been claimed to contribute to greater 

autonomy and life-long learning (Boulton, 2009b, 2010; Gilquin & Granger, 2010; Lin & Lee, 

2015; Yoon, 2011). 

Although DDL is not yet established as part of mainstream teaching practices (Boulton, 

2010; Tribble, 2015), presumably due to limitations such as technology, logistics, and the beliefs 

of teachers and learners (Gilquin & Granger, 2010), it has been proven to be effective as a 

teaching and learning methodology based on both qualitative inquiries (e.g., Cheng, 2010) and 

quantitative syntheses (e.g., Cobb & Boulton, 2015). Cobb and Boulton (2015), in a meta-

analysis of 116 DDL studies (from 1989 to 2012), found that corpus use (DDL) in the classroom 

was more effective for learners equipped with DDL skills than for those who did not have those 

skills and concluded that compared to instructed SLA (Second Language Acquisition) and CALL 

(Computer-assisted Language Learning), DDL usually resulted in better learning outcomes. DDL 
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studies, therefore, have generally found that when used appropriately, DDL can be a promising 

alternative, but is certainly not a “panacea” (Boulton, 2009b; Flowerdew, 1996), and has the 

potential to make positive and significant changes in the English language learning process. 

Previous research and curriculum studies have identified and/or developed a wide range 

of DDL applications, as summarized in Table 1. The distinction between “hard DDL” and “soft 

DDL” shown in the table is based on Gabrielatos (2005). In this model, the hard version refers to 

more prototypical DDL, and the soft version can be more conventional instruction with light 

DDL elements. From the original definition given by Johns (1991), DDL applications have 

tended to be somewhat inclusive because of the “data-driven” rather than “corpus-driven” label 

(Boulton, 2012b). An example of this diversity can be seen in the number of DDL studies that 

have been conducted using Google and other online search engines as concordancers (e.g., 

Boulton, 2012b; Sha, 2010).  

Another example is in the use of DDL in lower level classrooms. Boulton (2010) 

demonstrated a “paper-based” (i.e., concordance lines) DDL approach was found to be more 

beneficial for lower level learners than traditional teaching approaches. To lessen the cognitive 

burden on lower level language learners, bilingual concordancers (Chujo, Anthony, & Oghigian, 

2009) or guided “convergent” tasks can also be useful (Bernardini, 2004) in combination with 

teacher-led activities and a deductive instructional approach (Smart, 2014). Another DDL 

approach for lower level learners is the ease of adjusting the concordancing corpus according to 

difficulty level (i.e., readability) (Allan, 2008; Chujo, Oghigian, Akasegawa, 2015). This type of 

text modification practice, however, is not without controversy as some researchers argue that 

the use of authentic language data is central to the premise of DDL (Daskalovska, 2015; Smart, 
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2014). Even so, as Boulton (2011) claimed as to DDL, “boundaries are fuzzy, and any 

identifiable cut-off point will necessarily be arbitrary” (p. 575). 

 

Table 1 

DDL variations from research. 

Viewpoint Possible dimensions and continuums 
Hard DDL ← → Soft DDL 

Corpus data Authentic ← → Simplified 
Corpus size Large ← → Small 
Corpus purpose General ← → Specific 
Concordancer Web/Local computer ← → Paper-based 
Language Monolingual ← → Bilingual 
Task Divergent (No definite answers) ← → Convergent (Definite answers) 
Activity Student-centered ← → Teacher-led 
Instruction Inductive (Implicit) ← → Deductive (Explicit) 
Situation Outside classroom ← → In classroom 
Grouping Individual ← → Pair/Group 

 

 

DDL developments in the classroom are motivated by the belief that at an early stage of 

instruction, teachers are necessary guides for using concordancing in a structured approach if it is 

to be helpful for lower level learners (Boulton, 2010). Through guidance using “soft” or 

“deductive” DDL, learners can reach a level of competence whereby they can work with “hard” 

or “inductive” DDL on their own (Cresswell, 2007; Gabrielatos, 2005). As a result, using DDL 

in the classroom may cover the range of the dimensions and continuums shown in Table 1, with 

different degrees of scaffolding based on the needs and proficiency of the target learners. 
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2.2.  Learning styles and DDL 

Because of the wide range of DDL applications, there has been a continuing debate as to 

which method is the most effective for which learning styles. Learning styles, which have been 

found to have a broad influence on many aspects of learner behaviors (Lee, 2015; Lee, Yeung, & 

Ip, 2016), refer to “an individual’s natural, habitual, and preferred way(s) of absorbing, 

processing, and retaining new information and skills” (Reid, 1995, p. viii). 

There has been some recent discussion on the possible effects of DDL on certain learning 

styles (Flowerdew, 2012), but most research has tended to focus only on the inductive–deductive 

dimension (Boulton, 2009a), with some studies suggesting that inductive learners favor DDL 

more than deductive learners (Chan & Liou, 2005; Lee & Liou, 2003; Lewis, 2006). Boulton 

(2009a) claimed that many researchers seem to believe that “DDL may not be suitable for all 

learner profiles” (p. 4). By intentionally distancing himself from the dominant inductive–

deductive continuum, Boulton (2009a) investigated the active–reflective, sensing–intuitive, 

visual–verbal, and sequential–global continuums and found that even though visual learners 

showed a greater preference for DDL, the correlations were not significant, which suggested that 

“DDL should be accessible to learners with a variety of different preferences” (p. 14). 

The type of DDL that is used should be specified in this line of research investigating the 

relationship between DDL and learning styles (see Table 1). The previous argument is based on 

the premise that DDL is inductive in nature, and as such, is more effective for inductive learners; 

a statement Boulton (2009a) considered “something of a truism” (p. 4). Contrary to this common 

belief, as DDL has evolved, there is now a wide variety of DDL tasks, activities, and instructions 

available. Flowerdew (2012) noted in reference to DDL that “in reality, much corpus-based work 

also draws on the deductive approach” (p. 197). Thus, while some researchers regard DDL as 
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hard DDL, where learners independently use concordancers to determine rules, others may have 

soft DDL in mind, where teachers deductively guide learners. Obviously, the general 

understanding of the relationship between DDL and learning styles requires further, deeper 

empirical investigation. 

The relationship between DDL instructional practices and learning styles is also crucial 

from an aptitude-treatment interaction (ATI) viewpoint (Cronbach & Snow, 1977). ATI assumes 

that the effects of educational interventions vary according to individual differences because 

aptitudes and treatments interact to produce learning performance. As such, matching instruction 

to individual differences creates a positive ATI, and it is considered to play a significant role in 

L2 learning as well (e.g., Hwu & Sun, 2012). If inductive learners do benefit more from DDL 

instruction, as widely believed, there needs to be some assistance given to deductive learners so 

that they do not get lost in an ATI mismatch. Conversely, if DDL instruction is found to be 

equally effective for both inductive and deductive learners, this could prove that all learners can 

benefit from DDL. 

 

2.3.  Research question 

The literature review has revealed that there is a need for further research into the 

relationship between guided DDL and inductive–deductive learning styles. Therefore, the 

following research question was addressed: 

 

Which type of learner (inductive or deductive) prefers teacher-led, guided induction DDL 

instruction in the classroom? 
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3.  Method 

3.1.  Participants and settings 

Participants in this study were 145 university English as a foreign language (EFL) 

learners (science and engineering majors, 116 males and 29 females, aged 18–20) from a private 

university in Japan. By using convenient sampling, the study was conducted in three classes as 

part of a compulsory English course at the university in the spring semester of 2014. Learner 

proficiency was measured using the Test of English for International Communication Bridge test 

scores prior to the intervention (M = 131.26, SD = 16.03). According to the Educational Testing 

Service (2013), learners with this level of proficiency are classified as a “Basic User” (A2) in the 

Common European Framework of Reference for Languages. Because it has been reported that 

approximately 80% of Japanese university graduates are at that level (Tono & Negishi, 2012), 

participants in this study were considered appropriate as a target population sample (i.e., 

Japanese EFL university students).  

 

3.2.  Instruments 

To measure the participants’ learning styles, a questionnaire of seven items adapted from 

Cohen, Oxford, and Chi (2006) and Oxford and Lee (2007) was developed and administered at 

the beginning of the course. 

In addition to the learning style scales, six items to measure task values (i.e., the extent to 

which the learners felt the tasks were useful for their learning) were adapted from the Motivated 

Strategies for Learning Questionnaire (Pintrich, Smith, Garcia, & Mckeachie, 1993) and 

administered to the same participants at the end of the course. This task value scale was used in 

the authors’ previous research and its validity and reliability were established (Mizumoto, Chujo, 
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& Yokota, 2016). This task value scale was used as an outcome measure for the correlation 

analysis with the two deductive and inductive learning style scales. If a strong correlation was 

observed between the task value scale and one or both of the learning style scales, it could be 

argued that learners with certain learning styles may prefer DDL learning activities. Participants 

responded on a six-point scale, from 1 (not at all true of me) to 6 (very true of me) for all items. 

Table 2 shows the questionnaire items used. However, the gain scores from the pretest to the 

posttest (i.e., a posttest score minus a pretest score) were not used as these tend to be an 

unreliable measure, and it is often inappropriate to correlate a gain score with other variables 

(Dimitrov & Rumrill, 2003). 

 

Table 2 

Questionnaire items used in the study. 

Measure No. Items 

Deductive  
(Learning Style) 

1 I like to go from general patterns to the specific examples when learning 
the target language. 

2 I like to start with rules and theories rather than specific examples. 

3 I like to begin with generalizations and then find examples that relate to 
them. 

Inductive  
(Learning Style) 

1 I like to learn the rules of language indirectly by being exposed to many 
examples of grammatical structures. 

2 I like to discover underlying patterns by seeing many examples. 

3 I like to figure out rules based on the way I see language forms behaving 
over time. 

4 I like to learn concrete examples first and then generalizable rules later. 

DDL Task Value 

1 I was able to improve my English ability with DDL. 

2 They were useful for grammar learning. 

3 The learned grammar was easily fixed in my memory with DDL.  

4 The activities were enjoyable. 

5 I was able to understand the grammar items I did not know with DDL. 

6 They were helpful in understanding the target grammar items. 
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To assess the intervention effect, a pretest and a posttest were prepared. They were 

grammar tests with discrete point items measuring the knowledge and use of the taught noun 

phrases. Table 3 shows sample items from the test. Because the pretest and posttest contained the 

same items, steps were taken to control for a possible practice effect. The items in the posttest 

were shuffled and administered in a different and random order. The test items had been used in 

previous studies, so the appropriateness had been established (Chujo, Anthony, Oghigian, & 

Uchibori, 2012). 

 

 

Table 3 

Description and sample items of pretest and posttest. 

Subsection 
No. of items 

(score for each item) 
Sample item 

Producing 

NPs 
15 (2) 

Complete the sentence. 

これらのアメリカのコインは大変古いです。 

  （	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 ） are very old. 

Identifying 

NPs 
15 (1) 

Underline all the noun phrases. 

We are unable to meet the present demand. 

Multiple-

choice NPs 
15 (1) 

Choose the best answer. 

A husband and wife must respect each other in order to have a good 

________.   

(A) marry  (B) marrying  (C) marriage  (D) married   

Note. Partial credit scoring (0, 1, or 2) was allowed for Producing NPs. 
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3.3.  DDL instruction 

All three classes (N = 145) focused on learning noun phrases using DDL. The classes met 

once a week for a 90-min class over a 15-week semester. The DDL instruction was conducted in 

the first 10 of the 15 classes for all three classes, all of which were taught by the second author of 

this article, an experienced DDL teacher for the target learners (i.e., false-beginner level learners) 

for more than 10 years. In the first half (45 min) of each class, participants focused on learning 

noun phrases using an online parallel concordancer, WebParaNews 

(http://www.antlabsolutions.com/webparanews/), a bilingual Japanese–English searchable 

newspaper corpus (Fig. 1) (Utiyama & Isahara, 2003). WebParaNews enables learners to 

understand the target language concordance lines and shows a richer context for both languages 

in a key word in context format. It also provides an L1 translation, which assist in overcoming 

the common lower level learner DDL difficulties of lack of confidence and difficulty in 

understanding the monolingual concordance lines (Chujo, Anthony, & Oghigian, 2009).  

 

Fig. 1. A Screenshot of “organization *ing” using WebParaNews. 
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The following four-step procedure (Chujo & Oghigian, 2008) was employed for the 

DDL instruction: 

 

Step 1: Hypothesis formation through inductive DDL tasks with hands-on tasks 

Step 2: Explanations from the teacher to confirm or correct these hypotheses 

Step 3: Hypothesis testing through follow-up exercises (homework) and teacher feedback 

on homework 

Step 4: Production through follow-up exercises (in class) and teacher feedback on 

homework 

 

In Step 1, participants worked in pairs or groups sharing their findings and offering support to 

each other, eventually arriving at hypotheses about the form and usage of the particular lexico-

grammatical patterns in the tasks. In Step 2, the teacher explained the target items so that the 

participants could verify the validity of their hypotheses. In Step 3, participants worked on 

additional consolidation exercises as homework. In Step 4, participants worked together again to 

complete the production practice exercises in class and the teacher gave feedback on the exercise. 

This four-step procedure was a hybrid of an inductive DDL approach and a deductive grammar 

teaching method, one very similar to the “guided induction” (Flowerdew, 2009; Smart, 2014). 

DDL literature has suggested that treatment groups who experience DDL instruction 

generally outperform comparison groups (Cobb & Boulton, 2015). To examine whether 

participants who received DDL instruction showed improvement, another group of learners (one 

class; N = 41) were used as a comparison group, which we referred to as the traditional grammar 
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teaching (TR) group. It should be stated here that the TR group (N = 41) was not part of the DDL 

group (N = 145). The TR group’s demographic information was similar to the DDL group’s, 

allowing it to serve as a comparison group. For the TR group, another experienced EFL 

instructor carried out a traditional TR procedure with a teacher-centered, deductive PPP 

(presentation, practice, and production) method to learn the same noun phrase patterns as the 

DDL treatment group. The procedure was as follows. First, the teacher explained the target 

grammar structure, which the students then practiced in a drill-like manner after completing a 

fill-in-the-blanks exercise. Finally, they produced the target structures in a short writing activity. 

Care was taken to control for content across the treatment types (DDL and TR) and the grammar 

content and information covered in each group were designed to be equivalent for ethical reasons. 

The difference between the DDL and TR groups was only in the mode of instruction, which 

made outcome comparisons possible.  

Both DDL and TR groups took the same grammar test (desribed in Table 3) as pretest 

and the posttest following the intervention. Table 4 shows the descriptive statistics, internal 

consistency reliability (Cronbach’s alpha), change scores, and correlation coefficients between 

the pretest and posttest for the DDL and TR groups. Both groups showed improvement from the 

pretest to posttest: the DDL group (change score [95 % CI] = 9.93 [8.83, 11.03], d [95 % CI] = 

1.16 [0.99, 1.32]) and the TR group (change score [95 % CI] = 4.42 [2.30, 6.53], d [95 % CI] = 

0.55 [0.27, 0.83]). Comparing the two groups after controlling for the pretest effect, the 

ANCOVA showed that there was a significant effect for the different treatments (DDL or TR); 

F(1, 183) = 35.87, p < .001, η2 [95 % CI] = 0.10 [0.03, 0.18], indicating that the DDL group 

outperformed the TR group. 
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Table 4 

Pretest and the posttest descriptive statistics. 

Group n 
 Pretest  Posttest  Change Correlation 

  (Pretest & Posttest) 

 M (SD) α 

 

M (SD) α  M (SD) r 

DDL 145  
28.50 
(8.79) .78 

38.43 
(8.35) .80 

 
9.93 

(6.68) .70 

TR 41  
25.63 
(7.95) 

30.05 
(8.24)  

4.42 
(6.70) .66 

Note. Possible score range for the pretest and posttest: 0–60. 

 

Prior to the instructional intervention, DDL group participants completed the learning-

style questionnaire, and following the treatment, they completed the task value questionnaire. 

 

3.4.  Data analyses 

All analyses in this study were conducted using R version 3.2.3 (R Core Team, 2015). To 

answer the research question, a correlation analysis was conducted to examine the relationship 

between DDL (i.e., task value) and learning styles (deductive and inductive). To conduct the 

correlation analysis, structural equation modeling (SEM) was used as correlation coefficients are 

often underestimated owing to measurement errors, which is especially the case with 

questionnaire studies because the measures tend to have low reliability coefficients. The 

advantage of using SEM over other conventional statistical methods is that it can simultaneously 

model observed variables (i.e., each questionnaire item), latent variables (i.e., underlying traits 

that can be represented with the questionnaire subscales: inductive, deductive, and task value in 
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this study), and measurement errors. As such, weakened correlation coefficients can be corrected 

(known as “correction for attenuation”), and the correlation confidence can be estimated more 

accurately using SEM (Kline, 2011, p. 71). Because SEM tests whether a hypothesized model is 

consistent with the observed data, several fit indices were examined to evaluate the overall fit of 

the structural model. In this study, the fit indices reported in the R package, lavaan (Rosseel, 

2012), were checked for the measurement model fit evaluation: comparative fit index (CFI), 

Tucker–Lewis index (TLI), root mean square error of approximation (RMSEA), and 

standardized root mean square residual (SRMR). 

Following the correlation analysis, the magnitude of the correlation coefficients was tested 

to examine whether there was any difference between a pair of correlation coefficients (i.e., 

Deductive and Task Value/Inductive and Task Value). With null hypothesis statistical testing 

(NHST), however, it is not possible to claim that there is no difference between the two 

coefficients (i.e., the two values are equivalent) because of the logic behind NHST (Larson-Hall, 

2016, p. 319). For this reason, the confidence intervals of the two dependent correlations were 

compared (i.e., Deductive and Task Value/Inductive and Task Value) with one variable (i.e., 

Task Value) in common (Baguley, 2012, p. 225) using Zou’s modified asymptotic method (Zou, 

2007). 

To ensure reproducibility and transparency in the data analysis (Larson-Hall & Plonsky, 

2015; Marsden, Mackey, & Plonsky, 2016), all data and R codes used in this study have been 

made publicly available via the Open Science Framework (https://osf.io/9qbtp/). 
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4.  Results 

Table 5 shows the descriptive statistics and reliability coefficients (Cronbach’s alpha) for 

the scales used to measure the learning styles (i.e., Deductive and Inductive) and Task Values for 

the participants who received the DDL instruction (N = 145). The distributions for each measure 

were confirmed as normal using the Kolmogorov–Smirnov test. This test is used to test for the 

normality of data (i.e., normal distribution). The Cronbach’s alphas were relatively high.   

 

Table 5 

Descriptive statistics of the scales (N = 145). 

Measure No. of 
Items M (SD) Min. Max. Skewness Kurtosis α 

Deductive 3 4.07 (0.95) 1.67 6 0.05 −0.32 .85 
Inductive 4 3.81 (0.95) 1.25 6 −0.27 0.13 .89 
Task Value 6 3.92 (0.99) 1.33 6 −0.33 −0.22 .91 

Note. Possible range of item response (M) for all measures is 1 to 6. 

 

Fig. 2 shows the SEM results. The fit indices of the three correlated factor model in the 

SEM revealed that the hypothesized model provided a good fit to the data (CFI = .97, TLI = .97, 

RMSEA = 0.06 [90% CI = 0.03–0.08], SRMR = .05). The correlation coefficients between the 

scales, however, were relatively low: Deductive and Inductive (r [95 % CI] = −.19 [−.34, .03]), 

Deductive and Task Value (r [95 % CI] = .21 [.05, .36]), and Inductive and Task Value (r [95 % 

CI] = .20 [.04, .3]). According to Dörnyei (2007), “in applied linguistics research we can find 

meaningful correlations of as low as 0.3–0.5” (p. 223). Considering this rule of thumb, the 

correlations between the two learning style scales (Deductive and Inductive) and the Task Value 
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were relatively low. This was especially true for the current analysis as SEM was employed to 

deal with the correlation coefficient attenuation correction. The low negative correlation 

coefficient between Deductive and Inductive can be explained theoretically; that is, the more 

deductive learners are, the less inductive they are, but by definition, they are placed on a point 

along the inductive–deductive continuum (Reid, 1995). The correlation coefficient between 

Inductive and Task Value (r = .20) was lower than expected considering the common belief that 

DDL is related to an inductive learning style. A similar correlation coefficient magnitude was 

observed between Deductive and Task Value (r = .21). 
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Fig. 2. Path diagram for the SEM result (n = 145). Numbers in parentheses show 95% confidence 

intervals (from the lower limit to the upper limit). 
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To show the relationship between the learning styles and Task Value in more detail, Fig. 

3 displays scatterplots for the correlations between learning styles and Task Value in scale scores. 

The Bayesian alternative to correlation was used (Bååth, 2014) to create these scatterplots. In this 

figure, the two ellipses show that 50% (center darker area) and 95% (outer lighter area) were the 

highest regions, which predicted the likely data distribution if more data were added in future 

studies. The histograms and superimposed densities were drawn from the posterior predictive 

distributions. These scatterplots also suggested that the relationship between the learning styles 

and Task Value was not so strong and that the predictive distributions were similar for both 

correlations. 
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Fig. 3. Scatterplots for correlation and predictive distributions using Bayes estimation between 

learning styles and Task Value. 
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The same pattern was found when comparing the confidence intervals between a pair of 

correlation coefficients. The difference in the confidence intervals of the two correlations, 

Deductive and Task Value (r = .21) and Inductive and Task Value (r = .20), with Task Value as 

a common variable was [−.24, .25], indicating that the two correlations did not differ in 

magnitude as the confidence interval, which included zero, was in the middle of the range. 

The findings of this study are at odds with those in previous studies (Chan & Liou, 2005; 

Lee & Liou, 2003; Lewis, 2006), which suggest that inductive learners benefit more from DDL 

than deductive learners. This is because the DDL tasks, activities, and instructions in the current 

study were teacher-led guided induction (i.e., softer DDL), whereas those in previous studies 

were without explicit instruction or teacher’s guidance (i.e., harder DDL). That is, the only 

difference between this study and the previous ones was in the differences of DDL instructional 

practices. The results of this study, therefore, highlight the possibility that the differences in 

DDL tasks, activities, and instructions would bring about varying degrees of success for leaners 

with different learning styles. 

 

5.  Discussion 

To question the dominant view in DDL literature that inductive learners benefit more 

from DDL learning, this study examined the relationship between DDL and learning styles in a 

language class with learners who showed significant improvement after the guided DDL 

induction instruction. The results found weak correlations between the DDL task value and the 

inductive–deductive learning style continuum, and there was no magnitude differences found 

after an examination of the confidence interval of the two correlations.  
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Taken together, these results suggest that the DDL instruction in the current study could 

be beneficial for both deductive and inductive learners irrespective of their learning styles. Thus, 

the results do not support the view that DDL is suitable only for inductive learners; rather, a 

guided DDL induction such as the instruction used in this study could be used to cater for 

learners with different learning styles. This is therefore further support for the claim that “DDL 

should be accessible to learners with a variety of different preferences” (Boulton, 2009a, p. 14). 

The findings in this study have two important implications for DDL research and practice. 

First, guided DDL induction, which in the case of this study was a mixture of inductive and 

deductive grammar instruction, has the potential to be employed more proactively as a teaching 

methodology with the understanding that (a) it may be better than conventional teaching 

approaches and (b) it does not favor learners with specific learning styles (i.e., inductive or 

deductive), so it could be effective for all learners. Since the purpose of a guided DDL induction 

approach is to assist learners become autonomous in their foreign language learning in the same 

manner as explicit dictionary training (Boulton, 2009b), guided induction could be seen as a 

promising methodological alternative. 

Second, as argued in this study, the type of DDL activities should be carefully defined in 

DDL research as DDL has different conceptual meanings for different people. Simplified claims 

such as “DDL is an inductive approach” or “there is a strong relationship between DDL and a 

certain individual factor” are thus not tenable and possibly can be misinterpreted. It is therefore 

necessary to state the DDL types (i.e., corpus, concordancer, task, and instruction) and the 

learner characteristics (i.e., proficiency and individual differences) in detail before making 

generalizable claims. 
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This study has one limitation. Only the relationship between the guided DDL induction 

and learning styles on an inductive–deductive continuum was examined, which was intentional 

so as to focus on the specific topic and research questions that had been highlighted in previous 

DDL research. However, as pointed out by Boulton (2009a), learning styles are not limited to the 

inductive–deductive continuum, and including a wider range such as field dependent and field 

independent (Flowerdew, 2012) in future study designs could examine the relationship between a 

certain DDL type and other learning styles in more detail. 

The appropriate combination of these factors to maximize DDL use requires further 

empirical investigation. At the same time, the learning style constructs may change in the near 

future due to a paradigm shift in individual differences research (see Dörnyei & Ryan, 2015, for 

details), which regards learning styles as complex and dynamic within certain contexts. Along 

with the development of this new paradigm and the alternative conceptual lens, future studies 

may provide a clearer picture of the dynamic interaction between DDL and learner 

characteristics. 

Finally, it should be noted that some researchers, based on recent brain-based studies, 

claim that the idea that matching instruction to a learner’s preferred “sensory” learning style 

improves learning is a myth (Lethaby & Harries, 2016, p. 16). If this argument also holds true for 

“cognitive” learning styles (e.g., deductive and inductive), it may not be the learning styles but 

other learner characteristics that we need to pursue their relationships with DDL. Only further 

studies will confirm or refute this claim. 
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6.  Conclusion 

In spite of the alleged claims that inductive learners benefit more from a DDL approach 

than deductive learners, there has been little empirical research investigating this relationship. As 

a result, despite an increasing number of DDL studies, researchers have continued to wonder 

whether certain learning or personal styles are favored or disfavored (Cobb & Boulton, 2015, p. 

497). As DDL instructional practices have evolved and diversified, this study focused on the 

relationship between a successful guided DDL induction and inductive–deductive learning styles. 

Low correlations were found between these two variables and no magnitude differences were 

found, which suggested that this type of DDL practice could provide both inductive and 

deductive learners with a powerful tool to develop language learning autonomy. 

As a number of DDL studies have demonstrated, DDL can take many forms to meet the 

needs and proficiency of learners, and may work better than conventional teaching methods. 

Similar studies should be conducted to examine how DDL works for different types of learners, 

which could encourage language teachers to adopt DDL as a promising teaching methodology in 

the 21st century. 
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