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Abstract Previous research has shown that the knowledge structure (KS) complexity of a
first language (L1) under certain conditions can strongly influence the KS complexity
established in a second language (L2), and then this more complex L2 KS reciprocally
influences L2 text comprehension. This present experimental investigation seeks to iden-
tify the unique contributions of mapping and writing in L1 (Korean) tasks to support L2
(English) science text comprehension using Pathfinder Network scaling, a graph-theoretic
cognitive science approach. Native Korean low proficiency English language learners
(n = 245) read a 708-word English (L2) science lesson text, completed one of seven
treatment conditions, and then completed a comprehension posttest. The seven conditions
consisted of three experimental conditions that required different L1 tasks including: L1
mapping alone, L1 writing alone, or both L1 mapping and writing; and four control
conditions that did not receive any L1 treatment: L2 mapping alone, L2 writing alone, both
L2 mapping and writing, or reading only. All of the maps and writing artifacts were
converted into Pathfinder Networks that were compared to an expert’s referent network.
Results show that requiring L1 lesson tasks relatively increases L2 KS complexity and
concomitant comprehension posttest performance. In order of effectiveness, combined L1
mapping and writing was most effective for posttest comprehension, then L1 writing, and
least effective is L1 mapping alone. These findings confirm and extend the earlier findings
that the inherent L1 KS complexity can strongly influence L2 KS complexity. Educa-
tionally, requiring L1 tasks, especially in text translation, likely engenders richer L2
structure that supports higher-order understanding of the text. Also, these findings further
validate this technology-based approach for measuring KS contained in bilingual learners’
productions.
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Introduction

According to the U.S. Census Bureau’s American Community Survey (Ryan 2013), one in
five U.S. residents now speaks a language other than English at home. What instructional
design advice is there for these students in our classrooms who must learn in English?
Regarding learning from texts, the ability to read and comprehend is a critical learning skill
not only in a native language, but also in a second language. Accordingly, there have been
several research-based efforts to help students comprehend second language texts (see for
review, Karim 2010), but the value of intentionally using first language (L1) in second
language (L2) reading has been a continuous source of interest and debate (see for debate
of L1 use, van Hell and Kroll 2013). This investigation considers the influence of
knowledge structure (KS) of the L1 on L2 KS during and after reading in the L2 by
applying a Pathfinder Network scaling, a graph-theoretic computational approach, to
quantitatively evaluate comprehension as a function of changes in L1 and L2 KS.

Although this investigation considers Korean and English, this line of research is really
not about languages, but rather, it is about structure. Behavioral studies (e.g., ranging from
reaction time studies up to problem-solving expertise, e.g., Tse and Altarriba 2012) and
neural network model descriptions (e.g., Zhao and Li 2013) of language artifacts support
the premise that an individual’s lexicon is structured and it is this structure that allows for
“thinking”. In this present investigation, describing how KS in one language influences or
aligns with that of the second language could provide direct empirical information
regarding the role of KS in second language reading comprehension.

The influence of first language in second language reading

The research base considering the use of L1 during L2 tasks cuts across several domains,
including psycholinguistics (e.g., van Hell and Kroll 2013), neuroscience (e.g., Chee et al.
2001), and even socio-cultural spheres (e.g., Anton and DeCamilla 1998; Brooks and
Donato 1994). L1-in-L2 studies are carried out for a number of different reasons and with
varying research goals. Many of the studies have found that learners completing L2 tasks
tend to spontaneously but idiosyncratically use their L1 and L2 interactively in order to
work through a particular problem. In consonance with these research findings, other
studies have reported that increased L2 proficiency may constrain the amount of L1 use,
thereby exerting varied effects on learners’ L2 production (Jones and Tetroe 1987; Pen-
nington and So 1993; Qi, 1998; Roca de Larios et al. 1999; Wang and Wen 2002).
Logically, if L2 is sufficient for a specific task, then L1 is not needed; and so there is a
general tendency to rely mainly on L2 as L2 proficiency increases. For example, Cumming
(1990) found that highly proficient bilingual learners used their L1 sparingly and selec-
tively—for initiating an idea, for developing a thought, for verifying the meaning of a
word, and to compensate for working memory overload in L2 (see for detail, Qi 1998). In
comparison, other studies have concluded the opposite, that lower L2 proficient learners
used their L1 far more generally than the higher L2 proficient learners, for example, to
search out and assess appropriate wording, compare cross-linguistic equivalents, but less
frequently considered linguistic choices in the L2 (see for detail, Wang et al. 2002). Taken
together, we can infer that the L2 proficiency level predicts L1 spontaneous use, with a
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selective or no reliance on L1 for highly proficient L2 learners but a broad and general
reliance on L1 for low proficient L2 learners.

Moreover, Woodall (2002) complicated this possible relation of L2 proficiency with L1
use even further by including the fundamental linguistic properties of languages as an
additional independent variable in the study. He found that overall, low L2 proficient
bilinguals used their L1 more than high L2 proficient learners, but this was influenced by
task difficulty and language group (e.g., with non-cognate languages such as Korean/
English versus cognate languages such as Spanish/English that share common etymolog-
ical origins). Spontaneous L1 use when the L1 and L2 are cognate languages was related to
higher quality L2 production, while spontaneous L1 use between L1 and L2 non-cognate
languages was related to lower quality L2 production.

Although the recent studies cited above provide insight into the possible role that L1
plays when completing demanding L2 tasks, overall, the value of L1 use for learning in an
L2 setting has remained a controversial issue. The reasons for spontaneous versus required
L1 use, and which cognitive activities are carried out in the L1 also remain somewhat
unclear. As mentioned above, L1 may be recruited to help solve L2 linguistic or lower-
order problems (cognitive level, see Wang 2003), but L1 may also be recruited for meta-
level activities such as planning or to prevent cognitive overload (metacognitive level, see
Woodall 2002). This begs the question, “What characterizes a ‘demanding’ task in L2 that
will likely elicit spontaneous L1 support?”

In summary, bilinguals with different L2 proficiency levels may use their L1 in different
ways (Woodall 2002) or for different cognitive processing while completing L2 tasks
(Cumming 1990). Thus, a broad conclusion is that L1 use for the completion of L2 tasks,
whether spontaneously recruited or alternately required by the learning task, tends to
improve L2 production, but not in all situations and not for all categories of bilingual
learners (Cohen and Brooks-Carson 2001; Kobayashi and Rinnert 1992; Uzawa and
Cumming 1989). The somewhat unclear and inconclusive findings reported so far in L1 use
in an L2 setting make it difficult to generalize results over specific tasks and across
languages, or to establish a clear and direct link between L1 use and L2 performance,
which is a relevant issue for educational purposes.

With a purpose to contribute to this on-going debate, Kim and Clariana (2015) con-
sidered the role L1 plays in L2 reading by applying a Knowledge Structure (KS) analysis
approach. This KS approach, explained in more detail below, visually represents L1 and L.2
KS changes during L1 use in L2 reading; each student’s L.1-L2 relationships are explicitly
observable and statistically comparable. In that investigation, low-L2 proficient Korean
learners of English (n = 50) were randomly assigned into one of two groups, either an L2
English-only group or to a Korean-to-English L1 4 L2 translation group. First, students
were asked to read a 708-word English TOEFL text (Test of English as Foreign Language)
and create a concept map of the text, then write a summary (L2 only or L2 + L1), then
create a post concept map and take a comprehension posttest. For analysis, all of the
students’ maps and essays were converted into Pathfinder Network graphs (PFnets; Tossell
et al. 2010), which are hypothesized to represent the most salient underlying organization,
or structure, of the data. This approach allowed the researchers to compare the L1 and L2
mental representations and their relationships (see for example, Fig. 1). The results showed
that the translated treatment’s L2 KS is more similar to that of an expert than is the
English-only treatment (58% vs. 36%) and their KS significantly correlated to the reading
comprehension posttest compared to those in the English-only condition (r = 0.84,
accounting for 71% of the variance vs. r = 0.60, for 36%). In addition, the average KS of
the students in the translated condition converged towards a more relational KS (measured

AECT @ Springer



88 K. Kim, R. B. Clariana

cave painting intetigent i
location

hunting ceremony  ancient human
 puaing
migration motiaton .

cave painting ~

overpainting rbal ceremony inteligent

migration
ancienthuman _

_ hunting ceremony

tribal ceremony — N
overpainting

™ motivation

Student’s map and essay converted to PFnet Expert’s PFnet

Fig. 1 Example of student’s English map and Korean essay (left) and Expert’s consensus map (right)
converted to a Pathfinder Network (PFnet)

as graph centrality) like that of the content expert relative to the English-only treatment that
had a more linear KS, indicating a fundamental way that L1 and L2 reading processing
differs. These findings indicate that requiring L1 with L2 tasks engenders more complex
and relational KS form of the L2 topic, relative to those not required to use L1 while
writing, at least for these low proficient Korean learners of English across these two non-
cognate languages.

This previous investigation by Kim and Clariana (2015) combined mapping and writing
in L2 only, or in L1 + L2, in order to consider the influence of L1 on L2; so questions
remain concerning the possible separate unique contribution of mapping alone, writing
alone, and both mapping plus writing compared to a no map, no writing control. Thus, this
present investigation was designed to confirm and extend this previous investigation as part
of an ongoing investigation into the optimal way to use L1 during L2 text comprehension
by comparing seven treatments: three experimental conditions including L1 4+ L2 map-
ping, L1 4+ L2 writing, L1 + L2 mapping plus writing, and four control conditions
including L2-only mapping, L2-only writing, L.2-only mapping plus writing, and a reading-
only true control condition.

Purpose

Following Schmidt (2009), the editors of this journal Spector et al. (2015), repeated a call
voiced by editors of educational journals to encourage replication and scaling-up inves-
tigations as a critical part of the scientific endeavor. This current investigation is a direct
replication of Kim and Clariana (2015) that reported a positive influence of L1 use on L2
learning outcomes and KS, using the same lesson content, comprehension posttest, and KS
descriptive analysis of students’ maps and essays, but extends that investigation by
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isolating the separate contributions of three different lesson tasks (mapping, writing, and
both) and with a far larger sample (n = 245).

Our working assumption is that persistent KS exists and influences cognition in a way
that can be expressed as a nomological network (Cronbach and Meehl 1955, a set of
constructs/concepts and their linkages) and that KS can be measured and is worth mea-
suring. Using the KS analysis approach from Kim and Clariana (2015), the purpose of this
present investigation is to estimate the separate and the combined effects of mapping and
writing with or without L1 to add to the growing evidence of how L1 use influences low
proficient English language learners’ comprehension and KS.

Method
Participants

The participants were 245 college students in engineering departments from three different
South Korean-based Universities. All the participants are native Korean speakers (aged
from 20 to 22 years, with 120 females and 125 males). Students with low proficiency in
English were selected for this study to better reveal the influence of an L1 in L2 text
comprehension. This study used two steps to filter participants’ English language profi-
ciency level. The first filtering was to use the web-based Language History Questionnaire
2.0 (LHQ 2.0, Li et al. 2014) to estimate bilinguals’ linguistic background and self-
reported proficiency level. To attain a low proficient sample, only those participants were
selected who had: (a) no intermediate or higher level English instruction and (b) no pre-
vious experience studying English abroad. A second round of filtering was used to check
an official TOEFL score of the selected participants (from LHQ), which is considered to be
a valid and reliable measure of English learners’ proficiency (Jamieson et al. 2008). Their
TOEFL score was below 80 on the iBT test (internet-based test), which is considered to
indicate low proficiency in English (Jamieson et al. 2008). Taken together, we presumed
that all students could be considered as low proficient learners of English. The students
were briefed on the tasks involved and the purpose of the investigation and were asked to
participate, and all agreed. All students received course credit for completing the activities,
the experimental materials were not related to the course content.

Procedure

All participants (n = 245) read a 708-word English TOEFL text, The Cave of Lascaux, the
same text used in Kim and Clariana (2015), this text and test were used with permission
from the Educational Testing Service (ETS). Participants were randomly assigned to
complete one of the seven treatment conditions (e.g., 35 per condition) including three
Experimental conditions requiring L1 tasks: L1 mapping (L1IM), L1 writing (L1IW), both
L1 mapping and writing (L1IMW), and four Control conditions that did not require LI
tasks: L2 mapping (L2IM), L2 writing (L2IW), both L2 mapping and writing (L2IMW), or
no activity (No). Then all participants completed the ETS multiple-choice posttest that
consisted of 10 comprehension-related multiple-choice items that were designed to mea-
sure global inferences in the text. Global inferences require a well-structured situation
model (i.e., a relational-hierarchical KS representation) in contrast to local inferences that
only require surface structure representations (i.e., a sequential-linear KS representation).
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The posttest had a moderate level of internal consistency, as determined by a Cronbach’s
alpha of 0.805 in this investigation. All of the students’ maps and essays were converted
into PFnets in order to compare each to an expert’s referent PFnet (see Fig. 2).

To establish an expert referent model for comparison analysis, the same 10 essential
terms were selected from a previous study by Kim and Clariana (2015). In that study, three
subject domain experts were provided with a list of all of the terms used by the participants
in their maps, arranged in order of frequency of occurrence. The experts were asked to base
their selection of terms on importance rather than mere frequency of occurrence, and that
they should add terms on the list as needed. While considering this list and the lesson text,
the experts collaborated in face-to-face to reach a consensus on the ten essential terms
(these include: cave painting, puzzling, location, seasonal migration, hunting ceremony,
tribal ceremony, motivation, overpainting, ancient human, intelligent). They then created a
single expert referent map using the 10 essential terms that was then converted to a PFnet.
This consensus expert PFnet was used as the referent map for comparing to the students’
PFnets.

Data analysis
Concept maps to PFnets

According to the findings from Clariana et al. (Taricani and Clariana 2006; Poindexter and
Clariana 2006; Clariana and Taricani 2010), concept map scores derived from proposition
data (‘links’ between terms) are more related to low-dimensional verbatim knowledge such
as facts, terminology, and definitions (i.e., a sequential-linear knowledge representation);
whereas concept map scores derived from association data (‘spatial distances’ between
terms) are more related to higher-dimensional gist knowledge (i.e., a relational-hierarchical
knowledge representation). Because of our focus on global inferences, we provided
mapping directions to the participants that intentionally deemphasized propositions (links
between terms) and emphasized association (distance between terms). Thus, in this
investigation, KS concept map data consists of the distances between the key terms in the
maps.

For map to PFnet conversion, following Kim and Clariana (2015), Jrate software was
used to calculate the raw proximity data that contained all pair-wise distances between the
10 terms in expert’s and in students’ maps (Jrate is available at http://endaemon.net/
jRateSuite). All of the students’ paper-based maps were recreated in Jrate software by the

Experimental Group (L1 task groups, n=105)

L2 =
Reading :‘ L1 Activites (LIM, LIW, or LIMW) i:> Comprehension Posttest

Control Group (no L1 task groups; n=140)

L2 . L2 Activites (L2M, L2W, or L2ZMW) or .
A Comprehension Posttest
Reading No Activity (No)

Fig. 2 Research design
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researchers; this is a manual process that can introduce error, so care was taken to maintain
the original spatial proportional relationships between terms in the map. Each map was
converted to a proximity file with 45 elements (i.e., (102 — 10)/2 = 45, where 10 is the
number of selected key concepts) by Jrate that are the distances in pixels between every
term. Then the Knowledge Network and Orientation Tool software (KNOT, Tossell et al.
2010; available at http://interlinkinc.net/), was used to convert all of the students’ and
expert’s map proximity data from Jrate into PFnets (see Sarwar 2011, for validity of
KNOT). Note that the PFnet algorithm as data reduction network scaling technique has
been widely used in diverse domains, for example, to describe changes in KS during team
member collaboration (Clariana et al. 2013), to measure individual and group knowledge
convergence (Draper 2013), to reveal L1-L2 interaction (Kim 2017a), to elicit text
structure in lesson texts (Fesel et al. 2015), to improve satellite image categorization (Barb
et al. 2013), and recently to help understand neurocognitive differences between good
versus poor readers by comparing their PFnets and neural patterns (Li and Clariana 2018).

Essays to PFnets

For essay to PFnet conversion, following Kim and Clariana (2015), we employed a text
visual analytic system, Graphical Interface of Knowledge Structure (GIKS, Kim 2017b),
for converting Korean and English essays into PFnets. The GIKS system was developed by
integrating two standalone offline software tools, ALA-Reader and KNOT. Here, the ALA-
Reader algorithm was used to transform the Korean and English essays into raw proximity
data for the same 10 terms. The approach is too lengthy to describe here, for complete
details on how ALA-Reader was developed and has evolved until now, refer to Clariana
et al. (2009, 2014), and Kim (2017c¢); how it has been recently applied in online learning
settings, refer to Tawfik et al. (2018) and Zimmerman et al. (2018). In brief, ALA-Reader is
a tool designed to capture relations of preselected key terms in a text as pair-wise links in a
proximity file, adding only “1 (co-occurred)” or “0” to indicate the sequential occurrence
of the key terms in the text (see Kim 2012, for validity of ALA-Reader). Then, all of the
students’ essay proximity data from the ALA-Reader analysis were converted to PFnets
using KNOT. Thus, the students’ PFnets from their concept maps and written essay
responses can be directly compared, maps-to-maps, essays-to-essays, and even maps-to-
essays (refer back to Fig. 1).

PFnet analysis

Following Kim and Clariana (2015), the raw proximity data from all of the maps and
essays were analyzed using two different approaches: (1) Pearson correlation of the raw
proximity data as Fisher z and (2) two graph-theoretical measures of the PFnets derived
from the raw proximity data, node centrality and graph centrality (Coronges et al. 2007).

Note that no studies have yet explicated which specific network analysis approach
should be applied in specific settings. Pathfinder analysis is a severe data reduction
approach where PFnets are believed to consist of the most salient relations in a set of
proximity data (i.e., pruned proximity data, Sarwar 2011) and thus may be a better data set
than comparing the raw data, although it is prudent and useful to analyze and report both
data sets within the same study. Thus, the study carries out analyses using three different
levels of data reduction (raw proximity data to pruned proximity data), with correlation of
the raw proximity data having the greatest amount of information (both true and error), and
centrality of the pruned proximity data (represented as PFnets) having the most salient
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information; node centrality which represents networks as n-degree vectors and graph
centrality where a network is represented as an integer on a continuum between zero and
one.

For example, Clariana et al. (2013) used centrality to mathematically and visually
describe state changes from problem space to problem solution during problem solving.
Participants (n = 140) were randomly assigned to interdependent or non-interdependent
conditions to work online in triads to create a concept map to solve a problem scenario.
Node centrality of the interdependent group-created concept maps resembled the fully
explicated problem space, while the non-interdependent group-created concept maps
mainly resembled the problem solution, confirming prior studies using a ‘manual’ common
relations count analysis of concept maps (Engelmann and Hesse 2010). The results
demonstrated that node centrality can provide a complementary measure of the KS con-
tained in the team concept map artifacts. Graph centrality was not significant in that
investigation, but the interdependent triads’ average graph centrality is indicative of
expertise relative to the non-interdependent triads’ centrality that was indicative of goal-
oriented thought (see Fig. 4 below where centrality is explained in detail).

Correlation analysis The KNOT tool automatically computes the correlation (r) be-
tween the 45-element distance data in two PFnet files; the distances between a pair of
nodes in one PFnet are compared to the distances between the same pair of nodes in
another PFnet. Next, Fisher’s r to z transformation was applied to the correlation r values
prior to averaging and statistical comparison of the two groups because Pearson correlation
values are not interval-level data, and so correlations cannot be averaged together, while
Fisher z values are additive. Then these Fisher values for each student’s network were
averaged and compared to the expert’s using a Pearson correlation coefficient (+2).

Degree centrality Centrality can provide both a local-level (node centrality; a measure
of node importance) and a global-level measure (graph centrality; a measure of network
form) of a network graph (see for example, Ifenthaler 2010; Clariana et al. 2013; Kim and
Clariana 2015, 2016).

Node centrality indicates the relative importance of each node in the graph based on the
number of links that the node has with other nodes. A node with the most links would
probably be the most important term in the network graph relative to the node with fewer
links. To determine the node degree vectors for each network (i.e., degree is the number of
links to a node), all students’ PFnets and the experts’ consensus PFnet were manually
inspected to create a table of node degree vectors using the 10 terms established by the
expert panel (e.g., see Fig. 3), then each vector in the table is correlated with the expert
vector. For example, the correlation of the example participant map node degree vector to
the expert map is r = 0.57, that has a coefficient of determination =032, indicting a
32% overlap of these two maps.

Graph centrality provides a numerical measure of map structure, or form, that ranges
from O to 1 (see Fig. 4). These values have been categorized into a conceptual typology:
where 0-0.2 indicates a linear network form that aligns with a goal-orientation approach
such as a procedure, 0.2-0.4 indicates an ordered network form that indicates a simple and
rigid expertise, 0.4-0.6 indicates a more cross-connected network form that indicates
complex and fluid expertise, and 0.6—1.0 indicates a star-shaped network with one or a few
central nodes that indicates naiveté. Kim and Clariana’s (2015) study with low proficient
L2 readers showed that the KS ‘form’ of the L2 readers who used L1 tended to have
expertise-like network structures (Cg,qp, = 0.57) compared to the L2 only group that had a
more goal-oriented linear structure (Cg,qp,= 0.28). In this investigation, we assume that the
shapes of KS representations from the two languages, English and Korean, would be
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fundamentally different, as evidenced in other studies (e.g., Kim 2017c; Tang and Clariana
2017), so a graph centrality measure would be very helpful to reveal the different
‘structure’ inherent in maps and essays from the different languages.

The investigations cited above demonstrate that centrality measures provide a different
vantage point and descriptive frame as a visually-based measurement approach of mental
representations that is mainly descriptive.

Results

The data for analysis included the students’ comprehension posttest and individual maps
and essays converted to PFnets. Comprehension posttest findings are presented, and then,
following the analysis approach from Kim and Clariana’s (2015) study, the PFnet data are
described and compared using Pearson correlation as (1) correlation to the expert and (2)
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Table 1 Means and standard deviations for the comprehension posttest (max. 10) and for two task mea-
sures, knowledge structure similarity to the expert as Fisher Z and graph centrality as a measure of KS form
(Corapn)

L1 task groups No L1 task groups (control)

L1IM L1IW L1IMW L2IM L2IW L2IMW No
Posttest 5 (1.69) 6.1 (2.01) 7.5 (2.45) 36 (1.41) 27 @1.77) 4(1.52) 33

(1.87)
Fisher  0.51 0.59 0.79 0.44 0.35 0.45 -
z
Coraph 043 0.51 0.54 0.29 0.24 0.31 -
relational relational relational linear linear linear

Expert Cgyqpn = 0.47; Cronbach’s alpha of posttest = 0.805

correlation to the posttest, and network centrality measures as (3) graph centrality and (4)
node centrality (see Table 1).

Comprehension posttest

The comprehension multiple-choice posttest data were analyzed by ANOVA (2 x 3
between groups) to compare the effect of two factors, L1-L2 use (L1 spontaneous or L1
required) across three tasks (mapping, writing, or both). To determine the data’s charac-
teristics as it relates to ANOVA, three tests were performed. Skewness (— 0.19) and
kurtosis (— 0.42) are within acceptable parameters, the sample size is adequate (n = 120),
but Levene’s test was significant, F(5,99) = 5.42, p < 0.001 indicating that the error
variance was not equal across groups. As ANOVA is relatively robust when only one
assumption is violated, we report results.

The L1-L2 factor was significant, F(1,99) = 127.54, MSE = 1.53, p < 0.001; the tasks
factor was significant, F(2,99) = 16.06, MSE = 1.53, p < 0.001; the interaction of L1-L2
and tasks, F(2,99) = 8.87, MSE = 1.53, p < 0.001. The significant interaction is shown in
Fig. 5. Cohen’s d effect sizes for these six groups relative to the read-only control are,
d=L12IW (— 0.33) < control < L2IM (0.16) < L2ZIMW (0.36) < L1IM (0.80) < L1IW
(1.37) < L1IMW (2.09). Note that L2IW is worse than reading only, requiring L1 is
consistently better, and combining mapping and writing is better than mapping and writing
alone.

Multiple regression analysis was then used to test if the KS measures significantly
predicted students’ comprehension posttest performance. The results of the regression
indicated the combined measure explained 74.9% of the variance (R2 = 0.749,
F(2,102) = 152.49, p < 0.001). It was found that KS similarity as Fisher z significantly
predicted comprehension posttest (f = 0.65, p < 0.001), as did graph centrality (f = 0.36,
p < 0.001).
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Participants’ map scores are the Fisher z transform of the Pearson correlation between the
participant maps and the expert referent map. As seen in Table 1 above, all of the map
scores where L1 was required in the lesson (the experimental groups) were much higher
compared to the groups’ scores where L1 was not required (the control groups). The
finding of the current study thus corroborates that of Kim and Clariana (2015), which
reported that the process of mapping and/or writing in an L1 for the L2 text comprehension
has strong learning benefits for the low L2 proficient learners using non-cognate Korean-
English language L1-L2 tasks.

Further, mapping and writing in combination are additive and superior to mapping or
writing alone, whether L1 is required or not. This finding is in agreement with past studies
reporting that essays and concept maps are considered to be highly related and comple-
mentary forms of assessment to evaluate KS, at least in L1-L1 tasks (Clariana and Koul
2004, 2008; Gonzalvo et al. 1994), especially if the concept maps are used as a scaffold or
outline for writing activity and vice versa. The present study confirms the past studies and
further suggests that combining an L1 mapping and writing activity could be a more
effective way to support learning in an L2 (in this case L2 text comprehension) relative to
an L1 mapping alone and an L1 writing alone.

Correlation to the posttest

All individual map Fisher z scores (i.e., determined as correlation to the expert) were
compared to the comprehension posttest scores using Pearson’s correlation (see Table 2).
This finding is in agreement with the findings explained above which showed that when L1
is required in the lesson (experimental groups), participants’ maps and posttest scores were
much more highly correlated compared to those in the groups where L1 is not required.
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Further, the L1IIMW group had the strongest correlation (r = 0.88) between map scores and
comprehension posttest scores; this suggest that combining mapping and writing tasks
leads to more an expert-like KS that is more able to perform well on a comprehension
posttest that measures global inferences. Hence, in general terms, superior KS ‘form’
allows for superior ‘cognitive function’.

We can conclude from the results of the correlation analysis that requiring L1 (mapping,
writing, or both) strongly influences L2 performance (L2 posttest text comprehension).
Therefore, an effective way to use an L1 is to require both mapping and writing compared
to mapping or writing alone, at least for low proficient participants working with non-
cognate languages.

Centrality analysis
Graph centrality

Graph centrality as operationalized by Clariana et al. (2013) has values that range from 0
(linear network) to 1.0 (star network), with optimally relational and complex networks
typically falling around 0.4-0.5. As shown in Fig. 6, the control groups’ maps on average
were somewhat linear in form (Cgypp, 0.29-0.24-0.31 respectively) while the three
experimental groups’ maps were all quite relational in form (0.43-0.51-0.54 respectively)
and similar to the expert (0.47). This could indicate that the average KS of participants who
were required to use L1 in the lesson (e.g., experimental groups) converged toward a more
relational structure similar to the expert referent compared to the control students that have
a more linear structure. The result is consistent with that of Kim and Clariana (2015) who
reported that the average KS of the students in the translated writing condition (i.e., L1 task
group) converged towards a more relational structure (Cg,q,, = 0.51); in contrast the direct
writing condition (i.e., no L1 task group) showed a more linear structure (Cg,qp, = 0.28),
thus suggesting a fundamental KS difference when L1 tasks are required in L2 settings.
From a fuzzy-trace theory view (Reyna and Brainerd 1995), we assume that a well-
developed relational and complex KS would be better for supporting high-order inferential
gist knowledge tasks relative to a linear KS that would be better for verbatim knowledge
tasks. To test this assumption, all individual graph centrality vectors were compared to
their inference-required comprehension posttest scores. As shown in Fig. 7, the control
groups’ non-linear relationships between graph centrality and posttest were not significant.
But, the experimental groups’ maps all show a significant non-linear relationship between
graph centrality and posttest comprehension score. That is, perhaps too little structure (that
might indicate a deficient map) or too much structure (which might indicate inappropriate

Table 2 Pearson correlations of individuals’ posttest to map scores

L1 task groups No L1 task groups (control)
LIM L1W LIMW L2M L2wW L2MW No tasks
LIM L1W LIM LIW

Posttest 0.52%* 0.61%* 0.54%*%* 0.88%* 0.35 0.29 0.37 0.34 -

*Correlation is significant at the 0.05 level (2-tailed)
*#*Correlation is significant at the 0.01 level (2-tailed)
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relational graph structure

0.6 LIMW (0.54)
L1W (0.51)

L1M (0.43)

0.4
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L2MW (0.31)

L2nvi2) L2W (0.24)

0.2

Fig. 6 Graph centrality of experimental (solid) and control groups (dash). A large star indicates the expert
graph centrality value (at 0.47)

dominance of the structure by irrelevant terms) both negatively influence posttest perfor-
mance, but optimal structure (graph centrality of about 0.45 for L1IM, 0.50 for L1IW, 0.55
for L1IMW) relates to higher posttest scores. This result could be used to explain in part
why the average graph centrality values of the experimental groups’ maps ranged from
0.43 to 0.54, and why their performance on the posttest was much higher than the control
groups. A nearly identical “inverted U-shaped curve” of the optimal KS centrality values
was also observed in Kim and Clariana (2015), thus form relates to function.

Node centrality

Group map ‘relationships’ Following Kim and Clariana’s (2015) approach for visually
depicting group relations, Proxscal multidimensional scaling (SPSS 20.0) was used to scale
the node centrality vectors of the averaged groups and the expert referent map (see Fig. 8;
see for detail Clariana et al. 2013). As shown in Fig. 8, the Expert map fell toward the left
of the figure. The dimensional representation indicates that the experimental maps are
towards the left, so we infer from the diagram that the L1 task groups’ maps moved to the
left of the multidimensional scaling (MDS) representation “converging” to the Expert
map. The control groups’ maps were distributed across the MDS figure, far distant from the
Expert map, with no clear convergence.

Group map ‘convergence’ Group member convergence describes how similar the maps
of individuals within a condition are to each other. The rationale is that a potent treatment
condition influences an individual’s KS to be more like the KS of the others who received
the same treatment. Group KS convergence is measured here by how much map node
degree vectors are alike (i.e., as average percent overlap) with every map compared to all
maps in a condition (see, Clariana, et al. 2013, for details). In the present study, the three
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experimental groups’ average overlap percent is 72% (SD = 0.10) and the four control
groups’ average overlap percent is 33% (SD = 0.12), this difference has an effect size of
d = 1.25, that is statistically significant (¢ test p = 0.01). Thus, requiring L1 tasks leads to
very homogenous individual maps that are more similar to the expert referent map. The
MDS in Fig. 8 above also shows this difference in convergence in each condition (con-
vergence is represented as nearness in the MDS). The three experimental groups’ average
positions were closer to each other in the 2-dimensional space compared to the four control
groups and also were closer to the expert referent with L1IMW being the closest of all.

Discussion

This investigation confirmed and extended the findings of Kim and Clariana (2015) of the
influence of L1 tasks on learning. Using KS network analysis methods, we sought to
estimate the separate and the combined effects of mapping and writing with or without L1
to add to the growing evidence of how L1 use influences low proficient English language
learners’ L2 text comprehension and knowledge structure. Four analyses were conducted
that provide clear and overlapping evidence of the influence of L1 tasks on learning as
mediated by apposite knowledge structure.

Correlation results

In accordance with Kim and Clariana’s (2015) study, the correlation results of this present
investigation showed that requiring L1 tasks to complement L2 reading comprehension
(the experimental groups) leads to knowledge structure that is more similar to that of the
expert and that is significantly correlated to L2 comprehension posttest scores, relative to
the control groups that were not required to compete L1 tasks. In addition, the most
interesting result to emerge from the correlation data is that combining mapping and
writing activities is additive compared to mapping alone or writing alone, at least for these
low L2 proficient participants. Both mapping and writing contribute orthogonally to
comprehension posttest performance and to KS change, although writing has a stronger
effect than mapping.

Centrality results

First, the graph centrality results indicate that requiring L1 in these L2 tasks helps these
low proficient participants who otherwise would obtain a fairly linear L2 KS for this text
passage to have a more relational L2 KS, and this relational structure had a strong positive
correlation with their L2 posttest scores. This result also corroborates the findings of the
correlation analysis. This means that participants maintained a different knowledge
structure in L1 and L2 about this topic (e.g., an example of L1-L2 asymmetry, see
Brysbaert and Duyck (2010) and van Hell and Kroll (2013)). Requiring L1 use appears to
alter the less complex linear L2 KS to be more like the complex relational L1 KS but still
remain different from it.

The group-level node centrality values displayed as a 2-dimensional MDS chart clearly
accounted for and distinguished between the experimental groups’ and the control groups’
KS. The MDS representation shows that the maps of the experimental groups ‘converged’
towards the expert referent map (as closeness in MDS space), while the control groups’
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maps were fairly widely scattered and further away from the expert referent map. We
presume that having a KS more similar to an expert results in better comprehension. The
MDS results show that requiring L1 tasks leads to group-level knowledge structure con-
vergence with the expert. Interestingly, this MDS analysis also visually showed that the
L1IMW group’s map is closest to the Expert map than the other experimental groups (L1IM
and L1IW). This supports the use of L1 mapping and writing together as an effective way
to use L1 in L2 reading. Also, group-level cognition is an important new area of theory and
investigation in the Learning Sciences, and so these group-level KS measures reported here
add to the empirical base for theories of group level cognition (Stahl 2010).

The findings of this investigation only generalize to low English proficient Korean
students. As discussed above, high English proficient students may be quite able to read
and comprehend at a high level in English-only tasks. Further, different language groups
may exhibit dominant knowledge structure forms, especially Korean baseline knowledge
structure which is relational complexity may be fundamentally different than that of other
languages, especially English which is especially linear (Kim et al. 2016). More research is
needed to determine how knowledge structures especially as manifested in different lan-
guages influences cognition.

Conclusion

In accordance with the previous investigation (Kim and Clariana 2015), this present
investigation has again demonstrated that the required use of their native language can
provide low proficient English language learners with additional cognitive support that
leads to improved reading comprehension and better post-reading KS of the L2 topic than
would be possible were they restricted to sole use of their L2. Further, this investigation
clearly shows that combining L1 mapping and writing activities may be the most effective
way for learning in L2 reading than just mapping alone or writing alone. And finally, these
findings further validate this technology-based approach, pathfinder network scaling, for
measuring KS contained in bilingual learners’ productions. A fully automated version of
this approach (e.g., refer to Kim 2017b, for text to PFnet conversion) would provide
researchers with another measurement tool to better understand the mediating influence of
lesson tasks on language processes and performances.
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