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초록
학생들이 수학과 과학을 배울 때 개발 및 사용하는 지적 자원의 이론적 모형을 구성하였다. 9,300명의 미국 4학년 학

생들의 수학 과학 성취도 평가의 응답을 통계적으로 분석하여 이 이론적 모델을 검증하였다. 그 결과는 이론적 모형이

타당함을 보여주며, 4학년 학생들의 과학 학습에서 인식적 실천은 수학 학습에서 인식적 실천의 발달에 영향을 준다.

Abstract
There have been mixed reports about the idea of utilization of resources developed from one discipline across

disciplinary areas. Grounded with the argument that critical thinking is not domain-specific (Mulnix, 2012;

Vaughn, 2005), we developed a theoretical model of intellectual resources (IR) that students develop and use when

learning and doing mathematics and science. The theoretical model shows that there are two parallel epistemic

practices students engage in science and mathematics - searching for reasons and giving reasons (Bailin, 2002;

2007; Mulnix, 2012). Applying Confirmatory Factor Analysis and Structural Equation Model to the data of 9,300

fourth grade students' responses to standardized science and mathematics assessments, we verified the theoretical

model empirically. Empirically, the theoretical model is verified in that fourth graders do use the two epistemic

practices, and the development of parallel practices in science impacts the development of the two practices in

mathematics: A fourth grader's ability to search for reasons in science affects his or her ability to search for

reasons in mathematics, and the ability to give reasons in science affects the same ability use in mathematics.

The findings indicate that educators need to open ideas of sharing development of epistemic practices across

disciplines because students who developed intellectual resources can utilize these in other settings.
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Ⅰ. Introduction

The Next Generation Science Standards (NGSS Lead

State, 2013) not only frames the big ideas of each

disciplinary (physics, chemistry, biology and earth and

space science) area and the cross-cutting concepts that

are highlighted as part of curriculum orientation, but

they also highlight eight practices of science. These

eight practices are not outlined as belonging to a

single disciplinary area (e.g., biology) but are general

practices that all students are expected to engage with

and master as they learn the science conceptual

knowledge. Over the last two decades, the importance

of learning practices and processes have also been

recognized and emphasized in mathematics curriculum

documents (Common Core State Standards Initiative

[CCSSI], 2010; National Council of Teachers of

Mathematics [NCTM], 2000) to encourage mathematics

educators and students to develop cognitive practices,

processes, and proficiencies in mathematics across all

grade levels. NCTM's process standards (2000)

highlight problem solving, reasoning and proof,

communication, representation, and connections. The

Common Core State Standards for Mathematics

(CCSS-M; CCSSI, 2010) presents standards for

mathematical practices highlighting the role of

mathematical modeling, constructing and critiquing

arguments, and emphasizing the variety of reasoning

skills used when learning mathematics. Importantly,

each of these new curricula are centered on the

development of skills and critical thinking that enable

learners to become literate citizens who are able to use

the critical-analytical thinking practices developed in

school in their future lives (Brown, Afflerbach &

Croninger, 2014).

Recently attention has begun to be focused on the

role of dialogical environments in promoting the type

of learning environments required for implementing the

shift emphasis highlighted in the new curricula.

Importantly, Resnick and Schantz (2015) address the

impact of dialogical environments on transfer by

highlighting the work by Adey and Shayer (2015)

-science, and O'Connor, Michaels, and Caphin (2015) -

mathematics - that showed in their respective studies

that instructions in one discipline led to significant

gains by students in other disciplines. For example,

instruction in science led to better performance in

mathematics and reading (Adey & Shayer, 2015). The

research by Webb, Whitlow, and Venter (2016) has

highlighted that shifting learning environments to focus

on the dialogical practices that underpins the

argument-based inquiry approaches showed that

explanatory talk promoted success on the Raven's

Standard Progressive Matrices test compared with

control studies. In these studies, students were not

being tested on transfer of content knowledge - rather

the results indicated that student performance in

another discipline area was much better than students

who were not exposed to these environments. Rather

than focusing on the transfer of knowledge question,

we believe there is a need to focus on what are the

resources develop in one discipline that can be utilized

in another. Do students develop resources in one

discipline than can be applied in another and thus

assist them in construct richer understanding of the

disciplinary knowledge?

Resources for learning are “understandings

include[ing] criteria, concepts, and habits of mind as

well as background knowledge” (Bailin, 2002, p. 368).

The idea of resources have been studied by economists

whom believe knowledge to be valuable resource for

productive activities. In education studies, the idea of

resources for learning has been introduced to discuss

reasoning in one context (e.g., Hammer, 2000) as well

as explain interdisciplinary transfer of learning between

specific contexts or subjects (e.g., Bailin, 2002).

In this paper, we address the question of resources

by focusing on the concept of reasoning resources that
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are used within each discipline and argue for a

theoretical model that describes the utilization of these

across science and mathematics. In a particular

learning environment, we believe that students develop

reasoning resources compared to students in other

learning environments. By examining the connection

between science and mathematics in terms of

reasoning, we believe that we can begin to explain

how students can have success in both science and

mathematics.

Ⅱ. Literature Review

To address the concept of resources we review both

the philosophical and psychological perspectives related

to reasoning.

1. Philosophical Perspective

The shift in the new U.S. national curricula

emphasizing on the epistemological practices of each

discipline raises issues related to what students learn

and what students can use as they move between

different disciplines and into their future lives. This

explicit emphasis on epistemic practices is a distinct

difference from previous national curricula, where more

emphasis was placed on content knowledge. In

addressing the similarities and differences in epistemic

practices across science and mathematics, Moshman

(2014) states that science is framed around causal

explanation which is "contingent and demonstrated

through evidence" (p. 74), whereas mathematics is

centered on "rule-based reasoning" and yields

"objective truths" (p.74). Thus, when considering the

distinction between the two disciplines, there is a need

to understand and distinguish between "the explanatory

and causal nature of the empirical sciences from the

formal necessities of logic and mathematics" (p. 80).

These epistemic practices require the development of

reasoning skills for successful implementation.

In relation to science, Bailin (2002) argues that

scientists have intellectual resources, which they apply

across a range of inquiry activities, that is, a good

thinker has a "constellation of resources" (p. 369) that

he/she can bring to any inquiry activity. This shifts

the conversation of what people learn from knowing

that (knowledge of ideas and cognitive skills) to

knowing how (application of, and reasons for, using

cognitive skills) (Mulnix, 2012). For Bailin (2002), this

shift to knowing how moves the focus from

"conceptualizing critical thinking in terms of skills or

processes" to focus much more on "understand[ing] the

criteria of good thinking… such understandings include

criteria, concepts, and habits of mind" (p. 368). She

argues for a "constellation of resources" that can be

used across a range of situations in response to a

"particular task, question, problematic situation or

challenge, including solving problems, evaluating

theories, conducting inquiries, interpreting works, and

engaging in creative tasks" (p. 368). Thus, critical

thinking can be viewed as "that mode of thinking" that

is used to justify beliefs on the evidential relations

(Mulnix, 2012, p.472), regardless of the context.

Stromso and Kammerer (2016) have argued that the

use of such resources aimed at "defining, verifying or

justifying should be regarded as aspects of personal

epistemology, and that the term epistemic cognition" in

another word, "epistemic belief" (p. 231). They refer to

epistemic cognition as a cognition that is related to

process of knowing.

2. Epistemic Cognition

Greene, Sandoval and Braten (2016), in their

introduction to the recent Handbook of Epistemic

Cognition, highlighted that epistemic cognition is

"cognition relating to knowledge and process of

knowing" (p. 2). They argue that there is a difference

between knowing that (propositional knowledge) and

knowing how (procedural knowledge) as Bailin (2002)
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did. In addressing the issue of how, Elby, Macrander,

and Hammer (2016) have argued for epistemic

cognition being framed as various types of cognitive

resources for understanding the process of getting to

understand the knowledge. For Iordanou, Kendeou and

Beker (2016), epistemic cognition has to be viewed as

a multi-faceted construct including cognitive skills,

meta-strategic understanding, and understanding of the

epistemic norms of argumentation.

Greene et al. (2016), drawing on the work of Elby

et al. (in chapter 8), Chinn and Rinehart (chapter 28),

and Barzilai and Zohar (chapter 25), also put forward

an argument that recognizes the idea that as part of

epistemic cognition there are cognitive aspects that are

fine grained, activated in response to the context but

are able to be used as epistemic resources. Building on

this idea, Mason (2016), in highlighting the work of

Elby et al. (2016), suggests that while epistemic

resources are used in a multiplicity of situations, it is

not necessarily the case that a cognitive resource

activated in one context may not be used in another

because different context could trigger another

resource(s). While the concept of cognitive resources is

argued for as an essential component of epistemic

cognition much of the current research in this field has

focused on understanding epistemic practices and

beliefs - that is, focusing on issues such as how

learners generate and justify claims or the role of the

individual versus the group.

Chinn and Rinehart (2016) also support the argument

that epistemic cognition is an integration of casual

epistemic processes. Greene et al. (2016), in

acknowledging that current models of epistemic

cognition do not sufficiently capture the differences

between the epistemic norm and practices across

disciplines, claim that there is a need for the

development of new models that are better grounded in

empirical data and knowledge to evaluate within and

across disciplines. This raises the question, given the

different epistemological frames for each disciplines, if

it is possible to develop a framework for examining

reasoning across different disciplines.

3. Inquiry - Science vs Mathematics

Mulnix (2012), based on the work of Kirwan (1995),

suggests that any inquiry is in essence framed around

two critical processes- the process of searching for

reasons and the process of giving reasons. The process

of searching for reasons is often messy, based on little

domain knowledge, while the process of giving reasons

is orderly because the procedures and methods are

systemic to determine if a statement is counted for

truth for another.

For science, Lawson (2005) lays out a three-phase

model that aligns with the two critical processes

outlined above. The first phase of the model for

Lawson involves making an initial puzzling observation,

through abduction predicting a possible explanation, and

then designing a test for the prediction or hypothesis.

The second phase is to conduct the test in order to

gather data that can be used to generate evidence to

test the hypothesis or prediction. The third phase

involves examining the evidence to determine the best

match between the prediction and observation. In the

first level abduction is critical because the process of

abductive reasoning involves ideas that have worked in

related context to predict in the current context- the

process of searching for reasons. In the third level of

the model, deduction is used because the comparison

between the predicted and observed results to draw a

conclusion - the process of giving reasons. While

recognizing that conducting a test to gather data is a

cognitive process, it does not require the reasoning

activities of the other two phases.

With respect to mathematics, there is a large body

of literature that discusses the development of

conceptual understanding using mathematical practices

that incorporate the use of a cyclic problem-solving
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process. For example, Borromeo Ferri's (2006) and

Blum and Leiss' (2007) mathematical modeling cycle

describes stages of students' engaging in problem

solving processes and this model clearly distinguishes

those stages before and after students perform a

mathematical calculation to generate an "answer".

When students have a problem to solve, they start

searching for strategies/rules that logically fit to the

given problem situation based on their own

interpretations of the problem - inductive reasoning.

With the strategy/rule that one chooses, he or she

performs the mathematics to yield an "answer". After

this stage, the student provides an appropriate solution

to the problem situation by interpreting, generalizing,

specializing the "answer" from the previous stage -

deductive reasoning. It could involve multiple

repetitions of each and among stages, however, the

process of searching for reasons (inductive reasoning:

how to perform the mathematics) and the processes of

giving reasons (deductive reasoning: how to provide an

appropriate solution to the given problem) are clearly

separated in the process of solving a problem.

The parallel nature of using cognitive resources

when learning mathematics and science is also found

in international assessment documents. In TIMSS 2011

assessment framework (Mullis, Martin, Ruddock,

O'Sullivan, & Preuschoff, 2009) for mathematics, under

the applying and reasoning domains students are

required to solve routine and non-routine problems

using cognitive practices such as selecting appropriate

tools, analyzing situations, model development,

generalize/specialize the answers, and represent

mathematical information. In parallel, the science

applying and reasoning domains focus on using the

knowledge and conceptual understanding in regards to

a science problem, as well as going beyond solving

routine problems to more complex unfamiliar situations.

4. Description of the Study

With a constellation of resources that people utilize

across domains, can we determine what these

resources may be through examining how grade 4

students use cognitive skills in undertaking

standardized tests in science and mathematics? To test

this question, we wanted to generate a theoretical

model based on how science and mathematics are

framed in terms of the reasoning activities required for

success. With the theoretical model generated, we will

empirically test the model using the fourth-grade

students' responses to science and mathematics.

Fourth grade is a critical time that students have to

be tested for science first time, and thus this is the

first time that we can begin to examine student

engagement with both science and mathematics

performance on standardized tests. Given the need for

students to build the foundational resources for future

success within the lower grades (Hammer, 2000), we

believe it is important for us to understand if students

develop intellectual resources that can be utilized

between disciplines. Such an understanding will help

build instructional practices and learning environments

that enable more chances of success for all learners.

Ⅲ. Theoretical Model of Transfer of

Intellectual Resources (Hypothesized Model)

In this section, we describe four factors that are

used in the hypothesized model and how the

hypothesized model is drawn theoretically and based on

previous research studies.

1. Development of factors

First, for science discipline, two attributes -

hypothesize/predict and design were clustered into one

factor to reflect their shared involvement in the

'searching for reasons' required as part of scientific

practice. That is, when students are presented with

new information/phenomena, they are required to
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[Table 1] Descriptions of the Selected Science and Mathematics Cognitive (Mullis et al., 2009)

Abudctive Inference in Science

Hypothesize/

Predict

Combine knowledge of science concepts with information from experience or

observation to formulate questions that can be answered by investigation;

formulate hypothesis as testable assumptions using knowledge from observation

and/or analysis of scientific information and conceptual understanding; make

predictions about the effects of changes in biological or physical conditions in light

of evidence and scientific understanding

Design

Design or plan investigations appropriate for answering scientific questions or

testing hypotheses; describe or recognize the characteristics of well-designed

investigations in terms of variables to be measured and controlled and

cause-and-effect relationships; make decisions about measurements or procedures

to use in conducting investigations

Deductive Inference in Science

Relate
Relate knowledge of an underlying biological or physical concept to an observed

or inferred property, behavior, or use of objects, organisms, or materials

Explain
Provide or identify an explanation for an observation or natural phenomenon,

demonstrating understanding of the underlying science concept, law, or theory

Inductive Inference in Mathematics

Select
Select an efficient/appropriate operation, methods, or strategy for solving problems

where there is a known procedure, algorithm, or method of solution

Analyze
Determine, describe, or use relationships between variables or objects in

mathematical situations, and make valid inferences from given information

Deductive Inference in Mathematics

Model
Generate an appropriate model, such as equation, geometric figure, or diagram for

solving a routine problem

Generalize/

Specialize

Extend the domain to which the result of mathematical thinking and problem

solving is applicable by restating results in more general and more widely

applicable terms

Represent

Display mathematical information and data in diagrams, tables, charts, or graphs,

and generate equivalent representations for a given mathematical entity or

relationship

engage in making predictions and designing an

experiment to assess the newly communicated

information/phenomena "relative to background beliefs

which are themselves open to revision" (Sperber et al.,

2010, p.374). At the core of this construct is the idea

of abductive inference, that is, inference to the best

explanation and hence, two attributes design and

hypothesize/predict are referred to as 'Abductive

Inference'.

The second component of inquiry, the 'giving

reasons' is centered on deductive inference that

involves the constructing arguments and critiquing

them, which are core processes of science (NRC, 2012,

p. 73) as Ford (2008) suggested, "a dialectic of

construction and critique characterizes scientific

reasoning involved in generating new knowledge

claims" (p.410). In this regard, attributes that are more

concerned with this second component of inquiry, were
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[Fig. 1] Hypothesized structural equation model for CFA and SEM

grouped as another factor and based on the two

attributes relate and explain. Relating knowledge of

underlying concepts to an observed or inferred property

and/or providing explanation for an observation or

natural phenomenon warrant students to closely

examine the constructed knowledge in relation to the

connectedness of the ideas, which is indispensable in

the notion of critique. As the "critique is an essential

element both for building new knowledge in general

and for the learning of science in particular" (NRC

2012, p. 44), the second factor comprises the important

cognitive features required in the scientific reasoning

process of providing a logical outcome of investigations

to construct explanations of new phenomena.

Furthermore, relating or explaining plays a critical role

in making deductive inference. Henceforth, we refer to

this construct as 'Deductive Inference' in Science.

In mathematics, cognitive attributes that share

common features of epistemic action in mathematical

reasoning were grouped as 'Inductive Inference',

analogous to the Abductive Inference in science.

Specifically, attributes select and analyze are essential

cognitive processes that are necessary in preparing for

the solving routine or non-routine problems in

mathematics, and thus the clustering is referred to as

Inductive Inference in Mathematics.

Secondly, cognitive attributes that share common

cognitive processes involved in making sense of

solution that students produced from "solving

mathematics" were grouped together: model,

generalize/specialize, and represent. As a mathematical

model is often described as "a representation of

[mathematical] structure in a given system"

(Zawojewski, 2010), we can see that attributes model

and represent share common ground. Furthermore,

construction of a mathematical model in a learning

process involves generating an appropriate model (i.e.,

model) by extending a particular domain in order for it

to be generalized to more widely applicable situation

(i.e., generalize/specialize), which inevitably involve the
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use of appropriate representation(s) to demonstrate the

mathematical entity or relationship (i.e., represent).

Thus, the three attributes contribute to the

mathematical reasoning involved in using models, and

hence named as 'Deductive Inference' in Mathematics.

Descriptions of the selected cognitive attributes

corresponding to the factors, as provided in the TIMSS

2011 Assessment Framework, are presented in [Table

1].

2. Assumptions of directionality

With the assumption that critical thinking (cognitive

processing) skills acquired in one discipline (science in

this study) can be utilized in another disciplinary

learning setting (mathematics), it is hypothesized that

the cognitive resources required for making inferences

in Science (abductive inference and deductive inference

in science) are utilized in making of inferences in

Mathematics (inductive inference and deductive

reasoning in mathematics). This study addresses this

question, first, by conceptually establishing common

features of cognitive resources in each of the

disciplines in the Cognitive Framework established by

TIMSS, and then to demonstrate the possible linkages

and/or relationships with empirical data. As such, the

model shown in [Fig. 1] reflects our assumptions on

the cognitive resources that were generated

theoretically, which would function as our hypothesized

model that would be tested empirically. As indicated,

the hypothesis model includes four latent variables for

cognitive resources (abductive and deductive inferences

from Science and inductive and deductive inferences

from Mathematics) and nine cognitive attributes

(variables) whose values were provided by Generalized

DINA (GDINA; deterministic inputs, noisy “and” gate;

de la Torre, 2011) as individual mastery levels.

To gain deeper understanding of the relations among

the four factors (i.e., Abductive Inference in Science,

Deductive Inference in Science, Inductive Inference in

Mathematics, and Deductive Inference in Mathematics),

we are using a guiding research question: What are

the effects of Science abductive and deductive

reasoning on Mathematics inductive and deductive

reasoning?

The rationales for the direction from science to

mathematics are aligned to those provided by Hwang,

Choi, and Hand (2020a). First, some recent studies

(Adey & Shayer, 2015; Hand et al., 2011) showed the

influences of learning in science classrooms on

mathematics achievement. Examining the direction from

science to mathematics could contribute to better

understanding of the findings from the prior studies.

In addition, examining connections from science to

mathematics can suggest show what outside of

mathematics classrooms can influence outcomes of

learning mathematics. The last rationale is that this

directionality has not been studied well.

Ⅳ. Methods

To examine the utilization of resources, developed in

Science, in Mathematics among four factors of

cognitive resources, we gathered information about nine

cognitive attributes proposed in the hypothesized model

whether students use those cognitive processing skills

when solving problems in the two disciplines by

conducting three stages of data analysis: (a) GDINA

to determine students' mastery levels of cognitive

processing skills, (b) the confirmatory factor analysis

(CFA; Schreiber, Nora, Stage, Barlow, & King, 2006)

with students' mastery levels to test the hypothesized

model of relationship among the four factors and nine

variables, and (c) the structural equation modeling

(SEM; Kline, 2011) to articulate the relationships

among factors in the confirmed model we obtained

from the second stage. The first stage was a part of

the prior studies (Hwang, Choi, & Hand, 2016;

Hwang,) and validation of the q-matrices was
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discussed in Hwang, Choi, and Hand (2020b).

1. Data

The data were fourth grade Iowa students'

responses to the Iowa Tests for Basic Skills (ITBS)

mathematics and science items collected in each year

from 2006 to 2009. Designed rigorously as the random

control trial study, the data are representative to Iowa

student population. The total number of students was

9,300: 2,197 in 2006, 2,281 in 2007, 2,410 in 2008, and

2,412 in 2009. Students' responses were denoted by 1

for correct answers or 0 otherwise.

The ITBS science test were composed of one

section with 34 multiple-choice items while the

mathematics tests had three sections: concepts and

estimation, problem solving and data interpretation, and

computation. We decide to exclude the mathematics

computation section due to the nature of the items in

that section: They are to measure simple computation

skills (Iowa Testing Program, 2014). Types of skills

we are interested for this study were cognitive

processing skills, not simple computation skills, when

solving mathematics problems. The data set includes

9,300 students' responses to 34 science items and 60

mathematics items.

2. Analysis

1) Stage 1: GDINA - Student mastery data generation

The first stage of data analysis is to identify each

student's mastery of cognitive processing skills using

GDINA. GDINA analysis began with a construction of

q-matrices informing which cognitive resources are

required to solve each item. Q-matrix is to represent

what specific attributes are required to solve for each

assessment item. The TIMSS 2011 assessment

framework (Mullis et al., 2009) was adopted to define

attributes (i.e., cognitive resources) in mathematics and

science. [Table 1] shows four factors (cognitive

resources) and nine variables (cognitive attributes) used

in this study. The nine cognitive attributes were

selected from suggested TIMSS cognitive attributes: 10

mathematics attributes from Applying and Reasoning

domains and 14 science attributes. Among the

suggested attributes, we have separated them into two

factors in each discipline (abductive and deductive in

science, and inductive and deductive in mathematics),

and then examined if each attribute was used in the

assessment consistently during years 2006 and 2009.

After examining all items of the four years, we have

narrowed the attributes down to nine for the current

study.

With the test items and the modified TIMSS

assessment framework, we established q-matrices

following a qualitative method suggested by Strauss

(1987). For each q-matrix, mathematics and science,

two groups of three researchers (two doctoral students

and one faculty member) initially discussed the

subcategories so that they reached an agreement on

understanding of each subcategory and definition. The

two doctoral students in each discipline coded the

items independently. When disagreement between the

two researchers was found, all three researchers had

follow-up discussion to complete coding each item with

attributes and, as a result, q-matrices. Examples of

coding test items is found in Hwang et al. (2020a; see

[Fig. 2] of that study) and Choi, Lee, and Park (2015).

As a result, we have two 60×5 matrices for

mathematics (60 items with 5 attributes) and two 34×4

matrices for science (34 items with 4 attributes). We

constructed two q-matrices for each discipline because

there are two ITBS batteries that were used in

alternative years. For the element in the l-th row and

m-th column,     means that the l-th

cognitive subcategory is necessary to solve m-th item

while     , it is not the case.

We selected the GDINA, which is a saturated model

among various CDM approaches. This indicates that

other models are specific cases of the GDINA with cor
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[Fig. 2] Results for the SEM. CFI=.952; TLI=.918; and SRMR=.031

[Table 2] Model fit information of the hypothesized model

Model Chi-Square Test (df) RMSEA (90% C.I.) CFI TLI SRMR

Baseline Mode 48120.279 (36)

Hypothesized Model with

uncorrelated residuals
2325.577 (21) (.105 .112) 0.952 0.918 0.031

responding restrictions – for example, the DINO,

(deterministic inputs, noisy "or" gate; Templin &

Henson, 2006) and the NIDA (noisy input,

deterministic, "and" gate). In other words, applying the

GDINA makes it unnecessary to consider restrictions

for specific CDM approaches. Thus, we applied GIDNA

to maximize the explanatory power despite the risk of

overfitting.

GDINA estimates students' mastery levels of

cognitive subcategories based on item parameters,

which indicates how much acquiring each subcategory

increases the probability of correct answers. For item

parameters, the GDINA considers not only all main

effects of cognitive subcategories to give a correct

answer but also all types of interactions of any sets of

the required cognitive resources. In this research, the

computer program R (R Development Core Team, 2010)

was used to compute individuals' mastery levels of

cognitive subcategories.

2) Stage 2: CFA and SEM - Model Analysis

The next stage of data analysis was to test the

theoretical model with students' mastery levels of

cognitive subcategories obtained through the first

analysis. We comprehensively used fit indices such as

the comparative fit index (CFI), the Tucker-Lewis fit

index (TLI), the standardized root mean square residual

(SRMR), and the root mean square error of

approximation (RMSEA). We followed Schreiber and

colleagues' suggestions (2006) to determine whether

the model fit was acceptable for the final analysis

stage with SEM. Good-fit-hypothesis can be supported

by types of results: (1) values of χ2, CFI, and TLI

showing significant differences between estimated
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[Table 4] Results from the structural equation modeling Direct plus Indirect Effects

β B

Abductive

Inference (S)

Deductive

Inference (S)

Abductive

Inference (S)

Deductive

Inference (S)
R2

Direct

Deductive Inference (S) 0.896(0.005) 0.127(0.002)

Inductive Inference (M) 0.530(0.028) 0.144(0.028) 0.614(0.033) 0.143(0.028) 0.438

Deductive Inference (M) 0.165(0.031) 0.560(0.031) 0.162(0.030) 0.472(0.027) 0.506

Indirect

Deductive Inference (S)

Inductive Inference (M) 0.129 0.475 0.018 0.078

Deductive Inference (M) 0.501 0.277 0.060 0.021

Total

Deductive Inference (S) 0.896 0.127

Inductive Inference (M) 0.659 0.619 0.632 0.221

Deductive Inference (M) 0.666 0.837 0.222 0.493
Note. (S) = Science; (M) = Mathematics

[Table 3] Standardized and unstandardized factor loading for the CFA model

Cognitive Attributes Latent Variable β B SE

Science

Hypothesize/Predict
Abductive Inference

0.825 1.000

Design 0.940 1.195 0.011

Relate
Deductive Inference

0.959 1.000

Explain 0.899 0.872 0.005

Mathematics

Select
Inductive Inference

0.908 1.000

Analyze 0.960 1.029 0.006

Generalize/Specialize

Deductive Inference

0.864 1.000

Represent 0.610 0.580 0.009

Model 0.913 1.129 0.009

covariance matrices of the hypothesized model and the

baseline model in which zero-covariance among

observed variables is assumed with all fixed

measurement paths as one (Byrne, 2012, p. 67;); or (2)

values of SRMR and RMSEA showing non-significant

differences between the estimated covariance matrix

with the hypothesized model and the sample covariance

matrix (see Hooper, Coughlan, & Mullen, 2008).

We evaluated the fit of the hypothesized model

based on the following indices as operationalized in

Mplus 7.2 in conjunction with MLR estimation:

Comparative Fit Index (CFI), the Tucker-Lewis fit

index (TLI), the standardized root mean square residual

(SRMR), and the 90% confidence interval of the root

mean square error of approximation (RMSEA). Values

above .90 and .95 for both CFI and TLI are generally

accepted as adequate and excellent fit to the data,

respectively, while values below .08 or .06 for the

RMSEA are considered acceptable and excellent model

fit (Hu & Bentler, 1999; Yu, 2002). Values for SRMR

is required to less than 0.08 to conclude that our model

is acceptable (Schreiber et al., 2006). We do not

employ a chi-square test with the baseline model

because of the large sample size. A result of a

chi-square test in CFA and SEM is very likely to

reject the hypothesized model not because of
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misspecification in the model, but because it is

overpowered.

Ⅴ. Results: Empirical Validation of the

Theoretical Model

1. Confirmatory Factor Analysis

[Table 2] summarizes the model fit information of

the hypothesized model: the comparative fit (CFI) is

.952 and the 90% confidence interval for the root mean

square error of approximation (RMSEA) is (.105 .112).

The Tucker-Lewis fit index (TLI) is .918 and the

standard mean square residual (SRMR) is .031. CFI

and SRMR represent acceptable fit of the hypothesized

model (Schreiber et al., 2006). TLI is acceptable with

liberal guidelines to evaluate model fits. It should be

noted that RMSEA is poor model fit as Browne and

Cudeck (1993) claimed.

Researchers echoed that model evaluation in

CFA/SEM is different from the traditional hypothesis

tests like t tests, and it is significant to use other

possible goodness-of-fit measure to evaluate global

model fit (Chen, Currna, Bollen, Kirby, & Paxton,

2008). The decision about model fit should not be

made with a single way, so we did not reject our

hypothesized model solely due to RMSEA. Focusing

on the other indices showing acceptableness of our

model, we could consider several reasons about poor fit

of RMSEA. For example, one of the possible reason

is using MLR instead of maximum likelihood (ML)

because CFA/SEM with MLR showed poorer fit than

that with ML. Also, we might need to attend to

diagnostics for possible reasons of model misfit in

further research. It is also possible to follow other

researchers' suggestions that "the use of precise

numerical cutoff points for RMSEA should not be

taken too seriously" (Chen et al., 2008; Hayduk &

Glaser, 2000; Steiger, 2000). In conclusion, the

hypothesized model is acceptable, and may be enough

to reject the hypothesis of poor model fit with

recommended guidelines, as shown in [Table 2].

2. Structural Equation Modeling

[Fig. 2] illustrates the results of standardized

parameter estimations of the hypothesized model, and

[Table 3] summarizes standardized and unstandardized

factor loading coefficients for the CFA Model. In

[Table 4], direct effects of science factors on each of

the mathematical factors are reported. The results of

R2 showed that 43.8% and 50.6% of the variances in

mathematics inductive inferences and deductive

inferences were explained by the two types of science

inferences respectively. In [Table 4], both direct and

indirect effects of science factors on each of the

mathematical factors are reported.

As shown on [Table 4], the standardized direct

effects (β) of abductive inference in science on

inductive inference and deductive inference in

mathematics are 0.530 and 0.165, respectively. This

means that an increase of 1-point on inductive

inference predicts 0.530-point increase and 0.165-point

increase on mathematical inference and model-based

reasoning in mathematics, respectively. The

standardized direct effect of deductive inference in

science on inductive inference and deductive inference

in mathematics are 0.144 and 0.560, respectively. All of

the direct effects are statistically significant with alpha

0.01, of which the positive signs indicate that students

with higher abductive/deductive inference in science

resources are better in inductive and deductive

inference in mathematics.

Should the indirect effects be taken into account,

only the indirect paths involving intra-science

resources were considered (e.g., from abductive

inference in science to deductive inference in

mathematics via deductive inference in science). As our

model is grounded on the assumption of a directionality

from science to mathematics, indirect paths involving
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intra-mathematical resources (i.e., between

mathematical inference and model-based reasoning in

mathematics) are not considered in this study.

As shown in [Table 4], the standardized indirect

effect of abductive inference on mathematical inductive

inference is estimated as the product of the

standardized coefficients for the paths, which is 0.896 ×

0.144 = 0.129. This indicates that an increase of one

standard deviation on inductive inference predicts an

increase of 0.129 standard deviation on mathematical

inference through deductive inference. Other indirect

effects can be estimated in the same way. Summations

of the indirect and direct effects results in the

standardized total effect of abductive inference in

science on inductive inference and deductive inference

in mathematics to be 0.659, and 0.666, respectively.

Also, using the same procedure, total effects of

deductive inference in science on inductive inference

and deductive inference in mathematics are 0.619, and

0.837, respectively.

It should be noted that the science resources were

affecting mathematical resources with different

magnitudes. That is, the direct effect of abductive

inference in science was higher for mathematical

inductive inference than deductive inference in

mathematics while the total effect of abductive

inference on two mathematical inferences is reversed

due to a large indirect effect on deductive inference.

Conversely, the higher direct effect of deductive

inference in science was observed in deductive

inference in mathematics than in the inductive

inference, the pattern of which was maintained even

after adding a relatively large indirect effect on

inductive inference (0.475). Overall, both science

inferences have higher effect on deductive inferences in

mathematics than inductive inferences. It is speculated

that the inductive inference is what make the

mathematics processes differentiated from the nature of

science processes as discussed earlier.

Ⅵ. Discussions and Conclusion

As epistemic practices are emphasized in

mathematics and science curriculum standards and the

overlap of those practices are substantial (Hwang et

al., 2016), we have developed a theoretical model of

intellectual resources that we believe students use

during their science and mathematical inquiries. Using

this model, we empirically examined fourth graders'

responses to mathematics and science assessments.

Based on the work of Bailin (2002), Billing (2007), and

Mulnix (2012), we believe the intellectual resources are

centered on two parallel epistemic practices students

engage in - searching for reasons (inductive inference

in mathematics and abductive inference in science) and

giving reasons (deductive inference in both disciplines).

Theoretically, intellectually engaging in inquiry in each

of the two disciplines requires enacting these two

epistemic practices in a parallel manner. Empirically,

the theoretical model is verified in that fourth graders

do use the two epistemic practices, and the

development of parallel practices in science impacts the

development of the two practices in mathematics: A

fourth grader's ability to search for reasons in science

affects his or her ability to search for reasons in

mathematics, and the ability to give reasons in science

affects the same ability use in mathematics. Although

the nature of the content of these two disciplines is

disparate - science is to provide empirical evidence

while mathematics is to find logical proof - the

epistemic practices used during the practice/process of

inquiry of both disciplines are aligned, and the

development of these intellectual resources in science

affects their development in mathematics. Given the

current demands to use innovative pedagogical

approaches in the teaching and learning of STEM

where epistemic practices related to inquiry are

emphasized, the theoretical model we established and

empirically verified with fourth grade students' data
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has the potential to help in examining different

pedagogical approaches that build on the reasoning

factors identified in this study. There are quite a few

varieties of instructional approaches that promotes

students reasoning and cognitive engagement. We

would like to further examine if such instructional

approaches help students develop critical thinking and

reasoning skills, and transfer to other discipline areas

when compared to traditional

teacher-delivering-knowledge approaches.

The fourth grade represents completion of the first

third of a students' K-12 education. During the first

four to five years, students need to established

intellectual resources that will serve them in later

years. While these intellectual resources are not yet at

a sophisticated level there is a need to both understand

and build on these to better assist students in having

success in science and mathematics as they progress

through school. Such a perspective raises questions

related to 'is the level of development of the

fourth-grade students we investigated in this study

representative of other populations?' 'Are there

pedagogical approaches/learning

environments/opportunities) that would further push

students' development of cognitive resources?'

What we wanted to understand from this study is

not the importance of science in learning mathematics

but rather what intellectual resources are involved in

learning and is there a domain general nature to these

as claimed (Bailin, 2002). Empirically, we showed that

students who can find strategies and approaches to

solve science inquiry are more likely to be able to

search for appropriate strategies to solve mathematical

inquiry. Students who can develop their abductive and

deductive reasoning in science are more likely to use

these resources in other contexts. As curriculum

standards encourage teachers to emphasize epistemic

practices in classroom, we need to be open to an idea

of sharing this development across disciplines because

it is apparent that students who developed intellectual

resources can use these in other settings. We do not

need to close the door to isolate and teach

mathematical practices, without a consideration of the

possibility that students might have already developed

or will have opportunities to develop these when

students learn science. We believe that it would be

beneficial for teachers to recognize the potential impact

of students' intellectual resources in their own

mathematics and science classrooms as well as the

other classrooms. In the era of STEM, there is a need

to expand our current thinking from performance on

standardized tests of content to focus more on the

development of intellectual resources that enable

students to have a strong foundation to be successful

not only school but as literate citizens.
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