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ABSTRACT: When designing a chemistry education research study it is important that the researcher select or create
assessment instruments and methodologies that are valid. This ensures that correct interpretations can be made from the data
collected using the instrument or methodology. The two studies described here introduce a novel method for investigating
students’ structural knowledge of chemistry topics using a program called Pathfinder. In these studies, the Pathfinder program is
investigated for validity (content, construct, criterion, and concurrent), as well as its sensitivity to changes in students’ structural
knowledge. Once shown to be valid when used properly, the Pathfinder program can then be employed in future chemistry
education research studies to investigate students’ structural knowledge.

KEYWORDS: Upper-Division Undergraduate, Chemistry Education Research, Testing/Assessment, General Public, Constructivism,
Learning Theories

FEATURE: Chemical Education Research

When designing a chemistry education research study, one
of the most difficult tasks the researcher will encounter

is the selection or creation of valid assessment instruments.
Many assessments that are appropriate and useful for assigning
grades in the classroom may not provide the more nuanced
information often necessary for a research study. In recent
years, researchers have started developing new assessments
through rigorous instrument development.1−5 These new
assessments have included measurements of both sentiments
(responses that do not have “correct” answers and reflect
personal reactions, preferences, interests, attitudes, values, etc.)
and judgments (responses which reflect student knowledge and
understanding and have correct answers). Studies validating
assessment instruments are invaluable to the chemistry
education community as they provide quality instruments
that can be reliably used in future research. In one example,
Cooper, Underwood, and Hilley created an instrument to test
students’ beliefs about the information that can be obtained
from Lewis structures.1 Because of the rigorous development of
this instrument, it can be used in various future studies where

student understanding of Lewis structures is of importance.
Fewer studies have provided novel methods of assessing student
understanding that could be used by other researchers with
different topics instead of only with the topic for which they
were created. This study was designed to investigate how an
alternative assessment method for measuring students’
structural knowledge can be tested for validity in a variety of
situations and on various chemistry topics.

■ THEORETICAL FRAMEWORK

Testing Theory

When chemistry education researchers are looking to measure
some trait or psychological construct (such as proficiency,
knowledge, beliefs, etc.) in their students, they often run into
the problem that no single approach to the measurement of any
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trait is universally accepted.6,7 They will also quickly realize that
measurements of psychological constructs are always indirect,
based on behaviors that are perceived as relevant to the
construct under study. This means that the researchers can only
attempt to measure knowledge through the student’s ability to
perform smaller tasks, for example, problem solving.
In chemistry education research, the psychological construct

of interest is often student’s understanding of various chemistry
topics. Traditionally, the method chosen for measuring
student’s understanding of a chemistry topic is problem-
solving, usually in the form of multiple choice questions, short
answer questions, and/or essay writing.8 While these have
proven to be valid methods of assessment, problems arise due
to the limitation of possible questions. That is, the questions
may not be measuring a large enough sample of the student’s
behavior to provide a true representation of the measured
construct (knowledge of chemistry topic). For example,
consider the question in Figure 1:

A student who chooses the correct answer (c) may do so
because they have an accurate understanding of the chemistry
concept (drawing Lewis dot structures, polyatomic ions, formal
charges, etc.). They may, however, select that answer because
they believe that molecules will form certain structures because
they ‘like to be balanced or symmetrical’, a common
misconception identified in a study of Lewis structures by
Cooper, Grove, Underwood, and Klymkowsky.10 If this
question were used in a research study to measure the
student’s knowledge on the subject, the student’s answer may
mislead the researcher to believe the student has an
understanding of the subject, even though he/she still has
some holes in their structural knowledge. A measurement
method that includes additional information about how the
student stores information structurally (as is proposed in this
study), rather than a measure of the student’s knowledge of
individual facts may provide a more complete assessment of the
student’s structural knowledge of the chemistry topic.

Structural Knowledge

For a student to be deemed competent in a chemistry topic,
they must understand both the important concepts within that
topic and the way those concepts interrelate. It has long been
thought in cognitive and educational research that assessing the
way a student structures their knowledge of the topic can
indicate this competence.11−13 The term structural knowledge
refers to methods by which students file chemistry information
(or any type of information) in their minds for later retrieval
and use in a variety of situations.14 It is a term based on the
theory of schema described by numerous cognitive psycholo-
gists, which describes a person’s knowledge through the way
this knowledge is stored in the mind.15−17 To acquire new
information, the person must assimilate new material into his/
her structural knowledge of the topic. The resulting structural
knowledge can be thought of as an organized network of the
information a student has learned, a topic that can be used in a
wide variety of situations (solving problems, interpreting
incoming information, etc.). This structure includes many
complex connections between concepts within a topic and has a
higher order hierarchical structure that influences how the
information is stored and later retrieved for use.
Currently, there is no measure that can be employed by an

education researcher to create an exact replication of a student’s
structural knowledge. A quick review of the Journal provides
many examples of the traditional methods of measuring
knowledge: multiple choice or open ended questions (either
written or oral).18−22 These methods provide information as to
what facts or pieces of information a student has been able to
store in their minds, but less information as to how the student
has connected those pieces of information to one another
(though open ended questions or essays do occasionally
provide some of this information). In recent years, there has
been a move to identify innovative assessment methods that go
beyond the traditional tests.23−25 In these studies, the
researchers have utilized things like Web-based tutors, tablet-
based PCs and pen-based technology, and assessment systems
designed to recognize and respond to free-form student input.
One additional method of assessment utilized in the field of

chemistry education and related to the new method presented
in this paper is concept mapping.9,26−28 A concept map is a
graphical representation consisting of nodes and lines, where
nodes are labels for important concepts (often keywords or
terms) in a certain topic. As an assessment tool, researchers use
concept maps created by the students as a measure of the
students’ understanding of chemistry concepts and/or how
these understandings changed through the use of alternative
study and assessment techniques. By using concept maps as
assessments, researchers can often create more detailed pictures
of a student’s understanding of chemistry topics than a content
test can provide. The use of concept mapping can, however,
pose certain problems for the researcher. One issue is that the
student must be able to evaluate his or her own understanding
of a chemistry concept and try to reflect that understanding in
the concept map task. This degree of reflection is often
something that must be taught to the student through modeling
by the instructor. The student also has to subjectively evaluate
his or her own understanding and recreate that understanding
in some type of concept map format.27 This introduces a
degree of subjectivity into the data collection even if that
subjectivity is coming from the students themselves.
Another point of subjectivity comes from the researchers’

interpretations in scoring the concept map created by the

Figure 1. An example of a common general chemistry question.
Reprinted with permission from Neiles.9 Copyright 2010 American
Chemistry Society.
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students.27 The researcher must infer the meaning behind the
student’s choices in the concept map and place value on the
connections the student chooses to create. A more detailed
review of concept mapping in chemistry education research and
how it relates to the use of this new instrument presented in
this study can be found in Neiles.9 The difficulties in the use of
concept maps described here have led to a search for a more
objective measurement of students’ structural knowledge. One
result of this search was a method of creating network
representations of students’ understanding involving the use of
something called proximity data.

Alternative Method

Pathfinder is a computer program that was developed by Roger
Schvaneveldt.29−31 The use of Pathfinder to create representa-
tions of students’ structural knowledge is described in detail in
Measuring Knowledge by Neiles.9 In Pathfinder, the underlying
organization of the person’s schema is captured through
relation and similarity judgments. These judgments of the
relatedness between the members of pairs of concepts within a
topic have been shown to capture the underlying organization
of the person’s schemas of that topic.32 This procedure
produces a matrix of proximity values that represent the degree
of relationships between a pair of concepts.
The proximity data is gathered by a corresponding rate

program.31 In the rate program, a student is asked to judge the
relatedness or similarity between members of concept pairs
(key terms selected for a given topic). The rate program
presents the student with a full list of the key terms, then
presents each term pairwise and asks the student to rate the two
terms based on their relatedness on a scale of 1−9, where 1 is
the least related and 9 is the most related as seen in Figure 2.
To ensure that the student is utilizing the full scale, before

the student completes the rate program he/she is presented
with the full list of terms from the chemistry topic. The student
is then asked to look through the list of items to find the two
he/she believes are most related and set that as their 9, and find
the two most unrelated and set that as 0.
After the student has been given instructions, the program

presents every term against every other term, resulting in about
105 relatedness judgments for a topic containing 15 key terms.
This process provides a matrix of proximity values in which
each value in the matrix represents the degree of a relationship
between a pair of concepts. The algorithm in the Pathfinder
program is then used to reveal the underlying dimensions of the
student’s structural knowledge on which the student’s judg-
ments were based and create a Pathfinder network
representation of the structural knowledge.

A weight associated with the strength of the relationship
between two key terms, referred to as nodes, is associated with
each link.19 This weight reflects the distance between the
nodes. For example, consider the Pathfinder network in Figure
3 created by a student on the subject of animals.

Nodes in this network like lion and cat may be located closer
to one another than lion and bear for various reasons. For
example, many students may think about species similarities
(lions and cats are both felines), while other students may
consider the connections due to a certain well-known movie
(lions, tigers, and bears!) and Pathfinder can accommodate
both. The appeal of Pathfinder is that the researcher need not
impose any of these reasons on the student. Pathfinder can find
the underlying relationships in a student’s mind regardless of
what those relationships are based on. As can be seen through
this example, the Pathfinder program provides evidence as to
the existence of connections but does not provide the
researcher any information as to the criteria a student uses to
make their relatedness judgments (a limitation discussed
further in the Limitations section of this paper). Nodes may
be linked together directly (lion−bear) or through an indirect
path (bear−lion−cat). The Pathfinder algorithm searches
through the nodes to find the closest direct path between
nodes or concepts. A link remains in the network only if it is
the most direct path between two concepts. The most direct
path could be a direct node to node link (which will result from
a high relatedness judgment), or a multinode path depending

Figure 2. Rating program used to collect relatedness judgments.

Figure 3. An example Pathfinder network created on the topic of
animals.
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on the student’s responses during the rating task (which would
result from a low relatedness judgment). All other links
between those two key terms are removed from the network by
the algorithm in the computer program.
The Pathfinder network is created by the algorithm using a q

and r parameter equal to n − 1 and infinity, respectively, (where
n = the number of concepts).31 A path in the Pathfinder
network consists of a number of nodes and connecting links.
The length of a path defined by the r parameter is a function of
the weights associated with the links in the path. This is
calculated from the ratings provided by the student. As r
decreases, links are added to the network. When the r is set to
infinity, the number of links in the network is maximally
reduced. The parameter q defines the maximum number of
links in a path and also affects network density. The parameters
r = ∞ and q = n − 1 generate the simplest Pathfinder network,
which was desired for this study.
Since its development, Pathfinder has been used as an

assessment tool in studies with people of all educational levels
(elementary school through college/professional) and in
numerous fields, including nursing, reading, patients with
Alzheimer’s, and many more.33−37 Though the program has
been tested for validity and reliability in many fields, it has not
been widely used in chemistry education research and thus
should be introduced and tested before use in this field.
Pathfinder networks can be analyzed both quantitatively, by

mathematically comparing the number matrices created from
the rate program, and qualitatively, by comparing the visual
representations created by the Pathfinder program. Both
methods provide important insights to the student’s structural
knowledge and understanding of the chemistry concepts.
Unfortunately, while qualitative analysis of the results presented
here would undoubtedly be interesting, providing a description
of both quantitative and qualitative analysis would be too
lengthy. The focus of this study is therefore mainly on
quantitative analysis and leave qualitative analysis to subsequent
papers.
The studies presented here looked at two variables used as

comparison measures for the networks: Path Length
Correlation (PLC) and Neighborhood Similarities (NS).31

PLC is a measure of the presence and strengths of the links
between the nodes in a network. While a network itself does
not have an intrinsic score, comparing two or more networks
can give researchers numerical data regarding the networks.
Here, we compared the student network to an averaged expert
network. Two networks can be similar or different in terms of
the number and weights of the connections between nodes.
This scoring provides evidence as to whether two networks
have the same connections between nodes and whether those
connections are of the same strength. PLC is determined by
calculating the correlation between the distances in two
networks, usually student vs expert.31 Two networks with
high PLC (a value close to 1) are from two people who rated
concepts with similar strengths, whereas a low PLC (a value
close to 0) would indicate dissimilar ratings.
Neighborhood Similarity (NS) is a measure of the way the

nodes are grouped (or in “neighborhoods”). It is measured by
determining whether a set of nodes surrounding a specific node
in one network is the same set as around that specific node in
another network.31 If two networks have a high NS, it means
that a specific node is surrounded by similar nodes in the two
Pathfinder networks being compared. As in PLC, the NS
measure ranges from 0 (low similarity) to 1 (identical).31

Although these two measures are not the only two possibilities
for determining the similarity of two networks, they are the
most widely used since they provide quantitative numbers
representing the quality and/or “expert-likeness” of student’s
mental storage of chemistry concepts.

Validity Testing

Prior to use in any research studies, a new assessment
measurement or method, such as Pathfinder, must first be
tested for validity to ensure its appropriateness for use in
research. The validity of an assessment is the degree to which
the assessment actually measures what it is designed to measure
and whether the interpretation of the scores is appropriate.38,39

There are four main types of validity generally evaluated:
content, construct, criterion-related, and concurrent (though
others exist, these are the four most widely used).
Content validity determines whether the assessment

adequately samples the target domain; in Pathfinder’s case,
does it adequately test the chemistry topic of interest. For
Pathfinder assessments, the content validity comes from the
careful selection of key terms to be used as the nodes in the
network to ensure that the key terms selected are relevant and
representative of the chemistry topic of interest. Content
validity must be determined for every new list of key terms used
in a study.
Construct validity determines whether the assessment

measures the construct (or trait) that it is said to measure. In
a Pathfinder task, construct validity would be tested by
evaluating the networks created by students and/or experts to
determine whether they provide plausible connections between
the key terms in a chemistry topic. Construct validity must be
determined for each new list of key terms used in a study.
Criterion-related validity determines whether the test

adequately predicts performance on the criterion of interest.
To determine whether the Pathfinder task has criterion-related
validity, its ability to predict student performance on a given
chemistry topic should be evaluated.
Concurrent validity is whether the assessment correlates with

another test that is designed to measure the same content or
trait. To determine whether Pathfinder has concurrent validity,
the correlation of its scores should be compared with another
measure of the students’ understanding of the chemistry topic.
When these four measures of validity are evaluated, a new

assessment instrument or method can be deemed valid. The
purpose of the two studies presented in this paper was to
provide the reader with the process used to test the Pathfinder
method for validity to show how Pathfinder data can be
deemed to be valid using a variety of chemistry concepts.

■ STUDY 1

Study 1 was conducted to test the Pathfinder method for
content validity, construct validity, and criterion-related validity
through the evaluation of the following research questions:

1. Do expert’s Pathfinder networks on chemistry topics
adequately represent the chemistry topics? (Content and
Construct Validity)

2. Can Pathfinder distinguish between low, medium, and
high performing students based on their knowledge of
general chemistry topics? (Construct, Concurrent, and
Criterion-Related Validity)
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Methodology

Four topics were selected for use in this study and then
narrowed down to two through the creation of referent expert
networks. The original four topics were Atoms, Ions, and
Molecules; Stoichiometry; Chemical Bonding; and Thermody-
namics. An average of 15 key terms were created for each of the
four original topics (a full list of the key terms for the studies
presented here can be found in the Supporting Information).
These were selected by cross referencing the list of vocabulary
words found in several widely used general chemistry texts in
the corresponding chapter for each of the four topics.40−42 The
resulting lists contained between 20 and 30 key terms which
were then reduced to the target number of 15. Fifteen key
terms results in 105 relatedness judgments made by each expert
(or later with student participants). This number has been
shown in previous studies to be the lowest number of key terms
and relatedness judgments that results in accurate Pathfinder
networks.30 The set of topics and lists of key terms were
reviewed by two chemistry instructors who had taught the
topics recently. These instructors verified that the key terms
used were both important to each topic and represented a wide
range of important concepts in the topic.
Expert Networks. To give students’ Pathfinder networks

Path Length Correlation (PLC) and Neighborhood Similarity
(NS) scores, they have to be compared to a referent expert
network. To create this referent network, seven chemistry
experts were involved in the study. These experts included
undergraduate chemistry professors at a midsize private
institution or chemists currently working in chemical research.
The experts were asked to make relatedness judgment in the
Pathfinder program for each list of key terms. The ratings were
then used to create a Pathfinder network for each topic for a
total of four networks per expert. The expert networks were
then compared to one another to select the best two
performing topics from the original four. They were compared
on three criteria: coherency, PLC, and NS.

To determine which topics were best for use with subsequent
phases of the study, each expert’s four networks were first
checked for coherency. Coherency is a reflection of the
consistency of the data. The coherency of a set of proximity
data is based on the assumption that the relatedness between a
pair of items can be predicted by the relationships of the items
to other items in the set. Very low coherency (below 0.20) may
indicate that the participant is not an expert in that content area
and should not be used as such.43 Two experts’ ratings were
found to be below the necessary level for coherency on the
Thermodynamics topic. This coupled with the fact that only six
experts had completed the Pathfinder rating for this topic (one
of the seven did not complete it due to time constraints)
resulted in only four acceptable expert networks in the
Thermodynamics topic. This topic was therefore not chosen
as one of the two topics to be further used in the study. In the
Chemical Bonding topic, one expert’s network showed a low
coherency score and was removed for the remainder of the
analysis resulting in the Chemical Bonding topic having 6
expert networks.
The expert’s Pathfinder networks were next averaged by the

Pathfinder program to produce an overall average expert
network for each topic. Figure 4 shows the visual representation
of the average expert network for the Atoms, Ions, and
Molecules topic.
Once the averaged network is created, the Pathfinder

program can then mathematically compare each expert’s
network to this averaged referent network to determine
whether an individual expert differs greatly from the group of
experts on PLC and/or NS. This is done to ensure that no one
expert would unduly influence the averaged network’s structure.
The first measure, PLC, is similarity of path lengths between

the expert’s individual network and the referent experts’
network. It was found that all expert/average expert
correlations were large based on the correlation values generally
accepted as large (r = 0.50−1.0).44 The two topics with the
highest average correlations were Atoms, Ions, and Molecules

Figure 4. Averaged expert referent network for Atoms, Ions, and Molecules topic.
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(r = 0.800), and Stoichiometry (r = 0.662). The second
measure, NS, assesses the similarity of the networks as a
measure of the neighborhoods, or clusters of nodes, found
within the two networks’ corresponding nodes. The topics with
the highest average NS’s were Atoms, Ions, and Molecules (NS
= 0.435), and Stoichiometry (NS = 0.438). These topics show
NS values comparable to those reported as high in the
literature.30 Table 1 provides an overview of the topics’
performance on the three measures of interest.

The topics Atoms, Ions, and Molecules and Stoichiometry
performed best in the number of experts with high coherency
values, their average PLC, and their average NS values. On the
basis of the results, these two topics were chosen for use in the
student portion of the study. The two topics were also selected
for further use in the study because they represented both a
math based (Stoichiometry) and a nonmath based (Atoms,
Ions, and Molecules) topic. These average referent experts’
networks were used to determine the quality of each student’s
Pathfinder network.
Finally, the averaged networks for the two topics selected

were given back to the chemistry experts for them to evaluate.
To determine construct validity, the experts were asked to
evaluate the averaged network as to whether the connections of
the nodes in this averaged network adequately represented the
topic. While every expert found small discrepancies in how the
key terms were connected and how they felt they should be
connected, on the whole they felt the average network was a
good representation of the chemistry topic. This process was
then repeated with a separate group of chemistry experts
(faculty and industry chemists) with the results being the same.
This indicates that the networks created by the Pathfinder
program have construct validity.
In reference to RQ1, we find from the expert methodology

and data analysis described above that the Pathfinder networks
on chemistry topics do adequately represent the chemistry
concepts, and thus, construct validity of this data was is
established. We also find that through the careful selection and
evaluation of key terms, the content validity of the subsequent
networks can also be ensured.
Student Networks. The student participants were from a

mid-sized private university in the mid-Atlantic. The students
who participated were enrolled in or had been enrolled in any
chemistry course offered at the university. This included
introductory chemistry courses all the way up through forth-
year advanced courses. With the use of a wide range of
students, a varying range of structural knowledge was evaluated.
Participants represented an age range of 18−23, as well as a
variety of majors and both genders.
During the first session, students completed a consent form

prior to beginning the study as per IRB protocol. The students

were informed that participating in the study would not affect
their grades in any chemistry class in which they were enrolled,
but that it was very important for them to do their best on the
task. Following the consent process, the students were briefed
on the Pathfinder program. They first performed a practice
relatedness task using animal key terms in order to get used to
the rate program. After completing the practice task, the
students performed the rate task on the relevant chemistry
topics.
To evaluate RQ2 and establish concurrent validity, 43

students from a mid-sized private institution participated in the
study. These students performed the Pathfinder task as part of a
larger study to investigate students’ use of chemistry texts. The
Pathfinder tasks students completed covered the two topics
selected through the expert portion of the study: (1) Atoms,
Ions, and Molecules and (2) Stoichiometry. Figure 5 is an
example of a student’s pathfinder network on the Atoms, Ions,
and Molecules topic.

Each student’s pathfinder networks were compared to the
averaged expert networks on Path Length Correlation (PLC)
and Neighborhood Similarity (NS) variables described
previously.
As part of the larger study, students also completed a

multiple choice test on the same two topics. The students’
scores on the multiple choice tests were used to group them
into low, medium, and high performing students. The multiple
choice tests were created by pulling questions on the relevant
topic from retired ACS general chemistry exams.45 Ten
questions were selected for each topic and then reviewed by
chemistry faculty to determine whether the questions were
relevant to the content area and/or covered the area
sufficiently. A Multivariate Analysis of Variance (MANOVA)
statistical analysis was completed with the high, medium, and
low performing groups (based on multiple choice test score)
used as an independent grouping variable and the PLC and NS
evaluated as separate continuous dependent variables.
Results

MANOVA. Prior to running the MANOVA, the necessary
assumptions were tested to ensure the data was appropriate for
this statistical analysis. These assumptions included sample size,
normality, linearity, homogeneity of covariance, and multi-

Table 1. Comparison of Topics to Determine Top
Performing Two

Topic

Number of
Participants with
Appropriate
Coherency

Average
PLC

Coefficients
Average
NS

Selected
Yes/No

Atoms, Ions, and
Molecules

7 0.800 0.435 Yes

Stoichiometry 7 0.662 0.438 Yes
Chemical Bonding 6 0.656 0.312 No
Thermodynamics 4 X X No

Figure 5. Student Pathfinder network on the topic of Atoms, Ions, and
Molecules.
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colinearity.46 In each case, the data passed the established test
for that assumption. The mean scores for PLC and NS are
provided in Table 2.

The Wilk’s Lambda multivariate test of significance was used
to evaluate whether there was statistically significant differences
among the groups (low, medium, and high) on a linear
combination of the dependent variables (PLC and NS). Table 3
provides the results of this test.

The value of Wilk’s Lambda (F(4,78) = 14.697) and its
associated significance level (p < 0.001) indicate that there is a
significant difference among the groups. The effect size (partial
η2) indicates that 43.0% of the variance in students’ scores was
described by the linear combination of PLC and NS and was a
large effect size.44 Since significance was found in the Wilk’s
Lambda test, the dependent variables could next be investigated
further individually.
To evaluate each of the dependent variables, the Tests of

between Subjects Effects was considered (results also reported
in Table 3). Looking at Path Length Correlation (PLC), we see
that the test value (F(2,40) = 36.190) is significant (p < 0.001).
The Neighborhood Similarity (NS) test value (F(2,40) = 13.986)
was also found to be significant (p < 0.001). These values mean
that significant differences between the groups (low, medium,
and high) were found in both their PLC and NS scores. The
effect sizes were also found to be large; 64.4% of the variance in
students’ scores described by PLC and 41.2% described by NS.
The between-subject significance found for PLC and NS

means that Post Hoc analysis can be employed to determine
where the significant differences lie. Tukey’s test was selected
for this analysis which required an additional assumption to be
tested, the assumption of equal variances for the three groups.
The data was analyzed for this assumption and passed. When
the PLC was evaluated, all groups had significantly different
PLC scores than all other groups (p < 0.05). With NS,
significant differences (p < 0.05) were found between the low
and medium groups’ and also between the low and high groups.
No significant difference was found between students’ NS
scores in the medium and high performing groups. These
results indicate that the PLC and NS measures together are
able to adequately differentiate between low, medium, and high
performing students.
To test for concurrent validity, the PLC and NS scores were

each evaluated in correlation with the chemistry content scores
that students received through the multiple choice test. PLC
was found to have a correlation of 0.847 with the multiple

choice test and NS a score of 0.699. Both of these correlation
scores are considered high.44 This means that the Pathfinder
networks correlate highly with the more traditional method,
multiple choice tests, of assessing student knowledge and thus
have concurrent validity.
The MANOVA and correlation results indicate that

Pathfinder was able to distinguish between the chemistry
content knowledge groups, and that both PLC and NS was
correlated with students’ multiple choice scores. This indicates
that both construct and concurrent validity where validated;
that is, Pathfinder measures the construct of interest and the
assessment correlates with another test that is designed to
measure the same content or trait.

Regression. A regression analysis was also performed to
determine which, if either, of the two dependent variables was a
better predictor of the student’s performance on the multiple
choice test (the grouping variable). This would indicate the
assessment’s criterion-related validity. The difference between
the MANOVA test and the regression test is that in the
MANOVA the multiple choice test is used as a grouping
variable, while in the regression analysis, the multiple choice
scores will be used as a continuous variable. With the use of the
multiple choice scores as a continuous variable, more of the
variance in students’ scores may be captured in the statistical
model. The assumption for the regression analysis is essentially
the same as that for the MANOVA, and the data was
determined to be appropriate for this statistical analysis.
First separate regressions of each dependent variable were

evaluated to determine what percent of the students’ multiple
choice scores is predicted by each dependent variable. In the
PLC regression, the test was found to be significant (F(1,41) =
17.606, Sig < 0.001) and the PLC variable was found to have an
adjusted R2 value of 0.798. This means that the amount of
variance in students’ multiple choice scores predicted by the
PLC variable, 79.8%, is a significant amount. In the NS
regression, the test was found to be significant (F(1,41) = 24.156,
Sig < 0.001) and the NS variable was found to have an adjusted
R2 value of 0.609. This means that 60.9% of the variance in the
students’ multiple choice test scores is described or predicted
by the NS variable. These results indicate that both variables are
good predictors of the students’ multiple choice test scores,
indicating criterion-related validity.
Next, a combined regression was conducted to determine

which, if either, of the variables was a better predictor of the
students’ multiple choice scores. In the combined regression,
both variables were entered into the model simultaneously. As
in the separate regressions, the combined regression was found
to be significant (F(2,40) = 37.162, Sig < 0.001). This means the
variance in students’ multiple choice scores predicted by the
combined PLC and NS variables was a significant amount. The
β score for PLC was found to be significant (β = 0.974, sig <
0.001), while the β score for NS was not significant (β = 0.020,
sig = 0.232). This means that much of the variance predicted by
PLC and NS overlaps between the variables and that while
either variable can be considered a good predictor, if only one
variable were to be used, PLC would likely be the better choice
of the two. These regression results indicate that the Pathfinder
measures, PLC and NS, adequately predict the students’
multiple choice chemistry scores and thus have criterion-related
validity.

Table 2. Mean Scores for PLC and NS

Groups Mean PLC Score Mean NS Score

Low 0.255 0.222
Medium 0.507 0.348
High 0.685 0.385

Table 3. Results from MANOVA

Model Variables Multivariate Test Significance
Partial Eta
Squared

Overall Model (two
dependent variables
combined)

Wilk’s Lambda p < 0.001 0.430
F(4,78) = 14.697

PLC F(2,40) = 36.190 p < 0.001 0.644
NS F(2,40) = 13.986 p < 0.001 0.412
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■ STUDY 2

Study 2 was conducted to test the Pathfinder method for
content validity, construct validity, criterion-related validity, and
concurrent validity through the evaluation of the following
research questions:

1. When used as an assessment instrument, is the
Pathfinder program sensitive enough to detect changes
in general chemistry students’ structural knowledge due
to instruction? (Content and Construct Validity) (RQ1)

2. Is Pathfinder a good predictor of general chemistry
students’ understanding of a chemistry concept?
(Criterion-related Validity) (RQ2)

a. Is Pathfinder a better predictor of students’
understanding than traditional multiple choice
questions? (Criterion-related Validity) (RQ2a)

Methodology

Study 2 was conducted at a small public liberal arts college in
the mid-Atlantic region. The students who participated were
enrolled in one of three introductory chemistry courses,
General Chemistry I and II or Contemporary Chemistry.
General Chemistry is an introductory two-semester chemistry
sequence mostly populated by science majors, including
chemistry, biochemistry, and biology, but also taken by
neuroscience minors. Contemporary Chemistry is a one
semester introductory chemistry course taught to nonscience
majors for a liberal arts general education requirement.
Participants represented an age range of 18−23, as well as a
variety of majors and both genders. A total of 42 students
participated in Study 2.
During the fall, the study was conducted with the General

Chemistry I population, and during the spring, students from
both the General Chemistry II and Contemporary Chemistry
populations participated. Student participation consisted of two
sessions: one taking place before the lecture on a specific topic
and one postlecture on that same topic. The topics were chosen
to test the students on a broad range of introductory chemistry
topics both math-based and conceptual (for example, colligative
properties, acid−base equilibrium, phase diagrams, etc.). A total
of 11 chemistry topics were utilized. Approximately 15 key
terms were selected for use with each topic and validated in the
same way described in Study 1 to ensure content validity (a full
list of the key terms used in this study can be found in the
Supporting Information).
The averaged expert referent networks were created for each

chemistry topic through the same process described in Study 1.
The experts consisted of faculty members from multiple
institutions, all of whom had taught the topics of interest in the
2 years prior to the study. Construct validity was also
determined in the same way by having additional experts
evaluate the averaged referent networks for appropriateness and
completeness. All chemistry topics except one passed this test
and were thus determined to have construct validity and
appropriate for further use in the study.
During the first session, students completed a consent form

prior to beginning the study as per IRB protocol in the same
way described in Study 1. Following the consent process, the
students were briefed on the Pathfinder program. They first
performed a practice relatedness task using animal key terms in
order to get used to the rate program. After completing the
practice task, the students performed the rate task on the
relevant chemistry topic.

The first session usually took place the day before the
relevant lecture and took between 15 and 25 min. Session two
took place within 24 h after the lecture. Students were asked
not to do any additional studying prior to their second session.
During the second session, students performed the same rate
task again on the relevant chemistry topic, along with a multiple
choice task and an open ended question followed by a spoken
explanation of their thought processes when solving the open
ended question. The multiple choice tests were created by
pulling questions on the relevant topic from retired ACS
general chemistry exams.45 Five questions were selected for
each topic and then reviewed by chemistry faculty to determine
whether the questions were relevant to the content area and/or
covered the area sufficiently. The open ended questions were
created to illicit student responses that spoke to their
understanding of the chemistry concepts of interest. These
were also reviewed by faculty members to ensure their
relevance to the topic of interest.
The researchers took notes during the spoken explanation

and scored the explanations and the open ended question
answers themselves based on a rubric. The rubrics used to
evaluate the open ended questions included scoring for the
correct answer as well as the proper reasoning for that answer.
The combined score of these was used as a measure of student
understanding.

Results

To investigate research question one, a paired-samples t test
was conducted to evaluate whether each of Pathfinder’s two
measures, PLCs and NSs, were sensitive enough to detect
changes in general chemistry students’ structural knowledge
due to instruction. The paired-samples t test was selected
because one group of students was utilized but data were
collected from them on two different occasions in a pre-test/
post-test experimental design. In statistical terms, this analysis
tests the probability that the two sets of scores (prelecture vs
postlecture) came from the same population. If the t test shows
a significant difference, then the scores came from statistically
different populations and thus would indicate a significant
difference in students’ Pathfinder scores before vs after they
encounter the information in lecture.
PLC scores had a statistically significant increase in scores

prelecture (M = 0.248, SD = 0.153) to postlecture (M = 0.355,
SD = 0.187), t(41) = −3.642, p < 0.05. The η2 statistic (0.250)
indicated a large effect size when compared to guidelines from
Cohen.44 This increased PLC score indicates that students’
Pathfinder networks became significantly more like expert
networks after attending lecture and the Pathfinder rate
program was able to identify this change in students’ structural
knowledge.
NS had a statistically significant change in scores prelecture

(M = 0.210, SD = 0.071) to postlecture (M = 0.240, SD =
0.091), t(41) = −2.034, p < 0.05. The η2 statistic (0.094)
indicated a moderate to large effect size. This increased NS
score indicates that students’ Pathfinder networks became
significantly more like expert networks in terms of the
groupings of the nodes after attending lecture. It also indicates
that the Pathfinder rate program was able to identify this
change in students’ structural knowledge.
In reference to RQ1, it was thus found that Pathfinder was

sensitive enough to detect changes in general chemistry
students structural knowledge due to instruction. It was also
determined from the careful selection and validation of the key
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terms and resulting Pathfinder networks that the program,
when used in this manner, has content and construct validity.
To investigate RQ2, regression analysis was utilized to

determine which of the independent variables, namely multiple
choice (MC), path length correlation (PLC), and neighbor-
hood similarity (NS), best predicts the variance in the measure
of students’ understanding (open ended question combined
with explanation). This analysis was chosen because both the
dependent variable and the multiple independent variables were
measured on continuous scales.
The first model evaluated was a standard multiple regression

with all three independent variables (MC, PLC, and NS)
entered into the model simultaneously as predictor variables.
This allows us to evaluate the significance of the prediction of
the dependent variable, as well as evaluate each independent
variable. This first model resulted in a significant prediction of
the students’ overall understanding (R = 0.488, F(3,38) = 3.955, p
< 0.05). The percentage of variance in students’ overall
understanding may also be determine by evaluating the R2

value, in this case 0.238 or 23.8%. This indicates that the model
including all three dependent variables predicts about 23.8% of
the variance in students’ understanding (a percentage on par
with other education research and cognitive psychology
studies). Since the overall model is indeed significantly
predicting the dependent variable, we can also evaluate each
independent variable to determine which variables contribute
the most to the prediction by evaluating their standardized
coefficient or β score. In this model, MC had a β = 0.216 (p =
0.149), PLC had a β = 0.222 (p = 0.238), and NS had a β =
0.203 (p = 0.288). This indicates that no one independent
variable accounts for a significant portion of the 23.8% variance
predicted by the model when all three independent variables
are entered into the model simultaneously. This ability to
predict students’ performance on a separate chemistry
knowledge test also ensures the Pathfinder program has
criterion-related validity. To understand exactly what portion
of the variance in students’ understanding scores is accounted
for by each independent variable, stepwise multiple regressions
were evaluated.
In the first stepwise regression evaluated, MC was entered

into the model first and then PLC and NS were brought in
which allows one to determine if the addition of PLC and NS
contributed significantly to the model. The addition of PLC
and NS was found to significantly change the amount of
variance predicted by the model (R2 change = 0.140, F(2,38) =
3.480, p < 0.05). This indicates that PLC and NS contribute a
significant amount to the prediction of students’ understanding
scores. In the second stepwise regression evaluated, PLC and
NS were entered into the model first and then MC was brought
in to determine if the addition of MC contributed significantly
to the model. The addition of MC was found to not
significantly change the amount of variance predicted by the
model (R2 change = 0.043, F(2,38) = 2.166, p = 0.149). This
indicates that MC does not contribute a significant amount
beyond that of the combined PLC and NS to the prediction of
students’ understanding scores. These combined results
indicate that the Pathfinder measures are better predictors of
students’ understanding than the traditional multiple choice
tests.

■ DISCUSSION AND CONCLUSIONS

Study 1

The results of the MANOVA and regression analysis indicate
that Pathfinder measures (PLC and NS) are able to identify
differences between students’ chemistry understanding at least
as well as the multiple choice exams. This is evidenced in the
ability of the variables to distinguish between the groups
(MANOVA) and predict the variance in students’ scores
(regression). PLC and NS were also shown to correlate highly
with another established method of testing student knowledge:
multiple choice questions. The careful selection and validation
of the key terms and averaged expert referent networks,
MANOVA results, and correlation results indicate that the
Pathfinder program’s use with these key terms have content,
construct, and concurrent validity. The regression analysis has
shown that both measures of the quality of students’ Pathfinder
networks (PLC and NS) are good predictors of the students’
performance on the chemistry topics and thus have criterion-
related validity. It was also found that while either variable is a
good predictor of students’ chemistry knowledge (as measured
by a multiple choice test), PLC may be a better choice since
much of the variance in students’ scores overlapped between
the two variables and a greater amount was predicted by the
PLC. However, if for some reason it is necessary to use only
one variable, a researcher should evaluate the questions they are
investigating to determine which variable they use. If, for
instance, the researcher is particularly interested in how
students are grouping the categories, then Neighborhood
Similarity would provide more relevant information.

Study 2

Through the above analysis, it was found that the Pathfinder
program was indeed sensitive enough to detect changes in
general chemistry students’ structural knowledge due to
instruction as evidenced by the t test results which showed
that both PLC and NS significantly increased postlecture.
These results, along with the careful selection and validation of
key terms and averaged expert referent networks, indicate that
the Pathfinder program used with these key terms has content
and construct validity. It was also found, through the regression
analysis, that both PLC and NS were good predictors of
students understanding of a chemistry concept and that this use
of Pathfinder, therefore, has criterion-related validity. It was also
found through the regression analysis that these Pathfinder
measures were better predictors of students’ understanding than
a traditional multiple choice test.
The purpose of these studies was to ensure that when

developed properly, the method of using rating tasks to create
representations of students’ structural knowledge can be a valid
method and could be used confidently in further studies. This
involved checking the method for content, construct, criterion-
related, and concurrent validity. It should be further
emphasized here, however, that this method can only be
deemed valid when the careful creation of the lists of key terms,
an implementation of the method, has taken place as described
in these studies.

■ IMPLICATIONS

With the use of the methods described in the two studies here,
the Pathfinder program has been found to be a valid method
with these chemistry topics. This means that the Pathfinder
program can be used in future chemistry education research as
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long as the steps necessary are taken to ensure the proper
creation and implementation of the program. Unlike other
measurement instruments presented in this Journal, this
instrument is not restricted to any single chemistry topic. It
can be used with any topic where key-terms can be identified
and validated. The method may be used, for example, to test
the students’ understanding of a chemistry topic before and
after a new lab to determine the lab’s effectiveness. Or perhaps
Pathfinder networks of important topics, such as acid−base
chemistry, can be measured over the course of a student’s
academic career to monitor changes in his/her understanding.
Another benefit of this method is the added information one
can gain from evaluating Pathfinder networks over more
traditional methods such as multiple choice. Researchers are
better able to see the connections between concepts in a
student’s mental storage of a chemistry topic. Pathfinder also
allows researchers to qualitatively evaluate the visual
representations of the students’ networks, though that
evaluation was not described in the studies presented here.
This new measurement method provides a different and
perhaps more nuanced method of measuring student under-
standing in chemistry.

■ LIMITATIONS

The studies presented here could benefit from replication with
larger numbers of students and at other institutions. The large
size effects indicate the strength of our findings, but there is
always room for replication with larger sample sizes. Also, there
are some chemistry topics that were found not to perform well
with the expert population and were thus not used in these
studies. We are unsure why these topics did not perform. It may
be that a larger number or different pool of experts could rectify
the situation, or that there is no unified way experts organize
their knowledge of those topics.
Pathfinder was used in these studies as a research tool to

measure students’ structural knowledge in general chemistry. It
is not intended, as presented here, to be used in a classroom
setting to assign students grades in a summative assessment
capacity. However, it could certainly be used in a formative
assessment to provide students with feedback on their progress
in class.
As was stated earlier, an additional limitation of the

Pathfinder program is that this method does not provide any
information to the researcher about why or how the student
chose to relate two key terms. Thus, the researcher has no way
of knowing what criteria the student used to make their
relatedness judgments. No one instrument can be expected to
collect everything about how a student stores information for
later retrieval and use. Additional data such as interviews or
think-aloud protocol would be necessary if this information
were needed by the researcher.
A consideration that should be investigated in addition to

validity is the reliability of the assessment instrument.
Reliability of an assessment instrument or method refers to
the consistency of scores across replications of a measurement
procedure.47 This would be measured in Pathfinder by
evaluating whether students’ PLC or NS scores change over
time. This process would likely be accomplished by an in depth
qualitative study of the student results to determine whether
changes over time were present or not. As the focus of this
study was quantitative in nature, the reliability analysis has not
been included, although it could be evaluated in future studies.
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