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Abstract
Typical approaches to assessing students’ understanding of the engineering design process (EDP) include performance
assessments that are time-consuming to score. It is also possible to use multiple-choice (MC) items to assess the EDP,
but researchers and practitioners often view the diagnostic value of this assessment format as limited. However,
through the use of distractor analysis, it is possible to glean additional insights into student conceptualizations of
complex concepts. Using an EDP assessment based on MC items, this study illustrates the value of distractor analysis
for exploring students’ understanding of the EDP. Specifically, we analyzed 128 seventh grade students’ responses to
20 MC items using a distractor analysis technique based on Rasch measurement theory. Our results indicated that
students with different levels of achievement have substantively different conceptualizations of the EDP, where
there were different probabilities for selecting various answer choices among students with low, medium, and
high relative achievement. We also observed statistically significant differences (p < 0.05) in student achievement
on several items when we analyzed the data separately by teacher. For these items, we observed different patterns of
answer choice probabilities in each classroom. Qualitative results from student interviews corroborated many of the
results from the distractor analyses. Together, these results indicated that distractor analysis is a useful approach to
explore students’ conceptualization of the EDP, and that this technique provides insight into differences in
student achievement across subgroups. We discuss the results in terms of their implications for research and
practice.

Introduction
Researchers have found that engineering education in
middle school is essential to increase students’ awareness
of engineering as a career path; therefore, researchers have
identified middle school as a crucial period for engineering education (Tafoya et al. 2005). Further, engineering design is a core component of middle school engineering
curricula. As a result, effectively measuring middle school
students’ understanding of the engineering design process
is essential.
Approaches to assessing students’ understanding of
the engineering design process (EDP) are varied in research and practice. Many of the methods are qualitative in nature. For example, several researchers have
used interviews with both students and teachers to
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examine a broad-range of perspectives of the EDP, including understanding of design practices, as well as
variants of approaches and perspectives of design.
Alemdar et al. (2017a, 2017b) applied student interviews to examine student understandings of the design
process, perspectives of the collaborative design experience, and recognition of engineering connections to
other content areas. Researchers have also incorporated
interviews into phenomenological studies for the purpose of identifying concepts such as successful engineering teaching practices (Adams et al. 2003).
In other studies, researchers have used the process of
engineering design itself as a data source through
methods such as protocol analysis and ethnographies.
Protocol analyses explore student approaches to abbreviated design tasks or student responses to design briefs.
Field studies and full ethnographies include observations
of students as they approach design challenges in the
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classroom environment. Most often, researchers have
used these methods to identify patterns in behavior of
participants as they design, either as individuals or as
groups. Researchers have used think-aloud protocols
with individual students, and they have used analyses of
dialog for group-based activities. Generally, researchers
use these methods to understand the processes of student design and the student conceptions that underlie
their design decisions (Atman et al. 2014).
Researchers also frequently use survey methods for the
purpose of individual-level assessment. Specifically, researchers conduct studies with surveys to gather information about students’ affective responses to engineering,
such as design self-efficacy, the relevance and importance
of the EDP, and to identify difficulties that students experience as they approach specific stages or design activities
(Atman et al. 2014). Surveys are useful in capturing
changes in student perception over time, for example to
measure self-efficacy and to determine whether student
self-efficacy changes before and after a design experience
(Purzer 2011).
Another common data source for assessing EDP
knowledge is student-produced classroom artifacts. Artifacts may include students’ engineering notebooks or
journals, reflective narratives, portfolios, or design
products such as prototypes. For example, researchers
have examined students’ engineering journals to document improvements in design practices over time
(Sobek II 2002). Likewise, researchers have analyzed
students’ engineering portfolios to examine professional
engineering identify formation (Eliot and Turns 2011).
For these artifacts, researchers apply evaluative rubrics
to quantify student learning, measuring such aspects as
communication, engineering practice, design, and experiments (Mourtes 1999; Williams 2001).
These assessment techniques are valuable in that they
can provide researchers and practitioners with detailed
insight into students’ understanding of engineering design.
However, in the classroom, the demands of teaching many
students (particularly in secondary schools) often prevent
teachers’ thoughtful analysis of these products. In contrast, multiple-choice (MC) items can be scored more
quickly, and the results can be incorporated more readily
into teachers’ instructional decisions (Briggs et al. 2006).
A common criticism of assessments based on MC items is
that they provide limited diagnostic information regarding
students’ conceptualization of complex concepts (Klassen
2006). However, it is possible to construct MC items such
that analyses of students’ answer choices provide insight
into students’ conceptualizations of the assessed concept
(Haladyna and Rodriguez 2013). In particular, distractor
analysis is an approach to examining response patterns on
MC items in which students’ answer choices are examined
alongside measures of achievement. When MC items are
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constructed such that the distractors are related to important aspects of student understanding of a particular
concept, this analytic approach provides valuable insight
into the types of correct and alternative conceptions that
are present within a sample of students, as well as insight
into the developmental hierarchy of the misconceptions
included within the item distractors. This information can
be used to inform instructional decisions to target specific
areas of student understanding without the use of more
time-intensive performance assessment procedures. Researchers have discussed and applied distractor analysis
techniques in many different content areas, including science and engineering (discussed further below). However,
there has been relatively limited research on the use of
distractor analysis in engineering education for middle
school students, and limited use of this approach to evaluate students’ understanding of the EDP. Furthermore, few
researchers have used distractor analysis to explore differences in student conceptualizations across subgroups.
Purpose

The primary purpose of this study is to illustrate the diagnostic value of distractor analysis for exploring middle
school students’ (grades 6–8) understanding of the EDP.
As a secondary purpose, we use distractor analysis to explore differences in student achievement across subgroups.
Accordingly, we focus on the following research questions:
1. What does distractor analysis of multiple-choice
EDP assessment items reveal about students’
conceptions of the EDP?
2. How can distractor analysis of multiple-choice EDP
assessment items be used to understand differences
in student performance on individual items across
learning environments?
Distractor analysis as a diagnostic tool

Despite the limitations that are commonly associated with
assessments based on multiple-choice (MC) items, many
practitioners and researchers use assessments with MC
items in educational settings. One reason is that MC items
are easy to implement and score objectively, thus allowing
test users to assess a wide range of content in a single administration of an assessment. Furthermore, it is possible
to construct MC items such that they provide test users
with useful diagnostic information about student understanding (Gierl et al. 2017; Thissen et al. 1989). Gierl et al.
(2017) conducted a comprehensive literature review of the
use of MC item distractors in education, and concluded
that, when constructed with diagnostic purposes in mind
and analyzed appropriately, MC item distractors provide
useful diagnostic information.
In their review, Gierl et al. (2017) described two major
categories of distractor analysis techniques that
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researchers and practitioners can use to extract diagnostic information from MC items whose answer choices
are constructed to provide meaningful diagnostic information, such as alternative conceptions or developmental stages related to a particular concept. Gierl et al.
called the first type of distractor analysis traditional distractor analysis. Traditional distractor analysis techniques can be conducted using either classical test
theory (CTT) or item response theory (IRT) techniques.
In both CTT and IRT traditional distractor analyses, researchers and practitioners examine patterns of students’
responses at different total scores (CTT) or achievement
estimates (IRT) in order to identify the relationship between students’ understanding of the particular concept
included in the item, including students’ tendency to select particular incorrect answer choices, and students’
overall achievement. Such information can be useful for
informing theory related to students’ development related to a concept or set of concepts as well as for planning or revising instructional activities. Traditional
distractor analysis techniques also include analyses of
differential distractor functioning (DDF). DDF analyses
provide valuable information about the degree to which
individual distractors function in the same way for student subgroups given the same achievement level (Terzi
and Suh 2015; Penfield 2008). Along with differential
item functioning (DIF) analyses, DDF can be used for a
variety of purposes, including refining existing tests, developing new instruments, and providing validity evidence for the interpretation and use of test score
inferences.
Second, Gierl et al. described contemporary distractor
analysis as distractor analysis techniques that are based
on relatively more-recent psychometric developments,
with the goal of obtaining diagnostic information about
students’ understanding using their responses to MC
items. In particular, some researchers have integrated
cognitive diagnostic methods (CDM) with the construction and analysis of MC item distractors. In traditional
multiple-choice educational tests, the purpose of distractors is just to identify students with limited understanding or possible misconceptions of the concept
being tested. Among these techniques include the use
of two-tier items (Treagust 1995). Two-tier items include traditional MC items that are paired with followup, open-ended items that ask students to explain why
they selected their answer. Researchers have used the
two-tiered item approach to explore student misconceptions (Treagust 1995) as well as to develop new distractors for MC items (Hestenes et al. 1992). Another
example of a contemporary distractor analysis approach
is the use of ordered multiple-choice items (Briggs et
al. 2006). When test developers construct ordered MC
items, they use a learning model to develop distractors
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that reflect ordinal, increasing levels of understanding
of a particular concept. Then, responses to ordered MC
items can be analyzed using IRT models in which partial credit is assigned to distractors relative to their
proximity to the correct response, such as the ordered
partition model (OPM; Wilson 1992). The distinguishing feature of the OPM is that multiple answer choices
can share the same score. Similar to the OPM, Wang
(1998) proposed a distractor model that assigns different
levels of difficulty to each distractor and examines
model-data fit statistics associated with the distractors. As a
final example of contemporary distractor analysis techniques, Gierl et al. described de la Torre’s (2009) modified
version of the multiple-choice deterministic-input noisy
“and” gate model (DINA; Junker and Sijtsma 2001). Essentially, researchers use this analytic approach to model student responses to MC items in order to estimate a profile
of “attributes” for each student that represent the particular
knowledge, skills, or cognitive processes that the student
used to arrive at a particular answer choice.
Distractor analysis in engineering education

As the above review demonstrates, research related to
distractor analysis techniques is relatively common in research on educational measurement in general (Gierl et
al. 2017). Several researchers have also examined the use
of distractor analysis techniques in the context of engineering education. For example, two teams of engineering
education researchers proposed frameworks related to
the development and evaluation of curriculum and assessment that incorporate distractor analysis as a key
component.
First, Jorion et al. (2015) presented an analytic framework for evaluating concept inventories. Concept inventories are popular assessment formats in a variety of
domains, including Science, Technology, Engineering,
and Mathematics (STEM). These assessments incorporate common or developmentally meaningful misconceptions as a method for identifying and addressing these
misconceptions in instructional settings. In their framework, Jorion et al. present distractor analysis as a key
component of a body of evidence that researchers and
practitioners can collect to provide support for the interpretation and use of assessment instruments. These researchers provided empirical illustrations in which they
applied their analytic framework to three assessments in
the context of engineering. Within Jorion et al.’s framework, the major role of distractor analysis is to provide
insight into student misconceptions to inform curricula
and instruction. Importantly, these researchers note that
one cannot meaningfully interpret the results from distractor analyses unless there is sufficient evidence that
the assessment instrument is targeting the intended
domain. These researchers discussed distractor
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analysis techniques based on CTT that reflect the traditional distractor analysis approach, as defined by Gierl
et al. (2017). Similarly, Kong et al. (2014) proposed a
framework to guide the design of curriculum and assessment. Focusing on nanotechnology as a content area, these
researchers presented distractor analysis as a method
through which researchers and practitioners can evaluate
and improve assessment instruments made up of MC
items, as well as a tool for identifying areas for improvements to engineering curricula. Kong et al. illustrated their
framework using empirical data from a MC assessment of
nanotechnology concepts. Similar to Jorion et al. (2015),
these researchers discussed traditional distractor analysis
techniques based on CTT.
In addition to these frameworks, several researchers
have used distractor analyses in applied research as a
diagnostic method for improving instructional practices.
For example, Wage et al. (2005) applied traditional distractor analysis techniques based on CTT to assessments
in an undergraduate signals and systems course. These
researchers used distractor analysis to identify the most
common misconceptions, as well as misconceptions that
persisted between a pre-test and post-test. More recently, Peuker et al. (2013) applied traditional distractor
analysis techniques based on CTT to an assessment in
an undergraduate introductory engineering course. Their
study included a comparison of the benefits of constructed response (CR) and MC-format assessments for
informing instructional practices in engineering education. These researchers concluded that distractor analysis “can give insight to student misconceptions in the
same way that the traditional CR problems can provide
the instructor information about misunderstandings,”
and provide an efficient means through which to incorporate this information into instruction (p. 9). Along the
same lines, Sengupta et al. (2017) used traditional distractor analysis techniques based on CTT to examine a
concept inventory in an undergraduate environmental
engineering course. These researchers discussed the benefits of distractor analysis as a tool for improving the
quality of MC items, as well as a method for improving
instructional practices.
In this study, we use a traditional, Rasch-based application of distractor analysis to examine students’
conceptual understanding of the EDP. We also extend
previous research on distractor analysis in general by
illustrating a method for using Rasch-based distractor
analysis to explore differences in patterns of student
responses to MC items related to student subgroups.

Methods
In order to explore the research questions for this study,
we used data from middle-school students’ responses to
a MC EDP assessment that was administered as part of
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an experimental engineering curriculum project. After
we examined the quantitative data, we also examined
qualitative data from a later study of the same student
participants in order to more fully understand the quantitative results. The quantitative data were our primary
focus in the analysis, and the qualitative data served a
secondary, explanatory role. We collected and analyzed
the quantitative and qualitative data separately, and then
merged the qualitative results with our quantitative results. Thus, our study can be described as a convergent
explanatory design where the quantitative results were
primary (Creswell and Plano Clark 2011). We describe
the context for data collection, the instruments, and our
data analysis methods below.
Context for data collection

Our data were collected during the implementation of
an 18-week STEM-Innovation & Design (STEM-ID) engineering curriculum for middle school students.1 Curriculum developers iteratively designed the courses
based on feedback from teachers and observations of the
course in action (Alemdar et al. 2017a, 2017b). The
courses were designed around the framework of the engineering design process (EDP). Essentially, the EDP is a
conceptual model for the application of engineering
principles to practical design problems. Researchers and
practitioners have used a variety of EDP models as guiding frameworks for engineering education that vary in
terms of specific terms and sequences of activities (Carberry et al. 2010). Figure 1 includes the specific EDP that
was used in the curriculum context from which our data
were collected; we provide operational definitions for
each stage in our EDP model in Additional file 1. The
engineering curriculum was designed to utilize the EDP
within a problem-based learning context, combined with
an emphasis on science and mathematics practices, as
defined by the Next Generation Science Standards
(NGSS; NGSS Lead States 2013) and the Standards of
Mathematical Practice (Illustrative Mathematics 2014).
Instruments
Multiple choice engineering design process assessment

A team of engineering education experts and psychometricians developed a series of MC EDP assessments
for each grade level (6th, 7th, and 8th) that corresponded to the experimental curriculum. The assessments were developed iteratively using a mixedmethods approach (Alemdar et al. 2017a; Wind et al.
2017). Each of the EDP assessment items was aligned
with one or more stages of the EDP (see Fig. 1 and
Additional file 1). Furthermore, the items were developed such that the distractors reflected alternative
conceptions related to engineering in general or particular stages in the EDP that could be addressed with
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Fig. 1 Conceptual model for the engineering design process. This figure is the representation of the engineering design process included in the
curriculum used to instruct the students who participated in this study

additional instruction (for details about the development
and students’ interpretations of the distractors, please see
Alemdar et al. 2017a, 2017b and Wind et al. 2017). Results
from previous analyses suggested that the final versions of

the EDP assessments demonstrated acceptable psychometric properties, such that they could be used to evaluate student achievement following the implementation of the
experimental engineering curriculum (see Wind et al.

Wind et al. International Journal of STEM Education

(2019) 6:4

2017). We provide additional background information
about the EDP assessment used in this study, as well as the
context in which we collected data in Additional file 1.

Student interview protocol

After we collected student responses to the MC items,
we collected supplementary qualitative data to inform
our interpretation of the quantitative results. Specifically, we conducted semi-structured interviews with
students using an interview protocol. All of the interviewers used the same semi-structured interview protocol with follow-up questions to elicit rich data that
could be subjected to sequential qualitative analysis
(Miles et al. 2014). We designed the interview protocol
around several themes, including students’ understanding of the engineering design process, their perceptions
about the course, and the mathematics and science
connections. In this study, we focused on interview results related to students’ understanding of the EDP.
Specifically, during the relevant section of the interview, we asked students to describe the use of the EDP
while working on a design challenge. Some of the questions included the following: “Tell me about how you
used the Engineering Design Process in your STEM-ID
class. Were you ever confused about what you were
supposed to do for a certain stage in the engineering
design process?”

Participants

In the current analysis, we focused on the Fall 2016 administration of the EDP assessment for seventh grade
students, which included 20 items. A total of 128 students participated in this assessment who were enrolled
in four classrooms in separate schools (teacher 1: N = 39;
teacher 2: N = 25; teacher 3: N = 35; teacher 4: N = 29).
These sample sizes are within the recommended range
for Rasch analyses of low-stakes multiple-choice assessments for stable estimates of item or person calibrations
within ± 1 logit over replication (Linacre 1994; Wright
and Stone 1979). Using the interview protocol described
above, we collected qualitative data from thirty students
from four middle schools.

Data analysis
In order to explore the use of distractor analysis as a
method for understanding students’ conceptualizations
of the EDP, we used a combination of quantitative and
qualitative analytic tools. In light of the purpose of our
study, we focused primarily on the results from the
quantitative data analysis, and we used qualitative data
to inform our interpretations of the quantitative results.
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Quantitative data analysis

Our quantitative data analysis procedure consisted of
four main steps. First, we calculated measures of student
achievement and item difficulty using the dichotomous
Rasch model (Rasch 1960). Briefly, the Rasch model is a
statistical approach that can be used to examine student
responses to items in educational assessments in order
to obtain measures of student achievement and item difficulty. This approach is based on a transformation of
assessment item responses from an ordinal scale to a
log-odds (logit) scale, such that measures of student
achievement and item difficulty can be expressed on
a common linear scale with equal units.
We selected the Rasch model for our analysis for three
reasons. First, this model has been used in previous applications of distractor analysis techniques in STEM
education (Herrmann-Abell and DeBoer 2011, 2014;
Wind and Gale 2015). Second, the EDP assessment was
developed based on the Rasch model (Wind et al. 2017).
Finally, the Rasch model leads to a straightforward interpretation of student achievement and item difficulty that
facilitates the interpretation of results from the distractor analysis procedure. The model can be stated in
log-odds form as follows:
ln ½P ni ðx ¼ 1Þ=Pni ðx ¼ 0Þ ¼ θn −δ i

ð1Þ

where ln[Pni(x = 1)/Pni(x = 0)] is the log of the odds that a student n provides a correct response to item i, rather than an
incorrect response; θn is the location of student n on the
logit scale; and δi is the location of item i on the logit scale.
Student measures reflect student achievement levels, where
higher values indicate higher achievement, and lower values
indicate lower achievement. Likewise, item locations reflect
item difficulty. For items, higher locations suggest more difficult items, and lower locations suggest easier items. We
conducted the Rasch analysis using the Facets™ software
program (Linacre 2015).
In step two, we examined students’ responses to the
EDP assessment items using distractor analysis. We
deigned our distractor analysis procedure based on a
study by Wind and Gale (2015). Specifically, we started
by examining the frequency of students who selected
each of the four answer choices for all 20 EDP assessment items in order to verify that at least one student
selected each of the answer choices for all items. Evidence that students used all four of the answer choices
suggested that the distractors are useful for exploring
patterns in student understanding. We also examined
the average achievement level (θ estimates from Eq. 1)
among students who selected each answer choice. If the
item was functioning as expected, the correct answer
choice would be associated with the highest average
achievement level.
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for classrooms. Specifically, we specified a Many-Facet
Rasch (MFR) model (Linacre 1989) with a facet for
classrooms as follows:

ln½P nigðx¼1Þ =P nigðx¼0Þ  ¼ θn −δ i −ηg

Fig. 2 Example distractor analysis plot. This figure shows an example
of a distractor analysis plot for a multiple-choice item. The x-axis
displays estimates of student achievement. Student achievement
estimates are shown in logits, and these estimates were calculated using
the Rasch model. Low values indicate lower achievement, and
high values indicate higher achievement. The y-axis shows the
observed proportion of responses for a given answer choice. The
lines in the plot show the proportion of students who selected
each of the four answer choices (A, B, C, or D) at each level of
achievement. For this example item, the correct response is C
(pink line with triangle plotting symbols)

To interpret the distractor analysis results, we constructed graphical displays that illustrate the relationship between measures of student achievement and the
probability of selecting each of the four answer choices.
Figure 2 is an example of a distractor analysis plot calculated using student achievement estimates from the
Rasch model. The x-axis shows Rasch-model estimates
of student achievement. The lines in the plot show the
proportion of students (y-axis) who selected each answer choice, where different lines are used for each answer choice. The correct answer for the example item
is C. As might be expected, the proportion of students
selecting answer choice C increased across increasing
levels of student achievement. One can obtain additional information about students’ answer choices by
examining the proportion of students who selected the
three incorrect answer choices in relation to student
achievement. Specifically, beginning with the lowestachieving students (farthest left on the x-axis), students
with the lowest overall achievement levels were mostoften attracted to answer choice B, followed by answer
choice A. Moving to the right, students with slightly
higher achievement levels were most often attracted to
answer choice A. Answer choice A remained the most
popular distractor for all other achievement levels.
In step three, we identified items on the EDP assessment on which students in the four classrooms had significantly different performance using an extension of
the Rasch model that included an additional variable

ð2Þ

where θn and δi are defined as in Eq. 1, and ηg is defined as the average achievement level of students
within classroom g. We estimated this model using
Facets (Linacre 2015).
Using Eq. 2, we examined differences in student
achievement across classrooms related to individual
items. Specifically, we used the Facets computer program to calculate the difficulty of each EDP assessment
item separately for each classroom. Then, we used pairwise analyses (t tests) to determine whether the difficulty
of individual items were significantly different across the
classrooms. This test is appropriate for comparing item
estimates between classrooms because the item estimates are calculated on an interval-level scale.
Finally, in step four, we constructed distractor plots
separately for the classrooms between which we observed significant differences in item difficulty. After
constructing the graphical distractor analysis plots, we
used substantive theory related to the EDP, information
from the curricular context, and results from the qualitative analyses (described below) to interpret the patterns revealed by the distractor plots.
Qualitative data analysis

We used the NVIVO™ software program to code and
analyze the student interviews according to a sequential
qualitative analysis process (Miles et al. 2014). We completed qualitative coding in two phases. In the first phase, a
single coder categorized student responses according to the
major topic areas included in the interview protocol. In the
next phase, a group of four coders applied a provisional list
of sub-codes to a cross-sectional sample of interview transcripts. These sub-codes included process codes aligned to
individual phases of the EDP (e.g., problem identification,
prototyping, and testing solutions) and magnitude codes indicating positive and negative examples.
Mixed-methods analysis

After we collected and analyzed the quantitative and
qualitative data, we merged the results from the qualitative analysis with the results from our quantitative analyses. Specifically, we used the qualitative interview data
to inform our interpretation of step two (distractor analysis for EDP items based on the complete sample) and
step four (distractor analysis across teachers) of our
quantitative analyses.
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Results
Step one: overall calibration of the EDP assessment

Before we conducted our analyses, we checked the
Rasch model assumptions of unidimensionality (i.e.,
student responses to the assessment items are primarily
due to only one latent variable), and local independence
(i.e., after controlling for the latent variable of interest,
there are no systematic relationships or dependencies
among students’ responses to the items). We checked
the unidimensionality assumption using a principal
components analysis of the residuals, or differences between the observed responses and the responses that
would be expected based on the Rasch estimates (Linacre 1998). This analysis allowed us to check for any
meaningful patterns in residuals that suggest that more
than one latent variable significantly contributed to student responses. We checked the local independence
assumption by calculating correlations between the residuals associated with each item.
In the combined sample (all of the classrooms), the
Rasch measures explained 22.23% of the variance in responses; this value is evidence of acceptable adherence
to the assumption of unidimensionality for Rasch analyses, because it is higher than the generally accepted
critical value of 20% for analyzing potentially multidimensional instruments (Reckase 1979). Furthermore, we
examined the inter-item correlations of model residuals
within the combined sample; these values were less than
0.30. We also observed adherence to the Rasch assumptions within the individual school sites. Specifically, the
Rasch measures explained > 20% of the variance in
Table 1 Summary statistics from the dichotomous Rasch model
Statistic

Student (N = 128)

Item (N = 20)

M

0.11

0.00

SD

0.92

0.63

M

0.52

0.20

SD

0.07

0.01

M

1.00

1.00

SD

0.14

0.14

M

1.01

1.01

SD

0.22

0.21

Reliability of separation

0.68

0.90

Chi-Square

332.7*

181.7*

Degrees of freedom

127

19

Location (logits)
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students’ responses for each of the classrooms. Furthermore, the inter-item correlations of model residuals
were less than 0.30 for all of the classrooms. Because all
of our sub-samples approximated the Rasch model assumptions, we proceeded with our analyses.
Table 1 summarizes the results from the first step of
the data analysis procedure. The average estimated
student measure was θ = 0.11 (SD = 0.92), which is
near the average estimated item difficulty location
(mean δ = 0.00; SD = 0.63). This result suggests that
the assessment was targeted well to the group of seventh grade students. The relatively low standard errors
(SE) for student estimates (M = 0.52, SD = 0.07) and
item estimates (M = 0.20, SD = 0.01) provide additional
evidence of precision for the Rasch estimates. The
average student SE is larger than the average item SE
because there are more observations of each item (128
students responded to each item) compared to the observations of each student (each student is observed
using 20 items). Nonetheless, these SEs are within the
ranges that other researchers have reported for
low-stakes MC tests in a variety of educational domains (Bond and Fox 2015).
Furthermore, average values of model-data fit statistics are within the range of values that previous researchers have established as expected when there is
acceptable fit to the Rasch model (MSE fit statistics
around 1.00; Smith 2004; Wu and Adams 2013). For
items, the Rasch reliability of separation statistic indicated significant differences in difficulty across the individual items (Rel = 0.90); however, the reliability of
separation statistic for students was notably lower
(Rel = 0.60), suggesting that there were several groups
of students who had similar levels of achievement.
Taken together, the practical implication of these results is that the distractor analyses can be meaningfully interpreted in terms of students’ understanding
of the EDP.

Standard error

Infit MSE

Outfit MSE

Separation statistics

*p < 0.05

Step two: distractor analysis for EDP items based on the
complete sample

For all 20 items, the correct response was associated
with the highest average achievement level. These results
suggest that the answer choices for the MC EDP items
were functioning as intended. Accordingly, we examined
students’ responses to the EDP items using distractor
analysis plots. We illustrate the results from this step
using four example items: item 12, item 14, item 17, and
item 19. We selected these example items for two main
reasons. First, they represent different stages of the EDP.
Second, these items provide clear examples of the types
of patterns of student answer choices that we observed
over all 20 items.
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Item 12

Item 12 was developed to assess students’ understanding
of the Identify the Problem stage of the EDP, as well as
their general understanding of the EDP as a process. To
answer this item, students had to consider a scenario in
which they were asked to design a new oven for a company that makes ovens for restaurants and bakeries, and
identify the first step in this process according to the
EDP. We present the text and distractor analysis plot for
item 12 in Fig. 3. Examination of the plot reveals several
interesting aspects of student understanding related to
the first stage of the EDP. First of all, the proportion of
students who selected the correct response (D) increased
across increasing levels of student achievement—suggesting that the highest-achieving students had the
expected understanding of this stage of the EDP. Next, it
is interesting to note that the second-most prominent
answer choice was distractor B, followed by distractor C.
This pattern suggests that students who did not select
the correct answer appeared to skip ahead in the EDP to
the Ideate stage, as reflected in answer choice B, or the
Prototype & Test stage, as reflected in answer choice C.
Item 14

Item 14 was developed to assess students’ understanding of
the Evaluate and the Communicate your Solution stages of
the EDP. This item asked students to identify relevant design details to communicate to the manager of an oven
company (see Fig. 4). As expected, the proportion of students who selected the correct response (D) increased
across increasing achievement levels; likewise, students
were less attracted to each of the distractors as achievement
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levels increased. Among those students who selected incorrect responses, students selected distractor A most often,
followed by distractor B. Inspection of the three most
popular answer choices (D (correct response), A, and B) indicates that students recognized that a company manager
may not be interested in results from early stages of the
EDP, as reflected in distractor C, but had some difficulty
determining which of the other details would be most
relevant for the specified customer. The results from our
qualitative analyses of student interviews reflected similar
findings. For example, one student described the Communicate your Solution stage as follows: “Communicating
your solution, like thinking of what to say, specific things
you have to think and to tell other people to get your
product. That’s really hard, too.” In general, student responses to the interview questions suggested that students
have a general grasp of what is needed to communicate
with a client, but that this step is difficult.

Item 17

Item 17 was intended to evaluate students’ understanding of the Understand stage of the EDP. This
item asked students to determine an appropriate next
step after learning that customers do not prefer the
visual characteristics of an oven design (see Fig. 5). As
expected, the proportion of students who selected the correct response (B) increased across increasing achievement
levels, suggesting that high achieving students had the expected understanding of this stage of the EDP. Across the
range of achievement levels, students who provided incorrect responses to this item selected distractor C most

Fig. 3 Distractor analysis plot for item 12: full sample. The plot shows patterns of student answer choices for item 12 within the entire sample.
The x-axis displays estimates of student achievement. Student achievement estimates are shown in logits, and these estimates were calculated
using the Rasch model. Low values indicate lower achievement, and high values indicate higher achievement. The y-axis shows the observed
proportion of responses for a given answer choice. The lines in the plot show the proportion of students who selected each of the four answer
choices (A, B, C, or D) at each level of achievement. For this item, the correct response is D (black line with asterisk plotting symbols)
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Fig. 4 Distractor analysis plot for item 14: full sample. The plot shows patterns of student answer choices for item 14 within the entire sample.
The x-axis displays estimates of student achievement. Student achievement estimates are shown in logits, and these estimates were calculated
using the Rasch model. Low values indicate lower achievement, and high values indicate higher achievement. The y-axis shows the observed
proportion of responses for a given answer choice. The lines in the plot show the proportion of students who selected each of the four answer
choices (A, B, C, or D) at each level of achievement. For this item, the correct response is D (black line with asterisk plotting symbols)

often. Examination of the other distractors indicates that
most of the students recognized that the appropriate next
step according to the EDP involved revising the design of
the oven, as reflected in distractor C. Students who selected distractor C focused on the performance of the oven
rather than the visual characteristics of the design.
Item 19

Item 19 was intended to assess students’ understanding of
the Evaluate stage of the EDP. This item asked students

to identify an activity that reflects the Evaluate stage of
the EDP with regard to the design of a recycling bin for a
school cafeteria (see Fig. 6). The correct answer for this
item is C. Compared to the previous example items,
students’ responses to item 19 were more evenly distributed among all four answer choices. Although the highestachieving students selected the correct response most
often, the lowest-achieving students (θ < 0) were equally
attracted to the three distractors. Students with middlerange achievement (0 ≤ θ ≤ 1) selected distractor B most

Fig. 5 Distractor analysis plot for item 17: full sample. The plot shows patterns of student answer choices for item 5 within the entire sample. The
x-axis displays estimates of student achievement. Student achievement estimates are shown in logits, and these estimates were calculated using
the Rasch model. Low values indicate lower achievement, and high values indicate higher achievement. The y-axis shows the observed proportion of
responses for a given answer choice. The lines in the plot show the proportion of students who selected each of the four answer choices (A, B, C, or
D) at each level of achievement. For this item, the correct response is B (turquoise line with square plotting symbols)
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Fig. 6 Distractor analysis plot for item 19: full sample. The plot shows patterns of student answer choices for item 16 within the entire sample.
The x-axis displays estimates of student achievement. Student achievement estimates are shown in logits, and these estimates were calculated
using the Rasch model. Low values indicate lower achievement, and high values indicate higher achievement. The y-axis shows the observed
proportion of responses for a given answer choice. The lines in the plot show the proportion of students who selected each of the four answer
choices (A, B, C, or D) at each level of achievement. For this item, the correct response is C (pink line with triangle plotting symbols)

often. Interestingly, the activity described in distractor B involves aspects of the correct response, in that the engineer
considers the requirements for the recycling bin—indicating
that students who selected this answer choice may have had
some emerging understanding of the Evaluate stage of the
EDP. Student responses during the interviews often indicated an understanding of the purpose of the Evaluate stage,
which is to choose a design based on how likely it is to meet
the requirements. For example, when asked how a wing design was selected from among the potential airplane designs,
one student responded: “We decided based on how we
would meet your requirements and what would be the
best possible choice for it.” However, some students did
not understand this purpose. For example, in the following quotation, a student explains that the wing design choice was based upon personal preference.
Interviewer: “How did you decide which one you were
going to try?”
Student: “Because I’ve always had a favorite plane. You
know the planes that they got the low wings and those
little standup things on the end? That’s my favorite plane.
I don’t know what it’s called but it’s my favorite plane. I
always do that one. That’s how I chose my plane.”

students who did not fully understand the purpose of the
Evaluate stage of the EDP demonstrated some confusion
with regard to the purpose of this stage, which may have
led them to select incorrect answer choices.
Step three: items with different difficulty levels across
classrooms

The third step in our data analysis procedure was to identify differences in item difficulty across the four classrooms
of students who participated in the administration of the
EDP assessment using the MFR model (Eq. 2; Linacre
1989). We observed seven items for which there were statistically significant differences in difficulty between at least
two classrooms (p < 0.05): items 1, 2, 3, 7, 9, 16, and 19.
Step four: distractor analysis across teachers

For each the items that we identified in step three, we
constructed distractor analysis plots separately using the
data from students in each of the four teachers’ classrooms. We created these teacher-level plots for items for
which we observed statistically significant differences in
item difficulty. We illustrate our procedure for exploring
students’ responses separately by teacher using three example items: item 7, item 9, and item 19.
Item 7

Together, our qualitative analyses of student interview
responses corroborate our quantitative results. That is, the

Item 7 was intended to assess students’ understanding
of the Prototyping & Testing stage of the EDP. This
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item asked students to identify the stage of the EDP
during which engineers create detailed technical drawings for a new design. For this item, we observed statistically significant differences in achievement between
students who were instructed by teacher 1 and teacher
2. Accordingly, we constructed distractor analysis plots
separately for these two subgroups of students (see
Fig. 7). For all of teacher 1’s students, the correct response (C) was the most popular answer choice, and no
students selected answer choice D. Because distractors A
and B reflect earlier stages in the EDP than the correct answer choice (Prototype & Testing), these results suggest that
the students in teacher 1’s classroom understood that creating technical drawings is an activity that occurs before the
final stages of the EDP. Students’ answer choices were more
varied in teacher 2’s classroom. In this classroom, students with the lowest achievement level were most
often attracted to answer choices B and A. Similar to
teacher 1’s students, none of teacher 2’s selected answer choice D. However, it is interesting to note that,
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for teacher 2’s students, the correct response was only
the most popular answer choice among students with
achievement levels around θ = 1. Students with the
highest achievement levels (θ ≥ 1) selected answer
choice A most often. Results from our qualitative analyses suggested that students’ confusion between the
Prototyping & Testing stage and other stages is often
due to the students’ desire to quickly move through
the stages in order to create a prototype, as illustrated
by the following quotations from a student interview:
Interviewer: “Have there ever been times when
you’ve skipped any of these stages or noticed other
students skipping any of the stages?”
Student: “Someone skipped Ideate in my last class.
Theirs just completely failed. Their catapult
completely failed. Last year we had to make a
game for a carnival, it had to do with a catapult
and shooting it. It hit none of the points.”

Fig. 7 Distractor analysis plot for item 7: teacher 1 and teacher 2. The plots in this figure show patterns of student answer choices for item 7 in
teacher 1’s classroom (top plot) and in teacher 2’s classroom (bottom plot). In both plots, the x-axis displays estimates of student achievement.
Student achievement estimates are shown in logits, and these estimates were calculated using the Rasch model. Low values indicate
lower achievement, and high values indicate higher achievement. The y-axes shows the observed proportion of responses for a given
answer choice. The lines in each plot show the proportion of students who selected each of the four answer choices (A, B, C, or D) at
each level of achievement. For this item, the correct response is C (pink line with triangle plotting symbols)
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Interviewer: “That’s interesting. In your class, how do
you know that they skipped that stage?”
Student: “Because after they thought of the idea,
they just skipped right into making the prototype.”
In this interview excerpt, the student described a situation where their classmates skipped a stage of the
EDP—thus corroborating the results from our distractor
analysis, which indicated confusion about the sequence
of activities in the EDP.
Item 9

Item 9 was intended to assess students’ understanding of
the Understand stage of the EDP. This item is based on a
scenario where students are asked to consider a set of
design requirements for a dog container to be used in airplanes. To answer the item, students were asked to consider a new customer request and determine what the
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new request represents with regard to the EDP. For this
item, we observed statistically significant differences in
achievement between students who were instructed by
teacher 1 and teacher 2, as well as between the students
who were instructed by teacher 1 and teacher 4. Accordingly, we constructed distractor analysis plots separately
for the students who were instructed by teacher 1, teacher
2, and teacher 4 (see Fig. 8). Among teacher 1’s students,
it is interesting to note that the correct response was the
most popular answer choice for the lowest-achieving students, as well as among high-achieving students. However,
for students with mid-range achievement (θ around 0),
distractor C was most popular. Furthermore, an equal
proportion of the highest-achieving students in this classroom selected the correct response (B) as well as distractor A. On the other hand, students in classroom 2
were only attracted to one distractor (C). Finally, among
teacher 4’s students, the correct response was the most
popular for students with all achievement levels. However,

Fig. 8 Distractor analysis plot for item 9: teacher 1, teacher 2, and teacher 4. The plots in this figure show patterns of student answer choices for
item 9 in teacher 1’s classroom (top plot), teacher 2’s classroom (middle plot), and teacher 4’s classroom (bottom plot). In each plot, the x-axis
displays estimates of student achievement. Student achievement estimates are shown in logits, and these estimates were calculated using the
Rasch model. Low values indicate lower achievement, and high values indicate higher achievement. The y-axes shows the observed proportion
of responses for a given answer choice. The lines in each plot show the proportion of students who selected each of the four answer
choices (A, B, C, or D) at each level of achievement. For this item, the correct response is B (turquoise line with square plotting symbols)
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for the lowest-achieving students who did not answer item
9 correctly, distractor A was most attractive. Based on the
quantitative results, this item was effective at identifying
students who had a sophisticated understanding of the
role of requirements in engineering design, specifically
with regard to adding a requirement (Understand). In the
qualitative data, we identified several students who appeared to combine this stage with activities typically included in the Ideate stage:
Interviewer: What sort of things did you do to
understand the problem?
Student: We looked up some websites that were going
to help us in the cell phone holder, and we designed
some sketches on paper to what we liked.
In this example, the student demonstrated some confusion with regard to the unique characteristics of the
Understand stage of the EDP.
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Item 19

Our final example of teacher-level distractor analysis is
item 19. As we noted above, item 19 was intended to assess students’ understanding of the Evaluate stage of the
EDP, and the item asks students to identify an activity
that is part of this stage. For this item, we observed statistically significant differences in achievement between
students who were instructed by teacher 2 and teacher
3; accordingly, Fig. 9 includes distractor analysis plots
for these subgroups of students. Among teacher 2’s
students, students with the lowest achievement levels (θ
< − 1) were most often attracted to distractors B and A.
According to the EDP used in the experimental curriculum, the activities included in these stages precede
Evaluate. Accordingly, these students’ responses indicate
that they were able to eliminate activities associated with
the final stages of the EDP, as reflected in answer choice
D. Among teacher 3’s students who did not provide a
correct response to item 19, students with the lowest
achievement levels (θ ≤ − 1) were attracted to answer

Fig. 9 Distractor analysis plot for item 19: teacher 2 and teacher 3. The plots in this figure show patterns of student answer choices for item 19 in
teacher 2’s classroom (top plot) and in teacher 3’s classroom (bottom plot). In both plots, the x-axis displays estimates of student achievement.
Student achievement estimates are shown in logits, and these estimates were calculated using the Rasch model. Low values indicate lower achievement,
and high values indicate higher achievement. The y-axes shows the observed proportion of responses for a given answer choice. The lines in
each plot show the proportion of students who selected each of the four answer choices (A, B, C, or D) at each level of achievement. For this
item, the correct response is C (pink line with triangle plotting symbols)
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choice B most often. Although the proportion of students selecting the correct response decreased slightly in
some intervals across increasing achievement levels, it
was the most popular answer choice for students with
mid-range and high achievement levels.

Conclusions
In this study, we used distractor analysis to explore students’ understanding of the EDP in the context of an experimental engineering curriculum for middle school
students. Specifically, we examined the alignment between
students’ overall proficiency levels on a multiple-choice
EDP assessment and the probability that they selected certain answer choices. Because the assessment items were
developed such that the answer choices reflected alternative conceptions related to engineering in general or particular stages in the EDP that could be addressed with
additional instruction, patterns of students’ responses over
different levels of achievement provided insight into the
relationship between students’ overall achievement and
their conceptualizations of the EDP. We also considered
differences in patterns of students’ responses between subgroups of students. In particular, for items on which we
observed differences in student performance, we used distractor analysis techniques to explore further the differences in students’ conceptualizations of the EDP that may
have contributed to different overall performance between
subgroups.
Overall, our results suggested that distractor analysis
provides insight into students’ conceptualizations of the
EDP across different levels of achievement. Our observation that students with different achievement levels
selected different incorrect answer choices suggests that
students with different levels of overall achievement may
have different conceptualizations of the EDP stages. By
examining patterns of student responses to individual
items, we were able to identify particular stages of the
EDP that relatively lower-achieving students struggled to
understand in general, and stages of the EDP that students
may have been inclined to skip or use out of order.
During our analysis of semi-structured qualitative interviews with students related to the EDP interviews,
students expressed many of the same findings that we
observed using distractor analysis—that is, that there
were certain stages of the EDP that relatively lowerachieving students struggled to understand, and stages
of the EDP that students may have been inclined to
skip or use out of order. For example, in our distractor
analysis of item 14, which asked students to identify
relevant details to communicate to a company manager,
we observed that students had some difficulty determining the specific details that would be most relevant
for the specified customer. Results from student interviews reflected a similar finding. Specifically, students’
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responses to the interview questions suggested that students have a general grasp of what is needed to communicate with a client, but that this step is difficult.
Further, in our distractor analysis of item 19, which
asked students to identify an activity that reflects the
Evaluate stage of the EDP, we found that students had
some difficulty in distinguishing the unique characteristics of this stage from other stages in the EDP. Student
responses during the interviews often indicated an understanding of the purpose of the Evaluate stage, which
is to choose a design based on how likely it is to meet
the requirements. However, some students demonstrated confusion with regard to the activities that correspond to this stage.
Our distractor analysis results also revealed stages of the
EDP that students were inclined to skip over when considering a design challenge. In particular, our analyses of item
7 and item 12 revealed that students who did not select
the correct answer choice experienced confusion related
to the appropriate sequence of EDP stages. Students
expressed similar difficulties during our interviews. For example, several students expressed confusion between the
Prototype and Test stage and other stages in the EDP. Furthermore, student responses suggested that their confusion
between EDP stages is often due to their desire to quickly
move through the stages in order to create a prototype—
similar to our distractor analysis results for item 7 and
item 12.
The results from our comparison of patterns of student answer choices across teachers were also interesting. Although all of the teachers who participated in
our study received the same professional development
with regard to the experimental curriculum and all of
the students participated in the same curriculum, we
observed different patterns of answer choices on the
items for which there were significant differences in
student achievement. In other words, students who selected incorrect responses appeared to do so for different
reasons across classrooms. These results provide a starting
point for additional research on differences in student
achievement related to the EDP, and how achievement differences correspond to various misconceptions.
Implications for engineering education

Several scholars have explored the role of the EDP as a
key component of student proficiency in engineering (e.g.,
Kelly 2014; Wendell and Kolodner 2014), particularly
within the context of problem-based and/or project-based
instruction (Marra, Jonassen, Palmer, & Luft, 2014; e.g.,
Kolmos and De Graff 2014). Accordingly, our results suggest that distractor analysis is a valuable tool that can provide researchers and practitioners with insight into the
development of students’ understanding of the EDP that
can inform curriculum development and instructional
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practices. As we noted earlier, although several researchers have applied distractor analysis techniques to
science education (Herrmann-Abell and DeBoer 2011,
2014; Wind and Gale 2015), researchers have not yet
used distractor analysis to explore students’ responses
to MC items in the context of engineering education.
Accordingly, our study provides initial insight into the
use of distractor analysis as a method for exploring students’ conceptualizations of engineering concepts. When
contrasted with other forms of engineering assessment
that are intended to help researchers and practitioners
understand students’ conceptualizations of the EDP, such
as engineering notebooks, distractor analysis of MC items
is a promising alternative. In particular, when used with
purposefully constructed MC items, distractor analysis
techniques can provide researchers and practitioners with
a potentially less time-consuming method by which to
gain insight into students’ understanding of engineering
concepts. This approach is particularly promising when
other approaches to assessing student understanding of
the EDP are not practical. The approach that we demonstrated in our study can provide insight into student conceptualizations of EDP stages beyond the typical “correct/
incorrect” scoring procedures for MC assessments.
Our findings are particularly meaningful in light of recent emphases on engineering design as a key component of student proficiency in the integrated Science,
Technology, Engineering, and Mathematics (STEM) disciplines (e.g., Borgford-Parnell et al. 2010; Cardella et al.
2008; Kelly 2014; Kolmos and De Graff 2014). Furthermore, current STEM curricula in the USA emphasize
student proficiency in engineering as a key component
of college and career readiness (Auyang 2004; Carr et al.
2012). Despite the importance placed on engineering
education in policy and practice, there has been relatively limited attention in research on the development
of psychometrically sound engineering assessment techniques. In this study, we illustrated a method that researchers and practitioners can use to explore the results
from MC engineering assessments from a diagnostic
perspective. In practice, researchers and practitioners
can apply the techniques that we illustrated here to
other MC assessments of engineering concepts. As we
observed in this study, such analyses can provide insight
into student conceptualizations of engineering concepts.
Furthermore, researchers and practitioners can use the
distractor analysis techniques that we illustrated in this
study as a diagnostic tool to evaluate the performance of
distractors in MC items in order to improve assessment
practices in engineering education. For example, distractor
analysis techniques can help researchers and practitioners
identify individual distractors in MC items that are not
providing useful diagnostic information, or that might be
eliciting confusion from otherwise high-achieving
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students. For example, evidence that none or very few of a
sample of students selected a particular distractor may
suggest that the answer choice is not helpful for distinguishing among students with different levels of understanding for a particular concept. Furthermore, evidence
that otherwise high-achieving students are most attracted
to a distractor rather than the correct answer choice may
suggest a need to revise the distractor so that it does not
introduce unnecessary confusion. Likewise, as we observed in our analysis of item 9, evidence that the lowestachieving students are most attracted to the correct answer, while students with higher levels of achievement select distractors may suggest confusion related to particular
distractors that may encourage guessing from low-achieving students.
Finally, our results suggest that researchers and practitioners can use distractor analysis techniques as a diagnostic tool for exploring differences among subgroups of
students in terms of their conceptualization of the EDP.
In this study, we used distractor analysis techniques to investigate differences in patterns of students’ responses
within different classrooms for items on which we observed differences in student performance. This approach
allowed us to understand the degree to which differences
in students’ conceptualizations of the EDP within these
subgroups may have contributed to differences in their
performance on the MC items. In practice, researchers
and practitioners can use distractor analysis techniques to
explore how achievement differences between other subgroups of students, such as demographic subgroups, may
be related to different patterns of alternate conceptions
that are reflected in MC item distractors.
Implications for research on distractor analysis

Our study also has implications for research on distractor analysis in general. Although several researchers
have used distractor analysis techniques to explore differences over time (Wind and Gale 2015) and between
grade levels (Herrmann-Abell and DeBoer 2011), researchers have not fully considered the use of distractor
analysis as a supplementary tool to explore differences
in student performance at the item level related to student subgroups. In this study, we illustrated a procedure for combining evidence of differential performance
between student subgroups on individual items with
distractor analysis in order to uncover potential contributing factors to achievement differences. This
approach provides insight into differences in student
performance across subgroups in terms of specific answer choices that reflect different aspects of students’
understanding and application of a particular concept,
such as stages of the EDP. Researchers can use the results of such analyses to inform instructional decisions
in order to focus on specific concepts without the use
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assessment

Limitations and directions for future research

Our study has several limitations that researchers and
practitioners should consider before generalizing the results to other contexts. First, we conducted our analyses
using data from seventh grade students who participated
in an experimental middle grades engineering curriculum
project in the USA. Likewise, we used data from one MC
engineering assessment instrument. Our student sample
and assessment instrument may not reflect the characteristics of other student populations and MC engineering
assessments. Accordingly, we encourage researchers and
practitioners to consider the alignment between the student sample and instrument that we used in this study
and other populations of students and assessment instruments before generalizing our results. In future studies,
researchers could explore the use of distractor analysis in
other engineering education contexts in order to provide
additional insight into the generalizability of our findings.
In particular, we encourage researchers to explore the
generalizability of our findings to larger samples of students than the sample that we included in this analysis.
Along the same lines, we encourage researchers to conduct additional mixed-methods studies in which they
explore student the alignment between student conceptualizations of the EDP and their specific answer choices to
MC items. Specifically, researchers might use a sequential
exploratory mixed-methods design in which they begin
with a distractor analysis, and design qualitative data collection to purposefully target students who selected particular answer choices. Such analyses would provide
additional insight into the interpretation of distractor analysis as a method for exploring student understanding of
the EDP.
Second, it is important to note that we focused on one
type of distractor analysis. Other types of distractor analysis, including methods based on cognitive diagnostic
models or other distractor analysis models, may provide
different information about students’ response patterns.
In future studies, researchers should apply distractor
analysis techniques besides the methods that we used in
this study to MC engineering assessments.
It is also important to note that the degree to which
one can gain insight into students’ conceptualizations
of the EDP using distractor analysis is somewhat limited compared to other approaches, such as qualitative
analyses of engineering design notebooks and interviews with students. Nonetheless, our findings suggest
that distractor analysis provides valuable initial insight
into student conceptualizations of the EDP that can
serve as a starting place from which to inform additional investigations. In future studies, we encourage
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researchers to consider other forms of mixed-methods
designs in which they combine distractor analysis
techniques with qualitative methods in order to more
fully understand students’ conceptualizations of the
EDP.
Finally, it is important to note that we used distractor
analysis techniques to explore students’ understanding
of the EDP. We did not directly explore how teachers
could use the results from such analyses to inform their
approach and pedagogy, or the effectiveness of distractor
analysis results for this purpose. In future studies, researchers could explore the implications of using distractor analysis results to inform teaching practices.
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