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Analysis of Contextual Computer-aided Design Exercises

Abstract

Computer-aided Design (CAD) technologies are an essential part of modern design endeavors. In
today’s industry, engineers use CAD models throughout their work. This makes CAD education
crucial. However current CAD education has typically focused on narrow skills related to
particular CAD software. The skills necessary to adapt new CAD software and effectively utilize
the existing models in modified designs are not the primary emphasis in CAD education. In this
paper, the most recent findings of a three-year NSF supported iterative project are discussed. The
project goals are to examine the role of adaptive expertise in CAD modeling and investigate the
impact of a learner-centered contextual exercise on students’ modeling behavior and other
educational outcomes.

This paper builds on previously reported work. Findings that combine: participating students’
responses to an Adaptive Expertise Survey (AES), coded interviews with students and practicing
engineers, and the participants’ demographic information are reported. Research activity
participants include students from Texas A&M University (TAMU) and Prairie View A&M
University (PVAMU). At each campus, a control group and an experimental group were formed
to complete modeling exercises. Students in the experimental group completed a contextual
exercise and created CAD models based on some objects that the students were familiar with and
frequently used in their daily lives. Students in the control group were asked to model an object
that was similar to a textbook exercise. A summary of the data collected and the statistical
relationships among the study variables are presented. The study’s context and implications for
CAD education are discussed.

Introduction

In many industries, computer-aided design (CAD) tools are pervasively used throughout the
development process '. Therefore, today’s engineering students will go into such a professional
field where CAD tools are ubiquitous and available in multiple platforms 2. This makes it
essential for engineers to be able to adapt to new challenges and new platforms to generate
innovative solutions. To achieve this goal, effective use of CAD tools that create diverse
experiences in engineering education is required. However, most CAD instruction is focused on
declarative knowledge that is related to the specific steps required to perform certain tasks in
particular CAD platforms **. This is in contradiction with the strategic knowledge associated
with the CAD expertise °. This strategic knowledge requires the organization of CAD models
and the communication of design intent * > °. In addition, this strategic knowledge should enable
students to perform effectively in new CAD software and platforms; it should involve an
expertise that is adaptive. Lang ef al. > note the transferability of CAD expertise based on
procedural knowledge. Hence, in CAD training it is important to understand how CAD tools can
be integrated properly to improve students’ adaptive expertise (AE) skills. AE is the term that
defines capabilities of both being innovative and adaptive to new challenges while also holding
the content knowledge associated with expertise .
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Expertise

People who have developed an expertise in a field are efficient problem-solvers and
appropriately apply their understanding ®. Experts differ from the novices not simply because of
their general abilities, but because of the ways they acquire the knowledge in the field, and the
way they organize, represent, and interpret this knowledge ®. In a study that analyzed novices’
and experts’ problem solving processes’, it was found that the experts were better at processing
information and they spent more time on data gathering and problem solving '°. Experts take
more complex actions in solving problems within a design related setting and they are more
likely to use non-concrete solutions and analogies than novices ''. In addition, experts produce
more cognitive actions and are better able to organize their knowledge 2. To date, little work has
been done examining expertise related to CAD modeling procedures. Two early studies noted the
transferability (or adaptive nature) of procedural knowledge > '°. In another study '*, expert
modelers are evaluated to determine if there is a “common modeling procedure.” Other work '
revealed that expert instruction can lead the students to adopt a significant number of expert
modeling strategies.

Traditional assessments on students’ competency and expertise focus on specific tasks and
problems rather than evaluating students’ metacognitive skills or their epistemological positions
regarding the subject matter they are learning. However, metacognition and epistemic positions
are some characteristics that are critical for effective use of modern CAD programs'™ ' that
should be taken into consideration. Engineering education in the 21 century should be less
instructor focused ', and be more focused on students’ cognition and epistemic positions in light
of more learner-entered pedagogies. In addition, students should be encouraged to develop self-
regulation and metacognitive skills, and more self-learning and monitoring '®. In
acknowledgement of the essence of these learning outcomes, it is noteworthy to mention that
there are two kinds of expertise and not all experts are equal by means of their adaptive abilities.
Hatano and Inagaki ' defined these two kinds of experts: routine experts and adaptive experts.

Routine versus Adaptive Expertise

In one’s daily life, the same procedure can be carried out again and again to accomplish a task; if
this procedure is performed many times, a person can become quite skilled at completing that
procedure. However, that skill is useful and effective if the context and the discourse are kept
unchanged; i.e., the same set of materials and the devices are available. Thus people may become
routine experts in performing the procedure, but not necessarily adaptive ones. Routine experts
perform outstandingly in terms of the speed, accuracy, and automaticity of the performance, yet
they may lack flexibility and adaptability to the new problems when they are presented in a new
context and a discourse. Nevertheless, people do not hesitate to call them experts, since their
procedural skills are highly effective for solving everyday problems in a stable environment '°.

When novices become adaptive experts, they not only implement procedural skills efficiently but
also understand the implication of the skills and the nature of their object '°. Adaptive experts are
able to innovate and are efficient in their domain, while routine experts are only efficient. To be
an adaptive expert, the ability to innovate and be efficient should be developed together.
Learning experiences should promote these two dimensions to grow and develop
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simultaneously™. Adaptive experts tend to be more open to inquiry, to use their metacognitive

and self-regulation skills, and to hold more advanced personal epistemologies. These

characteristics make the adaptive experts flexible, innovative, and creative particularly in novel
o 2

situations .

Adaptive experts often hold more sophisticated personal epistemology, which is defined as one’s
beliefs on, and attitudes towards the nature of the knowledge in the field and its generation.
Adaptive experts believe that the knowledge in their field is dynamic in nature and it is subject to
change as needed. They view the domain knowledge as not static or fixed, yet dynamic and
subject to change. These characteristics of adaptive experts allow them to be more flexible to
adapt the novel situations and to inquire or generate new knowledge immediately. Identifying the
AE characteristics and assessing the adaptive nature of their CAD expertise will greatly inform
and enhance the quality of CAD education.

Study purpose

This work will reevaluate the first step in a project to examine the adaptive nature of CAD
expertise and its role on modeling behavior. An AE instrument developed by Fisher and
Peterson® is assessed and used to capture students’ AE at two universities as well as that of
several practicing engineers. In addition, this study attempts to understand the students’ AE
characteristics while using a CAD tool through examining a contextualized activity. The effect of
the contextualized activity on students’ AE characteristics is investigated. This study attempts to
explore the relations between students’ demographics, AE characteristics, and their CAD
modeling attributes. The ultimate goal is to enhance the students’ learning experiences to help
them develop AE in CAD.

Methods
Participants and data collection

To date, the Adaptive Expertise Survey (AES) has been administered to 200 students at Texas
A&M University (TAMU) and Prairie View A&M University (PVAMU) campuses and 14
engineers practicing in industry. The AES included demographic questions and 42 AE items
assessed on a 6-point Likert-scale **. Three parallel forms were designed for the two campuses
and for the industry participants. A sample student form including demographic questions and
the AE survey items is in the Appendix-A. The Likert-scale questions remained the same across
the forms, but the demographic questions were stated differently according to the participants’
characteristics.

Over the last two semesters, students who enrolled in the CAD courses in the two campuses
participated in the project activities. Experimental groups completed the contextualized activity
and the control groups completed traditional CAD activities. Students in the experimental group
were asked to bring a familiar object to model in CAD tools while the students in the control
group were asked to model an unfamiliar three dimensional object which was available in their
textbook as a two dimensional drawing. Students were given an hour to model the objects in the
CAD software. The computer screens students used were recorded using the screen capturing
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software Camtasia. Each student in both groups were interviewed before and after their modeling
exercises. Each interview lasted around 8-12 minutes (total pre and post). The interview
protocols are presented in the Appendix-B.

Two of the authors were the course instructors. One of our researchers who was not the course
instructor attended the class meetings at the two campuses to invite the students to participate in
the study, explained the study purpose, and administered the IRB approved human consent forms
prior to collecting data. Students were informed that their responses were confidential and they
would not be shared with their course instructors until their final course grades were submitted.
Students who agreed to participate signed the consent forms and then completed the AES. Later
in the semester, the modeling exercises were implemented in each class. During the modeling
exercises, a designated member of the research team interviewed the students and recorded the
conversations. The course instructor did not interview the students. Students were given one hour
to work on their modeling exercise. Industry participants were invited to the study via email and
personal contacts. They were asked to review the e-copy of the IRB approved consent form and
provided their consent by signing the form if they agreed to participate. The industry participant
consent forms and the completed surveys were collected by one of our researchers via email. The
demographic questionnaire and the AES data were organized in a database.

The recorded interviews were transcribed verbatim. One of the researchers analyzed the
transcriptions using the constant comparative method ****. This researcher read the
transcriptions several times and employed open and axial coding followed by selective coding.
The incidents students described were coded and categorized. The codes illustrated the AE
characteristics of the students as proposed by Fisher and Peterson **. The responses associated
with each code were tabulated and these results were entered in the database to facilitate the
statistical analyses.

The database included all the data collected from the AES with the engineers and the students as
well as the pre and post interviews with the students. SPSS was used to analyze the data. In
Table 1, the number of participants and the activities they completed are summarized. All
participants including the students and engineers completed the AES.

Table 1. Number of participants and the activities they completed

Students Engineers
TAMU PVAMU Total Total
(Fall 2011, (Fall 2011, Students
spring and fall spring and fall

2012) 2012)
AES completed 97 103 200 14 214
Contextualized 10 7 9
Exercise
Traditional 10 7
Exercise

4
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Findings
1. Reevaluating the survey

In an earlier work, the authors discussed the reliability and validity of the AES *°. The authors
reported the results of confirmatory factor analysis (CFA) and exploratory factor analysis (EFA).
In the present study the authors repeat the analyses with the new data collected.

In the CFA, the analyses examined if the original survey dimensions (multiple perspectives,
goals and beliefs, metacognition, and epistemology) Fisher and Petersen®” proposed would be
extracted with this study’s data. The number of factors was set as four (that represents the
number of survey dimensions). The pattern matrix indicating the “factor structure coefficients” is
presented in Table 2. Higher positive structure coefficients mean the item is well defined by that
factor which also defines the correlation between the items and the factors *°.

Table 2. The pattern coefficient matrix of the CFA with four factors

Items Factors
1 11 11T 1A%
QD) 410 -.150 -.079 -016
(Q2) 682 .019 -.096 -.250
(Q3) -.301 -.064 141 509
(Q4) 207 .110 325 -.323
(Q5) -251 -.030 645 .108
(Q6) 564 254 -.163 -.054
(Q7) 344 -.087 =216 576
(Q8) .189 138 279 -.019
(Q9) .693 -.122 -.091 .031
(Q10) 244 221 .035 260
(Q11) 492 -.291 -.220 305
(Q12) 304 483 -.060 -.128
(Q13) .103 -332 426 .037
(Q14) 331 136 .195 .147
(Q15) -.066 672 .029 174
(Q16) -.256 .009 375 125
(Q17) 118 411 .079 -.071
(Q18) .179 545 .097 -.131
(Q19) .056 612 -.010 119
(Q20) .085 127 555 -.064
(Q21) 346 -.263 253 .091
(Q22) .081 .166 -015 469
(Q23) -.193 237 292 370
(Q24) 553 141 -.094 .035
(Q25) 216 -.006 227 239
5
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(Q26) 503 191 -.191 .030

(Q27) -.210 289 .104 444
(Q28) 456 147 -.059 -.228
(Q29) 506 124 -.106 -.168
(Q30) 510 267 .013 -.057
(Q31) -.070 -.133 -.165 -.247
(Q32) .306 363 .059 228
(Q33) -.036 S41 -.020 -.024
(Q34) 249 -.406 459 -.108
(Q3%5) -.151 206 376 -211
(Q36) 322 -.370 449 -.005
(Q37) -.229 067 563 -.118
(Q38) -.124 -.009 -.021 673
(Q39) -.078 -.058 540 .055
(Q40) 232 215 354 .035
(Q41) -.127 -.093 -.076 15
(Q42) -.270 192 738 -.037

Table 3 lists the items Fisher and Peterson grouped under each sub-dimension and the items that
are grouped in our CFA with the most recent data collected. For the item verbiage, please refer to
the Appendix-A. Not all items matched perfectly but some are grouped under the same factors.
Bolded items are the matching items (e.g., items 5,13, 34, 36, and 39 in multiple perspectives
match with the CFA results and the originally reported results by Fisher and Peterson). One
reason for the miss-matching items is because the characteristics of the participants Fisher and
Peterson used were different from this study’s participants. The original surveys sub-dimensions
(multiple perspectives, goals and beliefs, metacognition, and epistemology) and their number (4)
are kept in order not to substantially change the rationale behind the survey construction.
However it was decided not to include the items that did not group into a meaningful sub-
dimension.

Table 3. Items grouped by Fisher and Peterson (2001) versus the CFA for the current study with
the most recent data.

Multiple perspectives Metacognitive self- Goals and beliefs Epistemology
assessment

5,13,34,36,39,1, 2,6,10,14,26,30,18, 3,7,23,27,38,41,24, 12,33,4,8, 16, 20,

9,17, 21, 25, 29. 22, 40. 11, 15,19, 31, 32, 35. 28,37, 42.

5,13, 34,36, 39, 16, 2,6,10,14,26,30,1,9, 3,7,23,27,38,41,22, 12,33,15,17,18,

20, 35,37,40,42,4, 11,24,28,29,21. 25. 19, 32.

8.

(Factor II) (Factor I) (Factor 1V) (Factor III)

Bolded items grouped similarly.

A new CFA was run through structural equation modeling (SEM) in AMOS software to
determine if the selected items thoroughly represent the four dimensions proposed by Fisher and
Petersen **. Figure 1 is the hypothesized CFA model built in AMOS.
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Figure 1. CFA in AMOS software

The hypothesized model appears to be a good fit to the data. The goodness of fit index (GFI) is
found 0.905. GFI values over 0.9 indicate an acceptable fit *’. For the CFA model, the normed
fit index (NFI) value is 0.724 and the comparative fit index (CFI) value is 0.879. If NFI were
equal to “1” or CFI were equal to “1,” the model would be a perfect fit. Because the values are
close to 1, it can reasonably be claimed that the model is a good fit. The Root Mean Square Error
of Approximation (RMSEA) value is found to be 0.05, which also indicates a good fit. After
confirming the selected items’ strength to define the four dimensions, the authors have decided
to use the selected items in computing the students’ AE characteristics assessed by the AES.
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2- Relations between the participants’ characteristics and their AE scores

In this section, only the significant differences observed in the statistical analysis will be
reported. Both correlations and parametric tests are run to explore the relations between the AES
scores, participants’ characteristics, and students’ interview findings. A total of 214 participants
completed the AES (200 students and 14 engineers). A total of 34 students completed the pre and
post interviews. For the analyses, 29 students’ responses that did not include any missing data
are used.

Students’ scores (n=29) from the “metacognition” dimension of the AES were correlated with
their post interview meta-cognitive characteristics as captured by the interviews (#(27)=.367,
p<.05).

In the AES, the participants scores (n=214) for the “metacognition” and “multiple perspectives”
sub-dimensions (#(212)=.176, p<.05), and “metacognition” and “epistemology” sub-dimensions
(7(212)=.264, p<.05) were significantly correlated with one another. AES scores for the “goals
and beliefs” and “multiple perspectives” sub-dimensions (n=214) were also significantly
correlated (r(212)=.244, p<.05).

ANOVA tests for the demographic characteristics and the coded interview data found that the
seniors (N=13, M=6.69, SD=1.97) conveyed more AE related characteristics than the
sophomores (N=4, M=3.25, SD=1.26, F(3, 25)=4.85, p=.009). The same pattern was evident in
the pre interview that the sophomores (N=4, M=2.00, SD=.00) conveyed less AE characteristics
than the seniors (N=13, M=4.46, SD=1.13, F(3, 25)=4.36, p=.013). In the post-interviews, the
sophomores’ (N=4, M=.50, SD=.58) conveyed more AE related epistemologies than the seniors
(N=13, M=.00, SD=.00, F(3, 25)=3.74, p=.024).

When comparing the students’ scores across the two campuses (Nramu=17, Npyamu=12) for the
coded interview data, it is found that the students at TAMU conveyed more AE related
characteristics than the students at PVAMU (M1amu=6.53, SDtamu=1.91, Mpyamu=4.50,
SDpyamu=1.68, F(1, 27)=8.77, p=.006). For the pre-interview data, the TAMU students
conveyed more AE characteristics for the “goals and beliefs” dimension than the PVAMU
students (MTAMU:-82, SDTAMU:.SS, MPVAMU:-17, SDPVAMU:-39) F(l, 27): 580,]?: 023) While
the goals and beliefs were the only statistically different dimension mentioned in the pre-
interviews for the two campuses, more than one sub-dimension difference in the post-interviews
was observed. Students in TAMU (Ntamu=17) reported more overall AE characteristics than the
students in PVAMU (Npyamu=12) during the post-interviews (Mramu=2.35, SD1amu=1.06,
Mpyamu=1.00, SDpyamu=.95, F(1, 27)=12.47, p=.002). For the multiple perspectives AE
characteristics mentioned in the post-interviews, a statistically significant difference between the
students in two campuses was found (Mramu=.76, SDtamu=.75, Mpyamu=.33, SDpyvamu=49)
F(1,27)=3.01, p=.094). The metacognitive AE characteristics communicated by the students in
the post-interviews were also significantly different for the two groups of students
(MTAMU:1-47, SDTAMU:-72, MPVAMU:-42, SDPVAMU:.SI, F(l, 27): 1892,p: 00)
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Discussion and Conclusion

In this study, it was first evaluated if the AES items meaningfully assessed the participants’ AE
characteristics as they were reported by Fisher and Petersen” . The CFA results indicated that
there are items matching with the originally reported factors. Those matching items were then
used to compute the participants’ AE scores. Correlations and f-tests were then used to find
significant results among demographic data, AE scores, and coded interview responses.

It was expected that the students’ reported AE characteristics in the interviews would match with
their AES sub-dimension scores. Only the students’ “metacognitive” characteristics extracted
from the post interviews matched with the students’ “metacognitive” sub-dimension scores in the
AES. Metacognition is the ability to self assess or to monitor self-understanding. When a
person’s metacognition is activated, he or she questions his or her own understanding and easily
recognizes areas where the knowledge is incomplete®. As these findings indicate, it can be
concluded that student participants in this study assessed their knowledge more effectively and
have recognized where their knowledge is incomplete after they complete their modeling
exercise as reported in the post-interviews.

F-tests (ANOVA) were used to see if the groups were different from each other in terms of the
AES scores, the interview findings, and students’ demographic characteristics (e.g., school, rank,
sex, etc). Senior students conveyed more AE characteristics than the sophomores in the coded
interview data, this was especially true in the pre-interview data. As expected, when the students
were more experienced with the modeling practice, their metacognitive adaptive expertise
characteristics were enhanced. The same conclusion is also evident when the two campuses are
compared. At TAMU, most students were seniors while at PVAMU, the students were mostly
freshmen and sophomores. For all the observed statistically significant differences, students in
TAMU reported higher AE scores than the students in PVAMU. These results shed light on
research conducted to enhance CAD curriculum. These findings show that metacognitive skills
are a good indicator of developing adaptive expertise and the educators should consider
promoting metacognitive skills in CAD education.

Although significant results are presented, the number of students (N=34) who conducted the
contextualized modeling activity was relatively low for the quantitative analyses. Future work
will consist of collecting more data from the students and engineers. As the participant pool
increases in number, more precise and clear results should be generated by these analyses.
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Appendix-A

Adaptive Expertise Related to Computer Aided Design (CAD)
Student Survey Form

(Some demographic questions were different in the engineering survey and in the student survey
administered at one of the two campuses).
Thank you for participating in this study.

This survey includes two sections. Section I asks for your demographic information. Section II includes some
opinion and attitude questions towards the characteristics of adaptive expertise. Section II items are to explore
your personal views and experiences. Your responses to this survey will remain confidential and will not be
shared with anyone other than the researchers.

Section I: Demographic Questionnaire
Please answer the below questions by checking the appropriate boxes or filling in the necessary field:

Name — Last Name (write in)

Sex (check) Male Female

Age (write in)

Rank/ level in college (check) Freshman Sophomore Junior Senior

Major (write in)

A N A W N =

Have you had a professional work
experience related to engineering
(e.g., internship, co-op, etc.)?

7  Have you had any technical
employment and research
experience related to engineering
(e.g., machines shops, labs,
project tasks, etc.)

Yes No

Yes No

Please go to next page for survey questions

12
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Section II: Adaptive Expertise Questionnaire (Fisher and Peterson, 2001)

In this section, please read each item carefully and indicate your position by circling one of the

numbers in the 6 point scale as 1 (strongly disagree), 2 (disagree), 3 (slightly disagree), 4 %‘8 §

(slightly agree), 5 (agree), and 6 (strongly agree). Note that number 6 on the right designates g &

the highest agreement and number 1 on the left designates the lowest agreement with the item. % é
1
1. I create several models of an engineering problem to see which one I like best. 1
2. As I learn, I question my understanding of the new information. 1
3. I feel uncomfortable when I cannot solve difficult problems. 1
4. Knowledge that exists today may be replaced with a new understanding tomorrow 1
5. Usually there is one correct method in which to represent a problem. 1
6. I often try to monitor my understanding of the problem. 1
7. I am afraid to try tasks that I do not think I will do well. 1
8. Most knowledge that exists in the world today will not change. 1
9. When I consider a problem, I like to see how many different ways I can look at it. 1
10.  As a student, I cannot evaluate my own understanding of new material. 1
11.  Although I hate to admit it, [ would rather do well in a class than learn a lot. 1
12. Scientists are always revising their view of the world around them. 1
13. T tend to focus on a particular model in which to solve a problem. 1
14. T rarely monitor my own understanding while learning something new. 1
15.  One can increase their level of expertise in any area if they are willing to try. 1
16.  Facts that are taught to me in class must be true. 1
17. T am open to changing my mind when confronted with an alternative viewpoint. 1
18.  When I know the material, I can recognize areas where my understanding is 1

incomplete

19.  Expertise can be developed through hard work. 1
20.  Existing knowledge in the world seldom changes. 1
21.  Trarely consider other ideas after I have found the best answer. 1
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22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

3s.

36.

37.

38.

39.

40.

41.

42.

I have difficulty in determining how well I understand a topic.

To become an expert in engineering, you must have an innate talent for
engineering.

Challenge stimulates me.

I find additional ideas burdensome after I have found a way to solve the problem.
I monitor my performance on a task.

Experts in engineering are born with a natural talent for their field.

Scientific theory slowly develops as ideas are analyzed and debated.

For a new situation, I consider a variety of approaches until one emerges superior.

As I work, I ask myself how I am doing and seek out appropriate feedback.
Experts are born, not made.

Even if frustrated when working on a difficult problem, I can push on.
Scientific knowledge is developed by a community of researchers.

I solve all related problems in the same manner.

Poorly completing a project is not a sign of a lack of intelligence.

When I solve a new problem, I always try to use the same approach.
Scientific knowledge is discovered by individuals.

When I struggle, I wonder if I have the intelligence to succeed in engineering.
There is one best way to approach a problem.

I seldom evaluate my performance on a task.

I feel uncomfortable when unsure if I am doing a problem the right way.

Progress in science is due mainly to the work of sole individuals.

Thank you for your time

Please return the form to the researchers.
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Appendix-B
Interview Protocols

Pre-interview Questions

1. What are the things you consider first when you are asked to model an object? Why?
What are the challenges you often encounter in the modeling process?
a. How do you plan to overcome these challenges?
b. Which strategies do you anticipate using?
3. Are you familiar with the object you are going to model today?
4. How important it is to know about the object you are going to model?
. If you are familiar with the object you are modeling or if you use it often in your
daily life, would it be easier for you to model it? Why, why not?

Post-interview Questions

1. The things you considered before you began modeling the object, were they helpful to
you in the process? How and why?

2. What challenges did you encounter during the modeling process?

3. How did you overcome the challenges you faced during the modeling process?

4. Was knowing the object or being familiar with it, helpful to you in your modeling
process? How and why?

5. How confident are you in your model?

Note: All questions are open ended, some emergent questions may be asked
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