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Abstract

Advancements in information technology and computational intelligence have transformed the
manufacturing landscape, allowing firms to produce highly complex and customized product in a
relatively short amount of time. However, our research shows that the lack of a skilled workforce
remains a challenge in the manufacturing industry. To that end, providing research experience to
undergraduates has been widely reported as a very effective approach to attract students to industry
or graduate education in engineering and other STEM-based majors. This paper presents
assessment results of two cohorts of Cybermanufacturing REU at a major university. Students
were recruited from across the United States majoring in multiple engineering fields, such as
industrial engineering, mechanical engineering, chemical engineering, mechatronics,
manufacturing, and computer science. Several of the participants were rising sophomores or
juniors who did not have any industry internship or prior research experience. In total 20 students
(ten per year) participated in the program and worked on individual project topics under the
guidance of faculty and graduate student mentors. Unlike a typical REU program, the
Cybermanufacturing REU involved a few unique activities, such as a 48-hour intense design and
prototype build experience (also known as Aggies Invent), industry seminars, and industry visits.

Overall, the REU students demonstrated significant gains in all of the twelve research-related
competencies that were assessed as a part of formative and summative evaluation process. While
almost all of them wanted to pursue a career in advanced manufacturing, including
Cybermanufacturing, the majority of the participants preferred industry over graduate school. The
paper provides an in-depth discussion on the findings of the REU program evaluation and its
impact on undergraduate students with respect to their future plans and career choice. The analysis
is also done by gender, ethnicity, academic level (sophomore, junior, senior), and type of home
institution (e.g., large research universities, rural and small schools) to explore if there was any
significant difference in mean research competency scores based on these attributes.

1. Introduction

Today’s manufacturing operations are more complex and globally scalable compared to those in
the last century (Lee et al., 2016). This complexity in manufacturing operations is due to a shift in
manufacturing from craftsmanship model in the 19" century to, mass production in the 20™
century, and now to fully automated factory model in the 21% century. The automation and
increasing customization in manufacturing in the last decade have necessitated a change in
manufacturing systems in order to adapt to new challenges without disrupting the supply chains
(Srinivasa and Bukkapatnam, 2014). Due to advancements in the web-based cyber physical
systems, it is now possible for factories to use cyber workspace to achieve efficient and effective
operations that are complex and globally scalable (Wang, 2014). This application of cyber physical
systems to conventional industries can be defined as Cybermanufacturing (Lee et al., 2015; Wang
and Wang, 2018; Song and Moon, 2017).

Cybermanufacturing is a system which utilizes data from individual units of interconnected
systems to predict and prescribe operations to achieve a robust performance. Cybermanufacturing



addresses the following transformations in manufacturing: 1) from machine based to evidence-
based decision making 2) from solving visible problems to avoiding invisible problems; and 3)
from control-oriented machine learning to data rich deep learning (Lee et al., 2016). All of these
transformations help the factories to produce highly customized products with short product life
cycles without straining their operational efficiency and scalability. In other words, this new
paradigm transforms manufacturing into a “cloud-based service” (Srinivasa and Bukkapatnam,
2014).

In order to sustain the new development in manufacturing processes and technologies, it is
critically important that there is skilled workforce to support the industry. Prior research has
pointed to a talent gap in manufacturing industry (Javdekar et al., 2016). To that end, multiple
initiatives are taking place on different levels. For example, at the industry level, many initiatives
are being taken by the companies to bridge this gap, such as upskilling the current workforce
through continuing education (Nepal et al., 2019), or partnering with an academic institution in
developing appropriate program or curriculum (Nepal et al., 2016; Seemakula et al., 2010). At the
university level, besides offering academic degree programs in manufacturing or similar STEM
programs, many institutions of higher learning also provide research experiences for
undergraduates (REU) to build a stronger and more diverse pipeline for future researchers and
industrial workforce (Bonne et al., 2018; Jiang et al., 2019). Lastly, at the government level,
investment in programs such as REU, research experience for teachers (RET) and advanced
technological program (ATE) funded by the National Science Foundation are intended to narrow
this gap in workforce. There are additional agencies such as the U.S. Department of Labor, the
Department of Education, and the Department of Energy also have workforce development
components in their grant programs.

This paper presents a case study of a NSF-funded Cybermanufacturing REU program at Texas
A&M University in College Station, Texas. The objective of the paper is to evaluate impact of the
REU program on multiple student outcomes with respect to their research competencies such as
understanding a research process, data gathering, analyzing, and presentation of results. The
analysis is also broken down by gender, ethnicity, student type (junior, senior, etc.), and type of
their primary institutions (major research school vs. teaching school). The cybermanufacturing
REU programs recruits students both from in-state and out of state of Texas. In addition to most
commonly held10-week long research program under the guidance of a faculty mentor, the
cybermanufacturing REU also engages students in high impact learning and entrepreneurial
experience such as “Aggies Invent” program (Aggies Invent, 2020) offered by the College of
Engineering at Texas A&M University.

The remainder of the paper is organized as follows. In section 2, it provides a brief background on
the Texas A&M REU Site in cybermanufacturing. Section 3 discusses recruiting process used to
select the REU participants including a summary of the most recent two cohorts. In section 4, it
discusses the sample student projects. In section 5, the paper provides a summary of findings
related to impact of REU program on student research outcomes. Lastly, section 6 concludes the
paper by summarizing the key findings.

2. Program Background
The goal of NSF-funded REU program in Cybermanufacturing at Texas A&M University is to
instill interest in advanced manufacturing research and careers among undergraduate students. The
program recruits 10 students each year and provides them with an opportunity to work on an
advanced manufacturing research project under the guidance of a faculty and a graduate student



mentor. The following are the main objectives of this program: a) improve research skills of the
students in STEM fields in general, and in the fields of advanced manufacturing in particular; b)
enhance student’s interest in advanced manufacturing as it relates to graduate education or industry
career; ¢) provide guidance to students on their graduate school selections and applications; and d)
provide the participants with engineering innovation and entrepreneurship activities such as
designing, prototyping, and communicating ideas to stakeholders . This program duration is 10-
week long which spans from the last week of May through the first week of August. Like any other
REU program funded by the NSF, this is also a paid internship program in which students are
provided with a stipend of $500 per week including a free residence during the period. In addition
to faculty-led research projects, the REU participants participate in safety training, research
seminars, industry seminar, Aggies Invent, industry visit, GRE workshops, and graduate school
admission application process workshop. Lastly, at the end of the program, students are required
to present their research at a summer research symposium organized by the Texas A&M
University’s college of engineering which also includes several other undergraduate researchers
than just the REU participants.

3. Student Recruiting

The goal of the cybermanufacturing REU program was to recruit the majority of students outside
of Texas A&M University including those from out of state of Texas. The program was advertised
through multiple professional societies listservs including IISE, ASME, and ASEE. The interested
students could submit their applications online through the REU program website
(https://cybermanufacturing.tamu.edu/) and also through the NSFREU.org website. In order to
broadening the participation, the PI team also reached out to a select number minority serving
institutions to advertise the program.

In both cases of the last two recruiting cycles (2018 & 2019), over 100 applications were received
including many from both in and out-of-state institutions. As targeted by the program, the
applications received covered a very diverse background with respect to ethnicity, gender,
location, academic standing, university of study including a good number of minority-serving
institutions. Figure 1 illustrates the classification of the applicants by research interest, ethnicity,
gender and location.
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Figure 1: Summary of 2018 & 2019 Cohorts

As shown in Figure 1, more than half of the applicants were from outside the State of Texas.
Although not shown in Figure 1, in overall, we received applications from 39 states. Similarly,
over one third of the applicants were from minority population groups, mainly Hispanic and
African American. It may be noted that the data in the first quadrant of Fig. 1 does not include the
applicants through NSF website since that question was not included in that application form.

3.1 Students selection process

Student selection process involved a holistic review of their application package. First, students
were shortlisted based on the minimum requirements as outlined in the project document, which
included: 1) a major in STEM field; 2) cumulative GPA of 3.0 or more on a 4.0 scale; 3) U.S.
citizenship or permanent residency; and 4) at least one semester remaining after the summer
program. The PI team then reviewed the shortlisted applicants with respect to few additional
factors such as diversity, location, academic standing, prior research experience, programming
knowledge, knowledge of engineering principles through their coursework and personal essays.
After the review process was completed, the PI team shortlisted 10 students who were then
contacted individually to confirm their interest and availability. Upon receiving the availability
and time commitment information from the applicants, ten students were offered the position. The
program advertisement process began in late fall and the final selection of the participants was
completed by early April. Unfortunately, some decisions had to be made in late April or early May
because of late cancellation by the students who could not join the program due to family and other
circumstances.

3.2 Summary statistics of the 2018 and 2019 participants

Figure 2 depicts the REU participants summary (both 2018 and 2019 cohorts combined) broken
down by research interest, ethnicity, gender and location. The goal of the program was to recruit
at least 50% women and minority students, and over 80% from outside of Texas A&M, with one
third from outside of Texas. Figure 2 shows that the program was able to succeed in its diversity
goal. Although in the initial shortlist there were over 40% of students out of state of Texas, because



of the last-minute drop-out, the out-of-state goal could not be realized in both 2018 and 2019. At
the end, with respect to location, there were only 30% participants who came from outside of Texas
and 50% outside of Texas A&M University.

On the other hand, in overall the participants represented eight universities and one community
college apart from Texas A&M. Of these eight universities, six of them were from non-Texas
schools. Figure 3 presents the participants percentage by university and colleges.
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Figure 2: Summary of participants in 208 and 2019 summer programs
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Figure 3: REU Participants broken by their primary institution.

4. REU Student Projects

As mentioned earlier, all REU participants were assigned to a faculty mentor with diverse research
background to guide them in their projects. Assignment of faculty mentors to students was done
by the PI team considering student’s strength/interest and mentor’s research area. The assignment
of research project topic and scope was determined by the respective faculty mentors based on the
mutual understanding between the student and his/her mentor. As shown in Figure 4, the research
topics covered three broad areas of cybermanufacturing including design & process planning,
prognostic & process control, and enterprise wide integration and coordination of manufacturing
systems.
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Figure 4: Student distribution in the Cybermanufacturing project areas



Additionally, following paragraphs provide a brief description of sample projects that REU
students worked on:

1. Creating ultra-strong 3D printed parts with multifunctionality using carbon nanotubes (2019)
This project was focused on improving the overall strength of the 3D printed parts using Fused
Filament Fusion method. The student worked on adding carbon nanotubes and cellular nano
crystals to ABS polymers to create multifunctional filaments for printed parts. These parts
had improved overall strength along with improved stiffness, electrical, and thermal
conductivity.

2. Security issues and challenges in Cybermanufacturing (2019)
This project dealt with the cybersecurity issues and challenges at each stage of manufacturing
and creating a risk mitigation framework for these issues. The student completed literature
review of various articles related to manufacturing and developed a comprehensive list of
security threats. The student also identified best practices in various industries and developed
a risk mitigation framework.

3. Vat photo polymerization 3D printing (2018)
This project dealt with the nanoscale reinforcement materials in stereo lithography resins to
improve the hardness, tensile strength, impact strength, elongation and electrical conductivity
of the printed products. The student produced the 3D printed product with reinforcements of
nanocomposites and analyzed the quality improvement of the product. The product was tested
and analyzed for performance with respect to mechanical properties, electrical properties and
biomedical properties.

4. Adding defects to lightweight elastomers to increase toughness (2019)
This project was about adding defects to silicon-based elastomers to increase its resistance to
fracture. The student conducted various experiments on defect size and density to improve
the toughness of the elastomer. Overall, the toughness of elastomer was increased by this
process.

5. Self-calibration algorithm for training a displacement sensor based on artificial neural
network model (2019)
This project was focused on alleviating the tedious task of calibrating displacement sensors
in the laboratory. The student trained an artificial neural network model to collect data from
the sensor. The student also developed a regression model to predict the millivolt values which
are used to calibrate the sensor without manual intervention.

6. Piezoelectric sensors for high frequency force sensing (2019)
This project was about the frequency constraints on conventional sensors used in CNC
machines to measure the forces between tool and material. The student demonstrated the use
of piezoelectric sensors for accurate measurement of forces at higher frequency compared to
conventional sensors.

7. Synthesis and characterization of magnetic fluids for localized polishing of free form surfaces
(2019)
This project was about using magnetic fluids for surface polishing because they can take form
of any shape and fit through small areas. The student worked on resynthesizing the magnetic



fluids 1.e. synthesizing the fluids at various concentrations and identifying the ideal mixture.
Student has also performed characterization tests like viscosity test, downforce test to verify
the fluid mixture.

8. Synthesis of branched zinc phosphide nanowires for mass production (2019)
This project aimed at enhancing the water purifying and photo voltaic properties of zinc
phosphide nanowires by increasing the surface area through branching. The student developed
a method to form branches at 90 degrees in zinc phosphide nanowires. This method seeds the
nanowires with tin nano particles using drop casting, then the nanowires are placed in CVD
chamber to react with zinc and phosphorous to form branches.

9. Optimal magnetorheological fluid for localized polishing of freedom surfaces (2018)
This project studied magnetorheological fluid that changes properties in the presence of
magnetic field. This property is used for polishing of difficult to reach surfaces in the
aerospace and biomedical industry. The student optimized the fluid mixture used for polishing
to create optimal amount of fluid flow and desired stiffness of the fluid on the polishing
surface.

10. Dynamics modeling and control of a lab scale simulator for autonomous downhole robotic
(2019)
This project focused on automation of state of art directional drilling process in oil and gas
industry to allow precision drilling. The student developed a robotic system with advanced
closed loop control interface capable of autonomous downhole drilling.

5. Evaluation of REU program: Pre Vs Post REU experience

This REU site has been involving an external project evaluator to assess the project objectives and
outcomes. A pre-REU and a post-REU survey was developed and utilized to gather the data. The
survey questions were designed to assess the competency of students with respect to twelve student
research outcomes that included the following: formulate research plan, conduct background
research, perform data validation, define scientific arguments, apply theory, prepare and present
research poster, formulate hypothesis, develop research questions, analyze experimental results,
understand publication process, understand cybermanufacturing projects, and understand project
outside research area. The research outcomes related questions were developed on a 1-5 Likert
scale where 5 being the best. In addition, there were some open-ended questions related to program
logistics, student feedback on other enrichment activities such as Aggies Invent, industry seminar,
plant visit, etcetera. The data was conducted from 2018 and 2019 cohorts, that is, a total of 20
participants. According to the survey conducted by an external project evaluator, students had a
very positive experience with the REU program in both years. Students found the program
activities like plant visit and industry seminars to be very helpful in understanding the application
of textbook knowledge in the real world context. Students also acknowledged the mentorship of
the faculty to be very helpful in their research work especially in areas like lab work, technical
writing and publications. They found the REU program to be very helpful in learning advanced
skills like 3D printing, programming and cyber security. In overall, as shown in Figure 5, there
was a net positive gain in average student research competencies scores in post REU survey
compared those in pre-REU survey.
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Figure 5: Average competency score before and after the REU experience

Further, this paper also investigated additional research questions to understand if the gain in
research competencies varied by the different student populations groups. To that end, the average
pre and post survey scored were compared for the different student groups based on gender, ethnic
diversity (URM and Non-URM), type of home institution (research university vs. teaching
university where they may not have had enough exposure to research activities). In our survey, the
gain in student competency were observed across the board as shown in Figures A.1-A.8 in the
appendix. However, it may be noted that the level of increase in research competency did vary
between the groups. For example, in the increase in competency were observed higher in Non-
URM group compared that in URM group. Similar observations were made in students from large
Doctoral level universities compared to that in those who came from the Master level universities.
On the other hand, interestingly, we found that the gains in in competency scores were higher in
sophomore than those in juniors and seniors. One explanation could be juniors and seniors would
have had internship or some prior research experience coming in therefore the magnitude of
increase was not as high compared to the same for the sophomore who usually would not have had
any such prior experiences.

5.1 Impact of REU program on student’s interest in graduate education

In the survey, students were also asked their future plans upon completion of current undergraduate
degree. Figure 6 shows percentage of students who were planning to pursue a graduate degree in
Cybermanufacturing or other related STEM fields before and after the REU program. From the
graph, it can be observed that there was gain in preparedness of students to pursue a graduate
education following the REU programs. It may be noted that not all students were planning to start
graduate school right after the graduation from their B.S. degrees.
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Figure 6: Percentage of students prepared for a degree in Cybermanufacturing and STEM

5.2 Impact of REU program on student’s career choice

Majority of students at least in 2018 cohort expressed their interest in joining industry career upon
completion of their current B.S. degrees in engineering. As shown in Figure 7, the REU seems to
have a net positive effect in their career choice in industry whether it is directly in
cybermanufacturing or any other related STEM fields. Overall, the survey showed that 90% of
the students felt that they were prepared to pursue a career in STEM field as a result of the REU
program.
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Figure 7: Percentage of students prepared for an industry career in cybermanufacturing

6. Conclusions
Manufacturing industry has evolved from craftmanship and mass production models in the past
centuries to current highly customized and advanced additive and bio-manufacturing technologies
in the 21% century. This transformation is demanding an integration of hardware and software at
all levels of the manufacturing operations. Growing applications of advanced technologies like
cloud computing, 3D printing, machine learning, and big data are making this transformation
feasible at a faster pace than ever before. Even though advanced technologies are enabling this
transformation, the employment data from the government shows that the US manufacturing in



general is facing a shortage of skilled workforce. Furthermore, prior researchers have also reported
that Americans and European youths have negative perception about manufacturing jobs as being
dirty and low paid among. To that end, there is a sustained effort from the US government to
narrow this gap by making investments in such programs as research experience for
undergraduates, research experience for teachers, and advanced technological education programs.

This paper presented the impact of one such NSF-funded REU program on student’s career and
graduate school decisions related to Cybermanufacturing. The REU program recruited 20 students,
10 each in 2018 and 2019 cohorts, who participated in a 10 week long summer research program
at Texas A&M University. These students worked on individual research projects under the
guidance of faculty and graduate student mentors from multiple engineering departments at Texas
A&M University. The students also participated in several enrichment activities like the industry
visits, industry seminars, Aggies Invent program, and GRE workshops other than the faculty led
research projects. A structured survey instrument was employed to assess the impact of REU
program on research competency of students with respect to 12 student outcomes. The survey
results showed that there were net positive gains in average research competency scores with
respect to all twelve outcomes. These observations were seen across the student populations groups
regardless of gender, diversity, student academic standing, and the type of their home institutions.
Lastly, the survey results have revealed that the students felt better prepared for both graduate
school and industry career following the REU experience.
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Appendix: Student outcomes assessment scores comparison by participants type

This section shows the bar charts of Pre vs. Post scores for 12 student research outcomes assessed
in this research.
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Figure A.3: Average competency score for male participants
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Figure A.4: Average competency score for female participants
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Figure A.5: Average competency score Sophomores
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Figure A.6: Average competency score for Juniors & Seniors
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Figure A.7: Average competency score of students from a small research institution
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Figure A.8: Average competency score of students from a large research institution



