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ABSTRACT

Background and Context: Harnessing advanced computing for sci-
entific discovery and technological innovation demands scientists
and engineers well-versed in both domain science and computa-
tional science and engineering (CSE). However, many universities
lack the resources needed to provide integrated training. National
laboratories offer internship opportunities capable of developing
these skills.

Objective: We present an evaluation of federally-funded post-
graduate internship outcomes in CSE at a national laboratory. We
seek to answer three questions: 1) What computational, research,
and professional skills do students improve through internships at
the selected national laboratory? 2) Do students gain knowledge in
domain science topics through their internships? 3) Do students’
career interests change after these internships?

Method: We developed a survey and collected responses from
past participants of five federally-funded internship programs and
compare participant ratings of their prior experience to their in-
ternship experience.

Findings: Our results indicate that participants improve CSE skills
and domain science knowledge, and become more interested in
careers at national labs. Participants found skills developed during
their internships to be relevant and useful in their post-internship
positions.

Implications: The perceived impact of postgraduate internships
often centers on career opportunities and applications of course ma-
terial. We show national laboratory internships are an opportunity
for students to build critical technical skills, in both CSE and do-
main science, that may not be available at all institutions. This
suggests internships and other experiential learning in settings
such as national laboratories have the potential to make substan-
tial contributions to building technical competency in graduate
students.
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1 INTRODUCTION

1.1 The need for integrative training in
computational science and engineering and
domain science

Scientific discovery and technological advancement increasingly
depend upon the use of advanced computing, including modeling
and simulation (mod/sim), data science, and machine learning and
artificial intelligence (ML/AI) [37, 38, 40]. The development and
application of these tools has emerged as its own scientific disci-
pline, computational science and engineering, or CSE [38], distinct
from computer science, or CS. In many cases, the most effective
use of advanced computing for scientific discovery and technology
development occurs when students are cross-trained in both CSE
and domain science areas such as engineering, physics, chemistry,
or biology [28]. The value of these skills increases when scientists
and engineers are able to make effective use of high performance
computing (HPC) systems which are characterized by increasing
complexity, including massive parallelization, heterogeneous archi-
tectures, and the use of complex programming models [13].

The need for CSE and HPC expertise is not confined to academic
and research institutions. Industry’s growing reliance on CSE and
HPC is evident in the major investments in world-class supercom-
puters as listed in the TOP500 [43] and accelerating adoption of
cloud-based HPC [31]. The ability to effectively use commercial
computational software and scientific programming skills in lan-
guages such as C++, Python, and MATLAB has been identified as
highly sought after skills for engineers at the bachelors, masters,
and doctoral levels through analysis of job advertisements [16] and
surveys of Ph.D. earners employed in industry [46]. Furthermore,
both programming [16] and HPC [41] skills are associated with
significant salary premium for engineers and scientists pursuing
careers in industry.
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1.2 Obstacles to integrated CSE/domain science
training

Previous research on interdisciplinary CS and CSE training at the
graduate level has focused heavily on students shifting into CS and
CSE after completing undergraduate degrees in domain sciences
(e.g., physics, chemistry, and biology). Depending on the major,
courses, and experiential education options pursued by individual
students, non-CS students can complete their degree with widely
varying range of programming skills and experience.[1]. This varia-
tion can increase among students who gain professional experience
prior to enrolling in graduate programs [25]. These challenges have
led to the creation of ad hoc CS “boot-camps” within graduate pro-
grams to provide all students with the skills needed to succeed in
future graduate courses [1, 26].

However, these models do not address the increasing demand for
domain scientists trained in CSE skills [28, 42]. There are limits to
the ability of academic institutions to provide both the expertise and
hardware needed for effective training [22]. Training may be lim-
ited by lack of access to hardware, with many universities only able
to support small-scale systems (e.g., [34, 45]). As a result, relatively
few university students have access to modern supercomputers,
which often have vastly different capabilities and architectures than
those of smaller, more affordable clusters. Based on the November
2024 ranking of the top 500 most powerful supercomputers in the
world [43], 173 supercomputers are located in the United States
(US), the context in which this study is situated. Of those in the
US, 67 are hosted in government research facilities, including 38 at
Department of Energy (DOE) National Laboratories, 3 are hosted
in research foundations, and 80 are hosted in industry and ven-
dors. However, only 23 top-500 supercomputers are hosted by US
universities. These computers are concentrated in 17 very high re-
search activity universities [18] located in 9 states, further limiting
access to hands-on training. These challenges increase at non-R1
universities, where access to smaller-scale clusters is often limited.
[14].

Even in universities with access to larger-scale compute facilities,
integrating domain sciences with CSE training faces institutional
challenges. These include the constraints of existing curriculum re-
quirements (e.g., [22]), lack of evaluation of learning outcomes (e.g.,
[47]), or inadvertently de-emphasizing computational skills when
integrating domain science topics (e.g., [3, 11]). These challenges
are often exacerbated by a shortage of faculty in key areas of CSE
[48].

1.3 Models for integration of national
laboratory resources with academic training
and prior assessment

Making national laboratory computing resources and staff exper-
tise available to university students is a possible solution to these
challenges with multiple strategies. Because DOE computing re-
sources are used by academic research groups across the United
States, many research groups have developed their own internal
documentation and training for the systems that they have access
to, and the tools that are necessary of support their work.

A second related approach is to provide national laboratory
computing time and staff support directly to university partnerships
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seeking to provide training at the institutional level [2, 36, 39].
These programs are often designed to increase skills needed for
using national laboratory computing systems as part of dissertation
research.

A third approach is to integrate students into national laboratory
research that uses HPC through internships in a situated learning
model [5]. In this approach, students gain direct access to commu-
nities of practice by working in a team of researchers using on-site
HPC facilities.

Previous assessments of national laboratory internships not
specifically focused on CSE shows multiple impacts, including:

e Increased retention in science, technology, engineering, and
mathematics (STEM) careers [7, 17]

e Increased research skills [8, 17]

e Increased professional networks [8]

Internships in the broader field of computer science are linked
multiple benefits, including:

e Development of technical skills [20, 21, 29, 40]

o Opportunities for career exploration [20, 21, 23]

e Expanded professional networks that contribute to future
professional success [15, 23, 29]

However, the question of the development of specific technical
skills in national laboratory internships, specifically in CSE and
HPC, remains open. While there is substantial literature on training
in HPC, these papers tend to focus on descriptions of internships
at academic computing centers [19] or workshops designed for
specific supercomputer sites (e.g., [4, 6, 12, 47]). The potential ben-
efits of internships in the national laboratory environments, which
combine expertise in CSE, domain science, and HPC operations has
not been examined.

1.4 Research Questions

Our study aims to address this gap through an evaluation of feder-
ally funded, postgraduate (including postbaccalaureate-, master’s-,
and doctoral-level) internships hosted at the National Laboratory of
the Rockies, or NLR. (At the time of the internships, the facility was
known as the National Renewable Energy Laboratory, or NREL).
To this end, we ask the following research questions:

Research question 1: What computational skills, research skills,
and professional skills do postgraduate students improve through
their internships at NLR?

Research question 2: What domain-science topics do postgraduate
students gain more familiarity with through their internships at
NLR?

Research question 3: Do postgraduate students’ career interests
change after their internships at NLR?

To answer these questions, we conducted a survey study with
past participants of five federally funded internship programs hosted
at NLR. These programs serve post-baccalaureate and graduate par-
ticipants from a variety of disciplines and educational institutions.
While this survey is specifically focused on the intersection of CSE
and NLR’s core research, results are likely to be broadly applicable
to interdisciplinary training that combines CSE with other domain
sciences.

We provide additional context of the internship programs and
internship site in sections 2.1 and 2.2. Section 2.3 details the methods
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used to design the survey as well as collect and analyze survey
data. Section 5 includes discussion of our results, conclusions, and
possibilities for future work.

2 METHODS

2.1 Host Institution

This study examines the impact of federally-funded internships in
CSE at the National Laboratory of the Rockies (NLR), a Department
of Energy (DOE) National Laboratory located in Golden, Colorado.
The laboratory has additional campuses in Arvada, Colorado, Fair-
banks, Alaska, and Washington, DC. As of 2024, the laboratory had
3,675 staff, including regular employees, postdoctoral researchers,
visiting professionals, and subcontractors.

NLR’s research focuses on energy systems and energy efficiency
in support of the research objectives of multiple DOE offices, includ-
ing the Office of Critical Minerals and Energy Innovation (CMEI),
the Office of Electricity (OE), the Hydrocarbons and Goethermal
Energy Office (HGEO), and the Office of Science (SC). NLR increas-
ingly uses computational science tools, including mod/sim, data
science, and ML/AI to perform this research. NLR’s efforts in these
areas are led by the Computational Science Center (CSC). CSC hosts
Kestrel, NLR’s third generation of High Performance Computing
(HPC) that is available to all researchers funded by CMEI The cen-
ter also engages in research in computational science spanning
fundamental work on algorithms, software development, scientific
visualization, and application to a range of topics in energy systems
[27]. As of November 2024, CSC staff includes 7 managers, 11 ad-
ministrative staff, 65 scientific staff, 44 technical staff (responsible
for operation of the HPC facilities), and 14 postdocs, or a total of
141 staff. Staff expertise covers a broad range of CSE topics, in-
cluding modeling and simulation, data science and visualization,
and machine learning and artificial intelligence. Staff expertise also
includes software engineering, systems administration, and data
center infrastructure management and facility integration.

NLR hosts interns in CSE through two mechanisms: federal ed-
ucational fellowships, with financial support from the fellowship
sponsor, and as temporary staff working on specific projects, with fi-
nancial support from project funds. Federal educational fellowships
specify that the student be achieving specific educational objec-
tives while contributing to active research projects. Both types
of internships are available to undergraduate, postbaccalaureate,
and graduate students. Because CSE is often an advanced under-
graduate or graduate-level topic, NLR’s internships in this area are
heavily weighted towards postbaccalaureate and graduate students.
Based on this, the current study focuses on postgraduate students
supported through federal educational fellowships.

2.2 Internship Programs Included

NLR currently brings postbaccalaureate and graduate student in-
terns in CSE to the laboratory through five federally-funded educa-
tional internship programs. Four of these programs are funded by
the DOE: the Computational Science Graduate Fellowship (CSGF),
the Science Undergraduate Laboratory Internship (SULI) program,
the CMEI High Performance Computing for Energy Innovation
Internship program (HPC4EI), and the National Nuclear Security
Administration’s IMPACT Internship (NNSA-IMPACT). A fifth
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program is funded by the National Science Foundation (NSF): the
Mathematical Science Graduate Internship (NSF-MSGI).

For all of these programs, each intern is assigned a mentor (i.e.,
a staff member at the national lab), and each mentor is expected to
submit a plan to the sponsor that identifies learning objectives as
well as scientific objectives for the internship. Once the internship
begins, interns have the opportunity to learn from direct interaction
with mentors and other members of the technical staff. In addition
to this mentorship, NLR’s HPC operations staff offers a broad range
of structured trainings and tutorials on topics in HPC, as well as
providing one-on-one advising when needed. Each of these pro-
grams has unique goals, eligibility criteria, and post-internship
report requirements, which we describe next.

DOE CSGEF is a highly competitive four-year fellowship for
doctoral students in science and engineering who incorporate com-
putational science into their work [24]. Applicants must be US
citizens or permanent residents. As part of their fellowship, stu-
dents must spend at least one semester at one of 21 DOE facilities
pursuing a project outside of their dissertation work. The 20-30
students seeking placement each year work directly with practicum
coordinators at different facilities to identify a facility, mentor, and
project that meet their interests. Students must complete an initial
practicum within the first two years of their fellowship and are free
to participate in second or third practicums, either with the same
DOE facility and mentor, or a different DOE facility and/or mentor.
CSC manages placement within NLR, though assigned mentors and
projects can within CSC or in another center with computationally
intensive projects. While placements are generally made during
the summer, they are also occasionally made in the fall or spring
semesters.

DOE SULI is a one-semester internship program open to US
citizens or permanent residents who are undergraduates, postbac-
calaureate, or graduate students in their first two years since com-
pleting their bachelor’s degree [10]. Students are not required to
be majoring in a STEM field but must have at least 6 credit hours
in STEM and a minimum 3.0 out of 4.0 grade point average. SULI
students are eligible for placement at 17 different DOE facilities.
Students may complete up to two placements, either with the same
DOE facility and mentor, or a different DOE facility and/or mentor.
Students may be placed for the summer, fall, or spring semesters.

The CMIE HPC4EI internship program is linked to the DOE’s
HPC4EI program [9]. The HPC4EI program matches DOE national
laboratory computing capabilities with industrial partners to solve
key challenges in industrial energy use and the manufacture of
energy materials. As part of its industrial competitiveness mission,
HPCA4EI offers internships to US citizens in HPC-relevant fields
as undergraduate, postbaccalaureate, and graduate students [35].
HPCA4EI interns work directly on projects sponsored by the HPC4EI
program.

NNSA-IMPACT targets building research capacity at Minority
Serving Intuitions (MSIs) as defined by the US Department of Educa-
tion [44]. NNSA-IMPACT is open to US citizens of all backgrounds,
academic levels, and majors at these institutions [32]. Students can
complete an in-person or virtual internship and have the option of
extending into the academic year.

NSF-MSGI is open to doctoral students in mathematics, statistics,
and applied mathematics. The goal of NSF-MSGI is to expose these
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students to non-academic careers [33]. Unlike the other programs
described, NSF-MSGI is open to international students. Students
may complete multiple internships, but each internship must be
with a different mentor.

All of these programs operated as fully virtual programs in 2020
and 2021 due to the COVID pandemic. DOE CSGF deferred all
summer 2020 placements to summer 2021 placements, but did allow
virtual placements in fall of 2020 and spring of 2021. Neither CMIE
HPC4EI nor NSF-MSGI operated in summer of 2024 due to budget
uncertainties.

2.3 Survey Design

The research team collaboratively designed the survey. Given the
purpose of the survey to understand interns’ 1) technical and pro-
fessional skill development and 2) pathways to future careers across
a variety of internship programs and projects, survey questions
were organized and designed around the following themes: Com-
putational Skills, Familiarity with NLR-relevant domain science
topics such as energy generation and efficiency, Research Skills,
Professional Skills, and Career Interests. Full questions for each
theme are provided in Table 1.

For each theme, the research team identified relevant skills and
topics based on their extensive experience with the internship
programs described in Section 2.2. More specifically, four of the co-
authors (Martin, Egan, Day, and Potter) have extensive involvement
in NLR’s internship programs. Michael Martin has served as NLR’s
coordinator for the DOE CSGF, CMIE HPC4EI, and NNSA-MSIIP
programs as well as mentored students through the NSF-MSGI
program. Hilary Egan has served as NLR’s co-coordinator for the
DOE CSGF program and has mentored students through the DOE
SULI program. Marc Day has mentored students through the DOE
CSGF and NSF-MSGI programs. Kristi Potter has mentored students
through the DOE CSGF and SULI programs.

For the questions related to computational skills, inspiration was
taken from a previous report on CSE education [38]. The research
team iteratively adjusted the questions for clarity and understand-
ing across each internship program’s context.

Additionally, optional open-ended response options were pro-
vided for participants to describe other computational skills, re-
search skills, professional skills, and topics that they improved or
gained familiarity with during their internship to capture areas we
did not explicitly ask about.

2.4 Participant Background Information

Participants were also asked to self-report the following academic
background information:

e Prior experience at other Department of Energy National
Labs (i.e., no experience, once, 2-3 times, or 4 or more times)

e Prior experience at other federal laboratories (i.e., no experi-
ence, once, 2-3 times, or 4 or more times)

e Year of first internship at NREL, as some participants may
have extended their internship or returned to NREL at a later
time

o Academic stage and major / field of study during internship at
NREL or, for participants who were not enrolled in a degree
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program during their internship, major / field of study during
degree prior to internship

e Location of internship (i.e., in person, hybrid, remote)

e Focus of internship on domain science topics (i.e., not at all,
somewhat focused, very focused, or extremely focused)

e Current position at time of completing survey (i.e., in the
same or different degree program, looking for employment,
or currently employed)

Additional questions were asked based on participants’ current
positions to understand how their internship experiences may or
may not have carried beyond their time at NLR. These questions
are also provided in Table 1.

2.5 Participants

We recruited participants from five federally-funded internships
at NLR as described in Section 2.2. Because these internship pro-
grams are open to a broader population than our intended focus,
we applied the following inclusion criteria:

e Participants must have completed a bachelor’s degree or
equivalent prior to starting their internship at NLR

o Participants must have started their internship at NLR in
2018 or later

e Participants incorporated CSE into their internships, as evi-
denced by (1) the nature of the internship program (CSGF,
HPC4EL and NSF-MSGI), or, (2) for SULI and NNSA-MSIIP
students, either (a) a mentor in CSC, or (b) use of NLR’s su-
percomputer during their internship in another NLR center.

Many potential participants were identified given the research
team’s extensive involvement with the internship programs of in-
terest. Public records of some internship programs were cross-
referenced with internal NLR records to identify additional partic-
ipants. Additionally, we contacted NSF-MSGI administrators for
the list of past NSF-MSGI participants hosted at NLR. All study
procedures follow our IRB-approved protocol (#DOE001036).

2.6 Data Collection

Participants were sent either a recruitment email or LinkedIn mes-
sage in September 2024. The survey accepted responses for three
weeks.

Because the authors have extensive experience working with
these internship programs (see Section 2.3 for more details), Morgan
Fong was recruited as a graduate student intern to the research team
to manage distribution of the survey and removal of personally
identifiable information from responses. Martin, Egan, Day, and
Potter only had access to de-identified and aggregated data.

2.7 Data Analysis

All Likert-scale questions, except for questions related to Profes-
sional Skills, are coded on a scale of zero (i.e., “No experience,” “No
improvement,” “No familiarity,” “No increase in familiarity,” “Not
interested,” “Not at all,” “Not useful,” “Not related,’) to three (i.e.,
“Expert,” “Substantial Improvement,” “4 or more times,” “Extremely

familiar,” “Substantial increase in familiarity,” “Extremely interested,”
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Table 1: Survey questions organized by theme. All questions were asked with respect to before the internship and during the
internship. Questions on career interest were split by domain and sector. All questions use the program terminology in effect
at the time of the survey.

Theme Question Context, Response Options Skills and Topics
Prior to participating in [internship program], 1. Writing general-purpose programs
how much experience did you have with the following? 2. Writing programs for scientific problems
No experience, Some experience (e.g., 1-2 projects), 3. Writing distributed or parallel programs
. Extensive experience (e.g., took advanced coursework), 4. Writing software collaboratively
Computational ) . S .
Skills Expert (e.g., focus of degree, years of experience) 5. Performing data visualization and analysis

During your internship at NREL, to what extent
did you improve your skills in the following?
No improvement, Some improvement,

Moderate improvement, Substantial improvement

6. Using AI/ML to develop models

7. Developing simulations of systems or phenomena
(e.g., computational fluid dynamics,

computational chemistry)

8. Using high performance computers or supercomputers
9. Using software libraries or open-source code

Prior to participating in [internship program],
how familiar were you with the following?

1. Renewable ener,
No familiarity, Somewhat familiar (e.g., news, social media), . gy
- . e 2. Energy efficiency
Familiarity with Very familiar (e.g., took advanced coursework) ;
Iy 3. Materials usage
Energy and Extremely familiar (e.g., focus of degree) . .
; - - - 4. Circular economies
Efficiency To what extent did your internship at NREL . .
. . ol . . . 5. Environmental justice
Energy Topics increase your familiarity with the following topics? 6. Enerev equit
No increase in familiarity, Some increase in familiarity, ’ g,y quty .
. . . 7. Sustainable Computing
Moderate increase in familiarity,
Substantial increase in familiarity
Prior t ticipating in [int: hi
Tior to particip a' e m'[m crnstup p r'ogram] . 1. Interview for a research position
how much experience did you have with the following? . .
. . . 2. Contribute to a research project
Research No experience, Once, 2-3 times, 4 or more times . . . .
. - - - 3. Work in a team with varying types of expertise
Skills During your internship at NREL, how much -
) . . . 4. Author or co-author a research publication
experience did you have with the following? . .
) . . (e.g., journal article, conference paper, book chapter)
No experience, Once, 2-3 times, 4 or more times
Prior to participating in [internship program], to what extent 1. 'm part of a research community where
Professional would you agree or disagree with the following statements? I can get feedback on my work
Skills Disagree, Somewhat disagree, Somewhat agree, 4: Agree 2.1 can create an effective oral research presentation
During your internship at NREL, to what extent 3.1 can design an informative research poster
do you agree or disagree with the following statements? 4.1 can discuss research findings with a
technical audience
Disagree, Somewhat disagree, Somewhat agree, 4: Agree 5.1 can discuss research findings with a
non-technical audience
Prior to participating in [internship program], 1. Sustainability
how interested were you in a career in the following? 2. Renewable energy
Not interested, Somewhat interested 3. Another domain other than
Very interested, Extremely interested sustainability or renewable energy
. Industr;
Career y
. Academia
Interests

As a result of your internship at NREL,

how interested were you in a career in the following?
Not interested, Somewhat interested

Very interested, Extremely interested

1
2
3. National Renewable Energy

4. Other Department of Energy National Laboratory
5. Other federal research facility

6. Non-Profit

7. Another sector other than the above

If currently in
Different Degree
Program, Looking
for Employment, or
Currently Employed

To what extent is your [field of study/positions applying for/
current position] related to sustainability or renewable energy?
Not related, Somewhat related, Very related, Extremely related
How useful are the skills you improved at

NREL in applying for [degree programs/positions]?

Not useful, Somewhat useful, Very useful, Extremely useful

1. Computational Skills

2. Familiarity with Sustainability and
Renewable Energy Topics

3. Research and Professional Skills

If currently in
the Same Degree
Program, Different
Degree Program, or
Currently Employed

How often do you use the skills improved during
your internship at NREL in your [current position]?
Never, Some of the time, Most of the time, All of the time

1. Computational Skills

2. Familiarity with Sustainability and
Renewable Energy Topics

3. Research and Professional Skills
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“Extremely focused,” “Extremely related,” “Extremely useful”). Pro-
fessional Skills were coded on a scale of 1 (i.e., “Disagree”) to 4 (i.e.,
“Agree”).

For professional skills and career interests, one-sided, paired
samples t-tests were used to determine if participant ratings after
internships are greater than their rating from before internships.
For computational skills, research skills, familiarity with domain
science topics, one-sided, one sample ¢-tests were used to determine
if participants reported at least “Some improvement” for computa-
tional skills, one experience for research skills during the internship,
“Some increase in familiarity” for familiarity with domain science
topics. In other words, the ¢-tests for computational skills, research
skills, and familiarity with domain science topics determined if
participants’ post-internship ratings were > 1.

Similarly, one-sided one sample ¢-tests were used to determine
if participants current positions are at least “Somewhat related” to
NLR domain science topics, if their skills are at least “Somewhat
useful” in applications, and if their skills are used at least “Some of
the time” @ < 0.05 served as the cutoff for statistical significance.

2.8 Limitations

The inclusion of a variety of internship programs provided a broader
participant pool, and we are encouraged to see relatively high re-
sponse rates across programs that indicate we may indeed have
a representative sample of the intended population. However, the
sample remains subject to self-selection bias based on the selective-
ness of the internship programs and who chose to respond to the
survey. Additionally, our statistical analysis remains limited due to
small sample size. As a result, we rely on simple ¢-tests to perform
simple comparisons and avoid non-normality tests with a small
sample size. Similarly, we do not adjust the cutoff for statistical
significance to avoid over correcting for a small sample size, though
this may increase the rate of false positive findings. Throughout
the results, we include figures that document the percentages of
responses as well as the number of respondents to avoid overstating
our claims.

For participants who completed their internships less recently,
their responses may be less accurate. We attempted to combat this
by ensuring our response options were specific as possible to help
participants select the most accurate response.

3 RESULTS

The total number of interns by program as well as corresponding
response rates are included in Table 2. Participants’ background
data are included in Table 3. For anonymity purposes, the following
categories are grouped together: participants who reported being
in the first or second year of their PhD during their internship,
participants who reported being in the third year of their PhD
or later during their internship. Additionally, participants’ fields
of study were grouped as follows: science (e.g., physical, life, and
biological sciences), engineering (e.g., chemical and mechanical
engineering), mathematics (e.g., math, applied math, statistics),
computing (e.g., computer science, computer engineering), and
interdisciplinary (e.g., fields of study that included more than one
of the above).
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Table 2: Total number of interns meeting inclusion criteria
by program and year of internship and response rates. “NO”
indicates the program was not operational for that year. “NP”
indicates the program was operational, but NLR had no par-
ticipation for that year.

vear | DOE | DOE | NSF | CMEL | NNSA | . .
CSGF | SULI | MSGI | HPCAEI | IMPACT
2018 2 3 1 NO NO 6
2019 3 1 3 NO NO 7
2020 1 5 0 NP 6
2021 3 4 2 NP 10
2022 7 2 1 NP 12
2023 2 2 6 0 NP 10
2024 5 o | NO | NO 2 7
Total 23 | 17 | 13 3 2 58
Response | oo | 209 | 38% | 67% 0% 41%
Rate

Table 3: Participants’ academic backgrounds and internship
location.

Post-Baccalaureate 3

Academic Stage Master’s 3

During Internship | Early Stage (1% or 2™ year) PhD | 13

Late Stage (3" year or later) PhD | 5

Science 4

Major or Engineering 5

. Mathematics 5
Field of Study .

Computing 3

Interdisciplinary 7

In-person 15

Internship Location | Hybrid 4

Remote/Online 5

Three participants reported at least one prior experience at a
DOE National Laboratory, and no participants reported prior expe-
rience at non-DOE federal research facilities.

Participants generally reported their internships were focused
on domain science topics (only 3 participants responded “Not at
all”). At the time of their internships, participants were studying a
variety of domain sciences and mathematics.

Averages and standard deviations for the main survey questions
are included in Table 4. Next, we describe results by theme.

3.1 Computational Skills

On average, participants enter their internships with at least some
experience across most computational skills. Additionally, partici-
pants report at least “some improvement” in general-purpose pro-
gramming (¢(23) = 4.65, p = .000), scientific programming (¢(23) =
4.66, p < .000), data visualization & analysis (t(23) = 5.17, p = .000),
use of HPC and supercomputers (¢(23) = 2.53, p = .009), and using
software libraries or open-source code (¢(23) = 5.35, p = .000). The
distribution of responses is provided in Figure 1.
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Table 4: Descriptive statistics and ¢-test results. * indicates
questions related to usefulness of skills in applying to po-
sitions, and + indicates questions related to use of skills in
current position.

Pre Post
Question Internship Internship t-test
Mean (SD) Mean (SD)

Computational 1 1.54(0.78)  1.67(0.70) 4.65,p = 0.000
Computational 2 1.67(0.92)  1.79(0.83)  4.66, p = 0.000
Computational 3 0.71(0.69)  0.79(0.98) —1.04,p = 0.846
Computational 4 0.71(0.81)  1.08(1.06) 0.39,p =0.352
Computational 5 1.50(0.72)  1.96(0.91)  5.17, p = 0.000
Computational 6  0.62(0.77)  1.00(1.22) 0.00, p = 0.500
Computational 7 1.29(1.00)  1.29(1.20) 1.19,p = 0.122
Computational 8 1.21(0.93)  1.62(1.21)  2.53,p = 0.009
Computational 9 1.62(0.97)  2.04(0.95) 5.35,p = 0.000
Familiarity 1 1.25(0.74) 1.83(0.76)  5.36, p = 0.000
Familiarity 2 1.21(0.66)  1.38(0.97)  1.89,p =0.035
Familiarity 3 0.75(0.68)  0.88(0.99) —0.62,p = 0.728
Familiarity 4 0.38(0.49)  0.50(0.83) —2.94,p =0.996
Familiarity 5 0.79(0.66)  0.62(0.82) —2.23,p = 0.982
Familiarity 6 0.67(0.64)  0.54(0.83) —2.70, p = 0.994
Familiarity 7 0.67(0.76)  0.88(0.90) —0.68, p = 0.749
Research 1 0.79(0.78)  0.38(0.65) —4.73,p = 1.000
Research 2 1.96(0.75)  1.50(0.83)  2.94,p = 0.004
Research 3 1.75(1.11)  1.46(0.93)  2.41,p =0.012
Research 4 1.33(1.01)  0.88(0.85) —0.72,p =0.761
Professional 1 3.33(0.70) 3.67(0.56) —1.88,p = 0.036
Professional 2 3.58(0.50)  3.46(0.98) 0.68,p = 0.749
Professional 3 3.42(0.58)  3.04(1.27) 1.33,p = 0.902
Professional 4 3.38(0.65) 3.54(0.83) —0.75,p =0.231
Professional 5 3.17(0.70)  3.00(0.98) 0.64,p =0.736
Domain 1 1.54(1.02) 1.92(0.88) —2.39,p =0.013
Domain 2 1.62(1.01)  2.25(0.79) —3.98,p = 0.000
Domain 3 1.38(0.77)  1.71(0.62) —3.39,p = 0.001
Sector 1 1.29(0.55) 1.17(0.70)  0.83,p = 0.792
Sector 2 1.12(1.03)  1.08(0.97) 0.24,p = 0.593
Sector 3 1.54(0.78)  2.42(0.78) —4.14,p = 0.000
Sector 4 1.54(0.83)  1.83(0.87) —2.60,p = 0.008
Sector 5 1.25(0.79)  1.29(0.75) —0.27,p =0.394
Sector 6 0.67(0.70)  0.67(0.87) 0.0, p = 0.500
Sector 7 0.38(0.58)  0.46(0.59) —0.81,p =0.213
Computational® 2.40(0.74) 7.36,p = 0.000
Familiarity* 1.93(1.03) 3.50,p = 0.002
Research &

Professional® 2.40(0.74) 7.36,p = 0.000
Computational+ 2.26(0.75) 8.04,p = 0.000
Familiarity+ 1.48(1.04) 2.21,p =0.019
Research &

Professional+ 2.26(0.92) 6.61,p =0.000
Related 1.80(1.32) 2.35,p =0.017
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Figure 1: Participants’ self-reported prior experience (left)
and improvement of computational skills (right).

While the improvements were not statistically significant across
all skills, we note that 21 participants reported “moderate improve-
ment” or “substantial improvement” in multiple skills.

The open-ended responses mentioned additional specific skills
such as MPI (Message Passing Interface) and manifold optimiza-
tions.

3.2 Familiarity with Domain Science topics

On average, participants enter their internships with some fa-
miliarity with the domain science topics of energy systems and
energy efficiency, and little to no familiarity with other topics.
Participants report at least “some increase” in familiarity in re-
newable energy (#(23) = 5.36,p = .000) and energy efficiency
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Figure 2: Participants’ self-reported prior familiarity (left)
and improvement of familiarity (right) with domain science
topics.

(t(23) = 1.89, p = .035). The distribution of responses is provided
in Figure 2.

While the increases in familiarity were not statistically signifi-
cant across all skills, we note that six participants reported “mod-
erate increase” or “substantial increase” in one topic, and 13 par-
ticipants reported “moderate increase” or “substantial increase” in
multiple topics.

The open-ended responses echoed additional computational
skills (e.g., computational methods for physics and chemistry appli-
cations) and other domain science topics (e.g., wind energy, power
flows).

3.3 Research Skills

On average, participants enter their internships with at least one
prior research experience with respect to working on research
projects, in research teams, and toward authoring publications.
Additionally, participants report working on at least one research
project (¢(23) = 2.94,p = 0.004) or at least one research team
during their internship (#(23) = 2.41, p = 0.012). The distribution
of responses is provided in Figure 3.
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Prior to Internship During Internship

Interview
Experience

Contribute to
Research Project

Work in Team of
Varying Experience

Author or Co-Author
Publication

0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

No experience 2-3 times
Once 4 or more times

Figure 3: Participants’ self-reported research experience be-
fore (left) and during (right) their internship.

Prior to Internship During Internship

Research
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Oral
Presentation

Research
Poster

Technical
Audience

Non-technical
Audience

0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Disagree Somewhat agree
Somewhat disagree Agree

Figure 4: Participants’ self-reported agreement with being
part of a research community and with ability to communi-
cate ideas before (left) and during (right) their internship.

The open-ended responses echoed similar experiences as our
questions. For example, one participant noted “Remote collabora-
tion” as a skill that improved, and another participant mentioned
working in teams with varying levels of expertise as an important
skill for their post-internship position.

3.4 Professional Skills

On average, participants enter their internships with the ability to
communicate research across a variety of modes and are already
part of research communities. Participants’ agreement with the
statement, “I'm part of a research community where I can get feed-
back on my work,” is higher during their internship compared to
before their internship (¢(23) = —1.88, p = .036). While not statis-
tically significant, we also note that more participants responded
both “Agree” and “Disagree” with respect to these skills during their
internship compared to before their internship. The distribution of
responses is provided in Figure 4.

Five participants also mentioned networking or the networks
they developed through their internships as professional skills in
the open-ended responses.

On average, participants are interested across a variety of do-
mains and sectors prior to their internships, except for non-profits
or other unspecified sectors. Additionally, interest across all do-
mains increased after participants’ internships, and no participants
responded “Not interested” to any of the domains. Across sec-
tors, participants were more interested in careers at NLR (#(23) =
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—4.14, p = 0.000) and other Department of Energy national labora-
tories (#(23) = —2.60, p = 0.008). The distribution of responses is
provided in Figure 5 and Figure 6.

3.5 Career Interests

When asked about their current position at the time of completing
the survey, 14 participants reported they were in the same or differ-
ent degree program, and 10 participants reported they were looking
for employment or currently employed. Of those in the same or
different degree program, all participants reported enrollment in

Prior to Internship After Internship

Sustainability

Renewable
Energy
Another
Domain
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%
Not interested Very interested
Somewhat interested Extremely interested

Figure 5: Participants’ self-reported interest in career domain
before (left) and after (right) their internship.
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Energy Laboratory
Other
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Research Facility

Non-Profit

Another
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0% 25% 50% 75% 100%

After Internship

Industry

Academia

National Renewable
Energy Laboratory
Other

National Laboratory
Other Federal
Research Facility

Non-Profit
Another
Sector

0% 25% 50% 75% 100%
Not interested
Somewhat interested

Very interested
Extremely interested

Figure 6: Participants’ self-reported interest in career sector
before (left) and after (right) their internship.
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doctoral programs. Of those currently employed, participants re-
ported working at DOE National Laboratories (including NLR),
industry, academia, and government.

Out of the 15 participants who are not in the same degree pro-
gram, only four participants reported they were looking for posi-
tions or currently in a field not related to NLR domain science topics.
Additionally, participants on average reported skills improved dur-
ing the internship were at least “Somewhat useful” in applying for
positions.

Participants also reported skills improved during the internship
were at least “Somewhat useful” in applying to their current posi-
tion, and that they used these skills at least “Some of the time” in
their current positions (see Table 4).

4 DISCUSSION

Students supported by federally funded graduate internships in CSE
topics at NLR reported the largest improvement in computational
science skills, followed by domain science skills. This improvement
in computational skills may reflect both hands-on experience dur-
ing their internship and the availability of tutorials at NLR. Students
reported smaller improvements in their research skills. This may
reflect that students often begin this internship with prior research
experience through their undergraduate or graduate degree pro-
grams.

Students reported some shift in their career interests. They report
increased interest in careers in the domain science topics researched
at NLR. However, apart from a small increase in students interested
specifically in NLR, students do not appear to have changed their
interests in the career sector significantly. This may reflect that
graduate students participating in internships outside of academia
are more selective of the experiences they pursue to match their
existing interests.

5 CONCLUSIONS

These results showed that the primary outcomes from CSE intern-
ships at NLR were increases in CSE and domain science capabilities.
Improvements in research skills and career insights were present
but less significant. This is the reverse of models that hold that the
purpose of internships and other experiential learning is to develop
non-technical skills. The increase in technical skills shown in this
study suggests that internships at the postgraduate level may hold
a role beyond introducing students to non-academic careers.

At a larger level, our results echo other calls to encourage grad-
uate student participation in internships to provide supplemental
training and additional learning opportunities outside of formal
degree programs [30]. Our results emphasize the importance of
federally-funded or other externally-funded programs in providing
these internship opportunities that focus on educational objectives,
rather than internships funded from research projects that may
focus on hiring candidates whose skills best align with individual
projects. This approach may be particularly valuable in CSE, where
there is a large disparity in institutional resources and ability to
offer cross-training between institutions.

To the best of our knowledge, this is the first study to evaluate
graduate-level internship programs at the intersection of CSE and
domain science. We encourage others to use our survey as part of
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evaluation efforts of other internship programs to see if our results
generalize to other host institutions and program contexts. We
also suggest future work on the impacts of other models of using
national laboratory capabilities to provide training in CSE and HPC,
such as academic partnership programs.
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