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Abstract

Problem solving is prevalent in all levels of physics and receives considerable attention in

physics education research. This dissertation focuses on investigations of problem-solving in

understudied areas of the physics curriculum: courses for non-STEM majors and graduate-level

courses. The first study describes the design, implementation, and evaluation of laboratory ac-

tivities for non-science majors which scaffolded experimental design and decision-making over

a semester. Students exhibited shifts toward more expert-like views of experimental physics

and improved capabilities make experimental decisions. The activities designed in this study

drew on existing frameworks in the PER community, but no such curricular frameworks exist

at the graduate level. Thus, the next study used semi-structured interviews and textual analysis

to identify physics instructors’ expectations for problem-solving in graduate coursework, as

well as how problem-solving is implemented and assessed in practice. Instructors expected far

more problem-solving skills than were practiced in coursework. The final study discusses the

development of an assessment to measure a broader range of problem-solving skills in quantum

mechanics and describes evidence for the face validity of the assessment. Together, these chap-

ters expand our understanding of problem-solving in classrooms and build the groundwork for

future interventions.
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Chapter 1

Introduction

Problem solving is an essential skill at all levels of the physics curriculum and in professional

scientific practice. Consequently, a considerable amount of literature in physics education re-

search (PER) is focused on problem-solving. Much of the early research in problem solving

began by describing how students solved problems through a cognitive approach. These inves-

tigations pertained to students’ and experts’ mental representations, the strategies and heuristics

used, and investigations on cognitive load during problem-solving (for a comprehensive review,

see [1]). Later investigations built on these characterizations by developing and evaluating in-

terventions to enhance students’ problem-solving skills. For example, developing problem-

solving by providing steps, incorporating groupwork, and introducing computers to serve as

tutoring systems (for a review see [2]). Despite the decades of research there are two limita-

tions in this research: (1) problem solving remains not well-defined and most of these studies

are focused on introductory physics courses for STEM majors.

The majority of PER that examines problem solving focuses on textbook-style problems.

This approach treats problem solving in the literal sense, often providing procedures or strate-

gies to solve these well-defined problems. However, this style of problem bears little resem-

blance to the problems faced by professional physicists, which often lack clearly defined initial

conditions, goals, and intermediate steps. Furthermore, having students practice solving prob-

lems that are not well-defined has been shown to improve problem-solving performance (e.g.,

[3, 4]). Students must make important decisions determining how to manage the ill-defined as-

pects, which better resembles physics in practice. Indeed, Wieman [5] argues that ill-structured
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problem-solving can be framed in terms of making a series of decisions with limited informa-

tion.

Prior investigations of ill-structured problems were primarily done in introductory physics

courses, which is common in PER [6]. The following chapters aim to expand on the under-

standing of decision-making in curriculums. In Chapter 2, an intervention to increase decision-

making in introductory labs for non-science majors is discussed. In Chapter 3, the decision-

making skills practiced in graduate physics coursework are investigated. These skills are then

compared to instructor expectations. Finally, the development of a graduate quantum mechan-

ics assessment is described and evidence for face validity is discussed in Chapter 4.

Chapter 2

Traditional introductory physics labs frequently focus on demonstrating and reinforcing lecture

concepts despite evidence showing that they are ineffective at these goals. We transformed our

semester of traditional physics labs for non-science majors to focus on experimental decision-

making. Students practiced making experimental decisions with guidance that was faded over

the semester. This transformation used the same lab equipment and maintained the number

of individual labs and topics. We found students improved their ability to make experimental

decisions and had a shift towards more expert-like beliefs about experimental physics.

Chapter 3

There is currently little physics education literature examining thinking and learning in gradu-

ate education, and even less literature characterizing problem-solving among physics graduate

students despite this being an essential professional skill for physicists. Given reports of dis-

crepancies between physics problem-solving in the undergraduate classroom and “real-world”

problem-solving, we sought to investigate whether this discrepancy exists at the graduate level.

We first investigate the problem-solving skills present in first-year graduate physics assign-

ments. A recent framework that characterizes problem-solving as decisions-to-be-made was

used. Assignments were taken from the four core courses of one academic year at one research-

intensive university and coded by two researchers. We found that only four of the twenty-nine
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decisions in the framework were present in most of the assignments. We then interviewed

eleven instructors from three universities and asked which decisions they expected of first-year

graduate students. Eleven decisions were expected by eight or more of the participants, but only

four of these decisions were commonly practiced on assignments. Therefore, there seems to be

a mismatch between instructor expectations and practice of problem-solving on assignments.

This suggests that graduate physics courses may not be aligned with the problem-solving skills

that physics graduate students will need in their research or future careers.

Chapter 4

One of the greatest weaknesses of physics education research is the paucity of research on

graduate education. While there are a growing number of investigations of graduate student

degree progress and admissions, there are very few investigations of learning at the graduate

level. Additionally, existing studies of learning in physics graduate programs frequently focus

on content knowledge rather than professional skills such as problem-solving. Given that over

90% of physics PhD graduates report solving technical problems regularly in the workplace,

we sought to develop an assessment to measure how well graduate programs are training stu-

dents to solve problems. Using a framework that characterizes expert-like problem-solving

skills as a set of decisions-to-be-made, we developed and validated such an assessment in grad-

uate quantum mechanics (QM) following recently developed design frameworks for measuring

problem-solving and best practices for assessment validation. We collected validity evidence

through think-aloud interviews with practicing physicists and physics graduate students, as well

as written solutions provided by physics graduate and undergraduate students. The assessment

shows strong potential in differentiating novice and expert problem-solving in QM and showed

reliability in repeated testing with similar populations. These results show the promise of mea-

suring expert decision-making in graduate QM and provide baseline measurements for future

educational interventions to more effectively teach these skills.
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2.1 Introduction

Scripted content-focused labs do not seem to produce conceptual learning benefits [1, 2]. The

traditional format is procedural and does not allow students to make important experimental

decisions like how many trials to conduct, which measurements to collect, and how to set up

the experimental apparatus [3]. We implemented a laboratory transformation in our course for

non-science majors which produced inquiry-based, skills-oriented labs. We focused on a subset

of lab skills from the investigative science learning environment (ISLE) labs [4]. These skills

overlap with AAPT’s six major themes for undergraduate physics labs [5]. The new format was

inspired by structured qualitative inquiry labs (SQILabs), which focus on iteratively improved

design [6]. Instead of providing step-by-step procedures, students were prompted to make

experimental decisions. Since students are likely unfamiliar making these decisions, the labs

slowly introduce new experimental decisions to make and provide scaffolding to do so. This

scaffolding was faded away throughout the semester.

In introductory physics courses, student attitudes and beliefs shift away from expert-like

beliefs over the course of a semester [7–10]. A study found an expert-like shift in student

attitudes in an experimental-skills focused lab [3]. Some courses were able to negate this shift

or attain a shift towards expert-like beliefs by specifically targeting student attitudes and beliefs

[9, 10]. We found a shift towards expert-like beliefs in student attitudes and an increase in

student interest over the semester without explicitly targeting these attitudes.

Previous literature suggests skill-focused labs and inquiry in labs can lead to students

addressing problems in a more expert-like manner [11] and an increase in experimental design

improvements and follow-up on [12]. Transforming a traditional lab into an inquiry-based,

skills lab has been found in other forms [13]. The transformation we describe here differs

from the aforementioned transformation in two ways. First, the labs we present here are each

completed in a single two-hour period, allowing instructors to align their lab and lecture content

more easily and to fit this transformation into a more traditional introductory lab schedule (i.e.,

not needed multiple class periods for a single laboratory activity). Second, and more important,
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the labs we present here provide students the opportunity to fail and learn from their “productive

failure” [14] rather than being explicitly told whether or not a design will work by an instructor.

2.2 Implementation

We transformed a one-semester laboratory course taken in conjunction with an introductory

physics course for non-science majors at a large research university. The students were pre-

dominantly business and aviation majors. Each lab section had 24 students who worked in

groups of two to three, led by one graduate teaching assistant (GTA). Each of the nine labs was

individually transformed to address skills-focused learning objectives while operating within

the same constraints on time, topic, and available equipment.

The transformation shifted the focus of labs from physics concepts to teaching experi-

mental skills from four AAPT lab themes: designing experiments, developing technical and

practical laboratory skills, analyzing and visualizing data, and communicating physics. Exper-

imental design consists of designing an apparatus to address a particular goal while considering

available equipment, the quality of data that can be collected, and improvements made upon

reflecting on collected data. Developing technical and practical laboratory skills consists of

minimizing experimental error and understanding the limitations of the experiment. Error can

be minimized by the selection of independent and dependent variables measured, the range and

granularity of the independent variable, and the number of trials. Analyzing and visualizing

data consists of interpreting collected data to support a conclusion or address a lab goal. Anal-

ysis can include interpreting graphs, understanding the implications of a percent difference,

and identifying and addressing unexpected results. Communicating physics consists of clearly

and concisely sharing the findings and conclusions of the experiment and describing the experi-

mental decisions made for the purpose of grading. An example of how traditional labs provided

the experimental decision and the transformed labs asked students to make these decisions is

shown in Table 2.2.
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Table 2.1: A subset of example tasks from a Newton’s 2nd Law lab. These tasks are shown
for a traditional lab and how they could be transformed to an inquiry-based lab. The first three
tasks fall under the measurement theme and the fourth task under the analysis theme.

Traditional Inquiry-Based
Measure displacement and time. Determine which values to measure to

calculate experimental acceleration.

Use hanging mass values 20, 50,
75 and 100 grams.

Determine which hanging mass val-
ues to use.

Repeat each trial three times. Determine how many trails to con-
duct.

Compare the experimental and
theoretical accelerations.

Do your results support Newton’s 2nd

Law?

In a simple case, these themes first appear during lab following the “approximate order

of conducting experiments,” shown in Figure 2.1: designing experiments, technical and practi-

cal lab skills, analyzing and visualizing data, and finally communicating physics. In practice,

the sequence is not a straight progression. The iterative process requires revisiting previous

experimental decisions, which would include not only targeting individual decisions such as

communicating physics, but all the foundational decisions that build up to that skill. For exam-

ple, while completing the lab in Table 2.2, students may (1) determine values to measure, (2)

determine mass values to use, (3) determine the number of trials needed, (4) conduct a few tri-

als, (5) notice an issue then change the values to measure in step 1, and (6) conduct more trials.

Each lab has a set of learning goals which align with a lab-skills theme. Students spend most of

their time making experimental decisions corresponding to the focused theme and sequentially

following themes. Subsequent tasks are left open-ended because an experimental decision may

drastically change all following decisions.
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Figure 2.1: Experimental decision progression. Approximate order of conducting experiments
is the simplest order these experimental decisions appear in practice. In practice this progres-
sion includes iteration, where previous decisions can be revisited as new information is added.
The curved arrows show a non-exhaustive list of ways this iteration can manifest. Order deci-
sions introduced is the order these skills were introduced and taught in our lab sequence.

The sequence of skill themes used throughout the semester is shown in Table 2.2. The

first time a skill theme was introduced the lab included guiding questions, which encouraged

students to consider important aspects and helped break down the open-ended questions to sub-

questions. All subsequent times a skill theme appeared, there would be fewer or no guiding

questions accompanying the open-ended question. For example, in week 5 students designed

an experiment to determine a friction coefficient with guiding questions: (1) which values

are needed for this calculation, (2) which of these values can be controlled and measured.

Later they were prompted to evaluate their initial answer. Whereas, in week 10, students were

asked to determine a spring constant with no guiding questions or prompt to evaluate the initial

answer.
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Table 2.2: Focused skill theme sequence. The week and the focused theme of the lab are
detailed. Weeks 2 and 7 focus on a specific skills as opposed to the more general practice of
that theme.

Lab Topic Focused Theme Non-focused Theme Required
1: 1-D motion Communicating physics -

2: 1-D motion Skill: standard error Communicating physics

3: Newton’s 1st

Law
Analyzing and visualizing
data

Communicating physics

4: Newton’s 2nd

Law
Developing technical and
practical lab skills

Communicating Physics, Analyzing and
visualizing data

5: Friction Coeffi-
cient

Designing experiments Communicating Physics, Analyzing and
visualizing data, Developing technical and
practical lab skills

6: Momentum Developing technical and
practical lab skills

Communicating Physics, Analyzing and
visualizing data

7: Static Equilib-
rium

Skill: graph interpretation Developing technical and practical lab
skills

8: Parallel and Se-
ries Springs

Designing experiments Communicating Physics, Analyzing and
visualizing data, Developing technical and
practical lab skills

9: Spring Constant Analyzing and visualizing
data

Communicating Physics, Analyzing and
visualizing data

10: Circuits Designing experiments Communicating Physics, Analyzing and
visualizing data, Developing technical and
practical lab skills

2.2.1 Iterative and Deliberate Practice

The transformation aimed to help students learn these skills with deliberate practice [15]. De-

liberate practice consists of providing students with a specific task or goal and including feed-

back loops during the practice. In this process, the effort is rewarded rather than the success

[16]. The lab structure followed an iterative process in which students made an experimental
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decision, tested the decision, reflected on the results, and improved upon their decision. Both

the GTA and the student group served as sources of feedback. Students were prompted to re-

flect on their results and assess their decision’s effectiveness and the GTA provided targeted

feedback during the lab. This feedback structure provided students room to have “productive

failure” and still successfully complete the lab. This “productive failure” could occur because

students were prompted to make decisions to open-ended questions with minimal guidance.

This led to groups of students that had complex discussions and struggled to answer the ques-

tion, occasionally, not producing a successful solution, failure. Either the students, through

the iterative process, or the GTA identified this failure. The GTA then provided feedback and

additional scaffolding so the students could work towards a successful solution in the same lab

period. The GTA provided more detailed feedback while grading the lab. The GTA feedback

was partially in the form of a grade, which focuses on effort and understanding rather than the

accuracy of the data. For example, detailing a good experimental design but having inaccu-

rate data can score well if the anomaly or source of inaccuracy is thoroughly discussed by the

students. The difficulty of the physics calculations was reduced, such that most students could

independently solve the calculations so time could be focused on the skills-focused learning

objectives rather than solving procedural textbook-like problems.

2.3 Measuring the Impact

Students from the first semester of the transformation completed the E-CLASS as a pre and

post survey to measure student attitudes compared against expert-like attitudes [17]. The pre-

and post-test were administered for bonus points during the first lab meeting and as homework

on the last week of the semester, respectively. Of the 95 students, 27 student survey pairs

were kept, due to incomplete surveys or students being flagged for not reading the questions.

The percentage of expert-like responses to each student-reflection question was calculated and

denoted as percent favorable (e.g., percent agreement with expert-like responses). The differ-

ence between the pre- and post-test percent favorable was calculated as the change across the

semester and compared to the historical averages of E-CLASS for similar courses (introductory

college physics courses).
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Our class’s average pre-test percent favorable was 64% (SD = 26.9%), compared to the

historical average of 68%. Over the semester our class’s percent favorable increased by 10%

(d = 0.25), whereas the historical average is -1.0%. Questions with the largest percent fa-

vorable increases are shown in Table 2.3. The increase regarding understanding of concepts

may arise because students make experimental decisions, requiring an understanding of the

concepts instead of simply plugging into an equation. Students also showed an increased inter-

est in physics. This increase is particularly striking, since nearly all students in this class are

non-science majors. The GTAs reported student comments about enjoying the decision-making

aspect of the labs and freedom to test their own ideas. The increase in attention to systematic er-

ror, intention of iterative improvement, and analysis methods align with the learning objectives

of the transformation.

Table 2.3: E-CLASS question prompts and their respective percent favorable changes for our
class and historical averages. Percent favorable is the percent of responses that agreed with
expert-like answers.

Percent Favorable Increase

Question
Number

Prompt Transformation Historical

3 When doing a physics experiment, I don’t think
much about sources of systematic error.

33% 0.2%

7 I don’t enjoy doing physics experiments. 19% -2%

21 I am usually able to complete an experi-
ment without understanding the equations and
physics ideas that describe the system I am in-
vestigating.

26% 3.8%

25 A common approach for fixing a problem with
an experiment is to randomly change things un-
til the problem goes away.

22% -2.9%

27 When doing an experiment, I just follow the in-
structions without thinking about their purpose.

30% -4.9%

29 If I don’t have clear directions for analyzing
data, I am not sure how to choose an appropri-
ate analysis method.

19% -2%
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Additionally, the quality of student submissions seemed to improve throughout the semester

despite the labs providing less guidance and structure as the semester progressed. Students

seemed to address differences between predictions and their data better throughout the semester,

agreeing with prior work [3].

2.4 Teaching implications

Students can improve their lab skills by making experimental decisions associated with these

skills with timely feedback from the instructor. Most of a student’s time should be spent on

the learning objectives of the lab: making and reflecting on experimental decisions. These

lab activities can be extended across multiple lab sessions or contained to a single session. A

skills-focused lab adds steps and therefore time to the lab. A lab’s length can be shortened by

reducing the difficulty or frequency of calculations, minimizing the time spent learning new

equipment or software, or reducing the steps in the lab. This reallocation of time shifts the

focus to the learning objectives of the lab.

The transformation we described is highly customizable. It can be applied to individual

labs or for a semester-long course. This transformation is compatible with any physics concepts

and any lab skills, see AAPT’s themes for recommendations [5]. To apply this transformation,

instructors can select labs to transform, select lab skills to incorporate, match lab skills with

labs, and let students make the associated experimental decisions. We recommend introducing

only one skills theme per lab and introducing a new theme following the “order decisions

introduced” shown in Figure 2.1. The sequence does not need to exactly mirror the sequence

shown in Table 2.2.

The largest investment in the transformation is the lab development. Additionally, the

instructor load during lab is larger with this transformation. The instructor is expected to be an

expert in this course to make evaluating novel student solutions second nature. The instructor’s

role expands to assisting students make experimental decisions. We found each of the two

graduate teaching assistants was able to fill this role successfully with only the GTA training

offered for traditional labs. This transformation may make grading time intensive, depending
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on the assessment format. The oral presentation used in our transformation reduced grading

time outside of lab.
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3.1 Introduction

Despite decades of physics education research (PER) focused on improving students’ concep-

tual understanding of important physics concepts [1–3] there remain few studies of thinking

and learning among physics graduate students. In more recent years, there have been some

important studies of graduate students’ conceptual understanding of quantum mechanics [4],

quantum measurement [5], and graphical representation of wave functions [6], which have

shown that physics graduate students still struggle to learn some important fundamental ideas

in physics. Similar to what we have seen in undergraduate education, some studies have shown

that implementing student-centered pedagogical strategies like groupwork [6, 7] can improve

students’ conceptual understanding of difficult ideas in quantum mechanics.

Conceptual understanding is an important aspect of physics education. However, there

are also professional skills to develop like critical thinking, problem-solving, and scientific

communication. Practicing scientists routinely encounter complex, ill-structured problems [8]

in their work that require them to collect additional information, consider external constraints,

and continuously reflect on their solutions [9–12]. Indeed, this type of “authentic” problem-

solving is cited as one of the most important technical skills required of recent physics graduates

[13]. Frequently, however, employers and education researchers report that graduating students

are not prepared to solve these kinds of problems [14]. This aligns with studies in physics

which suggest that graduate coursework is mainly focused on mathematical skills, rather than

higher order reasoning and problem-solving skills [15].

There are several studies of problem-solving and critical thinking skills among undergrad-

uate physics students (e.g., [16–18]). For example, a recent study at an elite private university

found that ill-structured problem solving was rarely assessed (and hence, rarely practiced) in

physics coursework [19]. A notable exception in that study was a capstone course focused

on solving ill-structured problems, like the types of problems a student might encounter in re-

search. However, there has been almost no work in this area at graduate level. Leak et al.

characterized the strategies used by graduate students to address their research problems and
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found that, if students encountered routine problems such as those they might see in course-

work, they would simply consult external resources for the answer—most of their effort was

spent on attempting to solve the open-ended problems for which there was no known answer

or solution path [20]. Thus, they suggested instructors provide coursework that goes beyond

routine problems, to provide better preparation for problem-solving students will face in their

future careers.

Earlier studies have shown that physics assessments can often be solved with a routine

application of equations and without conceptual understanding [21]. Yet, as part of the “hidden

curriculum” of physics [22], students are expected to develop more robust problem-solving

skills that transfer to novel situations, despite the well-documented difficulties with transfer

(e.g., [23–26]). Indeed, the way physics is taught is often drastically different from the way

physics is done in practice [27]. Physics teaching tends to be rooted in positivist epistemology

[28], which frames the knowledge being delivered as absolute truth. Physics teaching has a

“strong framing,” meaning there is little flexibility in what ideas are disseminated and how [29].

The ideas are also often clearly defined and distinct from other topics, which Bernstein refers

to as a “strong classification,” and taught in a particular hierarchical sequence [30, 31]. This

leaves little room for integrating ill-structured problems with less clearly defined parameters

and solution spaces. One of the primary difficulties with teaching problem-solving is that

process is typically not well-defined or is rooted in an implicit model that an instructor may

have difficulty articulating (e.g. [32]). Though there are many models of problem-solving in

physics (e.g., [33]), they are typically prescriptive rather than empirically derived. We will

adopt the framework proposed by Price et al. [34], which describes problem-solving skills as

29 decisions to-be-made (see Appendix A). These decisions range from selecting a problem to

presenting the solution. Some examples include identifying gaps in the field to find a problem to

solve (Decision 2 [D2]), deciding on the best way to represent and organize information (D17),

and determining the audience for communication, (D28). This framework found commonalities

in the decisions made by “experts” in science, engineering, and medicine, where experts are

described as successful practitioners with considerable experience working as faculty in highly

rated universities or in technical positions in successful companies, but not necessarily the
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most exceptional performers in their fields. These expert decisions seem to overlap with the

strategies graduate students employ in research as identified by Leak et al., [20]. Notably, this

framework for problem-solving does not reduce the process to a prescriptive, linear procedure.

The decisions may not be made in a particular order, and the solver may revisit decisions

multiple times in the problem-solving process because these decisions are typically made with

limited information.

Given the apparent disconnect between assessment of problem-solving in physics classes

and how physicists solve problems in practice, our research questions were:

1. What decisions are physics students being asked to make in their core graduate course-

work?

2. What decisions do graduate physics instructors expect students to be able to make fol-

lowing their coursework?

3.2 Decisions in Graduate Physics Coursework

3.2.1 Methods

A sample of assignments from the first-year graduate physics curriculum in the 2021-2022 aca-

demic year at Auburn University was used to evaluate which problem-solving decisions were

being assessed and, thus, that instructors were implicitly communicating as important to their

students. Three of the course instructors were theorists and one was an experimentalist. These

assignments constitute a significant portion of the practice these graduate students received in

making these decisions in their first year, as they typically have not begun doing research at this

point. The assignment types included in this sample were questions from the graduate doctoral

exam (GDE; a written qualifying examination, see [35]) offered at the end of the first year,

in-class exams (including final exams), in-class quizzes, and homework. Each course had 1 to

2 GDEs (1 if all students pass the first), 3 to 4 exams, 3 to 5 quizzes, and 5 to 11 homework as-

signments, with homework comprising the bulk of the problems students received for practice.

Within each course, a given assignment type typically had the same number of problems each

time, but the number of problems on each assignment type was different across courses. For
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example, an exam in Classical Mechanics often had fewer questions than an exam in Statisti-

cal Mechanics. Within each course, assignments of the same type appeared to practice similar

skills with different concepts, so we randomly selected one assignment to investigate from that

category. For example, a homework assignment in Quantum Mechanics on the hydrogen atom

had a similar structure to a homework assignment on spins. This sampling was done for each

of the four core courses - classical mechanics (CM), electricity and magnetism (EM), quantum

mechanics (QM), and statistical mechanics (SM) – for a total of 56 problems (Table 3.2.2)

across 14 assignments.

3.2.2 Assessment Coding

Table 3.1: Assessment problems by assessment type and course (Classical Mechanics, CM;
Electricity and Magnetism I, EM; Quantum Mechanics I, QM; and Statistical Mechanics, SM).
A dash indicates the assessment was not used in that course.

Course GDE Exam Quiz Homework Total
CM 5 4 7 2 18
EM 5 3 3 2 13
QM 5 3 - 4 12
SM 5 5 - 3 13

Total 20 15 10 11 56

The presence of each decision was coded for each problem. A decision was coded as either

“required,” “eliminated,” “prompted,” or “absent.” Problems which require the solver to apply

the decision to arrive at a solution were coded as required. Below is an excerpt from a problem

requiring decision 16 (which calculations and data analysis are needed):

Steady current, I, flows down a long solid cylindrical wire of radius, R. Find the

magnetic field inside and outside the wire if the current is uniformly distributed

over the outside surface of the wire.

Problems which make the decision for the solver were coded as eliminated. Below is an excerpt

from a problem which eliminated decision 10 (which approximations and simplifications are

appropriate):
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Assume that the cavity is small enough so that P,E0,and D0 are essentially uniform.

Problems that instruct the solver to make a decision were coded as prompted. Below is an

excerpt from a problem prompting decision 26 (how good is this solution):

Show that your results approach the classical solution at k ≤ kBT/(h̄c).

Decisions which were not relevant (i.e., not required, eliminated or prompted) to the problem

were coded as absent.

Problems with multiple parts were treated as one problem. If a decision was present in only

one part of the problem, the entire problem was given the corresponding code. For example,

if part A required decision xx and decision xx was absent in part B, decision xx was coded as

required for the problem. We found only one example where a decision was required in one

part but received another code in a later part: a classical mechanics homework problem required

applying decision 16 for four of five parts, but the decision was eliminated for one of five parts.

Therefore, this problem was coded as required to represent the majority of the problem.

M.E.R and N.D.D. independently coded 10 problems and discussed discrepancies until an

agreement was reached. There was an initial 75 percent interrater agreement. The disagree-

ments were then discussed to a consensus. The remaining 46 problems had an average initial

interrater agreement of 92 percent. While the initial interrater agreement increased as more

problems were completed, decisions 4 and 5 continued to have low initial interrater agreement,

averaging 45 percent across all 56 problems reported. This is not surprising, as Price et al. dis-

cussed how these decisions frequently co-occur [34]. As we detail below, this did not affect the

overall results. The researchers thus discussed any differences until an agreement was reached

for all codes.

Both codes, prompted and required, identified a problem where decisions had to be made

to arrive at a solution. However, a decision was identified as prompted only 6 times com-

pared to 147 times for required. Therefore, the codes prompted and required were condensed

into a single code assessed, aligning with the categories “encountered” and “removed” used in

Montgomery et al. [19].
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3.2.3 Results

Per problem investigated, a median of 3 decisions were assessed, 0 decisions were eliminated,

and 26 decisions were absent (Figure 3.1). Across all problems the maximum and minimum

number of decisions assessed was 6 and 0, eliminated was 3 and 0, and absent was 29 and

25. Four decisions were assessed in at least two thirds of the problems: deciding on a specific

plan for getting information (D15), deciding which calculations and data analysis (D16), de-

ciding what predictive framework to use (D5), and deciding what are important features and

information (D4). Pairs of decisions frequently appeared together because some decisions are

closely related and often made at the same time. For example, D4 and D5 often occur together

because the important features and information can indicate which predictive framework would

be appropriate for the problem. The need to determine a plan for getting information (D15) and

decompose a problem into sub-problems (D11) were commonly eliminated by providing mul-

tiple parts which guided the solver along a solution path. A need for evaluating one’s solution

(D26) was typically eliminated by problems instructing a student to check a particular limit but

not explain why that supported or did not support their answer. Similarly, (D10) what approxi-

mations or simplifications are appropriate, was typically eliminated by stating assumptions for

the student.

Figure 3.1: Percentage of problems versus decision. The decisions are numbered according to
Price et al.’s framework. [34] Decisions were either absent, assessed, or eliminated. Assessed
indicates the decision needed to be made to solve the problem. Eliminated indicates the prob-
lem statement made the decision for the solver. Absent indicates the decision was not assessed
or eliminated.
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Problems which required the solver to determine a plan for getting information (D15)

typically also required the solver to determine which calculations are appropriate (D16). The

statistical mechanics homework problem in Figure 3.2 was characteristic of a typical problem

investigated, assessing three of the most common decisions while eliminating one. Important

features (D4) needed to be identified to properly build the partition functions. Parts a and b

are sub-problems necessary to solve part c. Therefore, breaking the problem into sub-problems

(D11) has been eliminated for the solver. A plan (D15) and necessary calculations (D16) are

required to solve part c.

Figure 3.2: A typical problem from the data set in terms of number of decisions assessed and
eliminated. This Statistical Mechanics exam problem assessed three decisions while eliminat-
ing one.

In problems requiring the solver to select an appropriate predictive framework, D5, it

was typically necessary to identify key features, D4. The classical mechanics qualifying exam

problem shown in Figure 3.3 assessed the most decisions of any problem investigated, assessing

four and eliminating one. (This problem was atypical because it was written by E.W.B.) In the

problem statement a point mass approximation for the person, D10, is provided. Important

features, D4, and a predictive model, D5, are necessary to begin solving the problem. The

problem prompts checking multiple limits of the solution, D26.
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Figure 3.3: Atypically decision-rich problem. This Classical Mechanics qualifying exam prob-
lem assessed five decisions while eliminating one.

The classical mechanics quiz problem shown in Figure 3.4 assessed no decisions. This

problem probed a conceptual topic that doesn’t require any decisions to solve, as it is simply

recalling a fact and not engaging in skill development. While not all quiz questions were

multiple choice, they shared this focus on conceptual topics. Homework and quizzes were the

only two assessment types with problems assessing no decisions.

Figure 3.4: Example problem from a Classical Mechanics quiz requiring no decision-making.

A Fisher’s exact test was conducted to identify differences in the percentage of absent,

assessed, and eliminated decisions by course (Appendix B). We did not find any statistically
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significant variations (at the α = 0.05 level) in the percentage of absent, assessed, and eliminated

decisions when disaggregated by course (p = 0.09). This means that all four subject areas

assessed any of the decisions, eliminated any of the decisions, or didn’t address any of the

decisions at approximately equal rates. We also conducted a Fisher’s exact test to investigate

differences across assessment types; these differences were statistically significant (p< 0.001).

We then conducted a post-hoc analysis to investigate pair-wise differences between as-

sessment types, shown in Table 3.2.3 (also Appendix B). We used a Bonferroni correction to

account for inflated type 1 error, which resulted in threshold of α = 0.008 for statistical sig-

nificance. A pair that is statistically significant suggests the percentages of absent, assessed,

and eliminated problems is different between the two assessment types; whereas no statisti-

cal significance suggests the pair has a similar distribution. There were statistically significant

differences between exams and quizzes (p < 0.001), homework assignments and quizzes (p

< 0.001), and quizzes and the qualifying exams (p < 0.001). The difference between in-class

exams and qualifying exams was not statistically significant (p = 0.35). There was no statis-

tically significant difference between homework assignments and the qualifying exams (p =

0.027) or in-class exams and qualifying exams (p = 0.52). The difference between in-class

exams and homework assessments was also not statistically significant (p = 0.015). The home-

work assignments tended to eliminate more decisions compared with other assessment types

because they were intended to practice specific skills or concepts. This focus was achieved

by providing additional direction (e.g., identifying assumptions to make or assigning a frame-

work to apply); thereby eliminating more problem-solving decisions. Quizzes had more absent

decisions than other assessment types. The quiz questions tended to probe basic conceptual

knowledge and calculation skills, which limited the need for decision-making.
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Table 3.2: Post-hoc analysis with Fisher’s exact test. A Fisher’s exact test was conducted
for each pair of assessment types. The p values are reported. A Bonferroni correction was
used resulting in a threshold of α = 0.008 for statistical significance. ∗ indicates the difference
between the pairs was statistically significant with a Bonferroni correction.

Assessment
Differences

Qualifying
Exam

Exam Quiz

Qualifying Exam - - -
Exam 0.52 - -
Quiz < 0.001∗ < 0.001∗ -
Homework 0.27 0.015 < 0.001∗

3.2.4 Discussion

First-year graduate students were assessed on four decisions frequently, and these decisions

were similar across the core courses. These four decisions can readily appear in textbook-style

problems, which represent most of the assessments investigated and aligns with the findings

of Montgomery et al. [19]. Twenty of twenty-nine decisions were not practiced at all. This

finding is consistent with the lack of problem-solving skills present in undergraduate physics

[19] and the emphasis on content knowledge in physical science courses [36].

In-class exams and the qualifying exam had similar distributions of decisions, while quizzes

differed from each assessment type. The quiz problems investigated typically probed one spe-

cific conceptual or mathematical proficiency, which was likely due to the shorter timeframes

allotted for quiz problems. Therefore, more decisions were absent in homework problems. On

the other hand, homework problems were typically broader problems which had the scopes

limited to specific concepts or mathematical proficiencies. While these differences were not

statistically significant, homework problems seemed to eliminate more decisions to target a

specific goal. While these assessments have qualitative differences, the general absence of

decision-making opportunities is a commonality and was consistent across all subject areas.

While many of these decisions were not required to solve the problems we analyzed, the

problems could have been reworked to allow more room for decision-making, even within more

traditional assessment formats. For example, considering how good the solution is (D26) can

be applied in nearly all cases by asking students to explain the limitations of their solution at
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the end. Students could also be offered an opportunity to explicitly explain where they had

trouble (D25) rather than simply lose points. Many of these decisions may require a more

intentionally designed question or assessment structure than that of a textbook-style problem.

For example, determining appropriate conclusions based on data (D21) may require problem

statements or solutions more involved than one numerical answer. To improve the practice of

decision-making, courses may need to alter the existing course structure, assessment types, or

types of problems provided. While decision-making can be practiced simultaneously with other

course goals, time spent on these decisions needs to be diverted from other areas. Instructors

must determine how to distribute practice to reflect the importance of their course goals.

3.3 Decisions Expected of Students

3.3.1 Methods

To investigate which decisions that instructors of graduate physics courses expect their students

to be able to make, semi-structured interviews were conducted with 11 instructors. All instruc-

tors were unpaid volunteers who taught a core graduate-level physics course at a U.S. university

in the five years prior to the interview. The instructors were recruited through the professional

networks of the authors and were all tenured faculty at large research-intensive institutions. The

research interests of the two experimentalists and nine theorists included atomic, molecular and

optical (AMO) physics, condensed matter, particle physics, plasma physics, and space physics.

Though this is heavily biased toward theoretical physicists, the framework of decision-making

was derived to be applicable across theory, experiment, and applications among many STEM

disciplines. The courses included CM, EM, QM, and SM. Three instructors taught CM, three

taught EM, three taught QM, and five taught SM. Some instructors had experience teaching

more than one of these courses. Though the course content varied slightly by institution and

instructor, we were focused more on the expectations of the instructors for problem-solving

skills among first-year graduate students. Additionally, we note that CM was only a required

graduate course at one of the institutions.

M. E. R. conducted all interviews, each of which lasted between 45 and 75 minutes. The

interview consisted of an open-ended and closed-ended portion. The open-ended portion was
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conducted to probe which learning goals the instructors had in their courses that were not

related to content knowledge (see protocol in Appendix C). This portion was conducted first to

avoid biasing the responses towards our chosen theoretical framework of problem-solving as

decision-making with limited information. This allowed the researchers to identify whether any

of the instructors’ stated goals for the introductory courses could not be categorized in terms

of Price et al.’s framework [34]. After the instructor exhausted their ideas, the closed-ended

portion began. In this portion, instructors were given the definitions of each of the decisions

identified by Price et al. and asked to identify whether they would expect a physics graduate

student to be able to successfully make that decision following their course. The interviewer

clarified the meaning of each decision as needed. There was sometimes discussion of the

decision between the interviewer and the instructor that resulted in the instructor’s answer being

interpreted differently than stated or an instructor changing their answer. Most instructors gave

a clear binary (Yes or No) answer, but in some cases, the authors needed to infer this choice

from the reasoning the instructors gave.

M.E.R. and E.W.B. independently coded each interview transcript; they did not identify

any of the instructors’ stated objectives in the open-ended portion that could not be character-

ized in terms of decisions-to-be-made. For the close-ended portion, each decision was coded

as “expected of,” (i.e. the instructor would expect a student to be able to make that decision at

the end of their course) “not expected of,” “unrelated,” or “unanswered.” The code unrelated

occurred when instructors gave a response which did not address the current decisions, which

was typically relevant to another decision. The code unanswered occurred when instructors did

not provide answers about certain decisions, due to time constraints of the interviewee (one in-

terview concluded after discussing only 10 of the 29 decisions) or when instructors stated they

did not want to give a definitive answer after reading and discussing the details of the decisions

with the interviewer.

3.3.2 Results

The instructors provided definitive answers for a median of 24 of the 29 decisions (i.e., expected-

of or not-expected-of). Of the remaining five decisions, instructors gave responses that were
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unrelated for two, and were unsure of the remaining three (both median values). A decision was

only coded as unrelated or unanswered if no related response was found in either the closed-

or open-ended portion of the interview. Five instructors received at least one unanswered code,

leaving a median 2.5 decisions unanswered. 20 unanswered decisions were from one interview

which ended early, hence our choice to use median values to reduce the impact of this outlier.

No notable differences were noted by research interest or course taught. Below the decisions

are discussed by varying levels of support by faculty. The results, shown in figure 3.5, did not

produce clearly delineated groups of decisions. However, groups were used to report themes

and present the results concisely.

Figure 3.5: The percentage of codes for instructor responses to each decision.

High Support

The decisions which most of the instructors agreed that a first-year graduate student should

be able to make following their core courses are given in Table 3.3.2. The instructors were

unanimous that deciding on important features of the problem (D4) and deciding how the cur-

rent problem is related to previous problems the students have solved (D7), were expected of

first year graduate students. For D4, the general agreement was that identifying relevant versus

irrelevant information and key features (e.g., symmetries or the curved nature of a system) is

how problems are started to gain an understanding of what the problem is about. One instructor

stated,
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“You want to look at a physical situation and use your basic knowledge to say,

what is this problem? What do I need to try and understand to come up with a

solution?”
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Table 3.3: Codes for high-support decisions. A number and description are included from Price
et al.’s decision framework. [34] Expected of codes indicate the instructor expects students
to make this decision; whereas expected of indicates the instructor does not. Unrelated was
assigned for responses unrelated to the decision. Unsure or unanswered was assigned if the
instructor chose to not give a response after discussing the decision with the interviewer.

Code count

Decision Decision description Expected Not
expected

Unrelated Unsure or
unanswered

4 What are the important underlying
features or concepts to apply?

11 - - -

7 What are related problems or work
seen before, and what aspects of their
solving process and solutions might
be useful in the present context?

11 - - -

5 Which potential predictive framework
to use?

10 1 - -

6 How to narrow down the problem? 10 1 - -

10 What approximations or simplifica-
tions are appropriate?

10 1 - -

26 How well does the solution hold? 10 - - 1

23 Are previous decisions about simpli-
fications and predictive frameworks
still appropriate?

9 - 1 1

8 What are potential solutions? 8 2 - 1

11 How to decompose the problem into
more tractable sub-problems?

8 2 1 -

16 What calculations and data analysis
are needed?

8 2 1 -

20 If a result is different than expected,
how should you follow up?

8 2 - 1

15 What is the specific plan for getting
additional information?

8 3 - -
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This was similar to the reasoning of the other interview participants and aligns with Price

et al.’s [34] description, which includes finding a suitable abstract representation of core ideas

such as an equation in physics. When considering similar problems (D7), one participant re-

marked:

“It might be a problem you haven’t experienced and or seen [a similar] problem

that might get you started.”

Another participant qualified this response, distinguishing between memorizing problem-types

and matching solution methods:

“Yes, with some caveats. You’re not trying to pattern match and memorize a previ-

ous problem. You’re trying to pattern match how did you solve that problem.”

These sentiments are similar to what Price et al. [34] describe as identifying what aspects of a

related problem’s problem-solving process and solutions might be useful.

Decisions 5, 6, 10, 23, and 26 had near-unanimous agreement, with 9 to 10 of 11 faculty

indicating they would expect graduate students to be able to make these decisions following

core coursework. what “predictive framework” or mental model is appropriate for the question

(D5) was often justified by responses such as

“Yeah, when I teach physics, I ask students to have a model in their mind. It can

be different than you thought, but you have to ask yourself why your approach was

wrong. Don’t just trust what you’re deriving.”

This response mentions both the need for a guiding model or theory, but also the flexibility to

revisit the appropriateness of that model later (which is a different decision, discussed below).

One faculty member disagreed because they thought of predictive frameworks as “givens” in

the context of coursework:

“You know, what you do at a core-graduate course is usually kind of the opposite.

You have a framework, and you choose the problems that illustrate the frame. But

you definitely want to tell them why the framework applies to this particular prob-

lem. So, what is it about this particular problem that I can take this tool that I have

and use it on this. And so that when you see it again, you’ll know what to do.”
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This faculty member suggests that, in coursework, students should apply a given framework

rather than selecting the appropriate framework for a given problem. Price et al., includes

creating or deciding among possible predictive frameworks as making this decision, which is

not conducted if the framework is provided [34]. However, Price et al.’s description aligns with

the views of the faculty members in support.

“sometimes the approximations don’t even have to be accurate. They just have to

give you insight. So, an approximation can be inaccurate, but you can still learn

something by analyzing under that approximation.”

Second, faculty suggested that students should understand when an approximation is appropri-

ate or invalid:

“Start identifying situations where one approximation is good, or one approxima-

tion is not good. For example, if I have something that is near a minimum, it looks

like a parabola, if I give too much energy and now it’s not. . . near that minimum,

will that solution still be the same?”

One faculty member was hesitant to let students select approximations, since student-selected

approximations may lead to solutions which obscure the desired findings of the problem:

“if I don’t tell them take this approximation. . . They often will get started on things

that seem not very interesting to me.”

Price et al., describes this decision as determining which approximations are appropriate, align-

ing with the second idea described by faculty [34]. The first idea describes a potential applica-

tion of this decision.

D6, how to narrow down the scope of the problem, had a high consensus with 10 faculty

saying they expected this of students and no faculty disagreeing. One faculty member attempted

to relate this to a degrees-of-freedom analysis:

“We go from six degrees of freedom to a one-dimensional problem. Or learning

about symmetries, if I know that this half is the same as this half then I only solve

half of the problem.”

35



However, this description of taking a complicated problem and simplify it to something solv-

able is more closely aligned with D10. Price et al. suggest that D6 is more accurately char-

acterized by behaviors such as focusing on one piece of a system; for example, a soft-matter

physicist might only focus on the results of the motion of self-propelled particles rather than

the chemical, optical, or electromagnetic stimuli that direct that motion [34].

Checking whether assumptions or simplifications are appropriate (D23) was identified as

expected by all 9 faculty who answered the question. The responses support reflecting on work

and evaluating approximations made, with one participant describing this process as having,

“something that looks like an appropriate solution, but when you think about it

more carefully, they miss something. And the thing you’ve missed can lead you in

a while different direction.”

Incorrect approximations occur, so identifying the approximation as incorrect during the solv-

ing process is necessary. Another response describes the utility of this skill in identifying false

pattern matching:

“If it pattern matches it might be wrong to match it for a particular reason. . . it

looks like you can do this simplification here; it worked fine in this case, but it

doesn’t work in this case.”

These statements, along with the responses for D10, suggests that faculty value students’ abil-

ities to not only make assumptions and simplifications, but to reflect on those choices and

identify whether they were reasonable.

Similarly determining how well a particular solution holds (D26) was identified by all

10 faculty members who answered that question as something expected of graduate students

following coursework. The responses were unified around the idea that checking your solu-

tions, which can manifest as checking limits, checking units, proportional reasoning, etc., is an

essential skill for physicists. One response described it as,
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“look at your result; make sure the units make sense. Then check if the concepts are

consistent with what you learned. Maybe it’s when the distance goes up the quan-

tity should go down, but [if] your quantity goes down, there’s something wrong.

So, you go back and check your calculations.”

This aligns with the definition of Price et al., which includes exploring failure mode and limi-

tations or applying a does it “make sense” test [34].

Decisions 8, 11, 16, and 20 were generally considered to be expected of graduate students,

though each decision had two participants who dissented. Participants generally thought that

identifying potential solutions (D8) was important because having an approximate answer in

mind is beneficial:

“have an idea what you expect the answer to be before you solve the problem.

Not the number but roughly ballpark.” Others saw value in trying to predict the

solution method: “maybe see a particular geometry and it brings up spherical

harmonics.”

The difference between predicting an answer or solution depends on the problem statement,

but those in support see value in this approximate predictive ability. One faculty member who

disagreed said,

“That works for the freshman level when you have two-step problems. At the grad-

uate level, when you want to measure the probability of the system in a certain

state. . . When you go to the graduate level it’s generally a multi-step problem,”

suggesting that considering potential answers is too challenging for certain problems to be ex-

pected of students. Price et al., describes this decision as determining potential solutions based

on experience or identified criteria of key features, aligning with the sentiments of those in

support [34]. The faculty member opposed to the decision describes a case where this expertise

may not exist.

Deciding how to decompose a problem into subproblems (D11) was generally supported

because faculty believed that students should be able to both break up large problems into a set

of smaller problems and then solve each smaller problem. One participant said,
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“You know that to solve these problems you will have to break it into steps. You

should be able to design this process.”

Those opposed said that students are typically given the subproblems, removing the need to

exercise this decision:

“generally the things you do in the first-year graduate courses, it’s already [a

subproblem].”

Price et al., describes this decision as decomposing a problem to tractable subproblems which

can be independently solvable pieces, aligning with faculty in support [34].

Faculty generally expected students to be able to determine which calculations and data

analysis are needed (D16), though some were thrown by the mention of “data analysis,” which

is not typically considered in lecture-based physics courses. The responses in support described

representing the system in equations as important:

“You have to be able to relate [the mathematical techniques] to the physical con-

cepts. . . Math is how we talk. You have to speak precisely. Only when you connect

[math and physics concepts] are you a good physicist.”

Responses opposed focused more on the data aspect of the decision:

“In our class it’s only conceptual. Some teachers may ask them to do real world,

give them a real set of data. . . it may not be that relevant.”

These responses suggest that physics faculty view calculations and data analysis as separate

ideas, despite the original problem-solving framework identifying them as different manifes-

tations of the same cognitive process. Price et al., includes determining and conducting the

necessary calculations to determine a solution, which is not exclusively data analysis [34].

Faculty responses align with the calculation aspect of this decision, but not the data analysis.

Faculty again were generally in support of students being able to identify significant

anomalies in their answers (D20) Faculty in support expressed interest in students being able

to determine the next steps after encountering an unexpected result:
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“You rethink what you expected and look at the math, maybe your calculation is

wrong. . . Then check if the concepts are consistent with what you learned. Maybe

it’s when the distance goes up the quantity should go down, but your quantity goes

down, there’s something wrong, so go back and check your calculations.”

The instructors mentioned identifying areas in the work which could lead to this unexpected re-

sult, questioning the concepts applied and reassessing the methods used are expected follow-up

strategies. While the exact methods suggested differed between faculty members, these meth-

ods attempt to identify the cause of the unexpected result. Price et al. describes this decision

as identifying if the anomaly fits within an acceptable range of the predictive framework or

acceptable levels of uncertainty and determining how to follow up on this anomaly. [34] This

description aligns with what the faculty members expect of students. On the other hand, two

responses suggested this decision is more appropriate for research or upper-level classes:

“This is really sort of a research skill. . . That would be nice to try in a quantum

2 course where there’s more freedom. In quantum 1 there is some pressure to get

through some material.”

Their concern was the contexts that exist in the course are not involved enough to warrant

making this decision.

Determining a specific plan for getting information (D15) was largely supported by fac-

ulty; however, 3 faculty indicated this decision was not expected of this level. One participant

expressed their expectation is not for students to

“recognize immediately that I expect them to use this equation, but to have to think

through for themselves what the [question] means [and] in which techniques and

methods they should use.”

A general expectation among those in support is for students to determine a set of steps and

tools to apply to solve a problem. Faculty members who were opposed believed there was no

additional information to solve for. One participant expressed this as,

“when we give [first-year graduate students] a problem, we give them enough

information to solve it, so I don’t think we do that in graduate course.”

39



The main difference among the groups was the interpretation of “additional information.” Price

et al., suggest the solution to a problem is “additional information,” aligning with faculty in

support of this decision [34]. Responses opposing this decision were focused on a specific

aspect of this decision.

Moderate Support

Nine decisions were expected by most instructors, but there was a more substantial number

of opposing viewpoints compared to the previous decisions reported (Table 3.3.2). Instruc-

tors occasionally described ways these decisions were or could be conducted in certain course

structures. For example, an instructor who incorporates a group project in their course shared

their expectation for determining the best way to present work (D29) as

“in a [project-based assignment] they will need to clearly present their project to

someone else. . . their peer would need to understand.”

However, a different instructor did not see a need to develop D29 before students began pub-

lishing papers:

“Those are important things when we train graduate students to write a paper.”

Not all responses depended on if the decision was already present in the instructor’s current

course. An instructor said that identifying the information needed to distinguish between po-

tential solutions (D13) is

“something that should be a part of [the course] but probably isn’t.”

They proceeded to describe an example to incorporate this decision, which involved distin-

guishing between perturbation theory and the variational method. Instructors opposed to these

decisions believed these decisions were more appropriate in upper-level courses or research.

40



Table 3.4: Codes for moderate-support decisions. A number and description are included from
Price et al.’s decision framework. Expected of codes indicate the instructor expects students to
make this decision; whereas expected of indicates the instructor does not [34]. Unrelated was
assigned for responses unrelated to the decision. Unsure or unanswered was assigned if the
instructor chose to not give a response after discussing the decision with the interviewer.

Code count

Decision Decision description Expected Not
expected

Unrelated Unsure or
unanswered

29 What is the best way to present the
work to have it understood and its cor-
rectness and importance appreciated?

7 3 - 1

3 What are your goals for this problem? 6 2 1 2

13 What information is needed to solve
the problem?

6 4 1 -

13 What to prioritize among many com-
peting considerations?

6 2 2 1

27 What are the range and contexts
where solution applies, and what are
the broader implications? What out-
standing problems in field might it
solve? What novel predictions can it
enable?

6 3 1 1

Low Support

The remaining eight decisions received low support (i.e., a minority of instructors indicated

they were expected of first-year graduate students; see Table 3.3.2). These decisions also had

a higher number of “unsure” and “unrelated” responses. Instructors more commonly stated

these decisions are not appropriate for a first-year course, may be appropriate for upper-level

courses, and are valuable in research. A frequent justification for practicing these decisions

later was the challenge of incorporating practice into a first-year course, due to the types of

problems assigned. One instructor responded on their expectation of students identifying the

best solution (D22) as

41



“to some degree, yes. But I don’t think we have too many options. . . I don’t think

there’s [much] room to choose [the] best.”

The types of problems this instructor assigned didn’t lend themselves to having multiple solu-

tions. The instructor had an interest in students making this decision but thought incorporating

this decision would be challenging. Similarly, this difficulty can arise from the course not

including necessary datasets to practice representing and organizing information (D17):

“In order to really do something with them, you need more comprehensive data for

them to analyze... not just one number in the end.”

One faculty member stated that determining if additional knowledge is needed (D24) did not

appear because

“in a course the problems are more thought out and should be solvable.” “in a

course the problems are more thought out and should be solvable.”

This idea of the decision not being compatible with first-year problems was also used against

evaluating new information (D19); determining appropriate conclusions form data (D21); de-

termining if a problem is solvable (D9); and determining if the information is believable (D18).

Arguments against the remaining decisions were that these decisions were beyond what is ex-

pected of students. For example, an instructor discussed identifying important questions and

determining where the field is heading (D1),

“to be successful, as a physicist, you have to be thinking about question number

one all the time, but for the course that’s not the emphasis.”

These decisions were again identified as important, but not at this level.
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Table 3.5: Codes for low-support decisions. A number and description are included from Price
et al.’s decision framework[34]. Expected of codes indicate the instructor expects students
to make this decision; whereas expected of indicates the instructor does not. Unrelated was
assigned for responses unrelated to the decision. Unsure or unanswered was assigned if the
instructor chose to not give a response after discussing the decision with the interviewer.

Code count

Decision Decision description Expected Not
expected

Unrelated Unsure or
unanswered

17 What is the best way to represent and
organize available information to pro-
vide clarity and insights?

5 3 - 3

22 What is the best solution? 5 4 - 2
25 How well is the problem-solving ap-

proach working and does it need to be
modified including do the goals need
to be modified?

5 2 1 3

28 What is the audience for communica-
tion?

5 5 - 1

19 As new information comes in, par-
ticularly from experiments or calcula-
tions, how does it compare with ex-
pected results?

4 4 1 2

21 What are appropriate conclusions
based on the data?

4 5 - 2

1 What are important questions or prob-
lems? Where is the field heading?
Are there advances in the field that
open new possibilities?

3 4 2 2

12 Which are areas of particular diffi-
culty and/or uncertainty in the solving
process?

3 5 1 2

2 If and where are the
gaps/opportunities to solve in
field?

2 6 1 2

9 If the problem is solvable and its solu-
tion worth pursuing given the difficul-
ties, constraints, risks, and uncertain-
ties?

2 7 1 1

18 Is information valid, reliable, and be-
lievable?

1 6 2 2

24 Is additional knowledge/information
needed?

1 6 1 3
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3.3.3 Discussion

All the instructors interviewed agreed that each of the 29 decisions were important for grad-

uate students to learn at some stage of their career. As this set of decisions is theorized to be

a complete description of the scientific problem-solving process, this suggests that scientific

problem-solving is an important goal of physics graduate education. This is unsurprising given

the extensive testing of the decision-making framework that Price et al. conducted with a panel

of scientists, engineers, and physicians during their coding process [34]. We identified a subset

of 11 decisions that the instructors thought a physics graduate student should be able to make

by the end of their first year. This subset includes important features and information (D4),

what predictive framework (D5), related problems (D7), potential solutions (D8), approxima-

tions or simplifications (D11), how to decompose into sub problems (D11), specific plan for

getting information (D15), which calculations or data analysis (D16), any significant anoma-

lies (D23), and how good is the solution (D26). Montgomery et al. (2023) found that typical

undergraduate physics courses typically only offer room for making three of the 29 decisions.

As our faculty identified 11 of the decisions as appropriate for first-year graduate students, this

suggested the possibility that graduate physics courses may incorporate more decision-making

than undergraduate physics courses. However, it is also not uncommon for instructors’ intended

learning outcomes to be misaligned with their assessments [21].

The remaining 18 decisions did not receive a strong consensus in support; however, in-

structors highlighted the value of these decisions as professional or upper-level courses. Some

decisions were not expected of students in a classroom setting because they were either not

seen as appropriate for first-year students, or they were not seen as feasible to implement in

the classroom. For example, how to represent and organize information (D17) was mentioned

as hard to incorporate without introducing comprehensive data to analyze. Additionally, some

instructors did not know how some of these decisions could be taught or practiced in a class,

e.g., an instructor mentioned the importance of additional knowledge needed (D24), and the

difficulty of trying to incorporate it because their first-year problems contain all the relevant in-

formation. Their idea of typical first-year problems either removed or did not include necessary

elements to make these decisions necessary. For some decisions, instructors were hesitant to
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give a definitive answer (see Low Support above), which could have been due to fatigue (being

later in the interview) or trouble understanding the decision itself. This is likely a limitation of

our methodological choice to not define the decisions for the faculty members, or to provide

examples from Price et al. [34]. Because the purpose of this study is not to quantify which

decisions are supported and by how many faculty more generally, it does not affect the main

takeaways. Implications for future research are discussed below.

This subset of expected decisions is consistent with solving problems that have clearly

defined goals, all necessary information provided, and answers requiring limited analysis. The

responses from the instructors in this study seem to support previous findings which argue

that physics classes tend to have “curricular coherence,” which is where students learn in a

structured fashion that builds layers of knowledge sequentially [30, 31]. Bernstein argues that

physics classes exhibit both “strong classification” and “strong framing,” meaning the bound-

aries between core physics concepts and the organization of curricular structure in physics

tends to be rigid [29]. Indeed, many studies have shown that physics classroom instruction of-

ten causes students to shift their epistemologies more toward classroom physics and away from

expert conceptions of doing physics [37]. Sin posits that graduate students begin to experience

the uncertainty inherent in physics knowledge, amidst a social-constructivist epistemology [38],

when working on research projects [27].

Sin claims that physics instruction exhibits a positivist epistemology [27], which places

knowledge as absolute truth with little room for interpretation. The positivist epistemology

stands in stark contrast to how physics is practiced as a profession, which involves making

sense of nature amidst uncertainties. Indeed, Price et al. define an “authentic problem,” as

one not only where the solution path is not known to the solver, but one where it is not known

whether a solution even exists [34]. Their framing of problem-solving as making decisions with

limited information, which suggests the possibility of multiple solutions and/or solution paths,

clashes with notion of the physics classroom as positivist. One could interpret our findings

as in support of this framework of physics instruction, in that there is little room for decision-

making. However, as many of the instructors knowledge, there are often logistical and practical

challenges that may prevent the incorporation of decision-making into these classes, such as
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limited instructional time, the difficulty this would cause with grading, or limited resources for

the instructors to develop such activities.

3.4 General Discussion

We attempted to identify the extent to which graduate students were able to practice decision-

making in their core coursework. We found that four decisions were regularly practiced, but

that eleven decisions were identified by instructors as something they would expect of their

first-year students. These findings suggest there is a mismatch between the expected learning

outcomes and the practice conducted in first-year courses. This is similar to findings in instruc-

tional design literature, wherein faculty seem to have expectations for student outcomes that

are not being explicitly assessed (and therefore, not practiced). This is consistent with Redish’s

notion of the “hidden curriculum” of physics – there are parts of physics enculturation and

learning that are not made explicit [22]. Many experts are clearly developing these decision-

making skills despite not being made explicit. These findings highlight first-year courses as

an area to better develop these skills, especially for those who otherwise may not have figured

out the “hidden curriculum.” Explicitly assessing these skills may allow instructors to better

gauge incoming preparation and adapt teaching and practice to their students’ needs. Future

investigations should also focus on what graduate instructors expect students to be able to do

coming into their courses versus leaving their courses.

Both analyses reinforce the strong framing and strong classification associated with physics

instruction. The instructors’ notions that some problem-solving skills are only important at

later stages in students’ career development shows the rigid conceptions of the progression of

learning physics (strong framing). Similarly, the thoughts that some decisions were impracti-

cal to incorporate into coursework shows evidence of strong classification, e.g., what should or

should not be in a physics course. This is reminiscent of the trajectory of expertise development

illustrated by Schwartz et al. [39] They conceptualized “adaptive expertise” (closely related to

Price et al.’s framework [34]) as a trajectory in a two-dimensional space of “efficiency” and

“innovation.” In this model, students need to both be fluent in basic skills like calculations and

concepts and be able to apply that in novel and creative ways to become ‘adaptive experts.’
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They suggest an approach where you make incremental progress along both axes in small in-

crements (e.g., become fluent in solving differential equations, then using that to build a model

of a novel electromagnetic system). However, the rigid nature of physics curricula seems to

suggest that students need to become completely efficient before being engaged in innovation.

That is, there is a core set of physics knowledge, mathematical techniques, and canonical prob-

lem types that must be mastered before applying those ideas to novel situations which require

decision-making.

The assessments analyzed appeared to be content focused, including limited problem-

solving decisions to be made, consistent with this positivist notion of physics learning. The

similarities between decision-making in first-year graduate courses and upper-level undergrad-

uate courses are not entirely surprising, as they are often one to two years apart, and at this

institution, may have substantial content overlap. However, faculty’s agreement that all the

decisions were important things for graduate students to eventually learn – either through ad-

vanced coursework or research – emphasize the need for students to develop proficiency with

these decisions. While the instructors seemed skeptical of doing this within courses, Mont-

gomery et al. illustrated how a capstone course at a highly selective university offered much

more room for decision-making (26 of the 29 decisions) [19]. There are also other examples,

including one from engineering that show so-called “cornerstone” design-based courses can

also develop decision-making skills [40].

3.4.1 Limitations and Future Work

There are limitations to this investigation. First, the assessments investigated were from a single

institution in one academic year, and thus may not represent the full extent of decision-making

in graduate physics coursework more broadly. However, these assignments were written by

physics faculty from a wide variety of subfields, experience with teaching, and graduate de-

grees from a wide variety of institutions across the world. Similarly, we have no reason to

believe that the extent of decision-making practice would be any higher or lower at this institu-

tion compared with others. Indeed, similar results from Stanford’s upper-level undergraduate

courses were reported by Montgomery et al. [19] Secondly, a small sample of eleven faculty
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were interviewed for the second piece of this study, again reflecting a limited set of viewpoints

about the place of decision-making in graduate coursework. Though this sample of faculty

represented multiple institutions, the precise estimate that 11 decisions are expected is likely

not an accurate number. A more reasonable conclusion is that instructors do not expect first-

year graduate students to be completely proficient scientific problem-solvers by the end of their

first year, but that these expectations are likely shaped by a pervasive positivist standpoint in

physics education, rather than reflecting any limitations in the capabilities of first year graduate

students or the feasibility of incorporating more decision-making into coursework. However,

this does suggest that instructors expect more problem-solving skills of their students than they

are given the students opportunities to practice or demonstrate.

It would be valuable to extend this study to a wider population of graduate physics faculty

nationally as a way of characterizing the state of graduate physics education. This is particularly

important as emphasis in education shifts toward adaptive expertise and problem-solving skills,

rather than mathematical routines which may now be largely automated. An extended study

may also investigate instructor course goals more broadly to understand the relative importance

of problem-solving skills compared to mathematical fluency, conceptual understanding, etc.

Given some of the uncertainty and unrelated answers among faculty respondents, we would

recommend that the survey not only provide the definition of the decision, but one or two

examples of how that might manifest in physics.

There remain substantial challenges to redesigning graduate physics instruction to em-

phasize decision-making. First, educational change literature indicates that unseating the idea

that physics instruction is supposed to be done a certain way will be difficult (e.g., [32, 41]).

Second, designing static tasks that practice and assess many of these decision-making skills

is difficult for instructors to learn how to do. This is again, in part, due to their mindset that

physics classes are executed in a certain way. Wieman and Price have provided general guid-

ance for writing such problems in a recent book chapter [42]. We are also in the process of

developing and testing such problems to use in graduate quantum mechanics to provide more

concrete examples to physics faculty, and plan to eventually develop a suite of assessments and

activities suitable for a graduate-level physics curriculum.
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4.1 Introduction

Graduate education has received relatively little attention in physics education research com-

pared with the vast literature on undergraduate education. Most research on physics graduate

programs consists of national statistics on PhD completion rates [1], admissions data [2, 3],

demographics of degree recipients, and career trajectories of recent graduates [4]. While these

data provide valuable insight, they say little about the quality of graduate teaching – i.e., what

are our students learning in their graduate education? There have been a few studies looking at

graduate students’ conceptual understanding in Quantum Mechanics (QM), which have shown

that, like undergraduate education, didactic instruction results in small learning gains compared

with research-based instructional methods [5].

Despite the static nature of the goals and structure of graduate programs, Harshman [6]

highlights that those may not be serving students well. In particular, graduate education may not

prepare students for careers outside of academia [7]. According to national statistics, only 49%

of physics PhD recipients will be in an academic career after graduating, including postdoctoral

appointments [4]. Thus, the current structure of graduate programs is tailored to only a fraction

of the student population. Furthermore, among those who work in the private sector, only 34%

of graduates do work related to physics. Many may end up in finance or data science, for

example. However, over 90% of PhD recipients, regardless of sector, report that they solve

technical problems daily [4]. We thus posit that the true goal of graduate programs should

be to teach students transferrable real-world problem-solving skills. Some may argue that

programs are already doing that, but there is little to no rigorous research to support such

claims. Developing a practical and accurate way to measure problem-solving is a key step in

designing activities that develop this skill. Instructors need to (1) identify learning goals, (2)

design ways to measure whether students have achieved those goals, and (3) design activities to

support those goals. In the context of scientific problem-solving, we have addressed point (1) in

a previous study [8]. The focus of the current study is point (2), which will lay the groundwork

for the design of educational interventions (3).
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For the current study, we focus primarily on an assessment of problem-solving in QM. The

assessment measures the ability to make expert decisions (discussed in Theoretical Framework)

and is intended for first-year graduate students in QM. Researchers have recently argued that

problem-solving cannot be measured independently of disciplinary knowledge [9, 10] because

authentic problem-solving requires the application of discipline-specific knowledge [11–13].

Physics somewhat uniquely among other science disciplines maintains a core set of canonical

knowledge in graduate education (“strong framing” [14]): classical mechanics, statistical me-

chanics, electromagnetism, and QM. Students often have difficulties in learning QM compared

with these other subjects because of its drastically different knowledge structure compared to

classical systems [15]. As the United Nations International Year of Quantum declaration indi-

cates, being able to use and apply QM is going to be an essential skill for future physicists. We

thus focus this study on problem-solving in QM but discuss the implications in relation to other

physics domains at the end of this article.

4.2 Literature Review

4.2.1 Definition of Problem Solving

Problem-solving has long been studied in discipline-based education research (DBER) and

cognitive science [12, 16–20]. It is defined in the 2012 National Academies report on DBER

as being “required whenever there is a goal to reach, and attainment of that goal is not possible

either by direct action or by retrieving a sequence of previously learned steps from memory”

[21, 22]. Researchers further draw a distinction between well-defined and ill-defined problems

[19]. In well-defined problems the initial conditions, goal, and constraints on the solution are

all specified clearly. In ill-defined problems, students may have to define problem-components

on their own [20] and the means of generating the solution may be unclear. The latter are the

kinds of problems students will have to solve when they enter the scientific workforce.

PISA [23] defines problem-solving competency as “an individual’s capacity to engage in

cognitive processing to understand and resolve problem situations where a method of solu-

tion is not immediately obvious. Heller defines problem solving as “the cognitive process of

moving towards a goal when the path is uncertain” [16]. Similarly, Adams and Wieman define
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problem-solving as “cognitive processing directed at achieving a goal when no solution method

is obvious to the problem solver” [17]. All three definitions emphasize that for true problem

solving to occur, the solver does not know, at least initially, how to solve the problem. This

suggests an important distinction between “authentic problems” and “exercises”. Typical text-

book problems are “exercises” because to solve them, students are required to apply a known

procedure. The designation of a task as an “authentic problem” is thus dependent on the solver:

if they know how to solve it, it is, by definition, not an authentic problem.

To understand how these real-world problems contrast with a typical physics problem

(“exercise”) see Table 4.2.1. Though the textbook problem is difficult (and at the graduate

level), it offers no room for students to make decisions. The students are told which model

to use (first order degenerate perturbation theory), what the goal of the problem is (solve for

corrections to the eigenvalues), and, though the procedure is difficult and involves multiple

integrals, the solver is simply executing a well-defined procedure. Indeed, Price et al. [13]

extend the definition of authentic problem-solving to include the possibility that a solution may

not exist at all, unlike previous frameworks.

Table 4.1: Example textbook problem (left) versus an authentic problem written by an atomic
physicist (right).

Exercise Authentic Problem
Using first order degenerate perturba-
tion theory evaluate the correction to
the eigenstates of the n=2 levels of
hydrogen in a constant electric field
that is directed along the z-axis of the
atom.

You wish to look for evidence of nuclear decay of el-
ements generated in supernova explosions. The large
amounts of neutral cobalt isotopes generated in the su-
pernova will undergo nuclear decay into nickel via beta
radiation. If the cobalt atoms are in the ground state, what
eigenstates would you expect for the resulting nickel
atoms after the nuclear decay and how might you detect
their presence?

4.2.2 Expert-Novice Differences in Problem Solving

Much of the work on physics problem-solving has studied the differences between novice and

expert problem-solvers [16, 17, 24–28]. Many studies have shown that students often learn

how to solve quantitative problems by plugging values into algorithmic equations and pattern

58



matching, and thus are not developing the necessary skills to transfer their understanding to

unseen situations [29–34]. There is also substantial research on the use of representations in

physics problem-solving [19, 25, 35, 36]. Representations describe the depth of considera-

tion of the problem-solver (are they representing only the surface features of the problem or

are they representing the deeper physics?). Representations also refer to ways in which the

problem-solver is depicting the problem; pictures, free body diagrams, equations, graphs [25].

Experts typically exhibit a pattern of representations whereby they first construct a pictorial

(or diagrammatic) representation, then a physical representation (like a free body diagram),

and finally a mathematical representation. Experts have been found to be particularly skilled

in transitioning between these various representations [35]. Experts engage in more analysis

while “novices are more likely to behave mechanically or algorithmically, producing multiple

representations without being able to make much use of them” [25].

Several studies have found differences in both the knowledge structure and the problem-

solving strategy typically used by experts compared to novices. Reif & Heller found that the

main difference between novices and experts was how they organized and used their knowl-

edge in the context of solving a problem [34]. Experts organize their knowledge in a structured,

cohesive way and can activate these knowledge structures when they are needed. Novices typ-

ically do not have these knowledge structures; rather their knowledge consists of random facts

and equations that are context-specific and lacking in conceptual meaning [37, 38]. Experts

redescribe the problem and use qualitative arguments to plan solutions before describing the

details of the problem from a mathematical perspective. Novices tend to rush to quickly string

together various, miscellaneous mathematical equations [34].

Adams and Wieman found that, when solving problems, experts spend more time ana-

lyzing, planning, and managing their own behavior than novices and generally, demonstrate

a more holistic and systemic approach. Heller [16] found that experts usually follow specific

steps when solving a problem: understanding the problem, determining the concepts, making

the plan, solving the problem, and evaluating the outcome. Novices, on the other hand, first try

to solve problems by using mathematical expressions. Expert problem solvers take more time
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to understand the problem and the concepts involved as well as to explore the relationship be-

tween concepts. Novice problem solvers cannot establish these relationships, especially when

the problem is complex [16].

4.2.3 Measuring Problem Solving

In 2012, the National Academies identified a “pressing need” for measurement tools that as-

sess problem-solving skills at scale. At that time, there were some existing measurement tools

(based on prescriptive problem-solving models) in physics [39] and chemistry [40], but they

were not widely used. Since then, several assessments that measure problem-solving or criti-

cal thinking have been developed, but most share an assumption that problem-solving can be

measured independently of content knowledge.

Some researchers argue that expertise involves the application of discipline-specific knowl-

edge, and thus, higher-order skills like problem-solving and critical thinking cannot be mea-

sured independently of disciplinary knowledge and skills [9–11]. Most existing assessments

implicitly rely on some basic content knowledge such as static equilibrium and would thus

only measure problem-solving in that context. To our knowledge, there is no research on how

well these measured problem-solving skills correlate with problem-solving in other domains.

To say that problem-solving cannot be measured independently of content knowledge is not to

say that it is a non-transferrable skill. Indeed, many problem-solving frameworks focus on how

the solver draws upon their disciplinary content knowledge to solve the unknown problem at

hand. Thus, we are arguing that problem-solving skills are transferable, but whether a student

will be able to transfer those skills to a new scenario will depend on them possessing the rel-

evant content knowledge. That is, a physics student skilled in problem-solving would be able

to transfer these skills from QM mechanics to statistical mechanics provided that the requisite

content knowledge is there.

Most studies involving the measurement and assessment of problem-solving use inter-

views and/or think-aloud protocols. Students and experts are interviewed by researchers who

pose questions designed to understand the approach being taken to solving a problem. Think-

aloud is a semi-structured cognitive interviewing method in which a person is asked to verbalize
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their thought process as they do a specific task, during which they are recorded (on paper, audio

or video) for further analysis [41]. In the study published by Ali et al., 21 students were asked

to narrate their thinking while solving physics problems and all data were recorded [42]. Af-

terwards, qualitative interviews were held with the students. Interviews (or think-aloud record-

ings) are typically transcribed, and the text is analyzed and categorized (or coded) by several

experts in the subject-matter domain. Interrater reliability is monitored by measuring the level

of agreement between the expert coders to ensure validity. The interviews and generation of

codes are often iterative. Price et al., for example, interviewed 22 science and engineering ex-

perts about problem-solving expertise in their fields [13]. From the interviews, they generated

a list of decisions commonly made by experts while they are solving a problem. This list was

then refined and validated via a set of 31 semi-structured interviews. These interviews were

then coded for the decisions represented to characterize the problem-solving process.

There are some examples of assessments which use puzzle scenarios outside the realm of

disciplinary knowledge in STEM to measure problem-solving, such as the Colorado Assess-

ment of Problem-Solving (CAPS), developed by Adams [43], which measures strengths and

weaknesses on the forty-four components of problem-solving identified by Adams and Wie-

man [17]. CAPS does not rely on discipline-specific knowledge and thus does not measure

problem-solving expertise in the way we conceptualize it, and it is unclear how these measure-

ments correspond to problem-solving aptitude on authentic problems.

Rubrics are another common measurement tool used to evaluate students’ written work

and are often used as part of the methodology in problem solving studies. Halim et al. [44]

studied students’ ability to apply problem solving strategies in physics. Students were asked to

solve routine problems on paper and rubrics were used as the measurement tool. Burkholder et

al. developed a solution template for students to use as they solve problems [45]. Responses

to students’ problem solving using this template were collected and then the template was used

as a rubric for measuring how expert-like students’ problem-solving thinking was. Docktor

and Heller developed a rubric for assessing problem-solving skills in physics for which there is

evidence of validity and reliability [39]. This instrument is based on the prescriptive problem-

solving process outlined in Heller et al. [46]. Indeed, this instrument has also been shown to be
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effective when assessing “context-rich” problems, which more closely align with the authentic

problems students will have to solve upon graduation. The drawback to using rubrics is that

they are static, and thus do not capture how students react when provided with new information

about the problem they are solving.

4.2.4 Student Difficulties with Quantum Mechanics

Many studies on QM identify conceptual difficulties among physics undergraduates across a

variety of institutions [47]. Singh [15] reviews many of these conceptual difficulties for upper-

level undergraduate students. For example, students incorrectly thought particles lost energy

during quantum tunnelling [48], had difficulties identifying the possibility of bound or scatter-

ing states for a given potential energy [49], had difficulties with the concept of time dependence

in relation to expectation values [50], and had difficulties equating different representations in

Bra-Ket notation [51]. More recent studies identified additional difficulties in a conceptual un-

derstanding of quantum entanglement [52], difficulties in understanding the Fermi-Dirac dis-

tribution and fermi energy for both undergraduate and graduate students [53], and difficulties

representing a system of non-interacting identical particles [54]. These conceptual difficulties

may be hidden behind good performance on algorithmic problems due to strong mathematical

skills. However, authentic problem-solving would require both good foundational understand-

ing of these QM concepts as well as well-developed problem-solving skills.

4.3 Theoretical Framework

Our framework for operationalizing real-world problem-solving builds upon previous work

which defines problem-solving as a set of decisions that expert scientists make when approach-

ing a typical problem in their work. In that study, researchers interviewed over fifty experts

(here defined as an accomplished scientist, engineer, or physician, but not necessarily the most

exceptional person in their field) in science, engineering, and medicine [13]. Adapting the crit-

ical decision method of cognitive task analysis [55], they asked the experts to recount how they

solved a recent, routine problem in their work. This might be a difficult, but not exceptional
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Figure 4.1: Illustration of the problem-solving process in [13]. Illustration provided by Argenta
Price.

medical case, a challenging theoretical calculation, or the design of a new product or exper-

imental apparatus. From these interviews they identified a set of 29 expert decisions, all of

which were made by at least 80% of the experts interviewed in some combination [13]. For

example, they might decide what the goals of the problem are (decision 3), what assumptions

they can make (decision 10), what calculations are necessary (decision 16), whether informa-

tion gathered from experiments is reliable (decision 18), and what the potential failure modes of

the solution are (decision 23). This process is synthesized into a non-linear and iterative model,

illustrated in Figure 4.1. Examples of the expert decisions and how they were made by an ex-

perimental condensed matter physicist trying to determine if a given material is a topological

superconductor are given in Table 4.3.

With the key expert decisions of the problem-solving process identified, Price et al. sug-

gest that measuring problem-solving will thus require presenting the solver with a realistic

scenario, and then asking them questions that require them to make a subset of the 29 different

expert decisions [12]. Pellegrino et al. and the National Research Council in Knowing What

Students Know outline a framework for instructionally relevant assessments known as the as-

sessment triangle [56]; this framework defines assessment as a process of making reasonable

inferences about what students know from certain observations. This is represented by the

three vertices of the triangle: (1) a model of student cognition in the relevant domain (2) a set

of assumptions about the observations that will provide evidence of competence relative to that

model; and (3) a process of interpreting that evidence.
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Table 4.2: Selection of expert decisions from Price et al. [13] and an example of each expert
decision from a discussion with a condensed matter physicist.

Expert Decision Example from Physics
3) Goals, criteria, constraints? We set out to design a new type of experiment that would

tell us “topological or not topological?” but not anything
about details.

4) Important features and info? If it’s a topological superconductor, these are the num-
bers that are theoretically allowed to change when you
go through a phase transition. Other features relating to
the microscopic mechanisms of superconductivity don’t
matter for this problem.

7) Related problems? People have tried looking for this before, but by compar-
ing six experiments, which made the systematics over-
whelming - uncertainty gets blown up.

11) Decompose into sub-problems. Approach individual technical problems separately, like
how to transmit/measure sound through cables without
also bringing heat from room temperature?

14) Priorities. Need to prioritize approach to get some information
quickly even though it won’t be perfect, because build-
ing the perfect experiment from scratch will take too long
and we may have missed something obvious that we’d
learn about from the less perfect approach.

17) Represent and organize informa-
tion.

Measuring the sound velocity as a function of tempera-
ture, he saw something that kind of looked like this.

18) How believable is information? Does the data look right – does it match with what I ex-
pect this type of measurement to look like?

20) Any significant anomalies? We identified (some quantifiable, others not) a bunch of
different systematic effects in our experiment but were
able to determine that they’re not responsible for our re-
sult.

22) What is the best solution? We had to redesign some experiments and eventually got
some data that looked appropriate, and it turns out that
the right combination of them had the right number of
drops to tell us that this is a topological superconductor.

24) Additional knowledge needed? We had to go back into the literature and find other exam-
ples of where people have solved similar problems using
sound velocities. . . (also related problems)

26) How good is solution? We checked something called Ehrenfest relations and
they showed us that yes, our answer probably was cor-
rect.
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Our framework synthesizes Pellegrino’s assessment triangle with the model of cognition

described by Price et al.’s framework of problem-solving as scientific decision-making, fol-

lowing the set of decisions described above [13]. In their second paper, Price et al. outline

an assessment framework for observation and interpretation based on their model of cognition

[12]. The assessment framework begins with a problem scenario that contains both relevant

and irrelevant (as well as incomplete) information and requires some domain-specific content

knowledge to solve. Importantly, the problem context does not eliminate any decision-making

possibilities, for example, by specifying assumptions for the solver to make. To collect obser-

vations which align with this model of cognition, solvers are then asked guiding questions that

target higher-order decisions like key features of the problem, what information is needed or

what some potential solutions might be. It is essential that these beginning questions be general

to allow the participants space to make these expert decisions without explicit prompting (e.g.,

write a plan for how you would solve this). The questions then get more targeted and may

explicitly ask about information related to specific factors in case more novice solvers did not

make that expert decision earlier in the assessment. Another key feature of this assessment is

that it is not static – the solver is provided with more information (some of which they may not

have identified) and then must interpret that information and reflect on their problem-solving

process and solution. The assessments may iterate on these steps several times.

Price et al. present a novel way of interpreting the observations collected in these assess-

ments [12]. The scoring, they argue, should be based on (1) whether a student makes an expert

decision before being explicitly prompted through the built-in scaffolding and (2) whether the

student applies the correct reasoning and relevant information when making those expert deci-

sions. This is different from typical assessments which might only focus on the final answer

the student arrives at, and implicitly assumes that the assessment responses must be interpreted

in the context of current expertise in the field. This assessment structure guides the student

through an approximation of a complex problem-solving process and there is information at

each step about how a student made critical decisions. Another novel way of interpreting stu-

dent responses is that Price et al. argue that one should score the students by comparing their

problem-solving process to that of “experts” in the field. This could provide additional validity
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evidence by showing separation between experts and different levels of students. This approach

represents a dramatic shift from how typical assessments work. Rather than the primary objec-

tive being to rank students relative to one another, the focus becomes comparing students to an

empirically derived standard of mastery. This provides more meaningful targets for curricular

design – as we can specify a level of mastery expected of students at the end of a program

(like standards-based grading [57]). These assessments are also inherently measuring multiple

expert decisions, so they can highlight individual problem-solving skills that need more focus

from students and instructors.

4.4 Assessment Design and Data Sources

In this work, we applied the framework of Price et al. to design an assessment of problem-

solving for graduate QM [12]. The definition of authentic problems (see above) is essential for

the assessment design: we cannot use textbook problems to probe authentic problem-solving

because the solution path for textbook problems is often well-defined and known (particularly

by experts [20,21]). Following Price et al., authentic problem-solving is defined as the rea-

soning processes undertaken by the solver as they make these expert decisions with limited

information under the guidance of a sophisticated, discipline-specific mental model [13].

The context for the assessment is that students are working with a group of peers (fic-

tionalized) and need to troubleshoot a variation on the Mach-Zehnder interferometer and de-

termine the probability of detecting a photon at a certain location given an arrangement of

beam-splitters and mirrors (see Figure 4.2). This is a device that many physicists would be

familiar with, but students may not have encountered before. We introduced a unique variation

to the design (a scattering beam splitter, inspired by the Quantum Bomb thought experiment

[58]) to make the context more authentic for experts (i.e., the experts wouldn’t know the so-

lution in advance). According to Price et al., 2021, the ability to make decisions cannot be

measured independently of concepts because problem-solving fundamentally requires use of a

sophisticated, discipline-specific mental model. Thus, strong problem-solving is predicated on

strong conceptual understanding. While the Mach-Zender interferometer is only one appara-

tus, it does include a large portion of concepts covered in QM 1. However, it remains an open
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question as to how strongly correlated assessments like this one may be across different content

areas.

An assessment template developed by Price et al. [12] and the QM assessment sequence

are outlined in Figure 4.3. Price et al, developed the template to outline the structure used

in their assessments which aimed emulate authentic problem-solving. This structure includes

subsets of the decisions they identified in previous work [13], some of which occur in combina-

tion. For example, the “key features?” component is often accompanied by picking a predictive

framework to use (decision 5), because the relevant predictive framework depends on key fea-

tures. In the QM assessment, the solver was first presented with background information on a

standard Mach-Zehnder interferometer (item one). This information detailed the basic work-

ing principles of the interferometer and the expected output for a given configuration. The

background information was provided and remained available throughout the assessment to

minimize the effect of familiarity with interferometers on the score. Next, the solver was pre-

sented with the design of the system and then asked how they would determine the expected

probability of detecting light at a certain point in the system (item two). They were then asked

what information they would need to solve the problem before being iteratively provided with

more information about the system (item three). After several iterations of providing students

with new information and asking them to interpret it, students were presented with a potential

answer and then asked to determine whether the answer was reasonable (items seven and thir-

teen). We provided them with hypothetical measurements and asked them to diagnose what

could be wrong with the system (items eighteen and nineteen). The use of Dirac notation and

the calculation of expected values is commonly seen in undergraduate QM, reducing the im-

pact of calculation ability on the assessment score. The complete list of questions asked as they

correspond to Figure 4.3 may be found in the appendix.
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Figure 4.2: Illustration of the modified Mach-Zehnder interferometer used in the QM assess-
ment.

The structure of providing new information allowed the assessment to probe decision-

making at different stages of the problem-solving process while narrowing the solution space.

Additionally, this new information provided a standardization to the assessment, which al-

lowed solvers with unfavorable plans to complete the rest of the assessment. In places where

the solution space was potentially very broad (e.g., what is the appropriate mathematical basis),

questions were asked in a way that required the solver to evaluate the potential solutions of their

hypothetical peers. This assessment probed nine of the 29 expert decisions identified by Price

et al: [8]: developing a plan for solving the problem (decision 15), what potential solutions are

(decision 8), whether the answer makes sense (decision 26), any significant anomalies (decision

20), what calculations are needed (decision 16), what constraints are on the solution (decision

3), what are important feature and information (decision 4), what predictive framework (deci-

sion 5), and how to decompose into subproblems (decision 11).
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Figure 4.3: General template for designing problem-solving assessments developed by Price et
al. (left) and how that maps to the QM assessment (right). Each item reflects the information
provided or a question asked. Items seven and thirteen contain two and three questions, respec-
tively. The item type is color coded. Items with multiple color codes involved multiple expert
decisions.

First, to ensure the questions were being interpreted in the desired way, four senior gradu-

ate students piloted the assessment in think-aloud interviews. These students were compensated

for their time at a rate of $15 per hour. The interviewer (M.E.R.) asked the students to iden-

tify unclear questions or information. A lack of clarity prompted a discussion between the

interviewer and student to find alternate wording. The questions were then refined to increase

clarity. For example, the description of the scattering beam splitter was made more explicit. In

the first two pilot tests there was an assumption that the provided experimental errors were not

a possibility (i.e., no physicist would make this mistake). Therefore, the introduction of an ex-

perimental team in the assessment was changed to explicitly be identified as graduate students.

After the change, this assumption was not present in the final two pilot tests. Additionally, the

reasoning behind each answer was discussed either while the student was solving or after an

answer was reached. This discussion confirmed each question was probing the desired skills.

Nine expert physicists from five universities and twelve first-year graduate students (none

of whom were in the pilot data) from one university then completed the assessment following

a think-aloud interview protocol. The students were compensated for their time at a rate of $15

per hour, but the experts were not compensated. The interview was open-note and open-book.

While some interviewees brought these resources with them, none of the interviewees chose
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to use these resources. We considered professional researchers in atomic or condensed matter

physics to be experts, as they are most likely to use QM in their day-to-day activities. These

experts were recruited through the authors’ professional networks and through email advertise-

ments to the American Physical Society mailing lists for the Division of Condensed Matter

Physics and the Division of Atomic, Molecular, and Optical Physics. All graduate students

participated in the interviews within one month of passing their graduate QM qualifying exam

in Fall 2022, as this was roughly the target level of understanding the assessment was designed

for (i.e., students who had completed a graduate QM course). Twelve of the invited fourteen

graduate students from Fall 2022 participated. Participants in the think-aloud interview com-

pleted the assessment, submitting their typed answers, while discussing their thought process

solving each problem. The interviewer (M.E.R.) asked for clarification of thoughts or answers

as needed. Additional testing was conducted with undergraduate students who completed the

assessment the month prior to their QM final exam in Fall 2022 and graduate students within

one week of their QM final exam in Spring 2023. Students were invited to complete the assess-

ment online via Qualtrics as an open book, open note, individual assignment. The assessment

was not time restricted, and students could complete it across multiple days. Students could not

alter previous answers once advancing pages, since additional information is provided through-

out the assessment. Students were encouraged to contact M.E.R. with questions regarding the

assessment. However, no questions were asked. Eight of the nineteen invited undergraduate

students and ten of the seventeen invited graduate students from Spring 2023 participated and

received bonus points in their QM course. In the results below, we refer to the experts and

graduate students from the initial testing phase (think-aloud interviews) as “Expert” and “Fall

2022,” respectively. The additional testing with undergraduate and graduate students through

written responses only is referred to as “Undergrad,” and “Spring 2023,” respectively.

4.5 Rubric Development

M.E.R. used the expert data to create a scoring rubric for the assessment based on the Expert

and Fall 2022 responses. This is quite different from typical problem-solving tasks in which

the problem’s author establishes the rubric a priori. In this case, inductive coding was used

70



to characterize the expert responses for each question. A list of codes was generated to cover

the entire answer space of the Expert and Fall 2022 responses. A new code was added when

a response could not be characterized by the existing codes. The existing codes were then

merged to represent common or fundamental themes in the responses. Codes were merged

if there was no distinction between them in responses. However, if some responses clearly

included an idea which others did not, the code was not merged. For example, in item three,

some responses described tracking the intensity of the beam along the paths, but other responses

described tracking the intensity and the phase. There were multiple responses that made this

distinction and multiple that did not. Therefore, the codes were not merged. The granularity of

codes was flexible. Extremely coarse codes may lead to identical scores across responses, and

extremely fine codes may lead to seemingly random scores independent of response quality.

(We investigate the discriminant validity below.) The codes generated mainly relied on the

typed responses, as the verbal component of the think-aloud interview did not significantly

change the codes identified. What defines a code depends on the response. In item thirteen

codes represented distinct issues in the operator or solutions to these issues which included

mathematical responses. Whereas in item sixteen, codes represented broader ideas or methods

used to check a solution.

Following Price et al. [12], we wanted to establish a scoring scheme relative to expert

consensus. Price et al., argued that the problem-solving of experts reflects adaptive expertise,

which is a measure of mastery which indicates the ability to solve novel problems with no

known solution or solution path [12]. Research on novice problem-solvers suggests that novices

more often pattern-match, which may be effective when solving problems with known and

well-defined solutions but is not a sufficient or desirable strategy in more authentic contexts.

Thus, in line with Price et al. [12] we identified “mastery” codes and “non-mastery” codes

based on expert responses. Codes which the majority (five of nine) experts mentioned were

deemed mastery codes, with the exception of two questions for which the experts diverged into

two distinct approaches. This choice of a simple-majority threshold balances two competing

ideas. One on extreme end, requiring unanimity among experts to define “mastery” codes

suggests that there is only one correct way to approach the problem, which is at odds with
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the very definition of an authentic problem. One the other extreme end, naming all statements

given by experts as “mastery” codes (e.g., a threshold of one of nine) implies that the problem

space is likely not well-defined enough to be used for reproducible and scalable assessment

purposes. Responses to items eight, eighteen, and twenty did not have a clear consensus,

suggesting the answer space is too broad to provide useful discrimination between experts and

students. Therefore, the questions associated with these items are not scored. Item fifteen

was a calculation question, unlike the expert-decision-probing questions, and was not scored as

measuring accuracy of calculations is not the primary goal of this assessment. Item fifteen was

included because item sixteen requires reflecting on this calculated answer.

During the scoring process, we conducted a sensitivity analysis which computed assess-

ment scores using all possible mastery thresholds. The mastery threshold has a direct effect

on the number of mastery codes, which consequently affects the score in two ways. (1) The

number of mastery codes was used in the score calculations, discussed in the next section. (2)

Questions were only scored if it had at least one mastery code. Therefore, a lower mastery

threshold results in more questions being included, while a higher mastery threshold would

exclude more questions. For example, a mastery threshold at eight of nine experts leads to only

five questions containing at least one mastery code; therefore, only five questions could be used

in scoring. While all consensus thresholds (one to nine) provided a clear delineation between

experts and students, we found that five of nine provided a balance which included some aspects

of the problem-solving process which were well-defined enough to achieve expert unanimity,

as well as other aspects where experts may have given a range of reasonable answers due to the

limited information available at that point in the assessment. For example, we found that two

questions had distinct groups of expert responses because there were multiple reasonable ways

of answering the questions. The details of how these were handled are in the Scoring section

below.

4.6 Assessment Scoring

The assessment was scored by awarding points for each expert code and deducting points for

each non-expert code. Each expert code was awarded one point while each non-expert code
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resulted in a half-point deduction. This non-expert penalty was selected to maximize the de-

lineation of experts and students. While student answers that do not align with expert response

may not be wrong, these answers potentially neglect the more holistic or efficient approach of

experts. For example, students may name a lot of different features which are all relevant, but

not properly prioritize [59], which would artificially inflate their scores without reflecting their

ability to prioritize (Decision 14 in Price et al., [13]). Each question was thus scored using the

following equation

questionscore =
CM − 0.5 ∗ CN

CM

where CM is the number of mastery codes and CN is the number of non-mastery codes, which

resembles a scoring equation used in a heat transfer problem-solving assessment [22]. Two

questions were scored differently to account for multiple unique solution paths of the experts.

For these questions, each mastery code aligned with only one path, while non-mastery codes

aligned with no path. Responses were given a score, using the scoring equation, for each solu-

tion path. The highest score was used as the question score for the response. This effectively

amounts to a “branching” of the solution space at this point in the assessment which could

result in multiple ways to exhibit mastery.

We note that items fifteen, eighteen, and twenty (see Figure 4.3), were not included in the

assessment score. Item fifteen required the solver to conduct a procedural calculation, which is

not the focus of this assessment. However, this calculation was required for item sixteen, which

required them to reflect on their solution (Decision 26 [13]). Items eighteen and twenty did not

have any codes that met our threshold for mastery codes, suggesting the question was too open

or vaguely worded to provide useful information. Therefore, the responses are excluded from

the assessment score. All experts and students in this sample still answered these questions to

account for their potential influence on later answers, but in the future these questions will be

removed.

We provide some specific examples of assessment coding and scoring below. We report

the median scores for individual questions. The median and average for individual questions

was occasionally quite different, due to the granularity of scoring with codes. However, the

median and average for the overall assessment score similar. Item three in the assessment
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asked for the solver to outline a plan for determining the probability of detecting a photon at

each detector. Five total codes were identified in Expert and Fall 2022 responses (Table 4.6).

Three codes, track path intensity, track path phase, and interference, were identified as mastery

codes. The median score on this question was 50% for experts and 33% for Fall 2022. If we

had used a low threshold for mastery (e.g., one or two of nine experts), the median expert scores

would have been 60%, and the Fall 2022 median would have been 20%. Conversely, if we had

used a high mastery threshold (seven or more of nine), we would not have been able to get any

information out of this question.

Table 4.3: Codes identified in question 1: “Write a plan (bullet points or steps) to determine
the probability of detector 1 and detector 2 each detecting the photon, normalized to the input.”
The code and a description are included. The Experts column shows the fraction of experts
who received this code. Mastery codes are marked with an asterisk.

Code Label Details Experts
Modify Background Compare the Modified interferometer to the Mach-Zehnder

interferometer provided in the background.
2/9

Track path intensity Track the wave intensity along the path. 5/9∗

Track path phase Track the wave phase along the path. 5/9∗

Validate method with
background

Test method with standard Mach-Zehnder interferometer 2/9

Interference Account for the interference in some form 6/9∗

Item thirteen provided potential transformations for a mirror operator for the solver to

choose from. The behavior of the mirror was provided in the background, including details on

a phase shift. A basis was provided at this point in the assessment. The solver was asked to

determine if the proposed transformations were reasonable and provide modifications if they

were not. One code, the irrelevance of the transformation on state three, was identified as a

mastery code (Table 4.6). Concern or disapproval of the imaginary term in the transformation

was only found in student response and in zero expert responses. The median score on this

question was 100% for experts and 0% for Fall 2022. This question would have been included

74



for almost any choice of threshold, but if the threshold was lowered to one of nine, the expert

median would have been 33% and the Fall 2022 median would have been 33%.

Table 4.4: Codes identified in question 9: “Do you think Nina’s mirror operator is acceptable
for the agreed basis? Why? If not, what changes would you make?” The code and a descrip-
tion are included. The Experts column shows the fraction of experts who received this code.
Mastery codes are denoted with an asterisk. † Code mentioned by students only.

Code Label Details Experts
Yes All elements are correct and necessary. 1/9

Â|3⟩ is irrelevant This transformation is irrelevant to the problem. (Does not
require an assessment of the transformation accuracy.)

8/9∗

Â|1⟩ is irrelevant This transformation is irrelevant to the problem. (Does not
require an assessment of the transformation accuracy.)

1/9

Imaginary term issue The imaginary term is unnecessary or incorrect. 0/9†

One question in item seven provided a potential basis to describe the modified Mach-

Zehnder interferometer system. This basis assigned two states which related to the photon’s

direction of travel. Codes were identified to characterize the responses of experts and Fall

2022 (Table 4.6). There were three solution paths discussed by experts: (1) Three experts

stated the basis was reasonable because the scattering which was neglected from the basis

could be mathematically handled, coded as math scattering. (2) Three experts considered the

basis unreasonable because the basis did not account for scattering, coded as scattering. Two of

these experts stated the basis needed an additional state to represent the scattering state, coded

as scattering state. (3) The remaining three experts believed the basis was unreasonable because

the basis did not include information about the phase, phase information. Two of these experts

proposed using states which include the phase information, coded as phase basis. To represent

these solution paths, the subset of codes associated with a solution path were identified as

mastery codes. Solution paths two and three include one code for identifying an issue and a

second code for a solution. The median score on this question was 100% for experts and 50%

for Fall 2022.
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Table 4.5: Codes identified in question 5: “Do you think Nina’s basis will allow you to de-
termine the probability of detector 1 and detector 2 each detecting the photon? Why? If not,
what changes would you make?” The code and a description are included. The Experts column
shows the fraction of experts who received this code. 1 Mastery codes for solution path one. 2

Mastery codes for solution path two. 3 Mastery codes for solution path three. † Code mentioned
by students only.

Code Label Details Experts
Math Scattering The scattering can be mathematically handled with this basis. 3/91

Complete This basis is complete. 0/9†

Scattering Identifying the basis does not account for scattering 3/92

Uniqueness Each state is not unique. It represents more than one state. 1/9

Phase information Phase information is not included in the basis. 3/93

Scattering state An additional state should be added to account for scattering 2/92

Phase basis The states should be altered to include phase information 2/93

Once all question scores were determined the total score was then calculated as a weighted

average across all questions. The weighting was proportional to the average expert score, which

awarded more points to questions in which experts had a high consensus and lower points for a

question with a low consensus, using the equation

totalscore =
∑
i

Ei

Etotal

Qi

Where i is the question index, Ei is the average expert question score for question i, Etotal is

the sum of the average expert question scores across all questions, and Qi is the question score

for the response.

An inter-rater reliability check was conducted with G.J.D as the second rater. The second

rater was a graduate student with experience in qualitative coding, but no involvement in the

development of the assessment or codes. The second rater conducted two rounds of scoring. In

the first round, 7 responses were scored across the groups: two from Expert, two from FA2022,
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two from SP2023, and one from Undergrad. A response was a complete set of answers from one

solver. The number of responses per group was determined, and the responses were randomly

selected from the group. Any differences were discussed, and an agreement was reached. In

the second round, one response from each group for a total of 4 was scored. An inter-rater

reliability check using Cohen’s kappa suggests a “substantial agreement” using the Landis &

Kock guidelines [60], with a kappa value of 0.72. The two raters had an 88% agreement on the

additional 4 responses.

4.7 Validity and Reliability Evidence

Below, we provide multiple sources of validity and reliability evidence [56]. These include

(1) discriminant validity or face validity in which we show clear delineation between different

groups of students which you would expect based on their level of education, (2) inferential

validity in which we show that the assessment scores are correlated with conceptual under-

standing of QM, and (3), test-retest reliability in which we show that the assessment scores

were nearly identical for multiple similar groups of students.

4.7.1 Discriminant Validity

We created box plots of the assessments scores from each of the testing groups, “Expert” (the

nine experts recruited in the rubric development phase), “FA2022” (the graduate students re-

cruited in the rubric development phase), “Spring 2023,” (the graduate students who took the

assessment after the rubric development), and “Undergrad,” (the undergraduate students who

took the assessment after the rubric development). Both Expert and FA2022 completed the

assessment during the think-aloud interviews. SP2023 and Undergrad completed the assess-

ment as online assessments at home. The scaled aggregate scores are plotted in Figure 4.4.

The box encompasses the 25th and the 75th percentiles of each score, with the group median

indicated by the solid line. Experts had a median score of M = 80% with an interquartile range

of 11%, the graduate students had a median score of M = 37%, interquartile range of 15%

(2022) and M = 38%, interquartile range of 27% (2023), and the undergraduate students had a

median score of M = 29%, interquartile range of 8%. This provides evidence of discriminant
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validity as the experts had much higher scores than the other groups, and the graduate students

had higher scores than the undergraduate students: the participants with more experience and

education had higher scores. Initial items were less defined and had a wider range of response.

As the items became more defined, the responses had a higher consensus. However, expert

responses began to converge at earlier item numbers. Additionally, the variation in expert and

undergraduate scores was smaller than the graduate students, which Price et al. [12] argue is

another metric of validity. That is, the experts provide more unified responses as they are all

guided by similarly sophisticated mental models. The graduate students have a wider variation

in responses due to wider variations in the students’ experiences in solving real problems (e.g.,

some have begun research, whereas some have not). The undergraduate students did not have

a large variation of scores, likely due to a floor effect because the assessment was designed for

graduate students.

Figure 4.4: Normalized scores (out of 1) on the problem-solving assessment in QM. Gray box
is for expert volunteers, Orange is for graduate students who completed the qualifying exam,
Blue is for graduate students in QM 1, and green is for undergraduate students.

4.7.2 Inferential Validity

The Spring 2023 graduate student cohort completed a QM Survey [49] during the first week

of the QM 1 course as they were serving as a quasi-control for an ongoing intervention study.

The QM Survey assesses conceptual understanding of upper-level undergraduate or graduate
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Figure 4.5: Assessment versus concept inventory scores. The Concept Inventory score and
problem-solving assessment scores for the spring 2023 cohort are plotted.

students, specifically the formalism of one-dimensional quantum mechanics. The QM problem-

solving assessment was completed in the last week of the course. A paired Spearman test was

conducted, indicating a strong correlation between the survey and assessment (rho = 0.70, p =

0.02; see Figure 4.5). We would expect this correlation to be strong as Price et al. [12] argue

that problem-solving requires domain-specific conceptual knowledge.

4.7.3 Reliability

A comparison between two cohorts of graduate students was used to investigate repeatabil-

ity. A test-retest reliability of an assessment is typically conducted as multiple measurements

on the same group in similar conditions. However, similar conditions could not be recreated

for one group. For repeat measurements taken substantially after the initial, students would

have received additional practice and instruction, making their test conditions different. For

repeat measurements taken shortly after the initial, experts and students are likely to respond

differently because completing the assessment reveals information that should only be known

to the solver at appropriate stages in the assessment. Therefore, the two cohorts were used as

a measure for similar conditions. In terms of preparation, the Fall 2022 cohort had one ad-

ditional summer of independent study for the qualifiers compared to the Spring 2023 cohort.

Both groups had a comparable level of academic preparation. A Mann-Whitney U test was
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conducted on the problem-solving assessment scores and suggested the groups did not have

statistically different scores (p = 0.63).

4.8 Discussion and Implications for Future Work

We discussed the design of the QM problem-solving assessment which focused on measuring

the ability to make the expert decisions expected of first-year graduate students in the context

of QM. We collected preliminary evidence for discriminant validity, inferential validity, and

test-retest reliability of the assessment which suggests that the assessment has the potential for

wider use.

Currently, measures of graduate student competencies in QM consist primarily of course

grades, which are largely based on textbook-style problems with limited opportunities for

decision-making [8, 61]. Leak et al., argue that the graduate classroom needs to move beyond

routine problems which have known solutions and strategies toward more authentic problems

[61]. Indeed, one of the goals of The International Year of Quantum Science and Technology

is training and inspiring “the next generation of quantum pioneers.” This assessment offers a

potential measurement of the skills which physics graduates will need to “drive quantum tech-

nological innovation” that will address the urgent climate crisis, improve health and well-being,

and drive economic growth [62]. Given the reports of student difficulties with QM concepts

and applications of knowledge, this assessment will provide a metric to be used in conjunction

with other research-based instruments to triangulate students’ abilities to understand and ap-

ply QM to grand societal challenges, and thus inform targets and potentially new methods for

instructional reform of graduate quantum education.

The online nature of the assessment allows for more versatile use of this assessment. The

lack of strict time and resource restrictions may make this assessment comparable to an authen-

tic problem-solving experience of experts. This assessment is not intended to be used as a pre

and posttest, because the information is provided throughout the assessment may alter future

responses. While both raters had qualitative coding experience, the interrater reliability check

was conducted with someone unfamiliar with these assessment structures and the underlying
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theoretical framework. Thus, we expect that a reasonably experienced teaching assistant or

instructor would be able to follow the rubric.

While the preliminary evidence supporting this assessment is promising, there are many

limitations which will require further research and development. First, the sample size of ex-

perts was small, and therefore their responses may not represent the full solution space of

experts. These experts did span multiple universities and hold a variety of professional experi-

ence and sub-field expertise, but mastery codes could still shift if a larger sample of experts be

included. Second, the sample of students was drawn from one university. We have no reason

to believe other institutions using common lecture-focused teaching would score much differ-

ently, given previous reports about student misconceptions in QM [47]. The QM survey and

the decisions assessment were taken at the beginning and end of the semester, respectively. The

inferential validity could be made stronger if these measurements were taken at the same time.

Following Walsh et al. [63], the next phase of assessment development would require col-

lecting data from more experts and students nationally and internationally to develop a more

robust rubric and provide further validity evidence. Similarly, for this assessment to achieve

wider use and undergo further tests of inferential validity, it would ideally be transformed into

a closed response format for automatic and large-scale grading. This process will take consid-

erable time and resources but will be an important investment in graduate quantum education,

and an important proof-of-concept that a typically nebulously defined skill like problem-solving

could be measured at a large scale.

Finally, with respect to the focus of this issue on quantum education, we are planning to

develop parallel assessments in other core graduate subject areas (Statistical Mechanics and

Electromagnetism), as it remains an open question whether student difficulties solving authen-

tic problems are unique to, or more pronounced in, QM compared with other areas of physics.

This is an important question not just in quantum education, but in education research more

broadly.
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Chapter 5

Conclusion

In these chapters, methods for characterizing, assessing, and implementing decision-making

were discussed. (Chapter 2) Labs for non-science majors were written to develop decision-

making with scaffolding, during which student attitudes shifted towards an expert-like mindset

and student interest increased. (Chapter 3) Decisions practiced in graduate coursework and

instructor expectations of decision making were investigated to reveal a mismatch. (Chapter 4)

A quantum mechanics assessment was developed and validated to measure decision-making in

decision-making items which many instructors expected of first-year students.

The chapters together build on the existing literature of problem solving and decision-

making in courses. The curricular overhaul of the introductory labs produced clear benefits,

strengthening the understanding of effective labs. The characterization of decision-making in

graduate work raises awareness of the current state of graduate instruction so that future works

may develop interventions or large-scale curricular changes to make graduate coursework for

effective in preparing students for research. The development of a decision-making assess-

ment is essential in measuring the effect of decision-making interventions. This assessment

will allow us to rigorously evaluate future instructional interventions and will be used as a tem-

plate to develop parallel assessments for the remainder of the topics in the first-year graduate

curriculum.

Continuing this work, an in-progress intervention at Auburn aims to develop problem-

solving skills in a graduate quantum mechanics course. The intervention is a collection of

practice assignments targeting specific problem-solving skills, and the impact is assessed using

the assessment developed in Chapter 4. The specific skills included in the intervention were

91



identified in Chapter 3 as expected but rarely practiced in coursework. This supplemental in-

tervention (intervention not in the primary lecture course) seeks to develop these skills while

requiring little to no course modification to incorporate. How well similar supplemental inter-

ventions may work in graduate courses remains to be seen. While supplemental interventions

can be effective, to more effectively develop decision-making skills a more integrated approach

may be productive. Decision-making is prevalent in real-world problems, and these studies fur-

thered the literature aiming to more effectively develop these skills.
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Chapter 6

Appendix A: Decision-Making Framework

1. What are important questions or problems? Where is the field heading? Are there ad-
vances in the field that open new possibilities?

2. If and where are the gaps/opportunities to solve in field? Given their unique perspectives
and capabilities, are there opportunities particularly accessible to them?

3. What are your goals for this problem? Considerations include:

(a) What are the goals, design criteria, or requirements of the problem or its solution?

(b) What is the scope of the problem?

(c) What constraints are there on the solution?

(d) What will be the criteria on which the solution is evaluated?

4. What are the important underlying features or concepts that apply? Could include:

(a) Which available information is relevant to solving and why?

(b) (When appropriate) Create/find a suitable abstract representation of core ideas and
information (i.e., physics - equation, chemistry - bond diagrams/potential energy
surfaces, biology - diagram of pathway steps)

5. Which potential predictive frameworks to use? (Decide among possible predictive frame-
works, or create frameworks)

(a) As the problem-solving process progresses, how well do predictive frameworks
apply in specific problem context?

(b) Predictive framework is defined as a mental model of key features of the problem
and the relationships between the features

6. How to narrow down the problem? Often involves formulating specific questions and
hypotheses. (Taking general framework and putting it into more specific predictions.)

7. What are related problems or work seen before, and what aspects of their solving process
and solutions might be useful in the present context?

8. What are potential solutions?

9. If the problem is solvable and its solution worth pursuing given the difficulties, con-
straints, risks, and uncertainties?
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10. What approximations or simplifications are appropriate? Test them against established
criteria. How can I simplify the problem to make it easier for me to solve?

11. How to decompose the problem into more tractable sub-problems? Decide on pieces
which involve their own independent problem solving and sub-goals.

12. Which are areas of particular difficulty and/or uncertainty in the solving process? Could
also be deciding:

(a) What are acceptable levels of uncertainty with which to proceed at various stages?

13. What information is needed to solve the problem? Could include:

(a) What will be sufficient to test and distinguish between potential solutions?

14. hat to prioritize among many competing considerations? What to do first and how to
obtain necessary resources? Considerations could include: What’s most important? Most
difficult? Addressing uncertainties? Easiest? Constraints (time, materials, etc.)? Cost?
Optimization and trade-offs? Availability of resources?

15. What is the specific plan for getting additional information? Includes:

(a) What are the general requirements of a problem-solving approach, and what general
approach will they pursue?

(b) How to obtain needed information?

(c) What are achievable milestones, and what are metrics for evaluating the process?

(d) What are possible alternative outcomes and parts that may arise during problem
solving process, both consistent with predictive framework and not, and what would
be paths to follow for the different outcomes?

16. What calculations and data analysis are needed? Includes planning how to interpret data.

17. What is the best way to represent and organize available information to provide clarity
and insights?

18. Is information valid, reliable, and believable?

19. As new information comes in, particularly from experiments or calculations, how does it
compare with expected results?

20. If a result is different than expected, how should you follow up?

(a) Does potential anomaly fit within acceptable range of predictive framework(s)

(b) Is potential anomaly an unusual statistical variation, or relevant data? Is it within
acceptable levels of uncertainty?

21. What are appropriate conclusions based on the data?

22. What is the best solution? Involves evaluating and refining candidate solutions through-
out problem solving process. May include deciding:

(a) Which of multiple candidate solutions are consistent with all available information
and which can be rejected?
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(b) What refinements need to be made to candidate solutions?

23) Are previous decisions about simplifications and predictive frameworks still appro-
priate?

(a) Do the assumptions and simplifications made previously still look appropriate in
light of new information?

(b) Does the predictive framework need to be modified?

23. Is additional knowledge/information needed? Could involve:

(a) Is solver’s relevant knowledge sufficient?

(b) Is more information needed and if so, what?

(c) Does some information need to be checked?

24. How well is the problem-solving approach working and does it need to be modified
including do the goals need to be modified?

25. 26) How well does the chosen solution hold?

(a) Decide by exploring possible failure modes and limitations - ”try to break” solution.

(b) Does it ”make sense” and pass discipline-specific tests for solutions of this type of
problem?

26. What are the range and contexts where solution applies, and what are the broader impli-
cations? What outstanding problems in field might it solve? What novel predictions can
it enable?

27. What is the audience for communication?

28. What is the best way to present the work to have it understood and its correctness and
importance appreciated?
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Chapter 7

Appendix B: Supplemental Figures for Assignment Analysis

Figure 7.1: Decisions by course. The average number of decisions were shown for each course.
The maximum number of decisions was 29. The courses are Classical Mechanics, CM; Elec-
tricity and Magnetism, EM; Quantum Mechanics, QM; and Statistical Mechanics, SM. As-
sessed means the solver must make this decision to solve the problem. Eliminated means the
problem statement made this decision. Absent means the decision was neither assessed nor
eliminated.
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Figure 7.2: Decisions by assessment type. The average number of decisions were shown for
each assessment type. The maximum number of decisions was 29. Assessed means the solver
must make this decision to solve the problem. Eliminated means the problem statement made
this decision. Absent means the decision was neither assessed nor eliminated.
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Chapter 8

Appendix C: Faculty Interview Protocal

The following protocol was used to conduct the semi-structured interviews. Questions 1 through

12 were used during the open-ended portion of the interview. Question 13 was used to begin the

closed-ended portion of the interview. Not all questions were explicitly asked. The interviewer

selected questions as appropriate, during the interview.

Thank you for participating in our study of problem-solving in STEM. My name is [NAME],

and I am a researcher on this project. Today we are going to ask you some questions about

the learning goals you have for students in your classes and in your research lab. The goal

is to eventually use this information to develop better assessments and teaching methods for

undergraduate and graduate courses. Thank you for taking the time to talk with us today.

Your responses will be kept confidential by the research team, and it is important that

none of you repeat what is said in this room to others. If an issue with a particular instructor

or student arises, you can choose not to give a name.

We are going to record this session for research purposes. You have received a sheet

outlining our data practices and your rights as a participant. Please indicate verbally whether

you consent to have your data used for research.

1. Please briefly describe your research area and what courses you teach.

2. How long have you been. . .

(a) Teaching graduate student courses

(b) Mentoring students in a research capacity

3. What criteria do you use to determine whether a student is successful in your research
lab – both short term (by end of PhD) and longer term?
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4. What do you do to monitor if students are progressing and developing as intended?

5. What do you want students in your research lab to be able to do once they leave your lab?

6. What kinds of problems do students typically work on for their thesis projects?

(a) Do students choose their own research projects, or do you assign them to students?

(b) How do you decide what makes a good research project for a student?

7. Briefly describe the learning goals for your course – what do you want students to be able
to do at the end of the course?

8. How do you judge whether a student is successful in achieving these goals?

9. How do you monitor students’ progress toward these learning goals?

10. Which learning goals do students most and least successfully acquire?

11. What kinds of problems do students typically solve in your course?

(a) Are they mainly from textbooks or do you make them up yourself?

(i) If you make them up – where do you look for inspiration?

(b) Do any of them require students to make their own assumptions or look up extra
information?

(c) Why do you assign students these particular problems?

(d) If you had the time and resources, how would you change the kinds of problems
you assign students in your course?

12. What is different about problem-solving in the classroom versus in the laboratory?

13. I’m going to give you a list of skills we have previously identified as important elements
of good problem-solving. As I read each one aloud, please indicate whether you think
this is an important thing for a student to be able to do 1) after completing all their
university coursework and 2) after completing their research training.

14. Are there any other skills you want students to be able to acquire that were not on the list
I just gave you?
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