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WIP: Self-reported certainty in engineering students’ knowledge of
bioinstrumentation and validity of statements from peers and LLMs

Abstract

Laboratory courses seek to translate classroom knowledge to applications in the real world. In
that translation, students must grapple with complex problems in which they learn that there is
more to learning than simple factual recall. The ability to gauge their own confidence in
knowledge, or the ability to admit when they don’t know something, is essential to their future
career when their work will be relied upon to improve or save lives. When students are asked to
evaluate their knowledge, and whether they are certain about it, they explore their thought
processes critically and deepen their learning. We have previously done work on students’
confidence in their ability to learn relevant material for a bioinstrumentation laboratory course,
and we have improved the feedback methods to better provide scaffolded, formative assessment.
This work builds on both of these concepts to develop a model of student certainty, or their
self-evaluation of performance on a specific knowledge task, while also studying student
epistemologies in engineering. We are implementing this in a laboratory course setting because
there is often a gap between pre-lab assignment knowledge and the critical thinking necessary to
use that knowledge in an instrumentation context.

The purpose of this study is to develop a formative assessment activity which introduces students
to the concepts of certainty and accountability in engineering practice, while also confronting
them with statements of varying subjectivity to prepare them for poorly-defined problems.
Students are given short ungraded quizzes at the beginning of their lab section which ask them to
respond with an answer to a question, an assessment of their certainty in that answer, and an
evaluation of the validity of a statement derived either from a peer or an online source. This is
aligned with the course objective of promoting critical thinking about course content, but will
also provide quantitative data on how reported certainty is affected by the source of the
statements they evaluate. By asking the same question in three different ways, we can determine
if students react differently to information that comes from their own memory, a peer, or a Large
Language Model. We will determine whether student certainty correlates with characteristics like
declared major or reported gender, and whether certainty correlates with correctness.

Introduction

Large Language Models (LLMs) are tools which have become broadly available in recent years,
and their prevalence has dramatically changed the landscape of education and assessment [1] [2].
There are immediate concerns about the usage of these tools for academic dishonesty, as a more
accessible means to create plagiarized written work than traditional paid essay services.
However, these tools exist on a spectrum of use cases for text processing and manipulation;
students may use them to brainstorm or draft outlines of work, proofread or polish a finished
paper to improve its clarity, or engage with an LLM as an interlocutor for effective one-on-one
tutoring [3]. Thus, professors are rarely banning all interactions with LLMs, only those that
significantly impact the students’ ownership over content that is produced or knowledge that is
referenced. This is because LLMs are language models, not knowledge models, resulting in the





phenomenon of “hallucination” or statements that are grammatically correct while being factually
misleading. It therefore becomes important to evaluate what LLMs know, or what they can claim
to know. However, the practical implication of this quality is not whether an LLM hallucinates
but how a human operator reacts when hallucinations happen [4]. What can we learn about
human knowledge, and students’ learning, based on their interactions with a source of
convincingly worded but unreliable information?

Some researchers are already examining how these interactions might play out in a classroom
setting. A student with access to the free public version of ChatGPT may entirely rely on the
LLM’s ability to solve homework problems in a standard undergraduate engineering course with
minimal editing and receive a passing grade [5]. This calls into question the current design
strategies for assessment of knowledge, both to improve fairness for grading to reward students
who are truly learning and to acknowledge that the goals of education may be shifting now that
the landscape of tools available for problem-solving has expanded. The advent of pocket
calculators de-emphasized the need for rote computation as an education outcome; what skills
should educators emphasize now that undergraduate-level quantitative analysis can seemingly be
automated?

This study seeks to explore one possible avenue for knowledge-based skills that future engineers
must develop in their training: certainty [6]. This is different from confidence, which is an
affective judgment of one’s ability to perform abstract tasks. Certainty, instead, is the assessment
of whether a student believes their answer is justified when given a specific objective question.
Importantly, it is also the ability to honestly acknowledge ignorance when they cannot
sufficiently justify the answer. Practically speaking, it is the difference between being able to
make decisions that hinge on the answer or needing to seek a second perspective on the problem
before moving forward. “Knowledge” is the lowest tier on Bloom’s Taxonomy of learning tasks;
being able to articulate the informed absence of knowledge is more difficult [7]. It requires
critical thinking and a deeper analysis of what their knowledge is based on. Put simply, do
students know what they don’t know? And would the development of that skill help to protect
them against the hallucinations of now-ubiquitous “Al” output? And is there an inherent benefit
to gauging certainty of knowledge along with its retention?

This is not a new question. In 1936, Soderquist reported a simple method of weighted scoring
based on students reporting the certainty with which they answered each question: “Thus the
examination was calculated to test not only knowledge but also the certainty with which the
knowledge was held” [8]. Other authors from the early 20th century similarly emphasized the
importance of students being able to accurately express certainty in what they know, especially
for fields such as medicine and engineering where important decisions will be made based on that
knowledge [9]. By assessing certainty, multiple-choice test results could also be made more
reliable and less dependent on guessing. However, there were valid criticisms of these test
methods: students found them complex, unwieldy, or disconcerting, especially in cases where
confident wrong answers were heavily penalized. Researchers were concerned that differences in
student attributes (such as self-esteem or loss-aversion) would impact the ability of scoring
systems to operate equivalently for all students, especially if there were a gendered component to
these differences [10]. Indeed, some quantitative studies used survey instruments designed to
measure personality components such as “risk-aversion” [11] in conjunction with certainty



estimates on an objective assessment, and found correlations in this variable with the tendency to
over- or under-estimate certainty in a response [12]. However, other studies found that attributes
of this type were significant only when students were relatively unfamiliar with the
certainty-based component of scoring [13] [14], that these differences disappeared for
sufficiently large sample sizes of routinely-applied certainty metrics [15] [16], or that individual
characteristics were primarily relevant when the incentive structure for inaccurate answers
carried a significant score penalty and thus motivated students to respond “strategically” [17].
Gardner-Medwin has reported extensively on the mathematical theory underpinning a large
dataset of certainty-weighted true-false questions administered consistently over decades in a
medical curriculum at the University College London [18] [19]. His conclusion is that the critical
thinking encouraged by self-reflection during the answer process is valuable to learners and
informative to educators. Certainty assessment metrics have also been used in laboratory settings
[20] and engineering classrooms [21] and are an active area of study for summative assessment in
high school settings to instill metacognitive habits in students [22].

In contrast to those examples from the literature, the focus of this study is on formative
assessment. The emphasis on feedback mechanisms in this class is designed to help students be
more reflective and learn more deeply, rather than focusing on a grade as a measurement of
achievement [23]. This is aligned with the advice to replace high-stakes one-time assessment
with more continuous evaluation of learning in the modern age of Al-aware learning [24]. By
introducing a step where students evaluate their learning, every assessment becomes an
opportunity to strengthen their mastery of the material by helping them realize what they still
need to learn. As shown in the results, the data is also a useful tool for educators who wish to
design effective questions to promote student understanding. By giving students the opportunity
to identify what they don’t know, honestly acknowledged ignorance can become a normalized
part of the learning environment, while students develop genuine security in the knowledge they
construct from a variety of sources.

Framework

Figure 1 shows the conceptual framework being used to evaluate the data collected in this study.
The theoretical basis of the analysis performed here is founded, first, on the idea that knowledge
is internalized by students in a constructivist manner [25]. When they are asked to give an
answer to a problem, they are generating a new statement (the question combined with its
answer); their certainty in the correctness of the response is the result of comparing it to an
internal reference model to see how well it connects to existing knowledge. If they can generate
many connections to support the statement, they will have high certainty in the answer. However,
as previously stated, the decision of how to report that certainty can be impacted by individual
characteristics such as risk attitude or test anxiety in addition to knowledge mastery [13] [17].
We therefore assume that some modification of constructed certainty occurs based on statement
context, social consciousness, assumed expectations, personality, and other internal variables that
cannot be directly measured. The result is a certainty statement that the student is willing to
report in a self-evaluation question on an assessment, emphasizing their reflection.
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Figure 1: Conceptual framework for study analysis. Student certainty is an internal variable
based on a comparison of a statement or question response against their existing model of knowl-
edge and any connections they can make which confirm or disconfirm that statement. The cer-
tainty that students report is then modified from that starting point based on factors dependent on
the question context and student characteristics.

Methods

Course context: The study was conducted at a large public midwestern university. Students in
the study were enrolled in the BIOE 415/ECE 415 Bioinstrumentation Laboratory course. Most
students were in their third year, and most were Bioengineering majors who were taking the
course as a requirement, with some Electrical/Computer Engineering students choosing the
course as an elective. Students attended a one-hour lecture to introduce concepts relevant to the
lab, but much of student learning occurred prior to classroom interaction as they reviewed
textbook materials to complete the pre-lab quiz before lecture. In the laboratory portion, students
completed hands-on pre-written lab assignments and wrote reports on their results. For most of
the BIOE students, an accompanying lecture course (BIOE 414) was required as a more thorough
grounding in electronics and circuit concepts. In the first semester of data collection, N=31
students consented to have their quiz responses analyzed and used for this research. The
following semester, for which data collection is ongoing, has significantly more students
enrolled.

Each assessment took the form of two-question “minute-quizzes” administered at the beginning
of class as a transition from the announcement period to the independent work section. Students
were told that these quizzes would not affect their grade. Quizzes were physically printed on
half-sheets of paper and handed to students, to be turned in as soon as they were complete. Quiz
questions were designed to be aligned with course objectives (each lab assignment has a list of
course objectives or essential skills associated with it) and related in some way to the material
covered by the pre-lab. Potential quiz questions were administered to members of the research
team who had previously taken the course to gauge whether the questions seemed fair and
properly aligned.
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. True or false: “Because the power source has a floating ground, the voltages that the power source
outputs will be relative to the COM port, not necessarily the GROUND port”

Answer: lam:
a. Not certain at all; this is a guess
b. Somewhat certain
c. Mostly certain
d. Completely certain; | would sign my name to this answer
B) 2. You ask ChatGPT for help on understanding your lab 1 report and it outputs the following

sentence: “Because the power source has a floating ground, the voltages that the power source
outputs will be relative to the COM port, not necessarily the GROUND port”
a. Thisis definitely wrong

b. |thinkthis is wrong or misleading
c. ldon’t know whether it is right or wrong
d. Ithinkthisis correct but I’m not sure
e. lknowthisis correct and | would sign off on it
2. You are writing the lab 1 report with a classmate and you see that they have written the following
C) sentence in your shared document: “Because the power source has a floating ground, the

voltages that the power source outputs will be relative to the COM port, not necessarily the
GROUND port”
a. Thisis definitely wrong
I think this is wrong or misleading
| don’t know whether it is right or wrong
| think this is correct but I’m not sure
| know this is correct and | would sign off on it
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Figure 2: Quiz questions illustrating parallel question design. Quiz questions from three ver-
sions of the quiz given to students at the sixth lab session. The True-False question from the
knowledge check section (A) was repurposed as a validation task for sources of ChatGPT out-
put (B) and peer work (C). Responses and certainty for all question types were then analyzed to
examine any systematic differences in student self-reflection.



For each week’s assessment, four versions of the quiz were designed with different questions;
these were distributed in a pseudo-random fashion such that students sitting next to each other
did not receive the same version of the quiz (to discourage collaboration). Although the questions
were different, each quiz had the same format: the first question (which may be true-false,
multiple choice, or free-response) asked for an answer (knowledge check) as well as a certainty
rating on a scale of four options (see Figure 2A). The second question was presented as a
statement that students would evaluate as being true or false (statement validity) on a scale of
five certainty options (see Figure 2B and 2C). For the second question, there were two designs:
statements that were objectively true and statements that were incomplete or ambiguous. As can
be seen in Figure 2, the objective statements were taken directly from a true-false question 1 on a
different version of the quiz, and were simply presented as being output from ChatGPT (Figure
2B) or a contribution from a peer (Figure 2C). The four versions of each quiz meant that students
would encounter the statement only once, in one of these three contexts.

To analyze the data, student names were replaced by unique numerical identifiers, associated
only with self-reported characteristics such as major and gender. For the purposes of gender
categorization (to prevent groups with a small number of members from being either excluded or
singled out in a way that would violate the privacy of their data), a dichotomous structure of
student gender as either “dominant gender in engineering” or “non-dominant gender in
engineering” was used, with students identifying as male belonging to the first group and all
others to the second.

To evaluate the between-group differences in responses for different question types, the range of
responses were coded to a numerical spectrum and compared using the Kolmogorov-Smirnov
test. For instance, the set of certainty ratings claimed by students who got a question wrong
might be compared to the ratings from students who answered the same question correctly. If
certainty has a bearing on question performance, a K-S test would be able to differentiate the two
distributions. However, student certainty ratings are also subjective and may be affected by the
wording of the categorical descriptors and personal characteristics. To normalize for some of
these effects, an alternative post-hoc certainty scale was determined by converting each students’
certainty to a personal “z-score” of their certainty: c,. This was based on the mean and standard
deviation of each individual student’s certainty when responding to the knowledge check
questions across all quizzes administered. In other words, ¢, has a mean of 0 for all students and
indicates whether, for a given question, they were more or less certain than was usual for their
responses on other quizzes. Using this continuous variable, distributions could be compared in a
more granular fashion. In particular, the relationship between correctness and certainty could be
quantified using the common engineering tool of the Receiver Operating Characteristic curve,
where the true positive (correct answer proportion) is plotted against the false positive (incorrect
answer proportion) for each level of certainty. The AUC (Area Under the Curve) calculation was
then used as a metric for the separation of the binary classes based on the normalized certainty
axis. Other statistics for comparison between variables relied on chi-squared tests for
independence or, for two binary categories, Fisher’s exact test.



Results

Because they were only two questions long, students would often return completed quizzes to the
Course Assistant before all quizzes had even been administered, achieving the “minute-quiz”
goal. In the knowledge-testing questions, 14 items had a sample size over 10 (N between 14 and
18 responses); one question was discarded as being poorly aligned with learning outcomes and/or
poorly worded (students had a response rate worse than would expected from guessing, and
students reporting a higher certainty were more likely to answer incorrectly). Of the remaining
13 questions, a range of difficulties were present, from 6% to 94% correct. Despite this wide
range, for 11 out of the 13 questions certainty was a reliable indicator of correctness as measured
by the binary choice model of ROC analysis described in the methods section. The area under
this curve (AUC) is related to how well the continuous variable of certainty discriminates
between the binary outcomes of correct and incorrect. It is the probability that a
randomly-chosen incorrect answer and randomly-chosen correct answer can be distinguished
accurately solely on the basis of the one-dimensional certainty variable. Thus an AUC of 0.5
represents a truly random distribution of outcomes while an AUC of 1 corresponds to perfect
correlation. A high AUC represents a highly accurate self-assessment on the part of students,
both those that know they know the answer and those who know they don’t know the answer;
this will be referred to as “realistic” certainty. In contrast, low AUC represents “confusion” since
students who were highly certain were incorrect and students who were correct were not certain.
For six of the questions, AUC was greater than 0.8, indicating that knowing student certainty
alone would be sufficient to tell the difference between a correct and incorrect answer more than
80% of the time. However, a high AUC does not necessarily mean that most students got the
answer correct, as shown by the variety of responses in Figure 3.

The vertical axis is a normalized quantity of information (i5) based on the proportion of students
who got the answered correctly (p) and the expected proportion of correct answers if students
were truly guessing (pg) according to the following equation:

. 1-
iy = log, (1 —pi) (1)

This is necessary because some questions were true-false, while other questions were
multiple-choice or free-response. This means that some questions would have an expected
correctness of 50% even if students were merely guessing. By normalizing against the
information present in the options given, we obtain a better interpretation of the correctness
proportion to represent how much extra information students had to inform their choice.

Based on the two variables in Figure 3, questions can be loosely divided into four quadrants with
different interpretations. The upper right represents questions that students knew the answer to
(high information) and for which they had highly accurate self-evaluation. These are “known
knowns”, a good indicator that the information in these questions was well-covered. The lower
right represents questions that were difficult for students but which they understood; they were
able to correctly assess whether or not they knew the answer. These might involve concepts the
professor could review to improve retention, but there was no fundamental disconnect between
question and answer. The questions were challenging but achieved the goal of prompting
meaningful reflection. The third quadrant, however, is more interesting in its implications for
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Figure 3: Each question’s aggregate information plotted against AUC. Student knowledge
recall, as described in equation 1, is a measure of the improvement over guessing which answer
accuracy represents. The horizontal axis reports how realistic students’ self-assessment of their
certainty was, via the AUC metric. Each dot represents the aggregated results for one question,
either evaluated using students’ raw categorical certainty or normalized certainty based on indi-
vidual trends. Error in information is based on the standard error of the mean for the empirical
distribution.



question design. In the lower left, students experienced significant confusion and struggled to
recall enough information to improve their answers. Perhaps students misunderstood the question
in a way that caused them to over-estimate certainty. Or, perhaps the question was too wordy and
thus looked more difficult than it was. A true-false item with too many clauses might also cause
confusion since students aren’t sure which part to focus on. These are questions that may be less
useful since they caused students to incorrectly assess their own knowledge, and might need to be
reworded or reevaluated to better align with learning outcomes. Finally, it is worth noting the
absence of questions occupying the upper left of the graph: there were no questions that resulted
in high confusion which students demonstrated a high information content, which is intuitively
reasonable.

Observing the questions as a group, there are some emergent trends which warrant further study.
First, as expected, responses marked with the highest certainty category were the most likely to
be correct. As Wu et al. found, students who are willing to say they are completely certain of an
answer are often over-estimating their accuracy (in their study, this threshold occurred at 85%
certainty) [17]. This is roughly aligned with our finding that students who chose the highest level
of certainty were still only correct in 86% of their responses (Figure 4A). At first glance, the
middle two categories may seem redundant as they contained roughly the same distribution of
correct and incorrect answers. However, examining one of the other independent variables in the
data indicates that there was still a qualitative difference in how students perceived the
“somewhat” and “mostly” certain categories. Namely, gender effects for certainty marking were
present, with non-dominant gender students being overrepresented at low certainty and
dominant-gender students overrepresented at high certainty (Figure 4B). This separation, when
examined using the chi-squared test for independence, was significant at p = .001. This is despite
the fact that the proportion of answers given correctly for each certainty level was not
significantly different between the genders (the non-dominant gender students even tending to
have slightly higher correctness at all levels of certainty; Figure 4C). It was also unsurprising to
note that there was a strong effect of student major on reported certainty, with the Electrical
Engineering students marking half of their responses as “Completely Certain”. There were more
male Electrical Engineering students than female, so to ensure that the observed gender
difference was not simply an effect of student major, data were de-aggregated to only include
Bioengineering students. The effect was still significant (p =.007) though not as extreme. These
results indicate that it may still be useful to separate students by major in the analysis of next
semester’s data, since Electrical Engineering students tend to have a much higher base familiarity
with the circuits concepts presented in the lecture sessions.

The previous analyses focused on students’ categorical responses, a subjective measure based on
their judgment at test-time. Using student-specific normalized certainty over the ensemble of
quizzes (c,), we can obtain a picture of the general behavior of each student and identify in which
answers they were more certain than usual. This is our attempt to access a quantity representing
the concept of “constructed certainty” in the conceptual framework model shown in Figure 1,
though it is still inexact. Because c, is a continuous variable, a more finely tuned analysis of
correctness is possible, as shown in Figure 5. As expected, when students had higher certainty
relative to other answers they had given, they were more likely to be correct; when they had low
certainty, their correctness was no better than chance. To calculate each point on the curve, a
moving window technique was employed. The central point, around a normalized certainty of c,
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Figure 4: Responses to knowledge-based questions according to categorical certainty and
gender. A) The average correctness increases with certainty level. B) De-aggregating by gender
shows little difference within the categories that do not represent guessing. C) Trends between
genders on giving responses in each category show a relative lack of reported certainty in the
non-dominant gender students.



= 0, includes all answers with —0.5 < ¢, < 0.5, of which approximately 60% were correct. The
sample size, N, and the empirical correctness proportion p can be used to estimate the standard
deviation of the expected correctness assuming a Bernoulli distribution of outcomes and using
the following formula for the standard deviation of the mean of such a distribution:

p(1—p)
N

This is why the range of error grows significantly at the lower values of the reported c,:
relatively few answers were in the tail of the distribution with low certainty, but correctness was
still near what would be expected from answers selected at random, resulting in a low
denominator and increased numerator in eq. 4. To avoid overstating the precision of the error
estimate, a moving-window average of width 1 normalized c, unit was used to create a smoothed
error representation. Finally, the second portion of each quiz contained “‘statement validation”
questions in which each student was asked to rate a statement as being true or false, and their
certainty. Different versions of the quiz presented the same statement as coming from different
sources: either as the output of ChatGPT (a common LLM) or as the contribution of a peer when
completing an assignment together. Some of the statements were intentionally worded in an
ambiguous manner to see if students would react with more skepticism; this did not have a
significant effect on responses for either source or in aggregate. For the subjective statements,
more students marked them as being “possibly misleading” when ChatGPT was the source, but
this difference was not significant; more data will be needed to examine this trend. However,
source did have an impact on whether students were willing to agree with objective statements
that were definitively true or false. Specifically, some students were more reluctant to affirm a
statement as true if ChatGPT was the source (p = 0.096 by the Fisher exact test), while false
statements were evaluated roughly equivalently regardless of provenance (Figure 6). Finally,
paralleling the results from the knowledge check questions, the trend of gender impacting the
prevalence of low- and high-certainty evaluations was present in these data as well (p = 0.02).

)

O'p:

Discussion

The results demonstrate that asking students to consider their certainty when answering can
provide valuable insights about how questions are received and whether students have the depth
of knowledge required to accurately claim ignorance. For most questions, students were
realistically assessing their certainty in their answer, which is a sign of good metacognition and
critical thinking. However, examining the questions for which this is not the case is just as
illustrative, since it has implications for question design. By using this type of certainty analysis,
three independent axes of question quality are available: difficulty, or the proportion of correct
answers; average certainty, or how difficult the question was perceived to be by students as they
completed it; and whether the population of student certainty is realistic, which is calculated by
how well an elevated certainty correlated with a correct response. This means that questions can
be separated into categories such as “known unknowns” in which students accurately assess
themselves as uncertain when they tackle a tough question, or “misconceptions” when students
are highly confident but that confidence does not translate to correctness. By examining these
outputs, an educator may be able to assess whether the content tested in such a way needs to be
reviewed, explained differently, or made more challenging.



Correctness proportion
© © © © o o9
ELN (&) » ~l (0] ©

o
w
|

0.2 | | | | 1
-2 -1 0 1 2

Normalized certainty

Figure 5: Student correctness vs normalized certainty score for all responses. The central
line represents the proportion of answers that were correct for the population of responses within
a window of one standard deviation surrounding the certainty level on the horizontal axis. The
dotted lines are a smoothed representation of the standard deviation of the mean correctness for
each level (eq. 2).
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Figure 6: Affirmation of statement truth depending on source and validity. As expected,
when presented with a false statement students were more likely to disagree, and this trend was
persistent regardless of statement source. However, when a true statement was presented as au-

thored by an LLM there was a tendency to doubt, more than when the same statement came from

a peer. This difference is approaching significance via the Fisher exact test (p = 0.096).



Although large studies on objective probability-based certainty do not show significant
differences between students’ performance based on gender, we hypothesized that this group of
students who were not accustomed to self-reporting certainty may exhibit systematic differences
when choosing the qualitative statement that best describes their self-assessment. This is based
on prior work on a similar population of students when assessing their expected self-efficacy in
various engineering-related tasks [23]. As hypothesized, male students tended to be
overrepresented at higher levels of certainty despite small differences in correctness, while
non-male students were overrepresented in the expression of acknowledged ignorance.
Interpreting this result is complex given the limited data available. Students provided consent to
use their data, so some self-selection is present in the resulting dataset. In addition, it is not
possible to separate the impacts of personality and the impacts of perceived expectation as
influences on student behavior. Regardless, this is an important demonstration of why categorical
statements of certainty are inappropriate for assigning grades in a summative assessment. The
formative assessment tool here is designed as an aid to student self-reflection, not as a means of
quantitatively rewarding students based on realistic certainty levels. This formative nature does
potentially compromise the study of student knowledge in this setting, as there is no extrinsic
motivation for students to perform thoughtfully on this assessment. It would therefore be
necessary to incorporate this assessment type into a classroom in a collaborative manner where
students understand the significance of ungraded work, or where another incentive is given to
encourage students to answer to the best of their ability.

Finally, there was some evidence that students consider the source of information when they
evaluate the truth of a statement, but this may be limited to a mild skepticism for ChatGPT
output. This difference appeared to come from particular students skewing the data, which
indicates that a larger sample size may allow for clearer partitioning of the class into “LLM
trusting” and “LLM skeptical” groups. Some mistrust may be healthy when considering technical
information in LLM output, but it’s important to note that sources of varying trustworthiness
come in many forms. The goal is not to create a specific attitude towards any one source but
rather to foster a prudent self-evaluation of knowledge whenever students find themselves
searching for explanations. If they have the background to accurately assess their certainty, it will
give them the ability to take accountability for information they cite—and, more importantly, to
admit when they aren’t sure and look for corroborating sources.

Conclusions and Future Work

This study shows that even simple formative assessments can be a valuable place to encourage
metacognition. By including a reported certainty on basic knowledge recall questions, quiz items
become informative for the instructor beyond the raw percentage correct. Students in this study
occasionally exhibited overconfidence, an effect that depended on both gender and major. And
there was some suggestion that LLMs as a source resulted in a different mental evaluation of
truthfulness. The quantitative data are suggestive for future work, but they also suggest a path
forward for expanding the presence of self-reflection in technical curriculum. This study seeks to
convince educators that certainty is a valuable skill for engineers to possess which can be
incorporated into their assessment structure with little additional effort. Students who learn when
they can trust their memory and judgment are more equipped to navigate a world with an



increasing number of knowledge sources of varying quality. Those who gain familiarity with
acknowledging ignorance in an assessment scenario may feel more comfortable admitting
uncertainty in their careers when their decisions will carry dire consequences for false
confidence.

The lessons learned in the first semester will be used to improve the study for implementation in
the spring. Considerably more students are enrolled, which will allow for better determination of
the significance of small effects. Most questions will be kept the same, but those which were
determined to be poorly aligned with course outcomes will be updated. This study could be
expanded in the future by incorporating a student feedback survey to determine whether students
felt they had improved their metacognitive skills, or whether they regularly use LLMs. Finally,
incorporating the question format and analysis methods used in this study into a learning
management system would be the ultimate test of the feasibility for wide-spread adoption of
formative certainty assessment.
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