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Abstract—This innovative practice WIP paper presents
SABERR, a novel formative assessment designed to lever-
age errors as a learning resource in an artificial intelligence
(AI) course. Previous research suggests that utilizing mistakes
as learning tools enhances students’ problem-solving abilities,
metacognitive skills, and deepens their conceptual understanding
across STEM fields. The intended outcomes of SABERR are
supporting and enhancing students’ learning by using their
mistakes as resources to improve their awareness about their own
knowledge and problem-solving strategies. The application design
of the SABERR assessment unfolds in three structured phases
which involve a reflective process where students are asked to
articulate and explain the reasoning behind their initial errors.
Our preliminary findings reveal that students initially struggled
with error analysis and articulating knowledge gaps. However, a
structured, step-by-step process significantly enhanced their error
identification and correction abilities. The SABERR assessment
approach significantly shifted student behavior towards priori-
tizing mastery of material, which was evidenced by increased
engagement in class discussions and a reduction in academic
dishonesty. Students reported improved ability to detect and
correct errors, with 95% acknowledging enhanced understanding
of AI concepts. However, this method also increased the workload
for instructors and teaching assistants. Overall, 91% of students
believed that a productive attitude towards mistakes would
benefit their future careers, underscoring the effectiveness of
SABERR in fostering a deeper, more analytical learning process
among computer science students. The findings from our pilot
study emphasize that the SABERR assessment approach not
only enhances students’ conceptual understanding and problem-
solving capabilities but also promotes metacognitive skill de-
velopment. By framing errors as learning tools, the approach
encourages students to become active, reflective participants in
their own learning processes. These findings also highlight the
need for assessment approaches that enable both instructors and
students to reframe errors as learning opportunities, thereby
changing their perceptions.

Index Terms—Artificial intelligence education, learning from
errors, second attempt assessment, meta cognition skills

I. BACKGROUND AND SIGNIFICANCE

Research in mathematics and computer science (CS) edu-
cation, foundational disciplines for artificial intelligence (AI),
has focused on how mistakes contribute to advancing students’
learning and developing their metacognitive skills from dif-
ferent perspectives [1], [2]. For example, in CS, an implicit
practice of error analysis appears commonly in the phase of
debugging a program [3], [4]. However, in the context of

AI education, students’ errors may derive from their limited
conceptual understanding, lack of fundamental notions, or
improper problem-solving strategies and approaches [5], [6].

This work-in-progress paper presents the Second Attempt:
Beyond Errors (SABERR) assessment method. We see errors
as initial steps in the learning process instead of conclusive ev-
idence of failure. Aligned with this perspective, SABERR inte-
grates the concept of ’SABER’ (meaning ’to learn’ in Spanish)
with a focus on errors. This assessment uses a constructive
metacognitive-based approach that leverages a second-attempt
assessment strategy, wherein students actively participate in
identifying, analyzing, and justifying their errors to facilitate
a deeper understanding of their existing knowledge. The
primary goal of this error-based metacognitive analysis is to
assist students in reflecting on their assumptions and problem-
solving strategies, which led to errors. It emphasizes students’
scaffolding process to think about concepts and ideas crucial to
solving a problem that students either overlooked or addressed
inadequately, as well as incorrect inferences they made about a
problem. Additionally, this error-based assessment strategy ad-
dresses particular challenges in AI education, such as students’
limited foundational knowledge in mathematics and computer
science [7], their lack of confidence, and their tendency to
prioritize performance over learning [8], [9].

A. Why a Learning from Mistakes Approach Assessment?

Supporting students’ conceptual thinking across STEM-
related fields using mistakes1 as learning tools is a complex
and challenging process due to traditional practices that frame
errors as something to avoid and students who err as inca-
pable of learning [10]–[12]. However, research in mathemat-
ics [13]–[16], physics [17], and CS education [3], [18], [19]
indicates that engaging students in analyzing their mistakes
using student-based constructivist approaches enhance their
problem-solving skills and deepen their conceptual under-
standing [20], [21] through trial and error skills [5], [17], [22]–
[25]. Further, a common and almost implicit practice in CS is
debugging.

Previous research indicates that debugging enables students
not only to detect and correct their coding errors but also to

1In this paper, we use the terms “errors” and “mistakes” interchangeably



become active agents of their own learning, as they realize
errors are not indicative of learning deficits but rather oppor-
tunities for enhancing algorithmic solutions [18], [26], [27].
Another strategy documented in CS involves offering students
a “second chance” at tests. Previous research states that this
method not only enhances students’ conceptual understanding,
problem-solving skills, and metacognitive abilities but also
improves their mastery of the material and reduces their
anxiety [28], [29].

B. Learning from Mistakes and the Development of Metacog-
nitive Skills

Enhancing students’ learning by using their mistakes as re-
sources involves adopting instructional strategies that encour-
age students to reflect on their existing knowledge to develop
their metacognitive skills [2]. Metacognition is an individual’s
awareness and understanding of their own cognitive processes
involved in problem-solving processes, which encompasses
thoughts about thoughts, and knowledge about knowledge or
reflections about actions [30], [31].

Previous studies have demonstrated that programming stu-
dents who engage in discussions to reflect on their previous
knowledge, their mistakes, and their successful and unsuccess-
ful strategies to correct them tended to display higher levels
of metacognitive awareness [32]. This reflection includes self-
explanation—a metacognitive skill to identify which aspects
of their prior knowledge were accurate and which were
imprecise, vague, unclear, or incorrect [33], [34].

Further, errors may provoke cognitive conflicts that force
students to attain a deep understanding of concepts and
relations between them [23]. For instance, previous research
showed how being aware of their own knowledge facilitates
higher levels of abstraction and meta-analysis in CS courses
[4], allowing students to review both successful and mistaken
steps to plan strategically for solving similar problems in the
future [35], [36]. This body of research is significant because
even when these studies do not focus on the benefits of
using learning from mistakes approaches in AI; they provide
a deeper understanding of the salience of the power of active
student participation to construct deeper levels of understand-
ing through embracing errors as learning opportunities.

II. THE INNOVATIVE PRACTICE: THE SABERR
ASSESSMENT

The ’Second Attempt: Beyond Errors’ (SABERR) assess-
ment approach asks students to use their prior knowledge and
logical reasoning to detect, analyze, explain, and justify the
reasoning behind the mistakes made in their initial attempt.
Furthermore, students are encouraged to formulate an action
plan to refine their understanding and problem-solving strate-
gies. Students do this by comparing their erroneous approaches
and solutions to partial standard solution steps or alternatives
provided by the instructor.

A. The SABERR Assessment Objectives
This assessment approach fosters the development of stu-

dents’ self-explanation skills allowing them to assess the

accuracy of their conclusions and responses by examining
and leveraging their prior knowledge. Further, the SABERR
assessment was designed to support students in identifying
not only their knowledge gaps, thereby enhancing their error
awareness but also to evaluate whether their prior knowledge
was applied correctly or incorrectly to new concepts in their
initial attempt. Furthermore, SABERR was crafted to foster
an iterative reflective learning process, encouraging students
to critically evaluate their understanding and application of
knowledge through an error-analysis reflection to readjust and
redefine their problem-solving strategies. It is important to
clarify that the first attempt is not graded, encouraging students
to prioritize mastery over performance.

B. The SABERR Assessment Procedure

The SABERR assessment unfolds in three structured
phases: (1) students complete assignments such as quizzes or
homework, (2) after submission, students receive access to in-
termediate steps and answers for all the problems, (3) the final
phase involves a reflective process (described below) where
students are asked to articulate and explain the reasoning
behind their initial responses by comparing their procedures
and answers with those provided in step (2). Included below
is a rubric to ensure students’ understanding at the level of
analysis the instructor is expecting (Figure 1).

Reflective Process
1) STEP 1: Mistake Identification

1.1 Review Assignment Responses: Review your assign-
ment procedures and responses based on the answer
key provided by the instructor.

1.2 Identify Errors: For each incorrect answer, you should
note the mistake you made. Please highlight them.

2) STEP 2: Conceptual Analysis
2.1 List Concepts Involved: For each question, list the

(mathematical concepts, formulas, or procedures) in-
volved in solving it.

2.2 Knowledge Assessment: Categorize these concepts into
these groups:
1) Concepts you knew and applied correctly.
2) Concepts you did not know but you understand,

now.
3) Concepts you did not know and still do not under-

stand.
3) STEP 3: Importance of Concepts

3.1 Concept Significance: Write a brief explanation of why
the concepts you didn’t know were crucial for solving
the problem.

4) STEP 4: Conceptual Connections
4.1 Interlinking concepts: Describe how the concepts you

knew are connected to the ones you did not, and you
understand now. This can include how one concept
builds on another or how different concepts interact
within a problem.

5) STEP 5: Reflective Learning



5.1 Learning from Analysis: Write a reflective summary of
what you have learned from this analysis. This should
include:
1) Insights gained about your understanding and mis-

conceptions.
2) Strategies you might employ in the future to avoid

similar mistakes.
3) How has this exercise affected your approach to

learning and understanding procedures, mathemat-
ical concepts, and formulas?

6) STEP 6: Action Plan: Bonus Points
6.1 Developing an Improvement Strategy: Based on your

reflections, create a personal action plan that outlines:
1) Specific areas you need to improve.
2) Resources or study methods you will use.

7) STEP 7: Use the rubric to ensure the quality of your
analysis.

Fig. 1. Rubric.

III. METHODOLOGY

This pilot IRB-approved study occurred at a large public
Hispanic Serving Institution (HSI). More than 64% of the
students enrolled at the university identify themselves as
Hispanic, and more than 50% receive Federal Pell Grant Aid,
which indicates low-income status. Within this larger context,

the CS department has developed a series of AI courses for
CS students aiming to support students in developing and
practicing their AI knowledge.

A. Research Context and Participants

Participants in this pilot study were 27 students enrolled in
one of those courses. The class met twice a week and students
were encouraged to attend their instructor’s office hours. To
the extent possible, then, each student had the opportunity to
talk with the instructor one-on-one about their assessments.

B. Data Collection and Analysis

Since the aim of this pilot study was to investigate students’
learning from mistakes, the authors employed research meth-
ods that drew on a concurrent mixed methods approach. By
employing a concurrent mixed method design and drawing on
evidence from both qualitative and quantitative data, the study
provided evidence of AI students’ learning from mistakes,
in particular through their level of analysis in their second-
attempt assessment responses [37], [38]. The first author
also applied a 12-item survey (four opened-ended questions
and eight closed-ended questions) focusing on the students’
perspectives and understanding of the learning from errors
assessment. This survey instrument was prepared and revised
by two of the authors and validated by a faculty member from
the psychology department of this institution. Qualitative data
sources included student artifacts and participant observations.
Researchers drew on this design because it provides trian-
gulation and complementary data [37] that allows for more
accurate feedback. Data collected were analyzed through a
constant comparative method [39] in which data are coded,
sorted, and organized in a structure to emerge into relevant
themes.

IV. PRELIMINARY OUTCOMES

In the initial stage of this pilot study, the research team
implemented an error-based assessment that required students
to reflect on and explain the reasoning behind their mis-
takes, without providing further guidance. Analysis of the
students’ responses revealed that most students were unable
to effectively analyze their errors, often providing answers
without understanding their mistakes. Based on this analysis,
we decided to refine the assessment to encourage students to
identify the knowledge gaps that led to their errors. However,
many students still struggled to detect, analyze, and correct
their mistakes or to connect these mistakes to their lack of
knowledge or misapplication of what they knew. Following
further refinements, we introduced the SABERR assessment.
In this section, we present the findings from this revised
assessment strategy.

A. The SABERR Assessment Implementation: Instructor Per-
spectives

Overall, implementing the SABERR assessment required
a shift in student behavior, which could only be effectively
reinforced through grading. However, as students acclimated



to this approach, they began to prioritize learning over the
pursuit of high grades, particularly because many were already
achieving satisfactory grades (the average and median grade
for the class at the time of writing is 84.9% and 87.5% re-
spectively). This shift in mindset reflects a deeper engagement
with the material and a greater emphasis on mastery rather than
mere performance.

The SABERR approach was not limited to the second-
attempt assessment; instead, it was embraced throughout the
course activities. For example, our field notes show that
students were consistently motivated to engage actively in
class discussions, irrespective of their certainty regarding the
correct answer. Further, they felt empowered to identify and
openly communicate any type of errors made by them and by
their instructor, a practice uncommon in American classrooms
where instructors tend to be error-averse [12].

Moreover, our qualitative data indicated that this error-
friendly approach significantly reduced academic dishonesty,
as students were assessed on their analytical skills rather than
the correctness of their answers. For instance, in the first
assignment, which involved introductory AI questions with
readily available answers online, at least three students initially
resorted to copying answers from the Internet. However, their
use of incorrect procedures indicated a lack of comprehension.
As the course progressed, those students comments indicated
a greater inclination to understand the underlying procedures,
which facilitated easier identification of errors. Remarkably,
one student expressed relief from the pressure to cheat, ac-
knowledging the assurance that their focus on learning would
not be penalized for occasional incorrect answers.

We also identified a significant challenge with the SABERR
assessment approach: a substantial increase in workload for
both instructors and teaching assistants. This increase was due
to the detailed feedback, which involved identifying errors and
misconceptions not only in technical knowledge but also in the
students’ analytical approach, which demanded personalized
attention. To alleviate this additional burden, a collaborative
strategy was implemented wherein students engaged in group
analysis, aiding one another in identifying errors and devising
solutions.

B. Students’ Perceptions of the SABERR Assessment

Near the end of the semester, the research team invited stu-
dents to participate in a confidential survey. The survey aimed
to capture students’ understanding, views, and perceptions of
the SABERR assessment approach. 24 students responded to
the survey. Survey findings include the following:

• Ninety-five percent (95%) of respondents indicated that
the SABERR approach has helped them detect and un-
derstand the sources of their mistakes to “a great extent”
or “a very great extent.”

• Sixty-six percent (66%) of respondents agreed that they
encounter challenges while engaging with the SABERR
rubric.

• Eighty percent (80%) of respondents either agreed or
strongly agreed that after analyzing their own errors with

the provided intermediate steps, answers, and rubric, they
felt confident to correct their errors on a second attempt.

• Ninety-five percent (95%) of respondents either agreed or
strongly agreed that the SABERR approach helped them
to improve their understanding of the AI concepts covered
in the course.

• Ninety-one percent (91%) of respondents indicated that
having a productive attitude toward mistakes, which al-
lows them to admit, learn from, and correct their mis-
takes, will be beneficial to their future career as computer
scientists.

In sum, student survey results, along with our qualitative data,
illustrate the effectiveness of this approach, with a majority
of students reporting enhanced abilities to detect, understand,
and correct their mistakes.

V. CONCLUSIONS AND IMPLICATIONS

Previous research has pointed to learning from mistakes
approaches supporting students to develop deeper levels of
conceptual understanding, becoming active agents of their
own learning in STEM-related fields, more specifically in
CS software development courses. We extend prior research
by underscoring the transformative potential of error-based
learning in the context of AI education. Consistent with prior
research, this study has also shown how students can develop
metacognitive skills from their participation in approaches that
frame errors as learning tools. We extend this finding by show-
ing the impact of the SABERR assessment in an AI course
students’ learning and metacognitive skills development.

Our pilot study findings illuminate how the constructive
metacognitive-based assessment, utilizing a second-attempt
strategy, significantly supports students in enhancing their
conceptual understanding and refining their problem-solving
strategies. By embracing errors as learning opportunities,
students are encouraged to engage deeply with their learning
processes. Implications of this approach extend beyond mere
students’ academic achievements. Furthermore, the SABERR
assessment fosters a culture where students are motivated to
engage with challenging subjects, even when they perceive
them as difficult. By framing problem-solving as a low-risk
challenge, a learning from mistakes methodology encourages
students to perceive mistakes as opportunities for growth and
helps prevent academic cheating. While existing literature
may not explicitly focus on utilizing mistakes to enhance
metacognition, the SABERR assessment approach inherently
fosters reflection and critical thinking, two key components
known to promote metacognitive development.

Moreover, by framing and using errors as learning oppor-
tunities, AI instructors can cultivate educational environments
where students feel safe to explore, question, position them-
selves as capable learners, and ultimately, innovate. Beyond
highlighting the affordances and limitations of the SABERR
approach, our assessment is a tool that AI educators can use to
develop students’ adaptive reasoning about the value of error-
handling skills in AI education and workforce.
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