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Abstract. As large language models (LLMs) are increasingly integrated
into college-level writing instruction, it is important to examine whether
Al-mediated learning outcomes are equitably distributed across students.
This study investigates demographic fairness in Learning by Teaching
(LbT) with an LLM, in a college-level writing context with 66 undergrad-
uate students. Each student completed both an LbT condition with an
LLM-simulated student and a video lecture condition designed to approx-
imate a traditional lecture format. Learning was measured at multiple
levels of Bloom’s Taxonomy using immediate post-tests, delayed post-
tests, and post-lesson essays assessing rhetorical strategy application.
Test-based assessments showed overall learning gains from pre- to post-
test across conditions, but no statistically significant differences across
demographic groups. Essay-based analyses, however, revealed selective
instructional effects: female students applied significantly more rhetori-
cal strategies on average under the LbT condition (2.88) than under the
video condition (2.24), a difference not reflected in test-based measures.
These findings indicate that assessment modality influences conclusions
about fair learning outcomes across students.

Keywords: Learning by Teaching - Large Language Models - Educa-
tional Fairness.

1 Introduction

Instructional designs and assessment practices may advantage some students
while disadvantaging others, even when overall learning outcomes appear posi-
tive [10, 13, 15]. As a result, examining specific learning outcomes across different
demographic groups has become an important component of fairness-oriented ed-
ucational research [2,12]. Educational technological interventions are often eval-
uated using summary measures of effectiveness such as average learning gains or
overall performance improvements based on student models, particularly when
comparing instructional conditions [14]. While such measures are informative
for identifying general patterns, they can sometimes obscure differences in how
students from different demographic and linguistic backgrounds experience and
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benefit from certain instruction [10,13]. The increasing use of artificial intelli-
gence (Al) systems in educational contexts has further amplified the importance
of understanding how learning outcomes are distributed across students [11].

As we show in this paper, assessing fairness in learning outcomes requires
consideration of how learning is measured. Bloom’s Taxonomy provides a useful
framework for distinguishing among levels of learning, such as remembering, un-
derstanding, and applying knowledge [3, 1]. Immediate post-tests are commonly
used to assess recall, delayed assessments capture retention and conceptual un-
derstanding, and written assignments can provide evidence of students’ ability
to apply knowledge in authentic contexts. Importantly, prior research has shown
that assessment types (particularly writing-based assessments) may differentially
privilege students based on linguistic background [5, 7].

In this paper, we examine demographic fairness in Learning-by-Teaching
(LbT) with a large language model (LLM) in the context of college-level writing
instruction by comparing test-based and essay-based learning outcomes across
instructional conditions. This paper addresses the following research questions:

RQ1: Do learning gains from the LbT condition differ across demographic
groups (gender, race/ethnicity, and linguistic background), as measured by pre—post
test scores, and how do these patterns compare to the video condition?

RQ2: Do the patterns observed in RQ1 persist when learning is measured
using delayed post-test scores, reflecting retention and conceptual understand-
ing?

RQ3: Do the patterns observed in RQ1 and RQ2 persist when learning is
measured using essay-based assessment, reflecting application-level learning?

2 Background

As Al systems, and LLMs in particular, become increasingly integrated into ed-
ucational contexts, researchers have raised growing concerns about fairness and
equity in Al-mediated learning environments [12, 11]. Much of the existing work
on fairness in Al has focused on algorithmic bias, representational harms, and
disparities in system behavior across demographic groups [17]. In educational
applications, fairness-oriented research has often examined predictive models,
automated assessments, or student modeling approaches used to estimate per-
formance or risk [2]. While this work has been critical for identifying inequities
in machine learning models, less empirical research has examined inconsistent
treatment among individual students based on their interactions with such sys-
tems and how these differences may propagate to affect demographic equity in
learning outcomes [4], particularly in open-ended instructional domains such as
writing.

LbT offers a useful framework for examining fairness in Al-mediated learning.
In LbT, students deepen their understanding of a topic by taking on the role
of a teacher, which requires them to explain concepts, organize knowledge, and
anticipate misunderstandings [6,9,22]. Prior research on technology-mediated
LbT, including teachable agent systems such as Betty’s Brain, has shown that
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students can achieve meaningful learning gains by instructing an artificial agent
rather than learning directly from it [21, 24]. However, these systems have largely
been confined to well-structured STEM domains, where correct answers and
misconceptions can be predefined and automatically evaluated, and have rarely
examined whether the benefits of LbT are distributed equitably across students
from different demographic or linguistic backgrounds.

Advances in LLMs extend the teachable-agent paradigm to language-based
and open-ended domains such as writing. LLMs can engage in flexible, dialogue-
driven interactions and respond to student explanations about rhetorical con-
cepts, making them well suited for LbT-based writing instruction [16,23]. Prior
work on LLM prompting has shown that these models can be strategically con-
figured to adopt specific interactional roles, including novice-like behaviors [25,
19], creating new opportunities for LbT approaches in domains like writing in-
struction.

Writing further complicates questions of fairness because it functions both as
a site of learning and as a mode of assessment. Writing tasks require students to
retrieve, organize, and apply knowledge in rhetorically meaningful ways, mak-
ing them a rich source of evidence for application-level learning [8,20]. At the
same time, research on writing assessment has shown that evaluation practices
may differentially privilege students based on linguistic background and prior
educational experiences [5,7]. As a result, essay-based assessments may surface
learning outcomes differently than test-based measures, particularly for students
from linguistically diverse backgrounds.

Evaluating fairness in Al-supported writing instruction therefore requires
attention to both instructional design and to how learning is measured and
represented. While LbT with LLMs offers a promising approach for engaging
students actively in college-level writing instruction, it remains unclear whether
its benefits are equitably distributed across students or whether commonly used
assessment measures capture learning consistently across demographic and lin-
guistic groups. The present study addresses this gap by examining demographic
fairness in LbT with an LLM, using both test-based and essay-based measures
of learning.

3 Method

3.1 Dataset

The dataset consists of written essays and test-based assessments from 66 under-
graduate students who participated in an in-person, within-subjects experiment
comparing two instructional conditions: a LbT condition and a video lecture con-
dition [18]. Participants were recruited from undergraduate courses at a large
public university in the United States and received course credit for participa-
tion. All procedures were approved by a research ethics board.

The dataset includes demographic information (gender, race/ethnicity, and
linguistic background), immediate post-test scores, delayed post-test scores, and
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two post-activity essays per participant. Each instructional condition targeted
three rhetorical strategies drawn from a set of six foundational strategies in
persuasive writing (ethos, pathos, logos, concession and rebuttal, analogies, and
rhetorical questions). Strategy assignment and order were rotated using a Latin-
square design to balance coverage across conditions and mitigate order effects.

After each instructional condition, students completed a short multiple-choice
post-test to assess recognition of rhetorical strategies followed by an essay re-
quiring application of the rhetorical strategies introduced in that condition. A
delayed post-test covering all six strategies was administered approximately two
weeks later to assess retention and conceptual understanding; 31 students com-
pleted the delayed post-test.

The test-based and essay-based assessments captured distinct aspects of
learning. Test items assessed recognition and interpretation of rhetorical strate-
gies, reflecting recall and conceptual understanding, while essays required stu-
dents to generate and apply rhetorical strategies in their own writing, reflecting
application-level learning. We treated these measures as providing related but
non-equivalent evidence of learning outcomes, allowing us to examine whether
conclusions about learning and fairness converged across assessment types.

We calculated the descriptive statistics of the dataset. For race, participants
were allowed to select one or more categories. There were 40 White students,
14 Asian students, 5 Black students, and 5 students across categories too small
to report. Due to sample size constraints and the distribution of responses, we
analyzed race as a binary variable (White and non-White) to enable balanced
group-level comparisons.

Similarly, for gender, there were 43 female students, 19 male students, 2 non-
binary students, and 1 student who preferred not to say. Because no more than
three students reported being non-binary or choosing “Prefer not to say” for
gender, we excluded these students from further analyses, as such small samples
would not allow for group-specific conclusions or comparisons to other groups.
For English as first language, 41 students reported “yes” and 25 reported “no”.

3.2 Analysis

We analyzed learning outcomes across instructional conditions (LbT and video
lecture) and demographic groups defined by gender, race/ethnicity, and first
language. All comparisons evaluated differences between instructional conditions
within demographic groups.

To address RQ1, we measured immediate learning outcomes as learning gains
by subtracting pre-test scores from post-test scores for each student. We com-
puted mean learning gains for each demographic group under each instructional
condition and compared these means using t-tests. We analyzed RQ2 in the
same way, but with the delayed post-test only. For RQ3, we manually coded
essays for two measures: the total number of rhetorical strategies used and the
proportion of distinct strategy types applied (i.e., whether all relevant strategies
were employed as directed).
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We compared performance across instructional conditions using ¢-tests, re-
flecting the within-subject design in which each participant completed both
conditions. Because multiple comparisons were conducted across demographic
groups and outcome measures, results are interpreted with caution and empha-
sis on consistent patterns rather than isolated statistically significant findings.

4 Results

Students demonstrated overall learning on both test-based and essay-based mea-
sures. Test performance showed near-ceiling scores following both instructional
conditions (98-99% accuracy), while essay-based outcomes showed greater vari-
ability: students used more rhetorical strategies on average in their essays follow-
ing the LbT condition (2.70 strategies) than the video condition (2.10 strategies).
The analyses that follow examine whether these learning gains differed across
demographic groups, instructional conditions, and assessment types.

4.1 RQ1: Immediate Learning Gains

As shown in Table 1, no statistically significant differences were observed be-
tween the video condition and the LbT condition across demographic groups.
The results suggest that immediate learning gains, as measured by immediate
post-tests targeting recall and recognition, did not differ meaningfully across
demographic groups or instructional conditions.

Table 1. Immediate recall, measured as the difference between pre-test and post-test
scores, by demographic groups under different learning strategies

Passive instruction LbT p-value
Gender Female 0.124 0.147 .665
Male 0.019 0.035 764
Race White 0.120 0.138 749
Other 0.027 0.056 537
English as Yes 0.111 0.119 .860
first language No -0.026 0.056 .186

4.2 RQ2: Retention and Conceptual Understanding

RQ2 examined whether the same patterns observed for immediate learning gains
(i.e., RQ1) existed when learning was measured using delayed post-test scores.
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Table 2. Conceptual understanding, as measured by post-test scores, across demo-
graphic groups under different learning strategies

Passive instruction LbT p-value
Gender Female 0.864 0.903 511
Male 0.893 0.929 611
Race White 0.884 0.897 .822
Other 0.825 0.925 .145
English as Yes 0.877 0.920 370
first language No 0.800 0.850 .667

As shown in Table 2, no statistically significant differences were observed be-
tween instructional conditions across demographic groups for delayed post-test
performance. These results indicate that delayed post-test performance, which
was intended to capture retention and conceptual understanding, did not differ
significantly across demographic groups or conditions.

4.3 RQ3: Rhetorical Strategy Use and Quality in Essays

As shown in Table 3, analysis of the total number of rhetorical strategies used re-
vealed a significant difference between instructional conditions for some groups.
Specifically, female students and students who speak English as their first lan-
guage used a significantly higher number of rhetorical strategies in the essays fol-
lowing the LbT condition compared to the video condition (p=0.030 and 0.031,
respectively). No statistically significant differences were observed for male stu-
dents or across race and students whose first language was not English for this
measure. To ensure that this result was not due to female students all being na-
tive English speakers, we calculated the correlation between gender and English
as first language (¢ = .207, p = 0.101), indicating that these groups were related
but far from identical.

In contrast, no statistically significant differences were observed across de-
mographic groups in the completeness of rhetorical strategy use for either in-
structional condition.

5 Discussion

Across RQ1 and RQ2, post-test measures of learning showed no statistically sig-
nificant differences across instructional conditions or demographic groups. These
null results indicate that, when learning is measured through short multiple-
choice assessments targeting recall and understanding, LbT with an LLM does
not produce differential outcomes across gender, race/ethnicity, or linguistic
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Table 3. Rhetorical strategy use and rhetorical quality by demographic groups under
different learning strategies. * indicates a statistically significant difference (p < .05).

Number of rhetorical strategies Complete ratio
Video LbT p-value Video LbT p-value
Condition Condition Condition Condition
Gender Female 2.238 2.881 .030 * 0.635 0.698 .282
Male 2.368 2.421 .880 0.667 0.684 .824
Race White 2.314 2.725 113 0.592 0.692 077
Other 2.308 2.769 .296 0.736 0.708 716
English as Yes 2.175 2.800 .031 * 0.634 0.693 .261
first language No 2.542 2.625 815 0.692 0.718 .789

background in this sample. Importantly, these null effects occurred in the con-
text of overall learning gains, with average post-test accuracy exceeding 98%
across conditions, highlighting the limits of test-based measures for capturing
instructional differences in writing-focused, Al-mediated contexts.

In contrast, essay-based analyses (RQ3) revealed instructional effects that
were not reflected in test scores. Female students who speak English as their
first language demonstrated a significant increase in rhetorical strategy applica-
tion after the LbT condition. This increase in strategy application exhibits evi-
dence of higher-level learning [1, 3]. These findings indicate that assessment type
shapes which learning outcomes, and which differences across students, become
visible. Test-based and essay-based assessments did not consistently represent
learning outcomes across groups, suggesting that reliance on a single measure
obscures meaningful differences in how students express and apply what they
have learned. From a fairness perspective, these results emphasize the impor-
tance of examining learning using multiple forms of assessment when evaluating
Al-supported instructional designs.

6 Limitations

This study has several limitations related to sample size and demographic repre-
sentation that affect the scope of its fairness claims. First, although the sample
size is appropriate for an exploratory study, it limits statistical power for sub-
group analyses, particularly for intersectional comparisons across demographic
categories. As a result, we operationalized certain demographic variables using
coarse groupings (e.g., binary race categories), which enabled balanced compar-
isons but constrained our ability to examine differences among more specific
racial and ethnic groups. Consequently, findings related to demographic fairness
should be interpreted as preliminary and descriptive rather than conclusive.
Second, the exclusion of participants identifying as non-binary or selecting
“Prefer not to say” for gender reflects a broader challenge in fairness research.
While this decision was methodologically necessary due to extremely small group
sizes, it highlights how standard quantitative approaches can fail to adequately
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represent gender diversity. As a result, our analysis does not capture how LbT
with LLMs may differentially affect students outside binary gender categories.
Future work should prioritize larger and more diverse samples that support more
inclusive analyses and avoid the need for such exclusions.

More broadly, these limitations underscore the importance of aligning method-
ological choices with inclusivity goals when studying fairness in Al-supported
learning environments.

7 Conclusion

While traditional, test-based assessments showed no significant differences across
demographic groups, essay-based measures revealed differential instructional ef-
fects across students that were not captured by tests. These findings demonstrate
that null results on standardized measures do not necessarily indicate uniform
learning experiences and that assessment type plays a critical role in determining
which learning outcomes, and which learners, become visible. As LLMs continue
to be integrated into writing instruction in higher education, future research
should attend to instructional effectiveness as measured in multiple ways, in-
cluding how assessment choices shape conclusions about equity and learning.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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