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Abstract

Large language models (LLMs) are used to generate feedback on student writing at a scale; concerns are growing
that they may reproduce or amplify gender bias in pedagogically consequential ways. Recent embedding-based
benchmarking work has shown that counterfactual gender cues can produce significant semantic divergence
in LLM-generated essay feedback, especially under implicit gender conditions. However, such bias is difficult
to evaluate because it increasingly emerges through subtle, context-dependent differences in tone, questioning,
evaluation, revision guidance, and learner positioning. Thus, a key challenge remains: how can such bias be
localised, interpreted, and connected to its downstream pedagogical meaning? This paper addresses this challenge
by proposing a span-level embedding-based evaluation framework for analysing gender bias in LLM-generated
essay feedback. Using 300 essays from the AES corpus, this work analysed 600 feedback responses generated
by GPT-40 mini under an original male-associated condition and a male-to-female counterfactual condition.
Feedback responses are segmented into local spans, embedded, and aligned across counterfactual pairs using
cosine similarity. The study then estimates each matched span pair’s contribution to global cross-condition
semantic separation through a leave-one-out cosine influence statistic and assesses significance using one-sided
permutation tests. Analysis of the significant span pairs (n=217, p<.05) reveals a systematic shift in pedagogical
framing: (1) male-associated feedback is longer, more evaluative, and more strategy-oriented, focusing on
argument, organisation, historical context, proofreading, and coherence; (2) counterfactual female feedback is
shorter, more interrogative, and more focused on experiential, relational, and affective details. We argue that
this pattern represents pedagogical framing bias, where gender cues influence not only what feedback says, but
what kinds of learning opportunities it provides. This study contributes an interpretable NLP-based method for
connecting embedding-level bias detection with pedagogically sensitive evaluation of automated feedback.
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1. Introduction and Related Work

Large language models (LLMs) are increasingly being used to generate feedback on students’ written
work [1]. Yet, concerns have intensified over whether it provides equitable learning opportunities,
especially when conditioned by gendered cues. Increasing evidence indicates that LLMs generate
different content for different learner groups even when all other input is constant [2]; and gender cues
can shape model behaviour in scenarios such as collaboration analytics and essay assessment [3, 4]. In
LLM-generated feedback for students’ writing, LLMs systematically shift the output according to gender
cues, and positive feedback bias and feedback withholding bias showed on how student writing is judged
and how much substantive critique students receive [5]; Most directly, Du et al. [6] showed that implicit
gender manipulations in student essays produced significant semantic divergence across all tested
models, with male-coded cues eliciting more autonomy-supportive guidance and female-coded cues
more often eliciting controlling. This biased feedback will shape students’ self-regulation, motivation,
and agentic engagement if it is not provided with appropriate pedagogical discretion [7, 8, 9].
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LLM bias increasingly appears in implicit and context-dependent forms. Even models that appear
explicitly unbiased may retain implicit biased associations [10]. In educational feedback, bias is unlikely
to appear as overtly harmful language and tends to be embedded in apparently helpful feedback through
assumptions about voice, agency, ability, style, and authorial identity [11, 5, 6]. Such bias emerges
from sociotechnical pipelines in which training data, optimisation, prompt contexts, and human-Al
interaction jointly shape outputs [12, 13, 14]. In education, these patterns interact with long-standing
gendered assumptions in teaching and assessment [15, 16]. As a result, fluent and pedagogically plausible
feedback may still redistribute agency, critique, encouragement, and writing support in inequitable
ways [11, 17]. This implicitness creates a methodological challenge for evaluation. Bias measures
detached from downstream use contexts may be poorly aligned with the harms they aim to capture
[18, 19]. In feedback, the same linguistic form can serve different pedagogical roles: a question may
invite reflection or impose an external revision agenda; praise may support confidence or withhold
critique; and a suggestion may preserve or constrain learner agency [20, 21, 8, 9]. Manual interpretation
can reveal such meaning, but it is difficult to scale or embed into computational auditing workflows.

Span-level analysis offers one such route. We use span to refer to a contiguous, semantically coherent
local unit of text that is more interpretable than tokens while remaining more localisable than a full
response [22, 23]. In broader LLM research, span-level methods have been used to localise hallucinations
[22], evaluate machine translation errors [24], detect Al-generated scientific text [25], and audit socially
complex language phenomena such as severity-dependent bias in polarising language detection [26].
These studies indicate a shift from global scores to local evidence, and from detection alone to detection,
localisation, calibration, and interpretation. This trajectory is especially relevant to bias evaluation, yet
remains underused in AIED research on bias.

This study therefore proposes span-level embedding analysis to localise interpretable evidence of bias.
By aligning spans across counterfactual feedback pairs and estimating each span pair’s contribution to
global semantic separation, the method identifies where gender-conditioned divergence occurs and
supports educational interpretation of how such divergence is realised. We ask:

RQ1. Which spans drive gender-conditioned feedback divergence?

RQ2. What linguistic and discourse patterns distinguish these spans?

2. Methods

2.1. Data and counterfactual feedback generation

We used 300 essays from the AES corpus that contained male-associated words. For each essay, we used
two conditions: the original male-associated essay condition (M) and a male-to-female counterfactual
condition (M-F), where gender-associated words were substituted while keeping the remaining essay
content unchanged. All essays from the counterfactual condition are manually checked to ensure
grammar and semantic consistency. GPT-40 mini was used to generate feedback for each essay in both
conditions, resulting in 600 feedback responses.

2.2. Span construction and analysis
2.2.1. Span segmentation and alignment

Each feedback response was segmented into local spans. We define a span as a contiguous, semantically
coherent unit of feedback text that is more interpretable than a token-level unit while remaining
more localisable than a full response [22, 23]. Feedback on writing is commonly organised through
pedagogical discourse moves such as praise, critique, diagnosis, questioning, and revision guidance
[20, 21]. Sentences therefore, provide a meaningful first unit for preserving feedback function, and we
thus used a sentence-first strategy accordingly. Long sentences were split into overlapping chunks
of up to 30 words with an 8-word overlap, balancing local interpretability with contextual continuity,
consistent with sliding-window span analysis for localising coherent evidence in LLM outputs [22]. The
30-word threshold was chosen as a rounded upper bound close to the 32-word span setting explored



in recent span-level LLM work [27]. The 8-word overlap was used as a local-context buffer to reduce
boundary artefacts, inspired by prior NLP and distributional-semantic work that uses 8-word windows
to capture local semantic or syntactic context [28], while recognising that window size is task-dependent
[29].

For each counterfactual feedback pair, spans from the M response and the corresponding M-F
response were embedded and aligned using greedy one-to-one cosine matching. Let A; = {a;1, ..., Gjp}
denote the span embeddings from the M feedback for essay i, and B; = {b;1, ..., bj,} denote the span
embeddings from its M-F counterpart. The greedy one-to-one cosine alignment is applied to prevent
generic feedback spans from being repeatedly matched to multiple counterfactual spans, which could
inflate local evidence [30]. Cosine-based embedding similarity was used because it aligns spans by
semantic proximity, consistent with prior work showing that sentence and contextual embeddings
capture meaning beyond exact lexical matching [31, 32].

We computed all pairwise cosine similarities between A; and B;, then iteratively selected the highest-
similarity unused span pair.

2.2.2. Span-level contribution to global semantic separation

All matched span pairs were pooled across essays. Let A = {ay, ..., an} be the embeddings of aligned
spans from the M condition and B = {by, ..., by} the corresponding embeddings from the M-F condition.
We first computed the global cross-condition cosine separation:
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where d..s(-,-) is cosine distance. To estimate the contribution of each matched span pair i, we
removed g; and b;, recomputed the global separation, and defined:
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Here, I is the span-level cosine influence statistic. A larger positive [ indicates that the matched span
pair contributes more strongly to global semantic separation.

2.3. Permutation-based significance testing

To assess whether each span pair’s influence exceeded what would be expected under random cross-
condition alignment, we used a one-sided permutation test. In each permutation, the M-F span
embeddings were randomly reassigned while preserving the M spans and the overall embedding
distributions. We then recomputed the leave-one-out influence statistic for each span pair B = 2000.

2.4. Interpretive analysis of significant spans

The 217 significant span pairs (p<.05) were analysed to characterise how gender-conditioned semantic
divergence was locally realised in feedback language.

The interpretive analysis of the significant span pairs followed a reflexive thematic analysis approach
[33]. The first author conducted the primary coding of the retained span pairs, moving iteratively
between the M and M-F spans, quantitative indicators, and the surrounding feedback context. Initial
codes were generated inductively from repeated close reading of the significant span pairs, then
organised into candidate themes. These candidate themes were reviewed and refined through discussion
with the co-authors through focused meetings. Following reflexive thematic analysis, we establish
coding consensus.



Table 1
Summary of the 217 high-influence span pairs retained for interpretation.

Surface and linguistic patterns M M-F
Mean words per span 12.60 9.05
Question-form spans 17 (27.0%) 41 (65.1%)
Statement spans 42 (66.7%) 21 (33.3%)
Exclamation spans 3(4.8%) 1(1.6%)
Imperative spans 1(1.6%) 0(0.0%)
Writing-quality markers 17 (27.0%) 2 (3.2%)
Experiential/relational markers 24 (38.1%) 33(52.4%)
Praise/encouragement markers 15(23.8%)  2(3.2%)
Score/overall-label markers 2(3.2%) 2 (3.2%)

The interpretive analysis focused on three dimensions aligned with the research questions: (1)
linguistic form, including question forms, evaluative statements, and suggestion structures; (2) discourse
moves, including critique, praise, strategy guidance, content prompting, and elaboration requests; and
(3) pedagogical meaning, including learner agency, revision guidance, motivation, and equitable access
to writing support.

3. Results and Findings

217 high-influence span pairs with one-sided permutation values below .05 were identified. As shown
in Table 1, the selected spans had a median permutation value of .0045, a median permutation z value
of 3.58, and a median cosine influence of 4.66 x 107>,

Three main patterns emerged. First, M feedback spans were longer and more often realised as
evaluative statements, whereas M-F spans were shorter and more often realised as questions. In the
retained subset, 65.1% of M-F spans were question forms, compared with 27.0% of M spans. Second,
the two conditions differed in their writing focus. The M spans more often targeted essay quality,
including argument depth, organisation, historical context, proofreading, coherence, and broader
thematic development. By contrast, the M-F spans more often prompted experiential, relational, or
affective elaboration, including animals, feelings, interactions, challenges, lessons learned, and personal
perspective. Third, the high-influence spans indicated a shift in feedback function. The M condition
more often framed the student as a writer whose work required diagnosis, strategy, and development.
E.g., one M span stated that “the essay jumps from one idea to another without always making clear
connections,” while the corresponding M-F span asked, “What did she learn from her adventures?”
Similarly, an M span recommended proofreading before submission, whereas the corresponding M-F
span asked about the impact on potential members. We presented representative high-influence span
pairs in Table 2.

4. Discussion and Future Work

This study demonstrates the value of span-level embedding analysis for evaluating bias in LLM-generated
feedback. By estimating each matched span pair’s contribution to global cross-condition separation, our
method localises the textual evidence that most strongly drives gender-conditioned divergence. This
makes bias more inspectable and identifies specific feedback spans that can be reviewed, interpreted,
and potentially surfaced to educators or system designers in auditing workflows.

The identified spans reveal that gender-conditioned divergence appeared as a shift in feedback
function. Male-associated feedback was more often evaluative, strategy-oriented, and focused on essay
quality, including argument development, coherence, historical context, proofreading, and broader
thematic connections. In contrast, female counterfactual feedback was often interrogative, experiential,



Table 2
Representative high-influence span pairs.

M-condition feedback span M-F-condition feedback span Evidence

“You provide a glimpse into Luke’s experiences and “How did she handle the decision of not joining the p = .0005, z = 4.83
his decision to continue sailing instead of joining  military?”
the military.”

“Moreover, when you mention the formation of “Did she have any memorable interactions with p=.001,z=3.98
the UNRRA, it might be useful to explain why that people in these different countries?”
context is important to understand Luke’s journey.”

“The moment when Luke breaks his ribs is signif-  “What does breaking her ribs signify in the larger p = .002, z = 3.82
icant, but it needs more context—how does this narrative?”
incident affect him and his view of the journey?”

“It would strengthen your piece if you could tie “What did the animals feel like telling from Luke’s p = .0015, z = 4.88
Luke’s experiences more closely to this lesson experiences, for example?”
throughout the narrative.”

Note. Span pairs are representative high-influence excerpts from M versus M—F feedback comparisons. Evidence statistics
report the corresponding span-level test results.

and relational, prompting elaboration about feelings, interactions, adventures, challenges, and personal
perspective. These patterns align with concerns that bias in educational LLMs may be embedded in
apparently helpful pedagogical language rather than in overtly discriminatory statements [11, 5].

We interpret this pattern as a form of pedagogical framing bias, concerning that counterfactual
gender cues appear to redistribute different types of learning opportunities. In this study, semantic
difference is interpreted as pedagogically meaningful only when it is counterfactual gender-conditioned,
recurrent across significant spans, and linked to feedback functions that shape learning opportunities.
The identified spans showed a systematic shift in feedback framing: M feedback more often offered
writing-quality diagnosis and strategy-oriented guidance, whereas M-F feedback more often used
question prompts about experience, relation, and affect. This distinction matters because effective
feedback is not simply information delivery; it should help learners understand where they are going,
how they are progressing, and what actions can close the gap [7]. It also depends on students’ feedback
literacy, including their capacity to interpret feedback, make judgment, and act on it productively [8].

From this perspective, repeated differences in whether feedback supports strategic revision or instead
asks students to respond to local prompts may affect learner agency and feedback uptake, which
are central to agency engagement with feedback [9]. We therefore interpret the observed pattern as
pedagogical framing bias: because gender cues appear to redistribute feedback functions and learner
positioning in pedagogically consequential ways, consistent with prior response-level evidence of
gender-conditioned divergence in LLM feedback [6].

This study is an initial step. Future work should extend this approach in two directions. First,
developing standardised auditing pipelines that could support feedback developers and educators by
flagging high-influence spans and explaining the differences based on pedagogical impacts. Second,
future research should involve teachers in the evaluation loop. Teachers may accept, adapt, ignore,
or override LLM-generated feedback in different ways. Teacher-in-the-loop studies can examine how
educators interpret span-level audit evidence, whether it changes their use of LLM feedback, and how
such tools might support more equitable feedback practices in authentic writing instruction.
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