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Abstract

Automated scoring models are increasingly
used to assign rubric-based quality ratings
to complex language performances, including
classroom transcripts, yet they typically pro-
vide little insight into why a particular score is
produced. We propose a general framework for
sentence-level interpretability of rubric-based
scoring that combines model-agnostic Shapley-
value attributions with rationales generated by
large language models (LLMs). Instantiated
on the Quality of Feedback dimension of the
CLASS framework using the NCTE corpus, the
framework enables systematic comparison of
fine-tuned pretrained language models (PLMs)
and prompted LLMs on both scoring perfor-
mance and explanation faithfulness. Across
6k annotated transcript segments, fine-tuned
PLMs outperform LLMs in prediction accu-
racy but exhibit label compression toward mid-
scale scores. Deletion-based tests show that
SHAP identifies sentences that reliably drive
model predictions, producing typically larger
and more coherent prediction shifts than LLM-
generated rationales. Cross-model analyses fur-
ther reveal that SHAP attributions transfer ro-
bustly across architectures, whereas LLM ratio-
nales exert limited and inconsistent influence.
Overall, the findings demonstrate that SHAP
provides more faithful and transferable explana-
tions for rubric-based scoring, and that the pro-
posed framework offers a principled basis for
evaluating both scoring models and their expla-
nations in high-stakes educational settings and
other rubric-based language assessment tasks.

1 Introduction

Rubric-based scoring models are increasingly used
to automatically evaluate open-ended language
tasks, from student essays and peer feedback to
clinical notes and classroom transcripts. In these
settings, models assign scalar scores on multi-level
rubrics that inform teaching, evaluation, and policy
decisions, yet most systems provide little insight

into why a particular score was assigned. This is
especially problematic in high-stakes educational
contexts, where stakeholders such as teachers must
be able to understand, trust, and contest automated
judgments—requirements that are now explicitly
reflected in emerging regulatory frameworks such
as the EU Al Act (European Parliament and Coun-
cil of the European Union, 2024). Therefore, a cen-
tral challenge emerges: how can we trust rubric-
based scores produced by opaque, black-box
models such as large language models (LLMs)
when their internal decision-making is inacces-
sible and their explanations may be unfaithful?
Recent work suggests that free-form explanations
produced by LLMs can be persuasive without faith-
fully reflecting the underlying computation (Turpin
et al., 2023; Ye and Durrett, 2022), raising thus
a critical question for explainable NLP: which
parts of a text truly drive a model’s rubric-based
score, and how can we evaluate whether an ex-
planation has captured them?

High-quality feedback is central to teachers’ pro-
fessional growth, yet providing consistent and indi-
vidualized feedback is resource-intensive and prone
to inconsistency. Recent work demonstrates that
automated feedback tools can enhance teachers’
uptake of student ideas by as much as 24% (Dem-
szky et al., 2024), showing the promise of NLP-
based approaches for supporting teacher develop-
ment. Classroom teaching quality is thus a pro-
totypical example of a high-stakes, rubric-based
judgment where opaque scores are insufficient, and
explanations are critical.

Automated scoring of teaching quality dimen-
sions has likewise proven feasible (Hou et al., 2024;
Fiitterer et al., 2026), but scoring alone does not
provide insight into the reasoning behind a model’s
evaluation. Moving from what (the score) to why
(the reasoning) is essential for generating action-
able feedback and fostering user trust. However,
whereas LLLMs can generate rich, sentence-level



rationales, a growing body of work shows that such
explanations often fail to reflect the model’s actual
decision process(Turpin et al., 2023; Ye and Dur-
rett, 2022). Despite the rapid progress of LLMs and
transformer-based scoring systems, their decision-
making processes often remain opaque.

To bridge this gap, we investigate explainable
NLP methods that can reveal which parts of class-
room dialogue most strongly influence automated
teaching quality assessments. Specifically, we pro-
pose a unified framework for sentence-level inter-
pretability of rubric-based teaching quality scores,
comparing model-agnostic feature attribution using
SHAP (Lundberg and Lee, 2017) with LLM-based
reasoning to identify aspects of teacher—student
interaction that contribute to high- or low-quality
feedback. Our study focuses on the Quality of
Feedback dimension, evaluating the quality of the
feedback given by teachers to their students in the
classroom, within the Instructional Support do-
main of the Classroom Assessment Scoring System
(CLASS) framework (Pianta et al., 2008), as pro-
viding feedback is a core teaching practice and
exhibits a balanced label distribution in our dataset.

We evaluate fine-tuned transformer-based mod-
els and LLMs on the NCTE dataset (Demszky
and Hill, 2023), containing elementary mathemat-
ics classroom transcripts annotated by expert ob-
servers. Beyond comparing model performance,
our work examines the faithfulness and consistency
of different explanation methods by systematically
removing sentences highlighted as important, ei-
ther by SHAP or by LLM-generated rationales, and
measuring how these removals change predictions.
We further introduce a cross-model evaluation pro-
tocol where explanations generated for one model
family are used to perturb inputs for the other, al-
lowing us to study whether explanations transfer
across architectures or remain model-specific.

Our work contributes to the growing body of
research on explainable NLP and reliable LLM
rationales in education and other rubric-based as-
sessment settings by:

1. Proposing a general framework for sentence-
level interpretability of rubric-based
scoring models that combines model-
agnostic Shapley-value attributions with
LLM-generated rationales, instantiated on
automated teaching quality assessment.

2. Comparing specialized fine-tuned models and
LLM prompting for teaching quality scoring.

3. Evaluating the faithfulness of SHAP and
LLM-based explanations through deletion-
based tests, assessing how influential the iden-
tified sentences truly are for model predic-
tions.

4. Introducing cross-model consistency analyzes,
where LLM-selected sentences are removed
and evaluated with fine-tuned models (and
vice versa), to probe the alignment of explana-
tion methods across architectures.

5. Discussing the implications of our findings for
the design of transparent, actionable teacher
feedback tools and, more broadly, for the use
of LLM rationales as explanations in rubric-
based educational assessments.

We address the following research questions

(RQs):

* RQ1: How do fine-tuned transformer-based
pretrained language models (PLMs) compare
to prompted LLMs in predicting rubric-based
teaching quality scores on the Quality of Feed-
back dimension?

* RQ2: How faithful and reliable are SHAP-
and LLM-based sentence-level explanations
in identifying influential parts of a classroom
transcript, as measured by deletion-based
changes in predictions?

* RQ3: To what extent do explanations transfer
across model types, i.e., does removing sen-
tences identified by one model meaningfully
affect the predictions of another?

2 Related Work

2.1 Explainability Methods for NLP Models

Explainable NLP methods aim to identify input
components that most strongly influence model
predictions, a crucial requirement in educational
contexts where transparency is essential. Model-
agnostic approaches, e.g., LIME (Ribeiro et al.,
2016) and SHAP (Lundberg and Lee, 2017), pro-
vide local feature attributions by approximating
complex classifiers or computing Shapley values.
Beyond NLP, SHAP has also been applied in other
domains to improve model interpretability, includ-
ing work that combines SHAP explanations with
LLM-generated descriptions to enhance human-
understandable rationales (Khediri et al., 2024). In



our work, we use SHAP at a sentence embedding
level within a hierarchical PLM architecture, treat-
ing sentences as features to obtain document-level
attributions that are both computationally tractable
and directly actionable for feedback.

For neural text models, attention-based interpre-
tations have been debated due to concerns about
whether attention weights reflect causal impor-
tance (Jain and Wallace, 2019; Wiegreffe and Pin-
ter, 2019). To address these limitations, research
increasingly distinguishes plausibility from faith-
fulness (Jacovi and Goldberg, 2020). Deletion-
and perturbation-based evaluation, i.e., removing
influential input elements and observing predic-
tion changes, provides a more direct measure of
explanation faithfulness (DeYoung et al., 2020).
We adopt this perspective and extend it to a cross-
model setting: explanations are evaluated not only
with respect to their source model, but also by mea-
suring how they perturb predictions of alternative
architectures. Furthermore, our work contributes
by applying sentence-level SHAP in a hierarchical
PLM setting and evaluating its faithfulness through
systematic deletion tests.

2.2 Faithfulness and Reliability of Model
Explanations in LLMs

LLMs are increasingly producing free-form ratio-
nales and structured justifications for their predic-
tions. However, a growing body of work suggests
that these explanations may not accurately reflect
the underlying computation. Chain-of-thought ra-
tionales can be unfaithful even while producing
correct answers (Turpin et al., 2023), and explana-
tions in few-shot prompts frequently exhibit incon-
sistencies or hallucinations (Ye and Durrett, 2022).
Structured prompting can improve reliability, but
challenges remain (Ayala and Bechard, 2024).
Recent approaches have proposed adapting
Shapley-based methods to LLMs (Mohammadi,
2024), although computational constraints limit
their practical use. Despite the increased adoption
of LLMs in educational settings, the faithfulness
of their rationales has not been systematically eval-
uated relative to established attribution methods
such as SHAP, especially on long, naturalistic tran-
scripts and multi-level rubrics. Our work addresses
this gap by comparing LLM-generated sentence
rankings against PLM-based SHAP attributions us-
ing matched deletion-based faithfulness tests and
cross-model robustness analysis, thereby providing
empirical evidence on when LLM rationales align

with model behavior and when they diverge.

2.3 Automated Scoring and Teacher Feedback
in Educational Settings

Recent efforts have explored automated approaches
to analyze classroom instruction and support
teacher learning. The NCTE dataset (Demszky
and Hill, 2023) has facilitated large-scale research
on evaluating teacher uptake of student ideas (Dem-
szky et al., 2024), and on leveraging models such
as ChatGPT for instructional scoring and feed-
back (Wang and Demszky, 2023). More broadly, re-
searchers have begun to validate automated assess-
ments of teaching quality dimensions using mul-
timodal approaches, including audio, video, and
text features, combining embeddings with LLM-
generated scores (Hou et al., 2024, 2025a; Fiitterer
et al., 2026). In particular, Hou et al. (Hou et al.,
2025b) evaluate LLM-based multimodal models
for classroom assessment by comparing their pre-
dictions against human annotations, providing ev-
idence that such models can approximate human
judgments of teaching quality.

In parallel, NLP has long been applied to edu-
cational assessment tasks, including essay scoring
and discussion analysis. Recent work shows that
LLMs and PLMs can approximate human rubric-
based judgments across multiple writing dimen-
sions (SeBler et al., 2025), while neural models
have been used to assess the quality of classroom
discussions or participation (Tran et al., 2023).
LLMs are increasingly used to provide pedagog-
ically aligned feedback to learners (Meyer et al.,
2024). Our work situates itself within this line
of research, but shifts the focus from predictive
performance to explanation quality. More specifi-
cally, we compare fine-tuned PLMs and instruction-
tuned LLMs for scoring a specific CLASS dimen-
sion (i.e., Quality of Feedback). More importantly,
we introduce a general framework for evaluating
sentence-level explanations for rubric-based scores.

3 Methods

We cast teaching quality assessment as a gen-
eral rubric-based text scoring problem with model-
agnostic sentence-level explanations and instantiate
this framework using both PLMs and instruction-
tuned LLMs.

3.1 Dataset

To instantiate our interpretability framework
in an educational setting, we use the NCTE



7= Wodel T S

I Performance 1
SHAP
PLM | PLM

7 Fankg.
1
1
1
1
1
i

Initial Scoring Ranking

1
1
1
1
1
1
1

- e e o o

Sentences

Analysis

PLM 1
Re-scoring —
Iy

[
[

I A
I I [
I ] [
I I [
I I [
1 [
I ’
[

[

[

- = o
Cross-Model
Evaluation

SHAP
Ranked

. PLM
ot Re-scoring
\

Figure 1: Overview of the proposed framework. The top branch (blue) shows the PLM pipeline, including fine-
tuning, scoring, SHAP-based sentence ranking, and sentence removal with re-scoring. The bottom branch ( )
depicts the corresponding LLM pipeline with prompted scoring and ranking. The three experimental settings are

indicated by dotted red boxes.

dataset (Demszky and Hill, 2023), comprising over
1,600 transcripts of 45-60 minute elementary math-
ematics lessons. Lessons are segmented into 15-
minute units, producing 6,005 segments annotated
using the CLASS framework (Pianta et al., 2008),
a tool that measures the quality of interactions
between teachers and students to assess teaching.
CLASS comprises three domains—Emotional Sup-
port, Classroom Management, and Instructional
Support—covering thirteen dimensions. We focus
on the Quality of Feedback (QoF) dimension within
the Instructional Support domain.

QoF measures the extent to which teachers pro-
vide meaningful feedback, scaffold student think-
ing, prompt metacognition, elaborate on student re-
sponses, and clarify misunderstandings. Each seg-
ment receives a QoF rating on a 1-7 scale, where
1-2 indicates low-quality or absent feedback, 3—5
reflects moderate or inconsistent feedback, and 67
represents consistently high-quality feedback.

QOF is chosen for three reasons: (1) compared
to other CLASS dimensions, its label distribution
is less skewed (mean of 4.21, standard deviation
of 1.13, with 81% of ratings in the 3-5 range),
making it more suitable for supervised learning; (2)
QoF is a core instructional practice strongly linked
to student learning gains (Hattie and Timperley,
2007); and (3) many indicators of feedback quality
(e.g., probing questions, elaborations, scaffolding)
manifest clearly in text transcripts (Demszky and
Hill, 2023), making QoF particularly appropriate
for sentence-level interpretability analysis.

We adopt an 80/20 data split, resulting in 4.775
segments for training and 1,230 for testing. Tran-
scripts belonging to the same class were kept in the
same split, and we stratified the data based on label

distribution. The training split is used exclusively
for fine-tuning PLMs, whereas the test split is used
to evaluate both PLMs and LLMs, as well as to con-
duct all interpretability experiments. Within the test
split, 29.3% of the sentences are student utterances,
69.9% are teacher utterances, and 0.8% were utter-
ances that could not be assigned to a speaker. The
dataset provides one expert annotation per teach-
ing quality dimension, precluding the assessment
of interrater agreement, which we treat as ground
truth for both scoring and evaluation. The dataset
does not include human-annotated sentence-level
rationales or evidence.

3.2 Models

Within our framework, we instantiate the scoring
model f using two classes of architectures: PLMs
and instruction-tuned LLMs. We compare these
two families because PLMs represent the standard
supervised approach for rubric-based scoring, re-
quiring task-specific fine-tuning, whereas LLMs
offer strong zero- or few-shot capabilities without
additional training. This contrast allows us to ex-
amine differences in scoring performance but also
how explanation methods behave across models
with fundamentally different training paradigms,
capacities, and levels of transparency.

Pretrained Language Models. We fine-tuned
BERT (Devlin et al., 2019), ALBERT (Lan et al.,
2020), RoBERTa (Liu et al., 2019), and De-
BERTa V3 (He et al., 2023), using both base and
large variants. PLMs operate on transcript seg-
ments at the sentence level: each sentence was en-
coded using the model’s [CLS] representation, and
a trainable attention layer computed an attention-



weighted document embedding. A linear regres-
sion head predicted a single scalar QoF score. We
used a maximum sentence length of 128 tokens
and a maximum of 263 sentences per document,
which encompasses 98% of the sentence lengths
and 90% of the document lengths without trunca-
tion. During fine-tuning, models were optimized
using mean squared error; additional hyperparam-
eters are listed in App. A. After fine-tuning, we
applied SHAP to the document-level regression
output, treating each sentence embedding as a sepa-
rate feature. SHAP returned one Shapley value per
sentence, representing its estimated contribution to
the predicted score.

Large Language Models. For LLMs, we used
instruction-tuned variants of Llama 3.1 (8B,
70B) (Grattafiori et al., 2024), Mixtral (8 x7B,
8x22B) (Jiang et al., 2024), Qwen 3 (4B, 30B,
235B) (Yang et al., 2025), and Mistral (Small,
Small 24B) (Jiang et al., 2023). Only open-source
LLMs were selected, as they can be deployed lo-
cally and therefore mitigate the privacy concerns
associated with datasets such as classroom tran-
scripts. LLMs performed two tasks: (1) QoF scor-
ing using a few-shot prompt introducing the task
and showing examples, and (2) sentence ranking
using a zero-shot prompt. For ranking, we provided
transcripts segmented and numbered by sentence
and requested a list of ten sentence indices corre-
sponding to the most influential sentences. This
ensured alignment with the PLM sentence bound-
aries and prevented models from altering sentence
content. Some outputs contained invalid indices
or fewer than ten items; in such cases, the sys-
tem retried up to ten times. Prompts are shown in
App. B. All models were evaluated with determin-
istic decoding, and all local inference used 4-bit
nf4 quantization via BitsAndBytes.

3.3 Interpretability Methods

We view rubric-based teaching quality assessment
as a complex text scoring problem. More specif-
ically, given an input transcript z and a model f,
the model outputs a scalar score f(z) on a fixed
rubric. An explanation method £ maps x and f to
a ranked list of textual units (here, sentences) that
are claimed to be most influential for the score. To
evaluate the faithfulness of such explanations, we
adopt a deletion-based protocol: we progressively
remove the top-£ units selected by E (with k£ = 10
in all experiments), recompute f(x), and measure

the change in predictions. Larger changes indicate
that the explanation has successfully identified text
that the model relies on. To study cross-model
consistency, we extend this protocol to pairs of
models f and g, apply explanations obtained from
one model to perturb the other and compare the
resulting prediction shifts. In this paper, we instan-
tiate f as fine-tuned PLMs and g as instruction-
tuned LLMs, with explanations E provided either
by sentence-level SHAP attributions or by LLM-
generated sentence rankings.

3.4 Experiments

To evaluate our proposed sentence-level inter-
pretability evaluation framework, we conduct three
sets of experiments. The framework combines
sentence-level explanation generation (via SHAP
or LLM-based ranking) with faithfulness testing
through sentence deletion and robustness analysis
via cross-model transfer. Each experiment targets
one aspect of this framework across model families.
(1) Model performance for scoring (RQ1): We
evaluate PLMs and LLMs on the transcript segment
scoring task. (2) Faithfulness analysis (RQ2): We
compute score differences (A) after each single-
sentence deletion to assess whether a model’s own
explanations meaningfully affect its predictions.
All models employ the same sentence-splitting pro-
cedure, and deletions are made in accordance with
the ranking order. When fewer than ten sentences
exist or when deletions result in an empty transcript,
models are prompted with an empty input. This
only happened for 17 (1.3%) out of 1,230 transcript
segments. In addition to deletion-based evaluation,
we also quantify the alignment between different
explanation methods. For each transcript, we com-
pute the Jaccard similarity between the sets of top-k
sentences (here k = 10) selected by SHAP and by
each LLM, and, where applicable, the Spearman
rank correlation between their full sentence rank-
ings. These metrics capture how often explanation
methods highlight the same textual evidence, in-
dependently of their causal impact on predictions.
(3) Cross-model evaluation (RQ3): We exam-
ine whether sentence-level explanations generalize
across models by applying sentence deletion based
on SHAP and LLM rankings to the opposite model
family. We select six representative models for
this analysis: BERT large, DeBERTa V3 large, and
ALBERT base (PLMs) and Qwen 3 235B, Mis-
tral Small, and Llama 3 8B (LLMs), which re-
flect the best-, worst-, and mid-performing models



from prior steps, while also maintaining diversity
in model size.

We report mean absolute error (MAE) and mean
squared error (MSE). For constant baselines, we
use the median prediction for MAE and the mean
prediction for MSE, corresponding to the respec-
tive risk minimizers. All experiments use identical
sentence segmentation, deletion rules, and deter-
ministic LLM decoding.

4 Results And Discussion

4.1 Model Performance for Scoring

Table 1 reports Mean Absolute Error (MAE) and
Mean Squared Error (MSE) for all models. For
PLMs, results are shown before and after fine-
tuning, whereas for LLMs, a single score is re-
ported based on the few-shot scoring prompt (see
App. B).

Model MAE MSE MAE MSE
Constant Baseline 0.96 1.35 - -
Non-Fine-Tuned Fine-Tuned
ALBERT base 4.34 20.12 098 1.34
ALBERT large 4.22 19.10 099 145
BERT base 4.58 22.29 098 1.36
BERT large 4.45 21.07 097 134
DeBERTaV3 base 4.08 17.97 1.00  1.56
DeBERTaV3 large 3.66 14.65 096 1.31
RoBERTa base 4.33 20.08 0.97 1.34
RoBERTa large 3.27 12.01 097 137
Llama 3.1 8B Instruct 1.63 3.98 - -
Llama 3.1 70B Instruct 1.98 5.32 - -
Mistral Small Instruct 1.02 1.78 - -
Mistral Small 24B Instruct 1.75 4.28 - -
Mixtral 8x7B Instruct 1.39 2.85 - -
Mixtral 8x22B Instruct 1.21 2.41 - -
Qwen3 4B Instruct 1.18 2.29 - -

Qwen3 30B A3B Instruct 1.56 3.59 - -
Qwen3 235B A22B Instruct  1.67 4.16 - -

Table 1: Mean Absolute Error (MAE) and Mean
Squared Error (MSE) for PLMs and LLMs. PLM results
are reported separately for non-fine-tuned and fine-tuned
models, while LLM results correspond to prompted in-
ference without task-specific training.

For PLMs, fine-tuning yields a substantial and
expected performance improvement. While non-
fine-tuned models show MAESs above 4.0, all fine-
tuned PLMs achieve uniformly low errors (MAE
0.96-1.00; MSE 1.31-1.56), comparable to the
constant baseline. Performance differences among
fine-tuned PLMs are minimal (A = 0.04 MAE,
A = 0.25 MSE), indicating comparable behavior
across architectures. The best-performing model,
DeBERTaV3 large, achieves an MAE of 0.96 and
an MSE of 1.31.

Despite their strong numerical performance, fine-
tuned PLMs exhibit limited label coverage. For De-
BERTaV3 large, the mean predicted score is 4.14
(o = 0.16), closely matching the dataset average
of 4.22, but predictions never fall below 2.03 or
exceed 5.89, meaning that extreme labels (1 and
7) are never predicted (see App. C). This behav-
ior is consistent across all fine-tuned PLMs, with
some models (e.g., ALBERT and RoBERTa vari-
ants) effectively collapsing to a narrow mid-range
of labels (3-5). This pattern is likely driven by
strong label imbalance at the extremes of the QoF
scale, indicating high sensitivity to the underlying
data distribution.

LLMs show weaker overall scoring performance
than fine-tuned PLMs. The best-performing LLM,
Mistral Small Instruct, achieves an MAE of 1.02
and an MSE of 1.78, which remains higher than
both the best PLM and the constant baseline. In
contrast to PLMs, performance variability across
LLMs is substantially larger (A = 0.96 MAE,
A = 3.54 MSE), reflecting notable differences
across models. However, most LLMs produce pre-
dictions spanning the full 1-7 score range. For
Mistral Small Instruct, the mean predicted score is
4.37 (0 = 0.77), indicating a much broader disper-
sion than observed for PLMs.

Overall, these results highlight a trade-off be-
tween accuracy and flexibility. Fine-tuned PLMs
achieve substantially higher scoring accuracy but
are very sensitive to training data distribution,
whereas LLMs provide wider score distributions
at the cost of reduced accuracy. In educational set-
tings, LL.Ms offer practical advantages due to their
out-of-the-box usability and lack of task-specific
training requirements, but incur higher computa-
tional costs and lower predictive reliability. In
response to RQ1, fine-tuned PLMs outperform
prompted LLMs in accuracy, while LLMs better
preserve score variability.

4.2 Faithfulness Analysis

The second experiment evaluates the faithfulness
of SHAP- and LLM-based sentence importance
rankings. For SHAP, the number of selected sen-
tences is deterministically fixed as the minimum of
ten and the number of sentences in each transcript
segment. In contrast, LLMs show limited control-
lability: even when prompted to return exactly ten
sentences, they produce more or fewer often. Mod-
els such as Mixtral 8 x 7B and Qwen 3 235B deviate
most strongly from the expected average of 9.931



Group Model A
ALBERT base 0.0219
ALBERT large 0.0172
BERT base 0.0256
BERT large 0.0329

PLMs DeBERTaV3 base 0.0242
DeBERTaV3 large 0.0049
RoBERTa base 0.0053
RoBERTa large 0.0119
Llama 3.1 8B Instruct 0.0174
Llama 3.1 70B Instruct 0.0090
Mistral Small Instruct 0.0033
Mistral Small 24B Instruct 0.0123

LLMs Mixtral 8x7B Instruct 0.0121
Mixtral 8x22B Instruct 0.0199
Qwen3 4B Instruct 0.0211
Qwen3 30B A3B Instruct 0.0174
Qwen3 235B A22B Instruct 0.0388

Table 2: Average consecutive performance change A
across sentence removals for PLMs and LLMs.

sentences, typically returning fewer sentences de-
spite up to ten retry attempts for malformed outputs.
Llama 3.1 8B is the only model that, on average,
returns more sentences than requested and comes
closest to the target value (see App. D).

These results highlight the inherent variability
and limited controllability of LLM outputs, even
under structured prompting and multiple retries.
This unpredictability represents a practical limi-
tation when deploying LLMs in educational sys-
tems, where reliability and strict adherence to out-
put formats are critical. Systems that incorporate
LLMs must therefore be explicitly designed to han-
dle such inconsistencies if these models are to be
used effectively in real-world educational settings.

We then remove one sentence at a time from the
top ten ranked sentences and re-score each tran-
script segment using the same model that produced
the ranking. Table 2 reports the average prediction
change after each consecutive removal, denoted
as A. Among PLMs, BERT models are most sen-
sitive to sentence removal, with BERT large ex-
hibiting the highest average change (A = 0.0329).
For LLMs, the largest change is observed for
Qwen 3 235B (A = 0.0388), while all other LLMs
show A values below 0.02. Overall, this indicates
that both model families can identify influential
sentences, though PLMs do so more consistently,
while LLLM behavior is more variable (see Sec-
tion 4.3).

Beyond faithfulness, we observe largely simi-
lar patterns in the types of sentences selected by
PLMs and LL.Ms. Both predominantly prioritize

1 — BERT large / 0.388
ALBERT base /
034— DeBERTaV3 large

== Llama 3.1 8B Instruct ’
—— Qwen3 235B A22B Instruct -
0.2 4 —— Mistral Small Instruct -~

A Prediction

Number of removed sentences

Figure 2: Prediction change A under progressive sen-
tence removal for selected PLMs and LLMs. Sentences
are chosen using SHAP (solid lines) or LLM-based rank-
ings (dashed lines), and inputs are re-scored by the same
model; final changes are shown on the right.

teacher-authored utterances, consistent with the
QoF rating dimension: LLMs select teacher utter-
ances in 79.5% of cases and student utterances in
19.5%, while PLMs show a comparable distribution
(74.0% teacher, 24.7% student). Despite this simi-
larity, alignment between SHAP- and LLM-based
explanations remains consistently low. Across nine
LLMs, the mean Jaccard similarity between the
top-10 sentence sets is 0.085, corresponding to an
overlap of roughly one to two sentences per tran-
script, while the mean Spearman rank correlation
is 0.062, indicating weak agreement in sentence
importance ordering. These trends are consistent
across model families and sizes, suggesting that
explanation alignment is driven primarily by the
explanation method rather than model scale.

Fig. 2 illustrates prediction changes under pro-
gressive sentence removal for selected PLMs and
LLMs. For completeness, App. F reports results
for all models, App. G provides representative sen-
tence examples, and App. E contains the full align-
ment statistics.

Together, these results answer RQ2: SHAP-
based sentence rankings are more faithful for PLM
scorers, whereas LLM-generated rationales induce
smaller and often unstable prediction changes, even
for the models that produce them.

4.3 Cross-Model Evaluation

For cross-model evaluation, we select three PLMs
and three LLMs representing high, medium, and
low faithfulness in the single-model deletion anal-
ysis. Specifically, we use BERT large (most
affected), ALBERT base (moderately affected),
and DeBERTaV3 large (least affected) among
PLMs, and Qwen3 235B, Llama 3.1 8B, and Mis-
tral Small as corresponding LLMs. Their sentence-
removal trajectories under self-generated explana-
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Figure 3: Prediction change A under progressive sen-
tence removal for selected PLMs and LLMs. Panel
(i) shows PLM re-scoring after removing sentences
selected by SHAP (solid) or LLM-based rankings
(dashed/dotted); panel (ii) shows LLM re-scoring after
removing sentences selected by the LLM itself (solid)
or by SHAP from fine-tuned PLMs (dashed/dotted).

tions are shown in Fig. 2, with full results in App. F.

To assess transfer from LLMs to PLMs, we ap-
ply LLM-generated sentence rankings to PLMs
and re-score the perturbed inputs. Fig. 3 (i) com-
pares these results with the baseline condition
where PLMs are perturbed using SHAP-selected
sentences. Across all models, removing LLM-
ranked sentences produces substantially smaller
prediction shifts than removing SHAP-ranked sen-
tences, even for PLMs that are weakly sensitive
to SHAP. Moreover, deletion trajectories induced
by LLM rationales are often non-monotonic, with
predictions fluctuating as additional sentences are
removed, indicating limited alignment with the fea-
tures PLMs rely on. Among LLMs, Qwen3 235B
shows the strongest cross-model transfer, yielding
the largest and most stable perturbations, though
still markedly weaker than those induced by SHAP.

We then consider the reverse direction, apply-
ing PLM-derived SHAP explanations to LLM scor-
ing. As shown in Fig. 3 (ii), removing the sin-
gle most influential SHAP-ranked sentence fre-
quently causes a large immediate shift in LLM
predictions, followed by stabilization in subse-
quent deletions. This effect is most pronounced
for PLM-LLM pairs that are highly sensitive to
sentence removal. The consistent “first-step jump’
suggests that SHAP identifies sentence-level fea-
tures that are relevant not only to PLMs but also
to LLMs, despite architectural and training differ-
ences.

’

Overall, these results indicate that PLMs and
LLMs rely on different sentence-level evidence.
While LLM rationales often surface intuitively rel-
evant content, they do not reliably capture the fea-
tures driving PLM predictions, regardless of model
sensitivity. In contrast, SHAP explanations consis-
tently induce larger, more stable, and more coher-
ent prediction shifts both within PLMs and when
transferred to LLMs, demonstrating superior faith-
fulness for sentence-level interpretability.

This difference is likely influenced by architec-
tural factors: PLMs are trained with sentence-level
representations, whereas LLLMs operate primarily
at the token level. Nevertheless, sentence-ranking
attributions remain a useful tool for improving the
interpretability of rubric-based scoring, particularly
when LLMs are used as classifiers. Addressing
RQ3, the cross-model evaluation shows that SHAP
explanations generalize across architectures, while
LLM rationales transfer poorly and appear unreli-
able as general-purpose explanations.

5 Conclusion

We propose a general framework for evaluating
the truthfulness of sentence-level explanations in
rubric-based scoring, systematically contrasting
Shapley-value attributions with LLM-generated ra-
tionales based on their causal impact on model
predictions. Applied to the QoF dimension, the
framework shows that fine-tuned PLMs outperform
prompted LLMs in scoring accuracy (RQ1), al-
though PLMs exhibit label compression, whereas
LLMs provide broader but less precise predictions.
Deletion-based tests demonstrate that SHAP expla-
nations are substantially more faithful than LLM
rationales (RQ?2), and cross-model evaluations re-
veal that SHAP-selected sentences transfer more
robustly across architectures, whereas LLM ratio-
nales exert limited influence on PLM predictions
(RQ3). Overall, the results suggest that current
LLM rationales are unreliable as faithful justifi-
cations for rubric-based scores, whereas Shapley-
based attributions provide a more stable foundation
for transparent and actionable automated assess-
ment. More broadly, our findings suggest that the
proposed framework offers a robust and extensible
way to evaluate scoring models and their explana-
tions in high-stakes settings such as education and
can be readily applied to other rubric-based lan-
guage assessment tasks (e.g., essay scoring, peer
feedback quality, or clinical note evaluation).



Limitations

A primary limitation of this work is the dataset’s
size and label distribution. Although we selected
the least skewed CLASS dimension, only 19% of
the labels fall outside the 3—5 range across 6k tran-
script segments. This imbalance likely contributes
to the observed label compression in fine-tuned
PLMs, limiting model performance at the extremes
of the scale. Future work could explore data aug-
mentation or synthetic data generation to improve
coverage of underrepresented classes. In addition,
our experiments focus solely on the Quality of
Feedback dimension, and it remains unclear how
well the findings generalize to other CLASS di-
mensions, particularly those that are less discourse-
driven, such as Productivity within the Classroom
Management domain.

Our analysis is further restricted to text-only tran-
scripts. CLASS scoring in practice relies on rich,
multimodal cues, including prosody, timing, and
visual interactional signals, which are currently
ignored. Moreover, each transcript segment is
annotated by a single expert, preventing assess-
ment of inter-rater reliability and leaving open the
possibility of annotation noise and subjective bias.
Whereas Quality of Feedback is primarily teacher-
centered, a substantial portion of the transcripts
consists of student utterances, which were also fre-
quently selected by the sentence-ranking methods.
Future work should investigate how explicitly filter-
ing or modeling student contributions affects both
scoring and the interpretability of results.

Finally, the deletion-based faithfulness protocol
perturbs the natural discourse structure of class-
room interaction and may alter pragmatic meaning
and speaker intent, limiting its ability to reflect true
causal influence. This disruption may dispropor-
tionately affect LLM-based scoring and explana-
tions, as LLMs are trained on coherent sentence
generation and strongly rely on intact discourse
structure and pragmatic flow. Finally, we also ob-
served notable reliability issues in LLM sentence-
ranking outputs, which required strict prompt engi-
neering and external sentence segmentation to en-
force structured predictions, thereby constraining
the natural expressive capacity of LLM-based ex-
planations. Nevertheless, we observe a clear asym-
metry: removing SHAP-selected sentences leads
to substantially larger changes in predicted scores
than removing LLM-selected sentences. This sug-
gests that the observed differences in faithfulness

cannot be attributed solely to discourse disrup-
tion, but rather reflect differences in how well each
method identifies sentences that are truly influential
for the model’s predictions.

Ethical considerations

A central ethical concern in automated rubric-based
scoring is the risk of bias amplification from train-
ing labels. Models trained on human annotations
may inherit subjective judgments or structural bi-
ases and propagate them at scale (Barocas and
Selbst, 2016; Mehrabi et al., 2021). In educational
contexts, such effects are particularly concerning,
as algorithmic assessment systems can reproduce
or exacerbate existing inequalities (Nguyen et al.,
2023).

Accordingly, automated scoring systems should
not replace human raters in high-stakes settings,
where unchecked deployment may create self-
reinforcing feedback loops of biased predictions.
Instead, these systems should be positioned as self-
assessment or decision-support tools that augment,
rather than replace, professional judgment, con-
sistent with established principles for ethical and
human-centered Al in education (Holmes et al.,
2022; Nguyen et al., 2023).

Relatedly, there is a risk that model predictions
and explanations may be interpreted as objective
ground truth. In educational settings, this is partic-
ularly problematic, as model-generated feedback
can influence teaching practices, evaluations, and
institutional decision-making. This underscores
the critical need for transparency: educators and
stakeholders must be able to understand how and
why a model arrives at a given score to appropri-
ately contextualize and challenge its outputs. To
mitigate misuse, it is essential to communicate that
both scores and explanations are probabilistic and
imperfect, and that interpretability methods are in-
tended to support teacher reflection and informed
decision-making rather than to serve as authorita-
tive or definitive assessments.

Privacy and data protection are also key ethical
considerations. Although the NCTE transcripts
used in this work are anonymized, classroom in-
teractions inherently involve sensitive information
about teachers and minors. Any real-world deploy-
ment of similar systems must ensure strict safe-
guards for data security, informed consent, and
compliance with regulations governing the process-
ing of educational data.



Furthermore, the use of LLM-generated ratio-
nales introduces additional risks. LLMs are known
to hallucinate, produce inconsistent outputs, and
lack transparent decision processes, which makes
their explanations particularly problematic in high-
stakes settings such as education. Limited repro-
ducibility further complicates auditing and account-
ability. These factors reinforce the need for caution
when using LLM rationales as justifications for au-
tomated judgments, and motivate the emphasis of
this work on faithfulness-based evaluation. In par-
ticular, explanation methods should be evaluated
not only for plausibility but also for their causal
impact on model predictions, and systems should
avoid presenting unvalidated LLM rationales as
authoritative interpretations of teaching practice.

Use of AI Assistance We used Al assistance
tools (ChatGPT, and GitHub Copilot) to aid in
rewriting code, and paraphrasing. All Al-generated
content was thoroughly reviewed and verified by
the authors. Al was not used to generate new re-
search ideas or original findings; rather, it served
as a support tool to improve clarity, efficiency, and
organization. In accordance with ACL guidelines,
our use of Al aligns with permitted assistance cate-
gories, and we have transparently reported all rel-
evant usage in this paper. While Al contributed
to enhancing the quality of the work, no direct re-
search outputs are the result of Al assistance.
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A Training Hyperparameters

The model was fine-tuned using the Hugging Face
Trainer API with the following key hyperparame-
ters:

* Learning rate: 1 x 107°

* Batch size: 1 per device (with gradient accu-
mulation of 8 steps)

¢ Number of epochs: 10

* Weight decay: 0.01

e Maximum gradient norm: 1.0
» Evaluation strategy: per epoch

» Saving strategy: per epoch (keeping best
model based on validation MAE)

* Learning rate scheduler: cosine schedule
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* Warmup ratio: 0.1
* Mixed precision: FP16 when available

» Early stopping: patience of 3 validation
checks

All other hyperparameters were kept at their
default values. One single H200 GPU was
used and computations took a total of ~322
hours (~20 hours for PLMs and ~302 hours
for LLMs). All experiments could have been
done in a single A100 GPU, since we used the
quantized versions of the models, except for the
LLMs Qwen3 235B A22B Instruct, and Mix-
tral 8 x22B Instruct, which require more than 80GB
VRAM, even in their 4-bit nf4 quantized versions.

B Prompts

Fig. 4 shows an example of the few-shot prompt
transcript Quality of Feedback scoring, and Fig. 5
show the zero-shot prompt for sentence ranking.

C Prediction Statistics

Table 3 presents the full prediction statistics for
PLMs and LLMs. It shows the mean values for
prediction, standard deviation, and if any label was
not present in the predictions of a specific model.

Model Mean Std. Dev. Labels Missing
Data (Training and Test) 4.22 1.14 -
ALBERT base 4.10 0.28 1,2,6,7
ALBERT large 4.33 0.41 1,2,7
RoBERTa base 4.27 0.22 1,2,6,7
RoBERTa large 4.01 0.11 1,2,6,7
BERT base 4.15 0.38 1,6,7
BERT large 4.14 0.41 1,2,7
DeBERTa V3 base 4.49 0.47 1,7
DeBERTa V3 large 4.14 0.16 1,2,6,7
Llama 3.1 8B Instruct 491 1.60

Llama 3.1 70B Instruct 2.95 1.65 -
Mistral Small Instruct 4.37 0.77 1,7
Mistral Small 24B Instruct 2.55 0.69 6,7
Mixtral 8x7B Instruct 3.02 0.52 6,7
Mixtral 8x22B Instruct 4.30 1.19 -
Qwen3 4B Instruct 3.96 1.12 -
Qwen3 30B A3B Instruct 2.92 1.00 6,7
Qwen3 235B A22B Instruct  2.80 1.13 7

Table 3: Prediction statistics for fine-tuned PLMs and
LLMs. We report the mean and standard deviation of
predicted QoF scores on the test set, as well as the
CLASS labels (1-7) that were never predicted by each
model.
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You are a rater for classroom transcripts. You are tasked with evaluating the transcripts to rate the
dimension ’Quality of Feedback’ as one of the dimensions of the domain ’Instructional Support’
according to the Classroom Assessment Scoring System (CLASS).

Your goal is to rate the provided transcript by focusing on the teacher’s interactions labeled as
"Teacher" and the students’ responses labeled as "Student".

**Your Task:**

Please read the following classroom transcript and assign a rating based on the Quality of Feedback
dimension.

Quality of Feedback assesses the degree to which feedback expands and extends learning and
understanding and encourages student participation. In upper elementary classrooms, significant
feedback may also be provided by peers. Regardless of the source, the focus here should be on the
nature of the feedback provided and the extent to which it “pushes” learning.

Here are examples for the different score values in the Quality of Feedback dimension:
An Example for score value 1 is { Transcript segment from training set with score 1}
An Example for score value 2 is { Transcript segment from training set with score 2}
An Example for score value 3 is { Transcript segment from training set with score 3}
An Example for score value 4 is { Transcript segment from training set with score 4}
An Example for score value 5 is { Transcript segment from training set with score 5}
An Example for score value 6 is {Transcript segment from training set with score 6}
An Example for score value 7 is { Transcript segment from training set with score 7}

You must begin your answer with
‘### Rating: <the score on a 1-7 integer scale here>’

### Transcript:
{Transcript segment to score}

### Rating:

Figure 4: Prompts used for few-shot prompting of LLMs for the task of Quality of Feedback scoring of a classroom
transcript segment. { Transcript segment from training set with score 1-7} represents an actual example from the
training set, where the specific score was given to the transcript by an expert annotator, and { Transcript segment to
score} represents the transcript segment to be scored.
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You are an expert in classroom discourse analysis and the CLASS (Classroom Assessment Scoring
System) framework. You will receive:

1. A transcript of a classroom interaction.

2. The same transcript divided by numbered sentences, formatted as:
(1) - <SENTENCE #1>
(2) - <SENTENCE #2>

3. A score (1-7) for the "Quality of Feedback" domain according to the CLASS framework, annotated
by an expert. 1 indicates very low quality feedback, while 7 indicates very high quality feedback.

Your task:

* Identify the sentences (by their numbers) that most strongly influenced this score.

* Focus specifically on aspects relevant to the "Quality of Feedback" domain (e.g., scaffolding,
prompting, encouragement of thought processes, questioning strategies, or absence of these features).
* Return exactly 10 sentence numbers, ordered by estimated importance (most influential first).

* If fewer than 10 sentences exist, return only those available.

Format your response **strictly** as a single line of comma-separated numbers (no spaces, no
brackets, no explanations). For example: 9,15,6,37,2,7,8,1,64,66

Do not include any commentary, reasoning, or additional text.

You must begin your answer with
‘### Output: <your comma-separated list>’

1. Transcript:
{Full transcript segment }

2. Numbered Sentences:
(1) - {First sentence }
(2) - {Second sentence }
(3) - {Third sentence}

3. Score:
{Previously predicted score}

### Output:

Figure 5: Zero-shot prompt for LLM sentence ranking. {Full transcript segment} represents the full transcript
segment, with the same formatting as it appears in the dataset, {First/Second/Third/... sentence} represents the
transcript split into sentences and numbered by order of appearance, and {Previously predicted score} represents
the Quality of Feedback score predicted for the transcript segment either by the LLMs or by the PLMs.
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D Average Number of Sentences
Predicted

Table 4 reports the average number of sentences
output by each LLM, together with the absolute
difference (A) from the expected average of 9.931
sentences.

Model # of sentences A

Llama 3.1 8B Instruct 9.939 -0.008
Llama 3.1 70B Instruct 9.886 0.045
Mistral Small Instruct 9.654 0.277
Mistral Small 24B Instruct 9.871 0.060
Mixtral 8x7B Instruct 9.291 0.640
Mixtral 8x22B Instruct 9.836 0.095
Qwen3 4B Instruct 9.711 0.220
Qwen3 30B A3B Instruct 9.828 0.102
Qwen3 235B A22B Instruct 9.516 0.415

Table 4: Average number of sentences each model out-
puts for sentence ranking, and the difference between
the expected and observed number of sentences.

E Additional Details on Explanation
Alignment

Table 5 reports the alignment between SHAP-based
and LLM-based explanations across 1,230 tran-
scripts. Jaccard similarity is computed between
the sets of the top-10 sentences identified by each
method for every transcript. Spearman rank corre-
lation is computed between sentence importance
rankings derived from absolute SHAP values and
LLM deletion order. Spearman correlations are re-
ported only for transcripts where the correlation is
well-defined, resulting in between 1,226 and 1,228
transcripts per model. Multiple SHAP runs are ag-
gregated by averaging absolute SHAP values per
sentence prior to ranking.

F Results of Sentence Removal

Table 6, shows the cumulative delta values after
each step of the top 10 sentences removal. Fig. 6,
represents it in a graphical form.

G Removed Sentence Examples

Table 7 lists randomly selected sentences removed
during the sentence-deletion experiments. Sen-
tences are grouped by the explanation method(s)
that selected them.
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Model Jaccard@10  Spearman p
Llama 3.1 8B Instruct 0.081 £ 0.135 0.048 £ 0.134
Llama 3.1 70B Instruct 0.089 £0.136 0.067 £ 0.129
Mistral Small Instruct 0.081 £0.128 0.054 £0.129
Mistral Small 24B Instruct ~ 0.090 +0.141  0.082 +0.138
Mixtral 8x7B Instruct 0.072 £0.131 0.029 £0.125
Mixtral 8x22B Instruct 0.088 £0.142 0.070 £0.134
Qwen3 4B Instruct 0.084 +£0.139  0.057 £ 0.138
Qwen3 30B A3B Instruct 0.089 £ 0.154 0.071 £0.134
Qwen3 235B A22B Instruct  0.095 +£0.159  0.081 4+ 0.142
Average 0.085 0.062

Table 5: Alignment between SHAP and LLM explana-
tions measured by Jaccard similarity over top-10 sen-
tences and Spearman rank correlation. Values are re-
ported as mean =+ standard deviation.

0.4 1 BERT base

BERT large
—— ALBERT base
—— ALBERT large
—— RoBERTa base
—— RoBERTa large
DeBERTaV3 base
—— DeBERTaV3 large
Llama 3.1 8B Instruct
Llama 3.1 70B Instruct
Mixtral 8x7B Instruct
Mixtral 8x22B Instruct
Qwen3 4B Instruct
Qwen3 30B A3B Instruct
Qwen3 235B A22B Instruct
Mistral Small Instruct
Mistral Small 24B Instruct

0.3 1

o
N

A Prediction

o
P

0.0 1

1‘0
Number of removed sentences
Figure 6: Average prediction changes after removing

most important sentences and re-scoring within model
family.



Model Number of Sentences Removed

1 2 3 4 5 6 7 8 9 10

PLMs
ALBERT base 0.051 0.08 0.115 0.140 0.157 0.173 0.185 0.198 0.210 0.219
ALBERT large 0.024  0.044 0.062 0.080 0.097 0.114 0.129 0.144 0.160 0.172
RoBERTa base 0.007  0.014 0.019 0.022 0.028 0.033 0.040 0.044 0.048 0.053
BERT base 0.068 0.103 0.134 0.158 0.180 0.196 0.213 0229 0.242 0.256
BERT large 0.080 0.135 0.178 0.210 0.237 0.261 0.282 0.300 0.315 0.329
DeBERTaV3 base 0.048 0.079 0.104 0.135 0.156 0.176 0.192 0.214 0.229 0.242
DeBERTaV3 large 0.009 0.015 0.021 0.026 0.031 0.035 0.039 0.043 0.046 0.049

LLMs
Llama 3.1 8B Instruct -0.017  0.007 0.039 0.079 0.065 0.098 0.129 0.106 0.131 0.174
Llama 3.1 70B Instruct -0.041 -0.006 0.016 0.035 0.065 0.072 0.054 0.090 0.094 0.090
Mistral Small Instruct 0.007  0.021 0.017 0.013 0.012 0.011 0.022 0.007 0.012 0.033
Mistral Small 24B Instruct -0.001  0.022 0.035 0.041 0.047 0.064 0.077 0.100 0.101 0.123
Mixtral 8x7B Instruct -0.016 -0.017 -0.007 0.004 0.011 0.015 0.026 0.046 0.054 0.121
Mixtral 8x22B Instruct 0.001 -0.029 0.014 0.041 0.049 0.060 0.072 0.115 0.153 0.199
Qwen3 4B Instruct -0.016 0.004 0.029 0.044 0.079 0.098 0.132 0.144 0.144 0.211

Qwen3 30B A3B Instruct 0.016  0.032 0.046 0.063 0.081 0.083 0.119 0.127 0.139 0.174
Qwen3 235B A22B Instruct  0.031  0.070  0.087 0.101 0.127 0.155 0.156 0.194 0.247 0.388

Table 6: Performance deltas after removing consecutive numbers of sentences. Top: PLMs. Bottom: LLMs.

Model Sentence

- You think it’s not a polygon because it has a curved side.

- Teacher: Okay, what you do is, yeah, you cut it in half again so you have their equivalents.

- Remember in math I spent a lot of time going over with you every time you answer a question
you have to a?

- Is this area right here inside the O?

- What’s ten times 32?

- What does she need to put right next to the inches?

- Student: Um - Teacher: Try it - try a number for X and see how well it works for you.

- Teacher: Add my two sums of my two grids.

- Technically if you're finding area, you’re finding the number of squares inside the shape,
correct?

- So are they different?

LILM

-1,2,3.

- Teacher: I could divide it by 2, yeah.

- Why don’t we count on the 9th?

- Tell somebody in your group what you learned in math today.
- What happens to 6?

- 635.

- Student: Can we write an answer sentence?

- Multiple Students: Label.

- Student: ...

- Teacher: Plus 19 - Student D, what’s 2 plus 9?

PLM

- And now I can find my total which will be what, Student H?

- Student: It’s going to get bigger.

- Teacher: So what is the denominator there?

- As you’re doing this and you’re answering the questions I want to label it.
- So what is 12 divided by 2?

- Okay so 85 plus 15 would bring me to my next whole.

- What happens to 6?

- Teacher: You have to go ahead ....

- Multiple Students: Less.

- Student: It’s three times bigger.

Both

Table 7: Example sentences removed during sentence-deletion experiments, grouped by whether they were selected
by LLM-based explanations, PLM-based explanations, or by both.
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