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ABSTRACT
Automatically assessing classroom discussion quality is be-
coming increasingly feasible with the help of new NLP ad-
vancements such as large language models (LLMs). In this
work, we examine how the assessment performance of 2
LLMs interacts with 3 factors that may affect performance:
task formulation, context length, and few-shot examples.
We also explore the computational efficiency and predic-
tive consistency of the 2 LLMs. Our results suggest that
the 3 aforementioned factors do affect the performance of
the tested LLMs and there is a relation between consistency
and performance. We recommend a LLM-based assessment
approach that has a good balance in terms of predictive per-
formance, computational efficiency, and consistency.
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1. INTRODUCTION
Automatic assessment of classroom discussion quality has
been a rising topic among educational researchers. Decades
of research have shown that class discussion quality is central
to learning [9, 32]. However, assessing classroom discussions
in large numbers of classrooms has been expensive and infea-
sible to carry out at scale. Automated scoring of classroom
discussion quality will aid researchers in generating large-
scale data sets to identify mechanisms for how discussions
influence student thinking and reasoning. In addition, au-
tomated scores could also be used in formative assessments
(FA) to aid teachers in improving their discussion quality.

The major advantage of modern large language models (LLMs)
compared to pre-trained models such as BERT is that the
former does not require training and only needs proper prompt-
ing to do the task. We attempt to test the capability of

LLMs in automatically providing scores for different dimen-
sions of classroom discussion quality, based on the Instruc-
tional Quality Assessment (IQA), an established measure
that has shown high levels of reliability and construct valid-
ity in prior learning research [5]. Despite being new, LLMs
have been used in classroom discussion assessments [29, 31,
28, 16]. However, prior work has largely used LLMs by de-
signing a single prompt with fixed inputs and evaluating
zero-shot performance [29, 31, 28] or by finetuning which is
costly and does not take advantage of the zero-shot or few-
shot capability of LLMs [16]. We instead analyze 3 factors
that can potentially affect the predictive performance of the
LLMs, as well as examine their impact on computational ef-
ficiency and consistency in providing the same answer given
the same input. Specifically, we test the capability of LLMs
to score 4 IQA dimensions in various settings. First, differ-
ent task formulation in the prompt can be used depending
on the way we formulate the task’s goal [14]. Second, unlike
shorter inputs in other work on classroom discussion [29, 22],
our transcripts are very long, which makes the context length
another factor worth testing as LLMs might not be able to
process long-range context [25]. Third, since LLMs are good
few-shot learners [3], we examine the utiliy of adding few-
shot examples to increase performance. Finally, we examine
relationships between a LLM’s performance, computational
efficiency and consistency in providing the scoring results.

Our contributions are two-fold. First, we show how 3 fac-
tors (task formulation, context length and few-shot exam-
ples) can influence LLM performance and computational ef-
ficiency in the IQA score prediction task. Second, we ex-
amine the consistency between the LLMs’ outputs and find
correlations between performance and consistency in certain
high-performance approaches. To support reproducibility,
we also make our source code available at https://github.
com/nhattlm95/LLM_for_Classroom_Discussion.

2. RELATED WORK
Researchers have measured classroom discussion at different
grain sizes and with different foci. Human coding has often
focused on either teaching moves or student moves, with
some measures occurring at the utterance or turn level, while
others focus on different dimensions of instructional qual-
ity using more holistic measures. Consequently, automated
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coding has followed similar directions [1, 10, 7, 6, 22, 26,
9, 20, 18, 19, 33]. Our work focuses on automated holistic
assessment of classroom discussion, both with and without
also measuring fine-grained teacher and student moves.

While most prior methods for automatically predicting talk
moves and holistic scores [9, 10, 27, 11, 22, 33] have been
based on modern NLP tools such as BERT [8], recent work
has started to explore the use of large language models
(LLMs). For predicting accountable talk moves in classroom
discussions, a finetuned LLM was shown to consistently out-
perform RoBERTa in terms of precision [16]. Since fine-
tuning a LLM is costly and requires expertise, others have
focused on zero-shot methods which do not require train-
ing. For example, the zero-shot capabilities of ChatGPT
have been tested in scoring and providing insights on class-
room instruction at both the transcript [29] and the sentence
level [31, 28]. However, standard zero-shot approaches with
fixed prompts were used and evaluated on pre-segmented ex-
cerpts of the transcripts, without further analyses of other
factors that can potentially affect LMM performance. Our
work experiments with 3 such factors (i.e., zero versus few-
shot examples, different prompting strategies, different input
lengths) that have been shown to influence LLM performance
in other domains. First, different ways of formulating a task
in the prompt may yield different outcomes [35, 14, 13]. Our
study uses multiple prompting strategies reflecting different
formulations of the holistic assessment task (e.g., end-to-end
or via talk moves). Second, LLMs can struggle in process-
ing very long text input [25]. Since our transcripts are often
long, we experiment with different ways of reducing the LLM
input size. Third, providing few-shot examples is known to
be an effective way to increase LLM performance [14, 17,
3, 15]. Since few-shot examples have not yet been utilized
in previous classroom discussion LLM studies [29, 31], we
propose a method for constructing such examples.

In addition to testing the influence of task formulation, con-
text length and few-shot examples on predictive performance,
we also evaluate the 3 factors’ influence on computational ef-
ficiency (an important consideration for real-time formative
assessment). Finally, although aggregating multiple LLM’s
results for the same input (i.e., majority vote) has achieved
higher performance in various NLP tasks [30, 23], the consis-
tency of the predicted results has not been examined in the
context of classroom discussion. We explore result consis-
tency at both the transcript and the score level and examine
relationships with predictive performance.

3. DATASET
Our corpus is created from videos (with institutional review
approval) of English Language Arts classes in a Texas dis-
trict. 18 teachers taught fourth grade, 13 taught fifth grade,
and on average had 13 years of teaching experience. The
student population was considered low income (61%), with
students identifying as: Latinx (73%), Caucasian (15%),
African American (7%), multiracial (4%), and Asian or Pa-
cific Islander (1%). The videos were manually scored holis-
tically, on a scale from 1 to 4, using the IQA on 11 di-
mensions [21] for both teacher and student contributions.
They were also scored using more fine-grained talk moves
at the sentence level using the Analyzing Teaching Moves
(ATM) discourse measure [5]. The final corpus consists of

112 discussion transcripts that have already been converted
to text-based codes (see Appendix A for the statistics of
the scores). Thirty-two videos (29 percent) were double-
scored indicating good to excellent reliability for holistic
scores on the IQA (the Interclass Correlation Coefficients
(ICC) range from .89-.98) and moderate to good reliability
for fine-grained talk moves on the ATM (ICC range from
.57 to .85). The university’s IRB approved all protocols
such as for consent and data management (e.g., data col-
lection, storage, and sharing policies). Privacy measures
include anonymizing teacher names in the transcripts used
for analysis. Additionally, we only used open-source LLMs
which do not expose our data to external sources.

The complete list of IQA dimensions can be found in Ap-
pendix B. For this initial analysis, we focused on 4 of the
11 IQA dimensions. We chose these dimensions because of
their relevance to dialogic teaching principles that emphasize
collaborative knowledge-building and active participation in
meaning-making processes. Two of the dimensions focus on
teaching moves and 2 focus on student contributions. Fur-
thermore, all 4 are calculated based on counting by their
definitions. We hypothesized that when combined these 4 di-
mensions would provide a theoretically grounded estimate of
overall discussion quality. The four dimensions include: (S1)
Teacher links Student’s contributions, (S2) Teacher presses
for information, (S3) Student links other’s contributions,
and (S4) Student supports claims with evidence. We define
S4 as max of (S4a) Student provides text-based evidence and
(S4b) Student provides explanation. Descriptions of these
dimensions can be found in Table 1.

4. METHODS
Given a full classroom discussion transcript, our IQA score
prediction task is to predict a score between 1 and 4 for
each of the 4 targeted IQA dimensions. Because there are
3 factors that can affect the performance of LLMs, we use
the same format to name the approaches. Specifically, each
approach is named as tf -cl -fs depending on the combination
of the 3 factors: task formulation (tf ), context length (cl)
and few-shot examples (fs). Figure 1 shows the final models
and the combination that create them. Example prompts
are in Apppendix C. In this section, we describe 3 factors
and how we experimented with them in the task.

Task Formulation Factor. LLMs receive instructions about
the problem and how to achieve the desired results through
prompts. Previous work has shown that different instruc-
tions can lead to different results for the same task [35, 14].
Additionally, although it is possible to prompt the LLM to
do multiple tasks [29], our preliminary experiments show
that the LLM sometimes fails to complete some or all of the
tasks. Therefore, we decided to use prompts that only re-
quire the LLM to do one task. We experimented with the
following 4 ways to formulate the task:

Direct score (DS). We prompt the LLM to predict an IQA
score for the transcript by giving it the description of each
score for that dimension (1-4) (Figure 2a). {IQA descrip-
tion} informs the LLM about the definition of the focused
IQA score and {Scoring instruction} provides the criteria of
each score from 1 to 4 for that IQA dimension. This is sim-
ilar to end-to-end approaches that directly output the final



Table 1: IQA dimensions and their definitions. For each IQA dimension (i.e., S1-S4), the italic line is {IQA description} and
the remaining text is {Scoring instruction} used in the prompts in Section 4.

IQA Dimension IQA Dimension’s Description
S1. Teacher
links
Student’s
contribution

Did Teacher support Students in connecting ideas and positions to build coherence in the discussion
about a text?
4: 3+ times during the lesson, Teacher connects Students’ contributions to each other and shows how
ideas/ positions shared during the discussion relate to each other.
3: Twice. . .
2: Once. . . OR The Teacher links contributions to each other, but does not show how ideas/positions
relate to each other (re-stating).
1: The Teacher does not make any effort to link or revoice contributions.

S2. Teacher
presses
Students

Did Teacher press Students to support their contributions with evidence and/or reasoning?
4: 3+ times, Teacher asks Students academically relevant Questions, which may include asking Students
to provide evidence for their contributions, pressing Students for accuracy, or to explain their reasoning.
3: Twice. . .
2: Once. . . OR There are superficial, trivial, or formulaic efforts to ask Students to provide evidence
for their contributions or to explain their reasoning.
1: There are no efforts to ask Students to provide evidence for their contributions or to ask Ss to explain
their reasoning.

S3. Student
links other’s
contributions

Did Students’ contributions link to and build on each other during the discussion about a text?
4: 3+ times during the lesson, Students connect their contributions to each other and show how
ideas/positions shared during the discussion relate to each other.
3: Twice. . .
2: Once. . . OR the Students link contributions to each other, but do not show how ideas/positions
relate to each other (re-stating).
1: The Students do not make any effort to link or revoice contributions.

S4a. Student
provides
text-based
evidence

Did Students support their contributions with text-based evidence?
4: 3+ times, Students provide specific, accurate, and appropriate evidence for their claims in the form
of references to the text.
3: Twice. . .
2: Once. . . OR There are superficial or trivial efforts to provide evidence.
1: Students do not back up their claims.

S4b. Student
provides
explanation

Did Students support their contributions with reasoning?
4: 3+ times, Students offer extended and clear explanation of their thinking.
3: Twice. . .
2: Once. . . OR There are superficial or trivial efforts to provide explanation.
1: Students do not explain their thinking or reasoning.

Figure 1: The experimented LLM approaches and how they are constructed based on the 3 factors: Task Formulation (tf),
Context Length (cl) and Few-shot Examples (fs).

score, either through transformer [22] or LLMs [29, 16].

Direct counting (DC). For each IQA dimension, the descrip-
tion of each score from 1 to 4 is based on the count of relevant

observations (i.e., a count of associated ATM codes at the
turn level). Therefore, the {Scoring instruction} in DC can
be formulated as a counting task. We ask the LLM to count
how many times a certain observation that represents an



Figure 2: Prompts used in this work. Lines starting with # are comments and are not part of the prompts. {IQA descriptions}
and {Scoring instruction} can be found in Table 1.

IQA dimension appears in the transcript by giving the IQA
description (Figure 2b). This can be treated as an alterna-
tive way to prompt the LLM with more direct and specific
instructions (i.e., the LLM does not have to infer that the
Scoring instruction is indeed a counting task).

Extractive counting (EC). We prompt the LLM to extract
turns from the transcript that satisfy certain observations
that contribute to an IQA dimension (Figure 2c). The fi-
nal IQA score can be inferred by counting the number of
turns found. This task formulation gives some explainabil-
ity to the final score. Since a count higher or equal to 3
results in the maximum IQA score (4), we limit the number
of extracted examples to 3 in the prompt.

Binary counting (BC). We use the LLM as a binary classifier
by prompting it to predict if an observation that represents
an IQA dimension appears in one turn (yes/no) (Figure 2d).
Based on the performance in preliminary tests, we chose 4
previous turns for the dialogue history. Unlike the other 3
approaches which process the entire transcript in one go,
this approach uses LLM on the turn level. We then add the
binary counts of each IQA dimension to get the final counts
and infer the IQA scores. This is similar to approaches iden-
tifying turn-level talk moves to predict holistic scores [27,
22], except a LLM is the classifier instead of a transformer
and there is no training/finetuning. This is also the most
specific instruction as the output only has 2 labels (yes/no).

Context Length Factor. While previous work experimenting
with LLMs on classroom discussion used short transcripts
(e.g., several turns, 15-min passage) [29, 22], our transcripts
are generally much longer (35 minutes on average). Specif-
ically, 32 out of 112 transcripts have more than 4000 to-
kens, which exceed the token limit of many modern LLMs.
Furthermore, although LLMs are claimed to be able to pro-
cess long input text, their capabilities in dealing with long-
range context are still questionable [25]. Therefore, we test
whether giving the LLM a shorter context such as an ex-
cerpt instead of the entire transcript ({Dialogue} in Figure
2) leads to a change in performance. For DC and EC, we
split the transcripts into smaller excerpts of 1k tokens (best
performance based on preliminary results) and aggregate the
counts predicted by LLMs of each split to get the final counts
of a transcript. We call these approaches DC-1k and EC-1k.

Few-Shot Examples Factor. Providing examples is a sim-

ple yet effective way to improve a LLM’s performance [3,
14]. For approaches that have free spaces in the prompt,
we try few-shot prompting by adding 10 more examples to
the prompts. For BC, since each example is short (5 turns),
we can freely provide any 10 5-turn excerpts with answers
(yes/no) as few-shot examples for a selected IQA dimension.
For DC-1K and EC-1K, we select 10 excerpts (700 tokens
max) and infer their gold answers. The gold answer is the
count of relevant ATM codes for DC-1K and a list of turns
containing relevant ATM codes for EC-1K in the excerpt.
We end up with 3 approaches using 10-shot examples: DC-
1k-10s, EC-1k-10s and BC-5turn-10s.

For consistency, we have a fixed set of 10 examples for each
approach. To not expose test instances in these examples, we
split the data into 2 segments A and B and for transcripts in
one segment, we only draw examples from the other segment.
In other words, for each IQA dimension of DC-1k-10s, EC-
1k-10s, and BC-5turn-10s, we create 2 10-example fixed sets
(from segment A and B). When working on a transcript,
only 1 of those 2 sets are used depending on the segment
the transcript belongs to. We also make sure that every
possible label is covered in the 10 examples: 0-3 for DC, 0-3
extracted turns for EC, and yes/no for BC.

To create those 10-example sets, instead of hand-picking the
examples from the data, we use sampling. We use the word
sample from now on to describe the process of randomly
selecting a text unit (several consecutive turns in the con-
versation) from the dataset until a certain condition is sat-
isfied. In BC-5turn-10s, for S1 and S2, we first sample 5
positive (yes) and then sample 5 negative (no) few-shot ex-
amples (5-turn each). For S3, S4a and S4b, since some neg-
ative examples are harder to distinguish from positive ones,
we call them hard-negative examples. Specifically, they are
turns containing the ATM code Weak Link (S3), Weak Text-
based Evidence (S4a) and Weak Explanation (S4b). Previ-
ous work has shown that presenting hard-negative examples
yields better prediction results [24]. Thus, we decide to sam-
ple 4 positive, 3 hard-negative and 3 easy-negative examples
when predicting S3, S4a and S4b for BC-5turn-10s. For DC-
1k-10s, we sample 2 text excerpts with the count of the IQA
observation as k (0 to 3), respectively, creating 8 examples.
Similarly, for EC-1k-10s, we sample 2 dialogue excerpts in
which k (0 to 3) examples that satisfy the {IQA descrip-
tion} are extracted. The last two examples of DC-1k-10s
and EC-1k-10s do not have any restrictions.



Table 2: Quadratic Weighted Kappa (QWK) from Mistral and Vicuna. The best numbers are bolded. Italic numbers mean they
are equal or better than the BERT baseline. Inference time is the average of 3 runs.

ID Method
Mistral Vicuna

IQA Dimension
Inference Time

IQA Dimension
Inference Time

S1 S2 S3 S4 S1 S2 S3 S4
1 BERT [27] 0.59 0.71 0.56 0.72 82s 0.59 0.71 0.56 0.72 82s
2 DS-full-0s 0.42 0.50 0.43 0.49 10.7s 0.42 0.48 0.45 0.48 12.3s
3 DC-full-0s 0.44 0.54 0.45 0.55 9.6s 0.45 0.53 0.45 0.56 9.7s
4 DC-1k-0s 0.46 0.57 0.47 0.61 10.7s 0.47 0.57 0.49 0.60 12.5s
5 DC-1k-10s 0.46 0.56 0.48 0.61 12.3s 0.46 0.58 0.49 0.63 12.4s
6 EC-full-0s 0.43 0.58 0.45 0.60 17.1s 0.41 0.54 0.42 0.60 18.2s
7 EC-1k-0s 0.45 0.59 0.49 0.63 24.7s 0.45 0.57 0.47 0.64 26.8s
8 EC-1k-10s 0.61 0.71 0.60 0.74 27.3s 0.59 0.70 0.56 0.72 30.5s
9 BC-5turn-0s 0.49 0.62 0.50 0.65 223.4s 0.49 0.63 0.50 0.63 234.1s
10 BC-5turn-10s 0.63 0.75 0.64 0.77 232.5s 0.62 0.73 0.60 0.74 237.9s
11 w/o hard-negative - - 0.55 0.69 - - 0.56 0.69 -

5. EXPERIMENTAL SETUP
Commercial LLMs are costly and do not always guarantee
data privacy, so we use open-source ones. To make a fair
comparison with end-to-end scoring (DS), we want a LLM
that can fit long classroom discussion transcripts (as 32 out
of 112 transcripts have more than 4000 tokens). Also, we
want to test more than one LLM to make the findings more
generalizable. Among the open-source LLMs, Mistral [12]
and Vicuna [4] have a token limit of at least 8000, which is
enough to cover any of our transcripts. Specifically, we use
Mistral-7B-Instruct-v0.1 1 and Vicuna-7b-v1.5-16K 2 from
huggingface with default parameters. We do not train or
fine-tune the LLMs and use them as is.

To test the influence of the 3 aforementioned factors in
the prediction, we report the average Quadratic Weighted
Kappa (QWK) of the LLM approaches mentioned in Section
4. For BC-10s, we also report the performances on S3 and S4
without using hard-negative examples (i.e. 5 positives and
5 non-restricted negatives) to further test the effectiveness
of having harder examples. The baseline BERT-base model
[27] was trained to predict the ATM codes by using either
Hierarchical Classification (HC) for S1 or Sequence Label-
ing (SL) for S2, S3 and S4. The final IQA scores were in-
ferred based on the counts of predicted ATM codes through
a linear layer. Due to our small dataset, we use 5-fold cross-
validation for this baseline, even though this makes the base-
line not directly comparable to the zero-shot and few-shot
approaches. For each prompt, we run the LLM 3 times and
aggregate the final predictions. Since LLMs’outputs can be
inconsistent, we use majority voting 3 as previous work has
shown that this is a simple yet effective technique [30].

To compare the computational efficiency, we record the av-
erage inference time (i.e., time to produce the set of 4 IQA
scores for 1 transcript). We do not include the training
time of BERT and the time spent on prompt engineering
for LLMs. All experiments were done on a computer with a
single RTX 3090 Nvidia GPU.

1https://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.1
2https://huggingface.co/lmsys/vicuna-7b-v1.5-16k
3We calculate the mean and round it to the closest integer
if all 3 runs have different predictions

To measure the per-transcript consistency of LLMs, for each
transcript, we record the number of times 2 out of 3 runs
(2/3) and all 3 runs (3/3) have the same predictions per
IQA dimension. The frequency that none of the 3 runs have
the same predictions can be self-inferred. We also report
the per-score consistency to see if the LLMs are more/less
consistent in certain scores.

6. RESULTS AND DISCUSSION
Table 2 shows the performances of the proposed approaches
in Quadratic Weighted Kappa (QWK) along with their com-
putational time for Mistral and Vicuna.

Task formulation is an important consideration as there were
differences in performance on the IQA score assessment tasks.
DS underperforms other approaches, including the baseline
BERT model, with QWK scores of no more than 0.50 in
all dimensions. This is consistent with a previous work
which showed poor correlations between the scores predicted
by a LLM and human raters on classroom transcripts [29].
DC’s variants (rows 3-5) outperform DS-full-0s, suggesting
that the LLM cannot fully infer the relation between the
counts of IQA observation and the final scores. EC-based
approaches generally achieve higher QWK than DC’s coun-
terpart, except in some zero-shot instances (S1 of EC-full-0s
and EC-1k-0s for Mistral; S1, S3 of EC-full-0s and EC-1k-0s
for Vicuna). This implies that the LLM is generally better
at extracting the IQA observations than counting them di-
rectly. The BC approaches obtain the highest performance,
with BC-5turn-0s and BC-5turn-10s beating their counter-
parts (i.e., same few-shot settings) in all IQA dimensions,
except for EC-1k-0s in S4 with Vicuna.

Context length also affects performance. With the same
task formulation, reducing the context length to 1K always
increases the QWK. BC-5turn-0s can be considered a zero-
shot approach with a very short context length (5 turns) and
it outperforms all other zero-shot approaches. These obser-
vations suggest that breaking a long transcript into smaller
chunks of text is the recommended way when using LLMs
for our task because it not only yields higher QWK but also
enables usage of a wider variety of LLMs with lower token
limits (e.g., LLama2 with a token limit of 4k).



Figure 3: Per-transcript statistics of the agreement from 3 runs for each approach. Each number is a percentage of the number
of transcripts (out of 112). For each IQA dimension, 2/3 means exactly 2 out of 3 runs have the same predictions, 3/3 means all
3 runs have the same predictions, and 0/3 means no agreement between 3 runs.

Figure 4: Per-score statistics of the agreement from 3 runs for each approach. For each combination of a score s (1-4) and
an agreement rate (0/3, 2/3 or 3/3), each number is calculated as x/y where y is the number of times in any IQA dimension
(S1-S4), the final prediction is s and x is the number of times the agreement rate is satisfied among those y occurrences. For
each score s, 2/3 means 2 out of 3 runs have s as predictions, 3/3 means all 3 runs have s as predictions.

Few-shot examples do matter. The only two approaches that
can outperform the baseline BERT model are both few-shot
attempts (EC-1k-10s and BC-5turn-10s for both LLMs, ex-
cept S2 in EC-1k-10s with Vicuna). The biggest gain in
terms of performance is found when the Binary Counting
approach is provided with 10 additional examples since BC-
5turn-10s yields at least 0.10 points of QWK improvement
over BC-5turn-0s, making it the best approach in all 4 IQA
dimensions. While few-shot demonstration boosts the per-
formances of Extractive Counting and Binary Counting, it
does not help Direct Counting since DC-1K-10s performs
similarly to DC-1K-0s, even worse in S2 with Mistral and
S1 with Vicuna. We hypothesize that few-shot examples
only help if they enhance the reasoning capability of LLM

through those examples. For EC, the provided answers in-
crease performance because the examples help the LLM bet-
ter identify similar turns for scoring the IQA. For BC, the
direct guidance from examples (yes/no) provides patterns
(positive/negative) that the LLMs can absorb and general-
ize. In the case of DC, even with the correct counts given,
the LLMs still need an intermediate reasoning step to iden-
tify the relevant IQA observations. In other words, the
LLMs have to infer the characteristics of IQA observations
from the counts - a task it struggles with. For DC, although
the main task relies on counting, the bottleneck is likely
from the capability of identifying related IQA observations,
which the few-shot examples do not directly inject. The
last two rows (10 and 11) also show BC-5turn-10s benefited



Table 3: Agreement rates for the score of 4 when we treat the
exact counts as the prediction instead of rounding them down
to 3 (score of 4) when the number of occurrences exceeds 3.

ID Method
Mistral Vicuna

2/3 3/3 2/3 3/3
1 DC-full-0s 25.4 20.2 26.3 16.7
2 DC-1k-10s 28.4 18.3 28.1 17.7
3 DC-1k-10s 30.1 19.6 25.1 19.0
4 EC-full-0s 31.4 22.1 27.7 21.9
5 EC-1k-0s 29.3 20.2 28.5 23.6
6 EC-1k-10s 31.1 25.8 32.4 23.9
7 BC-5turn-0s 34.6 17.4 33.7 16.4
8 BC-5turn-10s 34.9 17.5 36.4 25.4

from hard-negative examples, suggesting that having exam-
ples that are harder to distinguish from the focused labels
when possible boosts classification performance of LLMs.

Computational efficiency. The BERT approach runs slower
than most of the LLM-based approaches except BC ap-
proaches because it processes on sentence level. EC-based
approaches run slower than DC-based approaches as the for-
mer require generating more tokens (generate a turn versus
a single number). BC approaches have superior performance
in QWK compared to their counterparts but require exces-
sive inference time. The best approach BC-5turn-10s needs
around more than 8 times the amount of time to process
a transcript on average compared to the second best ap-
proach EC-1k-10s. Although running slower, EC-based and
BC-based approaches can be more useful if we want to go
beyond summative to formative assessment for coaching or
feedback as they present examples to justify the decision.
Therefore, if we want a balance between performance and
inference time, EC-1k-10s is our recommended approach.

Figure 3 shows the transcript-level consistency across 3 runs
for each approach. Although there are discrepancies among
Mistral and Vicuna in different levels of agreement (2/3
and 3/3), most of the time, when majority voting is ap-
plied (i.e., at least 2 out of 3 agree on the final prediction),
they are within 5% of each other. The results also indicate
that reaching total agreement (3/3) is hard for LLMs since
the highest number is less than 37%. DS-full-0s is not only
the worst approach performance-wise but also is very incon-
sistent as it has the lowest numbers overall (top 3 lowest
agreement rates according to majority voting in all dimen-
sions). On the other hand, the two approaches with the
highest QWK, EC-1k-10s and BC-5turn-10s, obtain better
consistency compared to the rest, especially in S2 and S4.
Furthermore, similar to the QWK’s result, S2 and S4 tend
to have higher consistency than S1 and S3, suggesting that
it is harder for LLMs to make consistent predictions on the
latter dimensions. In general, these observations imply a
relationship between performance and consistency of LLMs
when the performance gaps are big, but when comparing
approaches that are closer in performance,we see that an
approach marginally better in QWK can have lower consis-
tency (e.g., S3 of EC-1k-0s versus EC-full-0s).

Figure 4 reports the consistency across different scores. Over-
all, it is harder to reach a full agreement (3/3) for scores of

2 and 3 compared to 1 and 4 as all numbers in 3/3 for scores
of 2 and 3 are lower than 20% (except EC-1k-0s of Vicuna
for score 3). BC-5turn-10s has the highest percentages in
majority voting in general (sum of 2/3 and 3/3), and its
consistency for scores of 2 and 3 is lower than for scores of
1 and 4. This suggests that the LLMs are more consistent
when predicting the extreme scores (1 and 4). We hypothe-
size that because a score of 4 is correct whenever there are at
least 3 occurrences of certain IQA observations, even if the
LLM misses some occurrences, it can still predict 4 as the
final answer if the total number of occurrences is large; or
it can overcount but the final prediction is still 4 due to the
rounding down. Table 3 supports this assumption because
when we use the exact counts instead of limiting it to 3, we
see a decrease in consistency for both 2/3 and 3/3 compared
to Figure 4. It implies that the LLMs are not very consis-
tent for the score of 4 despite the high agreement rate from
Figure 4. We leave further analyses to identify the problems
of inconsistency for future work.

7. CONCLUSION
We experimented with 3 factors affecting the performance of
2 LLMs in the automated assessment of classroom discussion
quality. Our results show that the 2 LLMs perform similarly
and the task formulation is the most important factor that
impacts the performance and inference time. A shorter con-
text length generally yields higher results but requires more
computational time. Furthermore, providing few-shot exam-
ples is a very effective technique to boost the performance
of an LLM if it can utilize the cues from those examples.
Further optimization on how to sample few-shot examples
[17, 34] is left for future work. We believe in real-world ap-
plications, so finding a balance between the inference time
and performance of LLM is crucial as it might not be worth
sacrificing too much inference time for small performance
gains. Finally, a brief count representing different levels of
agreement across 3 runs shows that approaches that are no-
ticeably better in prediction results are more likely to have
higher consistency, but further analyses are still needed due
to the overall low consistency. We would also like to exam-
ine how our findings generalize to other classroom discussion
corpora and assessment schemes in future research.

8. LIMITATIONS
Due to our budget, we did not experiment with commer-
cial LLMs such as GPT-4, which is more powerful and has
a higher token limit. Additionally, although several other
IQA dimensions can be tested using the same approach, we
only worked on 4 of them. Furthermore, human labor can
provide better examples instead of choosing few-shot exam-
ples by random sampling from the data as we did. Despite
its additional computational requirements, fine-tuning the
LLMs, which has not been explored in this study, is a po-
tential way to increase the performance further. Since the
experiments were conducted using a specific dataset (En-
glish Language Arts classes in a Texas district) and specific
student demographics, a potential algorithmic bias might be
present [2].
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editors, Proceedings of Deep Learning Inside Out
(DeeLIO 2022): The 3rd Workshop on Knowledge
Extraction and Integration for Deep Learning
Architectures, pages 100–114, Dublin, Ireland and
Online, May 2022. Association for Computational
Linguistics.

[18] L. Lugini and D. Litman. Argument component
classification for classroom discussions. In N. Slonim
and R. Aharonov, editors, Proceedings of the 5th
Workshop on Argument Mining, pages 57–67,
Brussels, Belgium, Nov. 2018. Association for
Computational Linguistics.

[19] L. Lugini and D. Litman. Contextual argument
component classification for class discussions. In
D. Scott, N. Bel, and C. Zong, editors, Proceedings of
the 28th International Conference on Computational
Linguistics, pages 1475–1480, Barcelona, Spain
(Online), Dec. 2020. International Committee on



Computational Linguistics.

[20] L. Lugini, D. Litman, A. Godley, and C. Olshefski.
Annotating student talk in text-based classroom
discussions. In J. Tetreault, J. Burstein, E. Kochmar,
C. Leacock, and H. Yannakoudakis, editors,
Proceedings of the Thirteenth Workshop on Innovative
Use of NLP for Building Educational Applications,
pages 110–116, New Orleans, Louisiana, June 2018.
Association for Computational Linguistics.

[21] L. C. Matsumura, H. E. Garnier, S. C. Slater, and
M. D. Boston. Toward measuring instructional
interactions “at-scale”. Educational Assessment,
13(4):267–300, 2008.

[22] T. Nazaretsky, J. N. Mikeska, and
B. Beigman Klebanov. Empowering teacher learning
with ai: Automated evaluation of teacher attention to
student ideas during argumentation-focused
discussion. In LAK23: 13th International Learning
Analytics and Knowledge Conference, LAK2023, page
122–132, New York, NY, USA, 2023. Association for
Computing Machinery.

[23] L. Pan, X. Wu, X. Lu, A. T. Luu, W. Y. Wang, M.-Y.
Kan, and P. Nakov. Fact-checking complex claims
with program-guided reasoning. In A. Rogers,
J. Boyd-Graber, and N. Okazaki, editors, Proceedings
of the 61st Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 6981–7004, Toronto, Canada, July 2023.
Association for Computational Linguistics.

[24] J. D. Robinson, C. Chuang, S. Sra, and S. Jegelka.
Contrastive learning with hard negative samples. In
9th International Conference on Learning
Representations, ICLR 2021, Virtual Event, Austria,
May 3-7, 2021. OpenReview.net, 2021.

[25] S. Sun, K. Krishna, A. Mattarella-Micke, and
M. Iyyer. Do long-range language models actually use
long-range context? In M.-F. Moens, X. Huang,
L. Specia, and S. W.-t. Yih, editors, Proceedings of the
2021 Conference on Empirical Methods in Natural
Language Processing, pages 807–822, Online and
Punta Cana, Dominican Republic, Nov. 2021.
Association for Computational Linguistics.

[26] A. Suresh, J. Jacobs, V. Lai, C. Tan, W. Ward, J. H.
Martin, and T. Sumner. Using transformers to provide
teachers with personalized feedback on their classroom
discourse: The talkmoves application. arXiv preprint
arXiv:2105.07949, 2021.

[27] N. Tran, B. Pierce, D. Litman, R. Correnti, and L. C.
Matsumura. Utilizing natural language processing for
automated assessment of classroom discussion. In
N. Wang, G. Rebolledo-Mendez, V. Dimitrova,
N. Matsuda, and O. C. Santos, editors, Artificial
Intelligence in Education. Posters and Late Breaking
Results, Workshops and Tutorials, Industry and
Innovation Tracks, Practitioners, Doctoral
Consortium and Blue Sky, pages 490–496, Cham,
2023. Springer Nature Switzerland.

[28] D. Wang, D. Shan, Y. Zheng, K. Guo, G. Chen, and
Y. Lu. Can chatgpt detect student talk moves in
classroom discourse? a preliminary comparison with
bert. In M. Feng, T. KĂ¤ser, and P. Talukdar,
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APPENDIX
A. DATASET STATISTICS
Table 4 shows the statistics of the 4 focused IQA dimensions
in our dataset.

B. OTHER IQA DIMENSIONS
We briefly list other IQA dimenions that were not studied
in this work in Table 5.

C. EXAMPLE PROMPTS
Figures 5, 6, 7 and 8 show example prompts for Direct Score,
Direct Counting, Extractive Counting and Binary Counting,
respectively. The last lines of the prompts are incomplete to
let the LLMs complete the text (i.e., provide the answer).



Table 4: Data distribution and mean (Avg) of 4 focused IQA rubrics for Teacher (T ) and Student (S) with their relevant ATM
codes. An IQA rubric’s distribution is represented as the counts of each score (1 to 4 from left to right) (n=112 discussions).

IQA Rubric Relevant ATM code
Short Description Distribution Avg Score Code Label

S1: T connects Ss [69, 23, 9, 11] 1.66 Recap or Synthesize S Ideas
S2: T presses S [8, 13, 11, 80] 3.46 Press
S3: S builds on other’s idea [84, 7, 10, 11] 1.54 Strong Link

S4: S support their claims [38, 17, 9, 48] 2.60
Strong Text-based Evidence

Strong Explanation

Table 5: Other IQA dimensions that have not been studied in this work and their definitions.

IQA Dimension IQA Dimension’s Description
Participation in Learning
Community

What percentage of Ss participated in the discussion about a text??

Wait Time Did Teacher provide individual Students with adequate time in the class discussion to fully
express their thoughts?

Rigor of Text How rigorous were the text(s) used as the basis for the discussion? Did they contain sufficient
‘grist’ to support an academically challenging discussion?

Rigor of Class Discussion Thinking about the text discussion as a whole and the questions Teacher asked Students, were
Students supported to analyze and interpret a text (e.g., consider the underlying meaning
or literary characteristics of a text, etc.)?

Segmenting Text Does Teacher stop during the reading of the text to ask questions or clarify ideas?
Guidance Toward Con-
structing the Gist

Does Teacher ask open-ended questions and facilitate discussion to guide Students to con-
struct the gist of the text (i.e., a coherent representation of the text)?

Developing Community Does T help create a learning community within the classroom?

Figure 5: An example prompt of Direct Score (DS) for (S1)
Teacher links Student’s contribution.

Figure 6: An example prompt of Direct Counting (DC) for
(S2) Teacher Presses Student.



Figure 7: An example prompt of Extractive Counting (EC)
for (S3) Student links other’s contribution

Figure 8: An example prompt of Binary Counting (BC) for
(S4a) Student provides explanation


