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Abstract
When evaluating second language (L2) learners’ speech, human raters pay significant attention to its content, and
diagnostic feedback on content helps improve learners’ speaking ability. Since human scoring and feedback are
time-consuming and costly, automatic models aiming to provide such feedback have been developed, specifically
models that detect whether certain content, i.e., key points, is included in learner’s speech. However, previous
studies target only integrated test items where learners speak based on listened or read materials, and the data used
are not publicly available. In this study, we construct a speech corpus for key point detection. We extend the target to
test items where learners speak based on their own experiences and opinions, which show greater content diversity
than integrated test items, using an approach that annotates content along with its connections. Analysis of the
constructed data demonstrated that the annotated elements are associated with the speech content scores. We
also found that large language models are generally successful at locating content element spans, although their
predicted spans are often broader than human-annotated ones. The corpus and annotation guidelines are available

athttps://language.sakura.ne. jp/icnale/download.html.

Keywords: speech scoring, content assessment, topic development

1. Introduction

The speaking ability of foreign language learners is
evaluated across multiple dimensions, such as pro-
nunciation, fluency, grammar, vocabulary, and con-
tent. Analytical scoring assigns separate scores to
multiple aspects, offering more pedagogically use-
ful feedback than holistic scoring, which provides
only a single overall score (Knoch et al., 2021).
Since human scoring of learners’ speech is time-
consuming and costly, researchers have developed
automatic scoring models (Muller et al., 2009; Craig-
head et al., 2020; Banno et al., 2025). However,
scores alone, whether holistic or analytical, provide
limited information about the specific strengths and
weaknesses of learners.

To address this limitation, researchers have ex-
plored automated feedback generation (Nagata,
2019; Chao and Chen, 2025). In language test-
ing research, speech content has been shown to
play a major role in human raters’ scoring decisions
(Sato, 2012). The number of information units in
a speech has been used as a criterion in rubrics
for evaluating content (Kuiken and Vedder, 2018)
and is associated with L2 proficiency. Building on
this insight, Wang et al. (2020); Wang and Hamill
(2021) developed models that automatically detect
whether specific content required in a test question,
i.e., key points, is included in a learner’s response.
Because high-proficiency responses are expected
to address these key points appropriately, key point
detection can be used for both scoring and feed-
back. However, previous studies focused on one

type of test question: integrated test items, where
learners are asked to speak based on the informa-
tion they have listened to or read. For example,
one test item may ask the learner to first listen to a
conversation between professors, then provide an
oral summary of the problem discussed and rec-
ommend one of the proposed solutions (see Wang
and Hamill, 2021). Furthermore, the datasets used
to develop the models have not been made publicly
available.

Therefore, we construct a speech corpus for
the diagnostic assessment of content, specifically
a benchmark dataset for the key point detection
task. We add content-based annotations to tran-
scripts from an existing corpus of second language
(L2) English, i.e., the International Corpus Network
of Asian Learners of English (ICNALE) (Ishikawa,
2023b).

We extend the annotation method proposed by
Wang et al. (2020) to other types of test questions,
e.g., independent and interactive test items. In
these tasks, learners speak from their own experi-
ences or opinions, such as discussing whether or
not they agree with college students having part-
time jobs, based on their own experiences and
knowledge (see Ishikawa, 2023b). In these test
questions, speech content varies across learners,
unlike in integrated test items where listening or
reading materials constrain the content. This vari-
ability makes it more challenging to predefine key
points. To address this content diversity, we adopt
a topic development-based approach similar to that
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used in the TOEFL iBT speaking rubric'. We anno-
tate two types of content elements: (1) Position,
the learners’ response to the test question, and
(2) Support, content that provides evidence such
as reasoning or examples (Crossley et al., 2022).
We show that these elements are associated with
the analytical scores for content. We also demon-
strate that large language models (LLMs) are gen-
erally successful at identifying the spans of these
elements in transcripts, but they often predict wider
spans than human annotators.

2. Background and Related Work

2.1.

Content is one of the core evaluation aspects in
speaking assessment (Sato, 2012; Brown et al.,
2005) and is included in the rubrics of various tests
such as TOEFL iBT? and Pearson Test of English®.
In recent years, automated speech scoring has
been studied as a way to reduce the cost of human
scoring (see Zechner and Evanini, 2020), and some
models specifically focus on scoring content (Xie
et al., 2012; Yoon and Lee, 2019; Voskoboinik et al.,
2023). Content scoring is sometimes approached
through its relationship with discourse coherence,
as in Crossley et al. (2022), and several studies
have explored the automatic assessment of speech
coherence (Wang et al., 2017, 2019; Wang and
Evanini, 2020).

However, automatic scoring models focus solely
on predicting scores and therefore cannot provide
specific feedback to learners. In the context of
speech content evaluation, feedback models have
been developed by detecting whether specific key
points are included in the speech (Wang et al.,
2020; Wang and Hamill, 2021). However, these
models are limited to only a single type of test item,
i.e., integrated test items, and the datasets used
for developing the models have not been made
publicly available.

Content Scoring

2.2. ICNALE

ICNALE (Ishikawa et al., 2013; Ishikawa, 2023b) is
a corpus of spoken and written English produced by
college-level learners from ten Asian countries and
regions, together with data from native speakers
of English. The data were collected under con-
trolled conditions to ensure fair comparison, such
as identical time limits for response production. The
same topics were used for both writing and speak-
ing tasks: (a) the importance of part-time jobs for

"https://www.ets.org/pdfs/toefl/
toefl-ibt-speaking-rubrics.pdf

2https ://www.ets.org/toefl.html

3https ://www.pearsonpte.com/

college students and (b) the complete ban on smok-
ing in restaurants. The spoken component consists
of monologue and dialogue modules, with both au-
dio and transcript data available.

The ICNALE also includes a module, the
ICNALE Global Rating Archives (GRA) (Ishikawa,
2023a), which provides rubric-based evaluation
of 140 essays and 140 spoken dialogues by 80
raters with diverse linguistic and professional back-
grounds. Each response was assigned a holistic
score and ten analytic scores, four of which per-
tained to the content aspect. Data annotated by
multiple raters can be used to investigate rater char-
acteristics, including rater reliability. Moreover, re-
sponses that receive high scores from raters with
diverse backgrounds can be regarded as typical ex-
amples of high-quality responses. These features
enable the analysis of L2 performance quality and
rater variation.

Furthermore, the ICNALE GRA has also been
used as evaluation data for automated scoring
(Bannd and Matassoni, 2022). It contains a bal-
anced collection of learner data from 10 countries,
covering proficiency levels from beginner to ad-
vanced, making it suitable for use as a benchmark
dataset.

3. Dataset Construction

We constructed a dataset by adding annotations of
claims and supporting evidence to the speech tran-
scripts in the ICNALE GRA. While existing datasets,
including those for essays, are typically annotated
with content scores (Voskoboinik et al., 2023; Pers-
ing and Ng, 2013, 2014), this study annotates con-
tent elements along with their spans.

3.1.

We used transcripts of all 140 speeches in the
ICNALE GRA, which originally came from the role-
play tasks of the ICNALE Spoken Dialogues mod-
ule. In the role-play, learners, acting as college
students, were asked to persuade a supervisor
who opposed part-time jobs to allow them to con-
tinue working. Although the scores in the ICNALE
GRA were assigned based on the initial 90 seconds
of each audio recording, we annotated all learner
utterances in the transcript. Annotation was ap-
plied only to utterances produced by the learner;
the interviewer’s utterances were not annotated.

Materials

3.2. Annotations

In independent and interactive test items, includ-
ing role-plays, it is not feasible to predefine key
points based on specific content because learners
draw on their own experiences and opinions, result-
ing in diverse responses. This contrasts with the
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[S] Hello, professor. Well, recently, I started working at a
position: pro, effective

cafe, and [ want to continue my part—time job.

[T] Oh, you’ re doing a part—time job.
support

[S] Yes, because I need money.
claim: pro, insufficient

support
[S]1know students should study, but part—time job will
claim: anti, effective rebuttal

help me to think about my future jobs.

Figure 1: An annotation example. [S] and [T] rep-
resent utterances by a student and teacher, i.e.,
interviewee and interviewer, respectively.

method of Wang et al. (2020), which relies on pre-
defined key points tied to specific source materials.
To address this gap, we developed an annotation
methodology* inspired by topic development-based
scoring in the TOEFL iBT speaking rubric. We con-
ducted multiple rounds of guideline revision and
trial annotation, incorporating feedback from two
researchers with experience in teaching English as
a foreign language. Based on the guidelines, we
annotated all 140 speech transcripts in the ICNALE
GRA for the following content elements.

Position and Support We annotated each
learner’s speech for two types of discourse-level
content elements: Position, which represents the
speaker’s stance toward the test question, and sup-
port, which reflects how the speaker develops and
elaborates on that stance. An annotation example
is shown in Figure 1, where the learner first states
that they want to continue their part-time job (es-
tablishing a position) and then provides additional
details, such as a need for money and to think about
their future job (providing supporting arguments).

The topic development dimension covers both
content and coherence, awarding higher scores to
responses that include relevant ideas and appro-
priate supporting details (Wang and Evanini, 2020).
We defined these content elements as key points,
as follows:

Position: Represents the speaker’s opinion or re-
sponse to the test question. One of five tags
is assigned based on the overall content: pro
indicates agreement with the statement in the
test question or alignment with the test set-

“The annotated data and the annotation guide-
lines are available at https://language.sakura.
ne.jp/icnale/download.html

ting; ant1i indicates disagreement or contra-
diction; conditional denotes that the po-
sition changes depending on conditions; un-
clear applies when the position cannot be de-
termined; and irrelevant refers to speech
unrelated to the test question. If a segment
best represents the position, its span is also an-
notated. For the unclear and irrelevant
tags, the span is marked as n/a. Furthermore,
in some speeches, learners provide only addi-
tional details, such as reasons, without explic-
itly stating their position. When the position
can be inferred from the overall speech, we
assign the position tag with the span set to
n/a. When the span is n/a, the clarity tag
described later is assigned as not stated.

Support: These elements reinforce or elaborate
on other content elements: claim supports
the position; evidence and rebuttal elabo-
rate or refute a c1aim, respectively; and con-
clusion supports the position by restating an
opinion as a summary. claim and conclu-
sion elements are further annotated with pro
or anti flags, based on whether they align
with the statement in the test question.

Clarity Inspired by Wang et al. (2020), we evalu-
ated the quality of each position, c1aim, and con-
clusion element based on its clarity and speci-
ficity. In the example in Figure 1, the learner clearly
states a desire to continue the part-time job, adding
the details of working at a café. In contrast, the
reason given (needing money) is vague and lacks
persuasiveness. We defined the quality of content
elements based on the following four categories:
effective indicates that the statement is clear
and specific; insufficient refers to a statement
that is clear but less convincing, and also includes
those that are partially unclear or confusing; im-
plied is a dialogue-specific category indicating
that a learner refers to an interviewer’s statement
indirectly, such as replying “Yes” to “Do you want
to continue your part-time job?”; and not stated
represents that the statement is missing.

4. Analysis and Experiments

4.1. Relationship between Annotated
Tags and Scores

We investigated whether the types and frequen-
cies of content elements used by learners differed
according to the scores assigned in the ICNALE
GRA. We divided the data into three groups based
on the sum of the four content-related analytical
scores in the ICNALE GRA: 1ow for scores below
the mean minus one standard deviation, high for
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Score # data Tag Clarity

pro anti conditional unclear irrelevant effective insufficient implied not stated
low 28 0.93 0.00 0.00 0.07 0.00 0.64 0.04 0.04 0.29
mid 87 0.93 0.01 0.03 0.02 0.00 0.66 0.09 0.03 0.22
high 25 1.00 0.00 0.00 0.00 0.00 0.52 0.04 0.08 0.36

Table 1: Relationship between content scores and position tags and clarity. # data represents the number
of data for each score range, while the values for tag and clarity are proportions.

Score claim evidence rebuttal conclusion
low 5.71 2.36 0.32 0.21
mid 6.33 2.38 0.70 0.34
high 6.48 3.28 0.76 0.20

Table 2: Average number of supporting elements
across different score ranges.

scores above the mean plus one standard devia-
tion, and mid for those in between.

Position Table 1 shows the relationship between
the scores and the position annotations. The pre-
dominance of the pro label indicates that most
learners followed the role-play setting, though some
low- and mid-level responses were tagged as un-
clear, or that their stance on continuing part-time
work could not be determined from their responses.
The mid group also includes responses annotated
as antior conditional. Although learners may
take opposing or balanced positions in monologue
tasks, they are expected to follow the given sce-
nario in role-plays, which explains why position tags
other than pro appear only in low- and mid-level
learners’ responses.

The clarity annotation for position tags suggests
that high-scoring responses did not necessarily
state a position explicitly. In approximately 20-30%
of responses across all score ranges, the speaker’s
stance was not clearly stated, providing valuable
insights for learner feedback.

Support Table 2 presents the average number
of supporting elements per speech. High-scoring
responses tended to contain more supporting ele-
ments, although the differences were not statisti-
cally significant across all element types. We fur-
ther calculated the average number of elements
supporting each claim and found that claims in
high-scoring speeches were supported by a greater
number of elements, i.e., 1.29, 1.97, and 2.68 for
the low, mid, and high groups, respectively. A
one-way ANOVA followed by Tukey’s test confirmed
that these differences were significant between all
the groups (p < .05). Inthe high group, about 50%
of claims were supported by evidence or re—
buttal, compared with about 30% in the mid and

System

(You are an experienced English teacher, who can score speech\
transcripts. Your task is to annotate transcripts following
\guidelines, which is given later. )

User
’ N
(Annotation Guidelines here)

Task setting for the transcripts is based on the prompt below:

Task setting (role—play)

The interviewee plays the role of a college student wishing to
continue his/her part—time job. The interviewee is told to
persuade his/her supervisor, who firmly believes that students
should not have part—time jobs, to allow him/her to continue
working.

Learner speech is marked as [S], and interviewer speech as [T]|

Please segment position, claim, evidence, and so on into the
smallest possible units.

Output in the following JSON format:

{“position”: {

“tag”: “Select a position tag based on the overall content.”,

“clarity”: “Select a clarity tag.”,

“text”: “The section that best expresses the student's
position on the topic, if it exists. Do not omit any
tokens in the transcript, except speaker tags.” },

“support”: [

{"text”: “The section expressing a claim, evidence, rebuttal,
or conclusion. Do not omit any tokens in the
transcript, except speaker tags.”,

“tag”: “Select a support tag.”,
“clarity”: “Select a clarity tag.” },

List all instances of 'support’ in the transcript.

-

\(Transcn'pts here)

Figure 2: Prompt example for key point detection
task.

low groups. Furthermore, the number of claims
rated as effective in clarity was significantly
higher in the high group than in the 1ow group,
with means of 2.07, 3.14, and 4.08 for the low,
mid, and high groups, respectively.

These results suggest that performance in
speech content cannot be determined solely by the
presence or number of content elements; rather,
the connections among those elements and their
clarity also play critical roles in distinguishing higher-
scoring responses.
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position claim

evidence rebuttal conclusion

span (acc) tag (acc) pre rec  fi1

pre rec f1 pre rec f1 pre rec f1

GPT-5 (EM)  0.093 0.923 0.135 0.102 0.116 0.140 0.189 0.161 0.013 0.056 0.021 0.072 0.195 0.105
(PM)  0.557 0.962 0.609 0.430 0.504 0.454 0.631 0.528 0.093 0.393 0.150 0.198 0.537 0.289
Gemini (EM) 0.121 1.000 0.090 0.050 0.065 0.068 0.051 0.058 0.004 0.011 0.006 0.036 0.049 0.042
(PM)  0.429 0.967 0.476 0.276 0.350 0.293 0.237 0.262 0.072 0.191 0.105 0.182 0.220 0.199

Table 3: Results of the key point detection task by LLMs. EM and PM represents exact and partial match,
respectively. acc, pre, rec, and f1 are accuracy, precision recall, and F1 scores, respectively. Span
detection performance was relatively low, with EM scores around 0.1 or lower and PM scores up to about

0.6.

4.2. Key Point Detection by LLMs

LLMs have achieved high performance across a
wide range of tasks, even in zero-shot settings
(OpenAl, 2024; Google, 2023; Kojima et al., 2022).
Using the dataset constructed in this study, we con-
ducted a key point detection experiment with LLMs
under a zero-shot setting to demonstrate the use-
fulness of the dataset.

Models We used GPT-5° and Gemini 2.5 Flash®
for our experiments. We selected these strong API-
accessible models because educational institutions
and educators typically lack access to local com-
puting resources capable of running comparably
large models.

Prompt A prompt example is shown in Figure 2.
Each model received a system prompt instructing
it to act as an experienced English teacher capa-
ble of scoring and annotating speech transcripts.
The prompt included the annotation guidelines and
a description of the role-play scenario. We also
instructed the LLMs to segment content elements
into the smallest possible units” and to generate
outputs in JSON format.

Evaluation We evaluated the LLMs’ predicted
spans by measuring their exact or partial overlap
with human annotations. We calculated precision
as the proportion of LLM-predicted spans found in
the reference annotations, and recall as the pro-
portion of reference spans correctly identified by
the models; the F1 score was then calculated from
these values. However, since position was anno-
tated only once per speech, its span agreement
was evaluated using accuracy. Agreement on the

5https://openai.com/index/
gpt-5-system—card/

Shttps://deepmind.google/models/
gemini/flash/

7In preliminary experiments, LLMs tended to identify
whole sentences rather than segments as content ele-
ment spans, and adding this instruction slightly improved
performance.

LLM Example

GPT-5 [S] I want to past-time job because I, uh,
college money.
[T] Oh, you need some money for your
study, you mean? But ...

Gemini  [T] ... | want you to stop working immedi-

ately and then to spend your time for study,
not for work.

[S] Hmm-um-huh-hmm. Yes, but uh in my
uh-uh-uh my working space, uh, | have
friends and there are not enough people
to uh run the shop. So ...

Table 4: Examples where LLM-predicted spans
are longer than the references. The underlined
segments represent the spans predicted by the
LLMs, and the bold segments represent the refer-
ence spans. The transcripts retain their original
spellings.

position tags and clarity tags was also evaluated
using accuracy.

Results Table 3 presents the results of the key
point detection task. Span agreement scores were
generally low under the exact-match condition and
improved slightly under the partial match, but even
the highest accuracy or F1 scores remained around
0.5, indicating that the LLMs struggled to detect con-
tent elements accurately. In contrast, position tags
were predicted with high accuracy (above 0.9). The
prediction of clarity labels for position, c1aim, and
conclusion elements was also relatively high,
with accuracy scores exceeding 0.6.

To further analyze span detection, we disre-
garded the element labels and examined the over-
lap between the spans predicted by the LLMs and
those in the reference annotations. Under the exact-
match condition, F1 scores remained low, 0.22 for
GPT-5 and 0.11 for Gemini, whereas partial match
yielded scores of 0.86 and 0.66, respectively.

Initial observations of examples such as those
in Table 4, where both models predicted spans
that included multiple content elements, suggested
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LLM EM PO tgtC ref ref C tgt no overlap
GPT-5 0.207 0.101 0.057 0.466 0.169
Gemini 0.121 0.048 0.011 0.495 0.325

Table 5: Results of span-overlap analysis. EM and
PO represents exact and partial overlap, respec-
tively.

that the LLMs tended to predict longer spans than
the human references, which we suspected might
inflate partial-match scores. The average span
lengths were 11.43, 14.74, and 19.74 words for
the reference, GPT-5, and Gemini, respectively,
confirming that LLMs tend to predict longer spans
than the references.

To better understand how the predicted spans
aligned with reference annotations, we conducted
a span-overlap analysis, categorizing each pre-
diction according to its relationship to reference
spans. Each case was labeled as one of five types:
1) exact match (identical boundaries); 2) partial
overlap (some shared tokens, but neither span
fully included the other); 3) tgt C ref (the predicted
span was fully contained within the reference);
4) ref C tgt (the reference span was fully contained
within the prediction); and 5) no overlap. The re-
sults showed that in nearly half of all cases, the
reference span was fully contained within the pre-
diction, as in summarized in Table 5. These find-
ings indicate that while the LLMs are generally suc-
cessful at identifying the approximate location of
the spans, they often extend the boundaries of their
predictions beyond those selected by human an-
notators. However, we used LLMs in a zero-shot
setting, which may not have fully exploited their ca-
pabilities. Using in-context learning or other prompt-
ing techniques (Mao et al., 2025) may enable more
accurate identification of key points.

5. Conclusion

In this study, we constructed an L2 English speech
corpus with content annotations, which serves as
benchmark data for the key point detection task.
We analyzed the annotated content elements in re-
lation to human-assigned content scores and found
that content performance in speech is related to
claims elaborated by more evidence or rebuttal
elements and greater clarity. Finally, we demon-
strated that while LLMs showed a promising ability
to locate content elements in speech transcripts,
they still struggled to classify their discourse roles
accurately.

6. Ethics Statement

License of this dataset The dataset constructed
in this study was developed by adding new anno-
tations to the ICNALE GRA. The original corpus
is distributed under its own license®, and it is pro-
hibited to reproduce and/or redistribute a part or
the whole of the ICNALE data. The newly created
annotations will be released on the condition that
(1) the annotation data is not published on the open
web, and (2) the annotation data is not input into
generative Al services that use input data for model
training, to prevent future data leakage.

Annotations We outsourced the annotations for
the ICNALE GRA. We provided annotators with a
set of guidelines that explained the purpose and
background of this study, detailed annotation proce-
dures, and annotation examples taken from actual
learners’ data that was not a part of the annotation
target. Following the ICNALE terms of use, anno-
tations were applied only to the learner utterances.
The annotators were fairly compensated for their
work at rates that reflected the time and cognitive
effort required for the task.

Anonymization of personal information We
used the ICNALE GRA, which is publicly available.
The speech data in the ICNALE GRA originally
came from the ICNALE Spoken Dialogues Module,
whose data is anonymized to prevent the identifica-
tion of individuals prior to release (Ishikawa, 2018).
Our annotations also contain no personally identifi-
able information.

7. Limitations

Audio data Although the audio data are available
in the ICNALE, we constructed our dataset using
their transcripts. In automatic speech scoring, end-
to-end models that take audio data as input (Banno
and Matassoni, 2023; Lo et al., 2024) have been
proposed, and speech foundation models that are
trained on a massive amount of speech data and
can be adopted to downstream speech tasks are
available (e.g., Chen et al., 2024). We reserve the
alignment of annotations with the audio data for
future work.

Data size We constructed a dataset based on
the ICNALE GRA, which includes 140 speech sam-
ples. Although the dataset is relatively small, it
was intentionally constructed as a carefully curated
benchmark with high-quality manual annotations.
We demonstrated its usefulness for the key point

81'1ttps ://language.sakura.ne. jp/icnale/
index.html#7
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detection task, while larger-scale datasets are gen-
erally required for model training. However, since
manual data creation is costly, one possible direc-
tion would be LLM-based data construction, as
our experiments with zero-shot settings showed
promising results in predicting the spans of content
elements.

Automated key point detection models This
study’s contribution is the construction of a dataset
for the key point detection task. We did not aim
to develop automatic models, and we used exist-
ing LLMs in a zero-shot setting for our experiments.
We refined the prompts to encourage instruction fol-
lowing but did not apply advanced prompting tech-
nigues or optimization methods (e.g., Mao et al.,
2025), which might have affected the LLMs’ key
point detection performance, especially in exact
match. We did not test the models proposed by
Wang et al. (2020); Wang and Hamill (2021) either,
since they are BERT-based systems that require
training and no checkpoints are publicly available.
The development of automatic models, as well as
the data construction for model training, is left for
future research.

In addition, we used LLMs accessible via API, as-
suming that educational institutions and educators
may not have access to sufficient computing re-
sources. However, this raises concerns regarding
privacy and security. Developing automated key
point detection models using smaller open-source
models or open-weight models accessible via APls
with strict data protection policies would be advan-
tageous for real-world applications.
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