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Abstract

Recent advances in artificial intelligence have led to the development of automated speaking
assessment systems capable of evaluating oral proficiency with increasing accuracy. This study
compares Artificial Intelligence (Al) powered automated speaking scoring and human evaluation
in assessing the oral proficiency of 74 Saudi English as Foreign Language (EFL) learners.
Participants completed a picture-description speaking task, which was evaluated by both Claude
and two trained human raters using identical holistic and analytic speaking rubrics. The study
examined holistic speaking scores and five analytic dimensions: coherence, cohesion, content
development, grammar, and vocabulary. Statistical analyses included descriptive statistics,
comparative analyses, Intraclass Correlation Coefficients (ICC), Weighted Kappa coefficients, and
Bland-Altman analysis. Results showed no significant difference between Al-generated and
human-assigned holistic speaking scores. Similarly, cohesion and grammar demonstrated strong
similarity between the two assessment approaches. However, significant differences were
observed for content development, vocabulary, and coherence, with Claude consistently assigning
slightly higher scores than the human raters. Agreement analyses revealed good-to-strong
agreement across both holistic and analytic assessments. The findings suggest that Al-powered
speaking assessment can produce evaluations broadly comparable to human judgments while
demonstrating strong consistency across multiple dimensions of oral proficiency. The study
supports the potential of Al-assisted speaking assessment as a reliable complement to human
evaluation in EFL contexts.
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Introduction

The current research aims to determine the degree of concordance between Al- automated,
computer-generated scoring of students' oral proficiency and human judgment in different holistic
and analytic approaches for assessing students’ proficiency in English as a foreign language. Oral
proficiency assessment is a multi-dimensional assessment process, which includes evaluating
coherence, cohesion, content development, grammar, and vocabulary. Conventionally, oral
language assessment has depended on trained human raters. It is believed that the judgments of
human raters are the standard by which the oral language of others should be evaluated. However,
this is problematic, as human raters tend to be subjective, vary in their task performance, get tired,
and require many hours to assess a large number of oral productions (Davis & Papageorgiou, 2021;
Metruk, 2018). In contrast to conventional speaking assessment, which relies primarily on human
raters and established scoring criteria, recent technological developments have enabled Al,
automated speech recognition (ASR), natural language processing (NLP), machine learning, and
deep learning to be integrated into automated systems for evaluating oral performance (Zechner et
al., 2014). Built on these are systems that advance from feature-based and regression models to
neural networks, transformer architectures, multimodal learning systems, and large language
models that can return a holistic and/or analytic score (Wang et al., 2021). A moderate to strong
correlation was found between the Al-generated score and the human-assigned score in various
speaking constructs, such as coherence, cohesion, content development, grammar, and vocabulary,
in previous studies (Bamdev et al., 2021). More recently, the use of large language models (LLMs)
such as Claude, ChatGPT, Gemini, and other generative Al models has revolutionized language
assessment by offering the capacity to analyze fully transcribed, spoken or transcribed language in
a more holistic way, provide context-appropriate interpretations, generate evaluative feedback, and
score according to rubrics (Kasneci et al., 2023; Nikolovski et al., 2025). Due to this, studies have
been conducted on the validity, reliability, and educational usefulness of such LLM-based
assessment systems (Mendonga et al., 2025; Yavuz et al., 2025).

Several key questions remain unanswered, however, despite these developments. Prior
research has mostly concentrated on the validation of automated scoring systems and the study of
correlations between automated scores and human annotations, while a few have systematically
compared the scores generated by Al and those assigned by humans in the context of either holistic
or analytic assessment models of speaking (Metruk, 2018). Furthermore, it is not yet known to
what degree the Al and human assessors provide the same answers regarding coherence, cohesion,
content development, grammar, and vocabulary (Ockey & Chukharev-Hudilainen, 2021).
Empirical research as an automated speaker evaluator is especially limited, and few studies have
looked at both holistic and analytical scores of speeches and assessed them by various types of
agreement in the EFL settings of Saudi Arabia. Assessing oral proficiency has become a pressing
concern in language education and practice, not only high-stakes language testing but also
instruction and evaluation, since the gap between automated evaluation and human evaluation on
reliability and validity is of great concern (Zou et al., 2023). While previous studies have found
high levels of correlation between automated and human ratings (Wang et al., 2021; Xu et al.,
2021)., there is a disparity concerning each of the components of assessment components (AP)
(coherence, cohesion, content development, grammar, and vocabulary) (Ogawa, 2022), and that
automated systems are still far from processing higher-order discourse components and
communicative aspects depending on different contexts (Ockey & Chukharev-Hudilainen, 2021).
In addition, the evidence of LLM-based speaking assessment is still incomplete, especially with
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respect to the extent to which generative AI models can capture the human evaluative judgments
of various speaking parameters.

Against this background, the present study compares Al-powered automated speaking
scoring and human evaluation of EFL learners’ oral proficiency. Specifically, it compares Al-
generated and human-assigned holistic speaking scores, and examines analytic scores across
coherence, cohesion, content development, grammar, and vocabulary. Additionally, it investigates
the level of agreement between the two assessment approaches. Through these objectives, the
study seeks to provide further evidence regarding the validity and applicability of Al-powered
speaking assessment in EFL contexts.

Traditionally, oral proficiency assessment in second or foreign language (SFL) situations
is based on human evaluation, which refers to the use of trained raters to assess various aspects of
oral proficiency, such as coherence, cohesion, content development, grammar, vocabulary,
communicative effectiveness, and others, using either a holistic or an analytic rubric. Major
language assessment systems still rely upon human raters because they can take into account the
wider linguistic, pragmatic, discourse, and sociocultural context of the oral performance and
evaluate the higher-order language constructs such as communicative appropriateness, coherence,
creativity, and interactional competence (Metruk, 2018; Ockey & Chukharev-Hudilainen, 2021;
Zechner et al., 2014). This has led to human judgment becoming the dominant benchmark for
evaluating automated speech assessment systems (Davis & Papageorgiou, 2021). Human
assessment may involve variation in rating flexibility, as well as differences in rubric
interpretation, scoring strategies, evaluator fatigue, and expectations related to accent, cultural
background, and topic familiarity, which may affect the reliability and validity of the scoring
process (Clapham, 2000; Eckes, 2015; Isaacs & Thomson, 2013; Wang & Sun, 2018; Wind &
Peterson, 2018). Researchers have pointed to the importance of rater training, rater calibration, and
inter-rater reliability analyses (Brown & Abeywickrama, 2021; Davis & Papageorgiou, 2021) to
help minimize these effects. Besides, in large-scale speaking tests, a significant amount of time,
money, and trained staff is needed, as human scoring is more labour-intensive and expensive
(Davis & Papageorgiou, 2021). While there is genuine promise for even more efficient, scalable,
and consistent speaking assessment systems, the ability of such systems to match human
judgments on coherence, cohesion, development of content, grammar, vocabulary, and overall
communicative effectiveness is an important empirical question (Xu et al., 2021; Zechner & Bejar,
20006).

Literature Review

In the last twenty years, automated speaking assessment has matured significantly to meet
the demand for a reliable, efficient, and unbiased method of assessing oral competence. Acoustic
analysis (Zechner et al., 2009) speech-processing techniques; support vector machines; regression
trees; and feature-based machine-learning models were used in early systems to analyze language
use, discourse organization, content relevance, and linguistic accuracy (Zechner & Bejar, 2000).
The development of Speech Rater, which combined ASR and NLP to assess the delivery,
vocabulary, grammar, and content level within the context of pre-existing speaking rubrics
developed by Xi et al., (2008) & Zechner et al., (2014), was a significant development. As a result
of these developments, several concrete linguistic and acoustic markers of oral competency can be
measured, as automated scoring systems are becoming increasingly sophisticated. These
developments led to a more gradual instrumentalization of oral competence through measurable
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linguistic and acoustic features, such as lexical sophistication, grammatical complexity, and
discourse organization, which make it increasingly possible to create sophisticated automated
scoring systems (Zechner et al., 2014). Later innovations added in neural networks, attention-based
recurrent models, and other more advanced machine learning architectures, which showed
significant correlations with the human ratings in both holistic and analytic scores (Xu et al., 2021).
Recent advancements such as deep learning, transformer models, multimodal LLM, and speech-
language foundation models have proven useful to the evaluation of coherence, cohesion, content
development, grammar, and vocabulary (Fang et al., 2025; Wang et al., 2021). The appearance of
LLMs is an important milestone since they are able to analyze speech in a more extensive
linguistic, semantic, and discourse context, yielding more fine-grained evaluations of
communicative effectiveness than the previous models (Kohnke et al., 2023; Li et al., 2024). In
addition to generating scores, generative Al systems like Claude and GPT can offer explanatory
feedback that mimics a human assessor's comments, thereby serving the purposes of formative
assessment. Newer systems employ ASR, transformer-based language models, multimodal
approaches, and adaptive scoring algorithms to produce scores and feedback for diagnostics
(Polasa et al., 2025; Scaria et al., 2024; Zhou & Yu, 2025). Recent applications have also
demonstrated benefits for speaking and broader English-language learning (Benaissa et al., 2025;
Butarbutar et al., 2025; Grab, 2026; Lai, 2026). While some research has found moderate to high
agreement between Al-generated and human-assigned scores, especially for coherence and
cohesion, the validity of the scores relies on the accuracy of the ASR algorithm, the quality of
training data, variations in accents, background noises, and non-native speech patterns
(Mohammadkarimi et al., 2025; Wang & Min, 2026; Wang et al., 2021). In addition to persistent
issues related to transparency, fairness, and algorithmic bias (Williamson et al., 2012; Xi, 2010),
there are also difficulties in assessing interactional competence, creativity, pragmatic
appropriateness, cultural interpretation, and context-sensitive communication (Hu & Hashim,
2026; Ockey & Chukharev-Hudilainen, 2021; Obera et al., 2025). The evidence has also raised
concerns regarding assessment equity for non-native English speakers (Ndacyayisenga et al.,
2026). In this light, newer studies have shown a growing preference for hybrid approaches that
utilize both computer-based automated evaluations and human ones, which are more nuanced and
context-sensitive. Given this, the possibility of using a combination of computer-based automated
systems with human evaluations, referred to as hybrid models, is increasingly gaining traction in
research, representing a collaboration between the efficiency and consistency of automated
systems and the contextual sensitivity and nuance of human evaluation.

The similarities and differences between automated scoring with Al versus human scoring
in the realm of language assessment have been a subject of great interest in research, with most
studies comparing holistic and analytic speaking tasks. Initial studies showed positive results that
showed that automated scoring methodologies can compare and match with manual scores with
respect to coherence, content development, language use, and overall speaking proficiency. For
instance, Zechner et al., (2009) showed that the SET-1 automatic speaking test was able to predict
conventional human raters’ scores with little error, and Zechner & Bejar (2006) reported score
accuracies that approached human inter-rater agreement for machine-learning models based on
support vector machines and regression trees. The same conclusion was reached by Xi et al.,
(2008), who showed that the ASR- and NLP-based feature extraction methods can deliver
diagnostic information consistent with TOEFL speaking rubrics, and furnished evidence of the
quality of the scoring provided by the Speech Rater system through validity analysis. More recent
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classroom-based applications similarly report positive speaking outcomes following Al-supported
instruction (Benaissa et al., 2025; Shikun et al., 2024).

All of these early investigations put together set a precedent for the feasibility of automatic
speaking assessment, as well as gave early evidence that many of the linguistic features regarded
by human speakers could be captured in computational models. The results indicated that
automated systems could be used, especially in the evaluation of the grammatical competency,
vernacular, context-related aspects, and language levels of discourse. Hence, automated speaking
assessment became an alternative to the conventional human assessment procedures (Xi et al.,
2008; Zechner et al., 2014).

Later research further validated the data on the agreement between Al and humans.
Speaker-level correlation with human ratings as high as .73 (Zechner et al., 2014) across a variety
of speaking dimensions, and an automated linguistic index predicting 52% - 61% of human
speaking ratings (Crossley & McNamara, 2013) across the same dimensions were reported. As
confirmed by Xu et al., (2021), who reported the correlations of .87 with human scoring, with
scores reaching a high of 89% accuracy. Likewise, Wang & Min (2026) found moderate to high
correlation on various speaking constructs ranging from .499-784, Mohammadkarimi et al., (2025)
found high correlation between automated and human scoring for the holistic and analytic
measurements of oral proficiency (0.67-68), Li et al., (2025) reported substantial agreement
between the two methods for holistic and analytic scores (0.66-0.68), Scaria et al., (2024) showed
moderate to good correlations between the two on holistic and analytic measures of oral
proficiency (0.5-0.9), Fang et al., (2025) found the two methods to be substantially correlated on
the holistic and analytic measures of oral proficiency (0.65-0.74), and Polasa et al., (2025)
described high and statistically significant correlations, respectively, on holistic and analytic
measures of oral proficiency (0.86 and 0.57-0.66).

The overall results across the different studies suggest that automated systems for speaking
assessment can provide a solid evaluation of the speech that is equivalent to that of a human
assessment. The level of agreement 1s, however, highly dependent on the constructs measured, the
scoring system used, the learner population, and the technology used to run the assessment system.
Therefore, the strong correlation between Al-generated scores and human-assigned scores does
not necessarily indicate that the two score types are completely equivalent in terms of what they
measure (Davis & Papageorgiou, 2021; Williamson et al., 2012).

Although these promising results have been found, there are studies that show that
alignment is only moderate in different speaking constructs, scoring systems, assessment tasks,
and model architectures. Davis & Papageorgiou (2021) found that no participant received exactly
the same score from human and machine raters, and that the two scoring approaches demonstrated
complementary strengths; Wang & Sun (2018) concluded that there were systematic differences
between automated and human scoring classifications. While paired tests with computer have
similar scores for grammar, discourse quality, and overall language performance as those with
human partners, Ockey & Chukharev-Hudilainen (2021) have pointed out the lack of authenticity
in computerized interaction. In addition, research involving only particular linguistic units has also
shown differences in the level of consent. Ogawa (2022) found characteristics related to discourse
to be important factors in predicting human ratings, while Hu et al., (2025) found that discourse
complexity rather than grammatical accuracy was a more significant correlation with human
ratings. Agreements are also found to differ across various assessment dimensions and across
assessment conditions, as Bamdev et al., (2021), Li (2024), Matsuura & Suzuki (2023), and the
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study on utterance-fluency refinement all showed beneficial results for automated systems in
assessing vocabulary, grammar, coherence, and content development.

One of the significant trends that has become apparent in the literature is that learning
outcome agreements are more likely to be supported by measurable linguistic constructs using
measurable linguistic properties. Words, grammar, coherence, and content tend to have higher rates
of agreement with Al due to the ability to accurately measure these components with linguistic and
discourse markers. Recent evidence of Al-supported language learning further indicates positive
effects across multiple English-language skills and speaking-related outcomes (Butarbutar et al.,
2025; Grab, 2026; Lai, 2026). However, dimensions related to discourse organization,
communicative effectiveness, interactional competence, and pragmatic appropriateness often do
not produce a high degree of agreement as they are dependent on context and require a greater
number of interpretations (Hu et al., 2025; Ockey & Chukharev-Hudilainen, 2021). Several studies
have also revealed that integrated holistic and analytic assessment methods result in more holistic
evaluations than one is able to achieve in using a single assessment method, thus supporting the
integration of the automated and the human assessment (Metruk, 2018; Scaria et al., 2024; Wang
& Min, 2026).

Nevertheless, important discrepancies between Al and human evaluation continue to be
reported in the literature (Kobylarek & Birova, 2026). Al-based assessment systems have been
shown to produce scores that differ significantly from those of human assessors, especially with
regard to grammatical accuracy, as well as syntactic performance. For example, Obera et al.,
(2025) reported that Al-scored items were inconsistently marked with scores compared to teacher-
scored items in grammar and syntax-related tasks; however, the scores were more consistent for
the higher-order communicative traits and creative language uses. In this manner, Karatey & Xu
(2025), Li et al., (2024), and Ockey and Chukharev-Hudilainen (2021), pointed out the problems
that automated assessment systems have in evaluating a variety of aspects of speaking, such as
interactional competence, discourse structure, semantic connections, and coherence. Moreover, a
number of research studies have questioned the validity of the instruments designed for assessing
students' oral language proficiency by using Al tools, as they only focus on linguistic aspects, and
neglect the communicative effectiveness, pragmatic appropriateness, and cultural interpretation,
which are all aspects that are usually the focus of human English for academic purposes (EAP)
assessors in educational settings (Hu & Hashim, 2026; Obera et al., 2025). Researchers have also
identified challenges associated with accent variation, spontaneous speech, ASR transcription
errors, fairness, and contextual interpretation, all of which may affect the validity and reliability
of automated scoring (Mohammadkarimi et al., 2025; Wang et al., 2021). Concerns about fairness
have also been highlighted in recent evidence concerning the use of generative Al in assessment
for non-native English-speaking learners (Ndacyayisenga et al., 2026). Another constraint in the
previous studies is that most studies have concentrated on just correlation coefficients as a measure
of scoring quality. While correlations can be helpful in terms of knowing the relationship between
scores, they do not necessarily indicate a score equivalence or agreement. Two assessment systems
can yield scores that are highly correlated, but systematically differ in rating learners. Therefore,
several studies have indicated that agreement-based measures such as ICC, Kappa statistics, and
Bland Altman analyses are recommended to gain a deeper understanding of AI-human consistency
of scoring (Giavarina, 2015; Koo & Li, 2016).

Therefore, there is overall agreement in the literature on the validity and usefulness of Al-
based automated speaking assessment, but the literature also consistently shows that the results of
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Al and human assessment generally agree on the lower-order abilities, whereas significant
differences can arise for the higher-order speaking competencies. Moreover, only a limited number
of studies have compared holistic and analytic scores in speaking and investigated the extent to
which there is agreement between holistic and other scores across individual dimensions
(coherence, cohesion, content development, grammar, and vocabulary) with several agreement
indexes. In addition, the recent rise of generative Al systems has also prompted a demand for more
empirical research exploring the efficacy of these newer models compared to trained human
assessors in real-world assessment settings for EFL learners. This discovery has inspired numerous
scholars to explore the idea of blending automated and human assessment methods, integrating the
benefits of automated scoring, such as its consistency, scalability, and efficiency, with human
raters' contextual understanding and interpretive capabilities (Alam et al., 2025; Davis &
Papageorgiou, 2021; Polasa et al., 2025; Wang & Min, 2026). The increasing role of GenAl in EFL
communication also extends this discussion beyond assessment to learners’ willingness to
communicate in Al-mediated contexts (Zhong et al., 2026). Therefore, the present study aims to
bridge these gaps by comparing holistic and analytical scores produced by Al with those produced
by human teachers on both types of scoring methods, and by analyzing the degree of agreement
between scores in the different dimensions of oral language (coherence, cohesion, content
development, grammatical, and vocabulary components). The study uses several statistical
methods for comparing the two types of scoring methods, including holistic and analytical, as well
as the comparison of the agreement between them on the dimensions of oral language: coherence,
cohesion, content development, grammar, and vocabulary.

Analytic Dimensions of Speaking Assessment

Analytic speaking assessment does not rely on a summative performance-based grade but
breaks down speaking skills into various components to gain deeper insight into students' strengths
and weaknesses. Human evaluators as well as automated speaking assessment systems typically
evaluate dimensions that include coherence, cohesion, content development, grammar, and
vocabulary, all of which are part of oral proficiency (Zechner et al., 2014). The method provides
diagnostic feedback on specific parts of a speaker's utterances and makes more accurate
comparisons between human and Al evaluations of speaking performance (Brown &
Abeywickrama, 2021). In this study, five analytic dimensions were analyzed. A key aspect for
evaluating the coherence of spoken discourse is its logical composition and evolution, evaluated
through discourse structure, topic development, and sequencing, of which automated systems
increasingly monitor the discourse-level features, applying NLP and language-model technologies
to analyze these aspects (Li et al., 2024; Ockey & Chukharev-Hudilainen, 2021). Cohesion is
related to the use of cohesive devices, which can be recognized with the help of discourse analysis
techniques (Crossley & McNamara, 201). These devices are capable of making ideas coherent or
maintaining that coherence within the text. In content development, speakers demonstrate the level
of elaboration of ideas, supply appropriate details, and demonstrate sufficient content to meet task
requirements (Brown & Abeywickrama, 2021). It is generally considered that grammar represents
the correct use of the syntactic and morphological structures of the language and is a reliable
marker of the linguistic accuracy of the language level as well as linguistic complexity (Bamdev
et al., 2021). Vocabulary is defined as the quantity, suitability, and utility of words in use within
communication, and automated systems using NLP techniques to examine lexical features and
vocabulary diversity (Crossley & McNamara, 2013; Wang et al., 2021). While automated systems
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can be useful for many of these factors, there may be challenges in assessing contextual
appropriateness and communicative effectiveness that led to discrepancies between Al predictions
and human evaluations (Crossley & McNamara, 2013).

Theoretical Framework

The present study is grounded in Construct Validity Theory, Multi-Faceted Rasch
Measurement Theory, and sociocultural perspectives on assessment technology. Construct Validity
Theory posits that assessment scores should accurately represent the construct being measured and
that sufficient evidence should support score interpretation and use (Kane, 2013; Messick, 1989).
As coherence and cohesion, content development, grammar, and vocabulary are considered to be
multidimensional aspects of oral competence, comparing the scores of Al-generated and human-
assigned oral scores can provide evidence to see if the two approaches measure the same construct
of oral competence. Another aspect of Multi-Faceted Rasch Measurement Theory is that there are
other conditions that affect the outcome of an assessment, including the person doing the
assessment (the rater), how the assessment is scored, and the assessment conditions themselves
(Linacre, 1989). While the present study does not use Rasch analysis, the theory offers a
framework of how various aspects of the scoring process, such as scoring severity and consistency,
and scoring rubric interpretation, may differ between Al systems and human evaluators (Eckes,
2015; Linacre, 1989). In addition, sociocultural perspectives have been taken into account, which
emphasize that language assessment is not just about accuracy in language, but also about meaning
in the context, communicative appropriateness, interactional effectiveness, and sociocultural
factors (Xi, 2010). These are especially important for automated assessment, where a major
concern is the linguistic and computational aspects, while people take the broader communicative
and contextual aspects into account. They also focus on the fairness, bias, context-dependent
interpretation, and effects of training data in technology-mediated evaluation (TME) (Williamson
et al., 2012). These theoretical explanations can then be used to understand the score differences,
construct representation, and the level of agreement between the Al-powered automated speaking
score and human scores in terms of holistic and analytic components of EFL oral proficiency.

The Current Study

The current study compares Al-powered automated speaking scoring and human
evaluation of EFL learners’ oral proficiency. Specifically, the first objective of the study is to
compare the holistic speaking scores assigned by an Al-powered automated speaking scoring
system and trained human evaluators. The second objective is to compare the analytic speaking
scores assigned by the two evaluation approaches across the five major dimensions of oral
proficiency, namely coherence, cohesion, content development, grammar, and vocabulary. The
third objective is to examine the level of agreement between Al-generated and human-assigned
scores in both holistic and analytic assessments of EFL learners’ oral proficiency. By addressing
these objectives, the study seeks to determine whether automated speaking assessment can produce
scoring outcomes comparable to those of trained human raters and to identify the dimensions in
which convergence or divergence between the two assessment methods may occur. Accordingly,
the study addressed the following research questions and hypotheses:
RQI: To what extent do Al-generated and human-assigned holistic speaking scores differ in
evaluating EFL learners’ oral proficiency?
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RQ2: To what extent do Al-generated and human-assigned analytic speaking scores differ across
coherence, cohesion, content development, grammar, and vocabulary?

RQ3: What is the level of agreement between Al-powered automated scoring and human
evaluation in holistic and analytic assessments of EFL learners’ oral proficiency?

Based on the objectives and research questions of the study, the following hypotheses were
formulated:

HolI: No significant difference exists between Al-generated and human-assigned holistic speaking
scores in evaluating EFL learners’ oral proficiency.

Ho2: No significant differences exist between Al-generated and human-assigned analytic speaking
scores across coherence, cohesion, content development, grammar, and vocabulary.

Ho3: Al-generated and human-assigned speaking scores demonstrate a high level of agreement in
both holistic and analytic assessments of EFL learners’ oral proficiency.

Methodology
Participants

The subjects were 74 male undergraduates EFL learners from the freshmen level of an
English language program at a public university in Saudi Arabia. The participants were all native
speakers of Arabic, aged between 19 and 23 years, and at the B1 (bachelor) level in the Common
European Framework for Reference for Languages (CEFR). Convenience sampling was used to
recruit participants in the 2025-2026 year, which included freshmen English classes. The study
was carried out at a male campus, thus restricting the study to male learners only. Given the similar
sample size required for comparative and agreement analyses, and to be comparable to the previous
studies on automated and human speaking assessment (Xu et al., 2021; Zechner et al., 2014), this
sample size was determined to be appropriate. In order to reduce potential sources of extraneous
variability and to ensure a valid comparison between Al-generated and human-assigned speaking
scores, learners with comparable linguistic and proficiency backgrounds were selected. The B1
level learners were chosen as they were able to carry out lengthy speaking tasks without losing
coherence, cohesion, content, grammar, or vocabulary. Voluntary participation, ethical approval,
and informed consent were gained before data were collected, and recordings and assessment data
were anonymous and kept for research only.

Human Raters

Two independent male instructors in English Language Teaching (ELT) with more than
five years of experience in conducting English language assessment were evaluated for their
speaking performances. Neither evaluator was involved in the teaching of the participants, so an
independent assessment would be conducted. Before scoring, the raters attended a calibration
session to discuss the holistic and analytic rubrics, scoring guidelines, and assessment procedures,
followed by pilot recordings that were not part of the final data set. In the event of any differences
in scores, the rubric descriptors and scoring criteria were discussed to create a common
understanding. All recordings were then independently reviewed with the study's holistic and
analytic rubrics. The ICC was used to assess the inter-rater reliability, which was satisfactory
between the two raters (Koo & Li, 2016). Based on known assessment practices, human-evaluation
scores for each assessment dimension were computed as the average of the two rater scores
(average rater effects) and stability of scoring (Brown & Abeywickrama, 2021; Clapham, 2000).
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Speaking Tasks

To assess oral performance, a picture-description task was employed, and it was scored
both by the Al system and by the human raters. These tasks are commonly used in speaking
evaluations due to their ability to encourage spontaneous production of language and provide
consistency in task items across evaluators (Fulcher, 2015). Participants were asked to look at a
known-coloured picture for one minute, which was chosen to elicit longer oral production in each
participant, and to describe the picture for two-three minutes. A person was shown in the picture,
a thing, an action, a setting, and an event were described by participants without any prompts or
corrective feedback given. The task was designed to generate connected speech and ask the
learners to plan and coordinate their ideas as well as use a variety of linguistic resources, making
it possible to assess the coherence, cohesion, content development, grammar, vocabulary, and
communicative effectiveness (Brown & Abeywickrama, 2021). The Al-generated and human-
made samples of the evaluation were compared, correlated, and agreed upon using the resulting
speech samples. All of the participants had to perform the same task under the same administration,
so that the automated scoring using Al for speaking is reliable when compared to human evaluation
(Fulcher, 2015).

Assessment Instruments
Holistic Speaking Rubric

Overall oral proficiency (Brown & Abeywickrama, 2021) was assessed using a holistic
speaking rubric. The rubric used a 10-point scale that ran from very limited (1) to excellent (10)
and offered only one score: Communicative Effectiveness. Assessment was based on: clarity of
the message, maintainability of clarity, organization of thoughts, linguistic appropriateness, and
comprehensibility. The criteria used were the same for both the Al-driven algorithm and the human
raters, promoting consistency and comparability. The rubric was piloted for content validity by
three specialists in English Language Teaching and language assessment, and the final version was
consistently used in this study.
Analytic Speaking Rubric

Five aspects of oral proficiency - coherence, cohesion, content development, grammar, and
vocabulary were assessed by means of an analytic speaking rubric. Analytic assessment helps to
give detailed diagnostic information about specific aspects of speaking performance (Fulcher,
2015). All dimensions were rated on a scale from 1 (very weak performance) to 5 (excellent
performance). The following areas were assessed: coherence (logical organization and progression
of ideas), cohesion (use of the linguistic devices to connect ideas and create continuity within
discourse), content development (adequacy, relevance, and elaboration of ideas in relation to the
speaking task), grammar (accuracy, syntactic control), and vocabulary (lexical range,
appropriateness, and effectiveness of expression). The analytic criteria used by both the Al system
and human raters were the same. Subject-matter experts reviewed the rubric descriptors, and
during calibration, they had them pilot tested for clarity and applicability for the assessment
procedures, leading to systematic comparisons of Al-assigned scores and human-assigned scores
across the five dimensions to support content validity and consistency of the assessments.

AI-Powered Automated Speaking Scoring System
Claude (Anthropic AI) was employed as the Al-powered automated speaking scoring
system because of its advanced natural language processing capabilities and ability to perform
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rubric-based language assessment (Kohnke et al., 2023). Participants completed the picture-
description task by interacting directly with Claude, and their answers were transcribed by the
automatic speech-recognition (ASR) technology embedded in the assessment platform. The
transcripts were then judged using a prompt that was consistent among the human raters and was
created using the same holistic and analytic rubric. Overall, the Al assessment prompt provided by
Claude has resulted in an overall score for the speaking and the following sub scores for coherence,
cohesion, content development, grammar, and vocabulary. Claude has generated an overall score
and sub scores for coherence, cohesion, content development, grammar and vocabulary. The
complete Al assessment prompt used for the automated scoring is included in Appendix A. All
participants got exactly the same instructions, criteria for scoring, and the same procedures for
assessment; the same prompt was applied for the entire study to ensure consistency and
comparability in scoring across all participants' responses. Statistical analysis of all Al-generated
scores was automatically recorded. The standardised procedure provided uniform assessment
conditions and reduced the human scoring variability (Kane, 2013; Kohnke et al., 2023).

Recording Instruments, Procedures and Tasks

The data were collected by individually describing pictures under controlled classroom
conditions. The participants were given standard instructions and were asked to perform the task
in direct interaction with Claude, with the help of a digital voice recorder and an external
microphone which was connected to the recorder to capture each of the performances. This
procedure made possible to get the same speech samples for the evaluation of the Al and human.
All recordings were checked for quality, anonymously coded and secured in a database for
analysis. The human raters were given only the anonymized recordings and not the identities of
the participants or the scores generated by the Al, which reduced the risk of any potential bias and
allowed for an independent evaluation. To enhance the credibility of comparisons over Al-powered
and human scoring, the same speech samples were used for both scoring types (Brown &
Abeywickrama, 2021; Fulcher, 2015).

Scoring Procedures

The scores were obtained by both Al and human judging of the same speeches. After
completing the picture description task, Claude was scored on coherence, cohesion, content
development, grammar, and vocabulary, following a standardized assessment prompt, to generate
a holistic score as well as individual scores on each of the five components. Every student had a
score recorded for analysis, that was produced by Al All Al-generated scores were generated with
the same standardized prompt and assessment process for all participants, to ensure the scores were
produced in a stable manner. At the same time speaking was recorded, anonymized and identified
with a code number that was sent to two human judges who were blind to the identities of the
speakers as well as the scores generated by the Al (Brown & Abeywickrama, 2021; Clapham,
2000). After a rubric calibration session with pilot recordings to assure consistency of scoring, the
raters independently scanned each recording, applying the same holistic and analytic rubrics. The
ICC method was used to test interrater reliability (Koo & Li, 2016), and the mean of the two ratings
was calculated for each participant and assessment dimension (Clapham, 2000). Finally, the two
sets of human scores (Al-generated and averaged) were combined and analyzed for comparisons
and agreements. A valid comparison of Al-powered and human evaluation of oral proficiency was
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carried out with the use of the same speech sample, the same scoring criteria, and standardized
procedures.

Procedures for Analysis

Descriptive, comparative, and agreement-based statistical procedures were used to analyze
the data. The descriptive statistics of means, standard deviations, minimum values, and maximum
values were obtained for the holistic and analytic scores obtained from both Claude and the human
raters. The normality of the scores was determined by the Shapiro Wilk test. The results were used
in the independent-samples t-tests to compare holistic, coherence, cohesion, content development,
grammar, and vocabulary scores. A repeated-measures ANOVA was used to analyze the patterns
of scores on the five analytic dimensions. The items were assessed for agreement with the human
raters by Intraclass Correlation Coefficients (ICC), Weighted Kappa analysis, and Bland-Altman
analysis. Effect sizes were also computed to quantify the differences found and to help interpret
the results.

Results
Preliminary Analysis and Normality Testing

Prior to inferential analyses, score distributions were examined using the Shapiro-Wilk test.
As shown in Table 1, holistic (W = .982, p = .214), coherence (W = .976, p = .119), cohesion (W
=981, p =.193), content development (W = .985, p =.307), and grammar scores (W = 971, p =
.058) were normally distributed, as their p-values exceeded .05. In contrast, vocabulary scores
showed a significant departure from normality (W = .968, p = .042). Accordingly, independent-
samples t-tests were used for holistic, coherence, cohesion, content development, and grammar
scores, whereas the Mann Whitney U test was applied to vocabulary scores. These results
confirmed the suitability of the selected statistical procedures for subsequent analyses.
Table 1. Shapiro—Wilk normality test results

Variable W p Decision
Holistic 982 214 Normal
Cohesion 976 119 Normal
Content Development 981 .193 Normal
Vocabulary 968 .042 Non-normal
Grammar 985 .307 Normal
Coherence 971 .058 Normal

Analysis of Holistic Speaking Scores

To address the first research question, the holistic speaking scores generated by Claude and
the human raters were compared. As shown in Table 2, the human raters assigned a mean score of
7.12 (SD = 1.08), whereas Claude assigned a slightly higher mean score of 7.34 (SD = 1.12). The
observed mean difference was 0.22 points.

An independent-samples t-test indicated that this difference was not statistically
significant, t(146) = 1.21, p = .228. The effect size was small (d = 0.20), suggesting a negligible
practical difference between the two assessment approaches. Table 2 further illustrates the close
similarity between the mean scores assigned by Claude and the human raters, indicating that both
approaches produced comparable evaluations of overall oral proficiency.
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Table 2. Descriptive statistics and comparison of holistic speaking scores

Assessment Method Mean SD Min | Max t p Cohen's d
Human Raters 7.12 1.08 | 4.50 9.20
Claude (AI) 7.34 1.12 | 4.70 | 9.50 1.21 | .228 0.20

The results indicate that Claude and the human raters evaluated overall speaking
performance in a similar manner. Therefore, the results support Hol, which proposed that no
significant difference would exist between Al-generated and human-assigned holistic speaking
scores.

Analysis of Analytic Speaking Scores

The second research question examined differences between Al-generated and human-
assigned scores across the five analytic dimensions of speaking assessment: coherence, cohesion,
content development, grammar, and vocabulary. As shown in Table 3, Claude assigned slightly
higher mean scores than the human raters across all dimensions. The smallest differences were
observed for cohesion (0.08) and grammar (0.12), whereas larger differences were found for
content development (0.26), vocabulary (0.33), and coherence (0.34). Human-rater mean scores
were 3.63, 3.86, 3.72, 3.69, and 3.58 for coherence, cohesion, content development, grammar, and
vocabulary, respectively, compared with 3.97, 3.94, 3.98, 3.81, and 3.91 assigned by Claude.

A repeated-measures ANOVA revealed a significant effect of assessment dimension, F(4,
292) =4.83, p=.002, n’p = .12, indicating that the degree of similarity between Al-generated and
human-assigned scores varied across speaking constructs. As illustrated in Table 3, cohesion and
grammar demonstrated the closest correspondence between the two assessment approaches,
whereas vocabulary and coherence showed the largest discrepancies.
Table 3. Comparison of analytic speaking scores

Dimension Human Mean Human SD Claude Mean Claude SD Mean Difference
Cohesion 3.86 0.64 3.94 0.61 0.08
Content 3.72 0.67 3.98 0.59 0.26
Development
Vocabulary 3.58 0.71 3.91 0.65 0.33
Grammar 3.69 0.68 3.81 0.66 0.12
Coherence 3.63 0.73 3.97 0.70 0.34

The results suggest that although Claude and the human raters produced broadly similar
analytic evaluations, the extent of agreement varied across individual speaking dimensions. The
strongest similarity was observed for cohesion and grammar, whereas vocabulary and coherence
demonstrated comparatively greater divergence. The following sections provide detailed analyses
of each analytic dimension separately.

Analysis of Cohesion Scores

The overall comparison of analytic speaking scores was followed by a breakdown of these
scores for each dimension. Analytic dimension was the first dimension analyzed. As revealed by
the human raters, the mean cohesion score for this segment of the questionnaire was 3.86 (SD =
0.64) and for the Claude segment, it was 3.94 (SD = 0.61). The mean difference between the scores
of human raters and Claude was only 0.08 points, with the scores ranging from 2.10 to 4.90 for the
human raters, and 2.20 to 5.00 for Claude. However, this difference was not statistically significant
t(146) = 0.79, p = .431; d = 0.13). Representative similarity between the two assessment methods
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is also demonstrated in Table 4 where the human raters gave a mean of 3.86, while Claude gave a
mean of 3.94. The results show a high similarity between the Al-generated and the human-assigned
cohesion scores, signifying consistency between the two evaluation approaches in the evaluation
of whether linguistic devices are used effectively to link ideas and make them continuous in spoken
discourse.

Table 4. Descriptive statistics and comparison of fluency scores

Assessment Method Mean SD Min Max t p Cohen's d
Human Raters 3.86 0.64 2.10 4.90
Claude (AI) 3.94 0.61 2.20 5.00 [0.79 | 431 0.13

Overall, the results indicate substantial similarity between Al-generated and human-
assigned cohesion scores and suggest that cohesion was one of the dimensions in which automated
speaking assessment most closely approximated human evaluation.

Analysis of Content Development Scores
Content development was the second analytic dimension examined. As shown in Table 5,
the human raters assigned a mean content development score of 3.72 (SD = 0.67), whereas Claude
assigned a higher mean score of 3.98 (SD = 0.59). Scores ranged from 2.00 to 4.80 for the human
raters and from 2.30 to 5.00 for Claude, resulting in a mean difference of 0.26 points. An
independent-samples t-test revealed a statistically significant difference between the two
assessment approaches, t(146) = 2.18, p = .031. The effect size was small to moderate (d = 0.42),
indicating a meaningful difference in content development evaluation. Table 5 also shows that
Claude consistently assigned higher content development scores than the human raters, supporting
the statistical findings reported there.
Table 5. Descriptive statistics and comparison of pronunciation scores (N = 74)

Assessment Method Mean SD Min Max t p Cohen's d
Human Raters 3.72 0.67 2.00 4.80
Claude (AI) 3.98 0.59 | 2.30 5.00 2.18 | .031 0.42

These results indicate that Claude evaluated content development slightly more favorably
than the human raters. Nevertheless, the moderate difference suggests that both assessment
approaches yielded broadly comparable evaluations of content development performance.

Analysis of Vocabulary Scores

The third analytic dimension analyzed was vocabulary. The vocabulary score data did not
meet the assumption of normality and the Mann-Whitney U test was used. Table 6 shows that the
human raters gave a mean score of 3.58 (SD = 0.71) to the vocabulary section of the test, while
Claude gave a higher mean = 3.91 (SD = 0.65). The difference in scores for the human raters and
for Claude was 0.33 mean points, with scores ranging from 1.90 to 4.90 for the human raters and
from 2.20 to 5.00 for Claude. The Mann-Whitney U test showed a small-to-moderate effect size (r
=.24), and there was a statistically significant difference between the 2 assessment approaches (U
=2206.50, p = .009). As shown in Table 6, in terms of vocabulary, Claude consistently received
higher ratings than the human raters, suggesting that there was a greater difference between the
two.
Table 6. Descriptive statistics and comparison of vocabulary scores (N = 74)

Assessment Method Mean SD Min Max U p T
Human Raters 3.58 0.71 1.90 4.90
Claude (AD) 3.91 0.65 2.20 5.00 2206.50 .009 0.24
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Overall, the results indicate that Claude consistently assigned higher vocabulary scores
than the human raters, suggesting differences in how lexical range, word choice, and vocabulary
sophistication are evaluated.

Analysis of Grammar Scores
The fourth analytic dimension studied was grammar. In Table 7, the human raters gave a
mean grammar score of 3.69 (SD = 0.68) while Claude gave a higher mean grammar score of 3.81
(SD = 0.66). The mean difference between the scores of the human raters and Claude was 0.12
points, with scores ranging from 2.10 to 4.90 for the human raters and from 2.20 to 5.00 for Claude.
This difference was not statistically significant, t(146) = 1.02, p =.309, and small effect size (d =
0.18) by an independent-samples t-test. As shown in Table 7, the mean grammar scores given by
Claude were quite comparable to those given by the human raters, indicating that both assess
grammatical performance in a similar way.
Table 7. Descriptive statistics and comparison of grammar scores (N = 74)

Assessment Method Mean SD Min Max t p Cohen's d
Human Raters 3.69 0.68 2.10 4.90
Claude (Al) 3.81 0.66 2.20 5.00 1.02 .309 0.18

The results indicate substantial agreement between Claude and the human raters in
evaluating grammatical accuracy and language structure. The absence of a statistically significant
difference suggests that automated speaking assessment can assess grammar with a level of
consistency comparable to that of trained human evaluators.

Analysis of Coherence Scores

The last dimension considered was coherence. As per Table 8, the coherence score given
by human raters was an average of 3.63 (SD = 0.73), while the average coherence score given by
Claude was 3.97 (SD = 0.70). The maximum score obtained by the human raters was 1.80, and the
maximum score obtained by Claude was 5.00, with a difference of 4.90 points between the two at
the extreme, and a mean difference of 0.34 points for the five analytic dimensions. There was a
significant difference between the two assessment approaches t(146) =2.73, p =.007, d=0.47; a
moderate effect size). The number of coherence scores assigned by Claude was also higher than
the human raters' scores, as shown in Table 8, making the statistical result that coherence showed
the largest differences in scores between Al-generated and human-assigned scores.
Table 8. Descriptive statistics and comparison of coherence scores (N = 74)

Assessment Method Mean SD Min Max t p Cohen's d
Human Raters 3.63 0.73 1.80 4.90
Claude (Al) 3.97 0.70 | 2.10 5.00 2.73 .007 0.47

The results suggest that discourse organization, logical progression of ideas, and overall
communicative coherence represented the dimensions in which the two assessment approaches
diverged most noticeably. Nevertheless, the observed difference remained moderate in magnitude,
indicating that both assessment approaches still produced broadly comparable evaluations.

Agreement Between AI and Human Evaluation
To address the third research question, agreement analyses were conducted using ICC,

Weighted Kappa statistics, and Bland-Altman analysis. Table 9 presents the ICC values obtained
for holistic and analytic scores. As shown in Table 9, the ICC coefficients ranged from .73 to .86,
indicating good-to-strong agreement across all assessment dimensions. The highest agreement was
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observed for cohesion (ICC =.86), followed by holistic assessment (ICC = .84) and grammar (ICC
=.82). Content development (ICC = .78), vocabulary (ICC = .74), and coherence (ICC =.73) also
demonstrated acceptable levels of agreement.

Table 9. Intraclass correlation coefficients between Al and human scores

Dimension ICC Interpretation
Holistic .84 Strong Agreement
Cohesion .86 Strong Agreement
Content Development .78 Good Agreement
Vocabulary .74 Good Agreement
Grammar .82 Strong Agreement
Coherence .73 Good Agreement

Table 10 presents the Weighted Kappa coefficients for the six assessment categories. The
Kappa values ranged from .61 to .78, indicating substantial agreement between Claude and the
human raters. The highest agreement was observed for cohesion (k = .78) and holistic assessment
(x = .76), whereas coherence (x = .61) and vocabulary (k = .63) produced comparatively lower
values. Content development (k = .69) and grammar (x = .72) demonstrated moderate-to-high
levels of agreement. Nevertheless, all coefficients remained within the range generally interpreted
as substantial agreement.

Table 10. Weighted kappa statistics between AI and human scores

Dimension Weighted Kappa Interpretation
Holistic .76 Substantial Agreement
cohesion .78 Substantial Agreement
Content Development .69 Substantial Agreement
Vocabulary .63 Substantial Agreement
Grammar 72 Substantial Agreement
Coherence .61 Substantial Agreement

Figure 1 presents the agreement profile across the analytic dimensions based on ICC
values. As shown in Figure 8, fluency (ICC = .86) and grammar (ICC = .82) demonstrated the
highest levels of agreement, whereas vocabulary (ICC =.74) and coherence (ICC = .73) produced
comparatively lower agreement values. However, all dimensions exceeded the threshold generally

considered acceptable for agreement studies.
1.00 -+

0.80

- - - Acceptable
Agreement
Threshold
acc = .70)

0.60

ICC Value

0.40

0.00

Cohesion Content Vocabulary Grammar Coherence
Development

Figure 1. Agreement plot data across analytic dimensions
To further examine consistency between the two assessment methods, a Bland-Altman
analysis was conducted for holistic speaking scores. Figure 2 presents the agreement pattern
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between Claude and the human raters. The mean difference between the two assessment
approaches was 0.22 points, with upper and lower limits of agreement of 1.87 and - 1.43,
respectively. Most observations fell within these limits, indicating acceptable agreement and the
absence of substantial systematic bias.
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The dashed lines represent the mean difference and the 9526 limits of agreement.

Figure 2. Bland-Altman plot data for holistic scores

The agreement analyses demonstrate that Claude and the human raters produced highly
comparable evaluations of EFL learners’ oral proficiency across both holistic and analytic
assessment frameworks.

Comparison of AI and Human Evaluation

The results of the comparative analysis and agreement analysis give a full picture of how
much similarity there was between the evaluation of speaking performance by the human Claude
and the trained human raters. The findings provided answers to the three study research questions,
which were concerned with (1) Differences in holistic scores, (2) Differences in analytic scores on
five speaking dimensions, and (3) Agreement between analytic and holistic scores.

Regarding holistic assessment, Claude and the human raters were very similar. Claude's
mean holistic score (7.34) did not differ significantly from that of human raters (7.12), which
yielded a mean difference of 0.22 points as reported in Table 2. This difference was not statistically
significant t(146) = 1.21, p = .228), and the effect size was small (d = 0.20). Table 2 also showed
there is close similarity between the two assessment approaches. The results suggest that the Al
system used in the assessment system performed on the general oral proficiency at a level similar
to the human assessors.

When the five analytic dimensions were used, a more differentiated pattern of findings
emerged from the analysis. Overall, Claude scored marginally higher than the human raters on
each of the dimensions (see Table 3). The mean differences of cohesion (0.08) and grammar (0.12)
were the smallest, while content development (0.26), vocabulary (0.33), and coherence (0.34) were
the largest. The repeated-measures ANOVA was significant, F(4, 292) =4.83, p =.002, n%p = .12,
showing that the similarity between the Al-generated and human-assigned scores was significantly
different across the five speaking constructs. Table 3 showed that the two methods of assessment
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had the greatest difference in scores for vocabulary and coherence, but the least difference in scores
for cohesion and grammar.

The individual analyses also revealed that there were no significant differences found in
cohesion and grammar. More specifically, the cohesion scores that Claude rated (M = 3.94) were
not significantly different from the human raters (M = 3.86), t(146) = 0.79, p = .431. Similarly, the
grammar scores assigned by Claude (M = 3.81) and the human raters (M = 3.69) did not differ
significantly, t(146) = 1.02, p = .309. However, notable variations were found with respect to the
content, word choice, and organization of the materials. Content development scores also varied
significantly t(146) =2.18, p =.031; with Claude giving a higher mean score (3.98) than the human
raters (3.72). For vocabulary, Claude also assigned a higher mean score (3.91) than the human
raters (3.58). A Mann—Whitney U test confirmed that this difference was statistically significant,
U = 2206.50, p = .009. Here, U = 2206.50 represents the test statistic obtained from the Mann—
Whitney U test. Similarly, coherence scores varied significantly, t(146) = 2.73, p = .007: Claude
rated the coherence of the writing at a mean score of 3.97, while the human raters rated the
coherence of the writing at a mean score of 3.63. These differences were statistically significant,
but their effect sizes were small to moderate, which indicates minimal practical differences
between the two ways of assessing.

The results of the analyses of the agreement provided further evidence of consistency
between Claude and the human raters. The ICC values for this ranged from .73 to .86, suggesting
good to strong reliability within all assessment’s dimensions (Table 9). The highest ICC was found
for cohesion (ICC = .86), followed by holistic assessment (ICC = .84) and grammar (ICC = .82).
Agreement for content development (ICC = .78), vocabulary (ICC = .74), and coherence (ICC =
.73) also was acceptable. In like manner, Table 10 revealed that there was a good amount of
agreement between the two across all the dimensions as evidenced by the Weighted Kappa values
of .61 to .78. Further, it was illustrated that the level of agreement was the highest for cohesion
and grammar, and the lowest for vocabulary and coherence (Figure 1). The Bland-Altman analysis
presented in Figure 2 found an average difference of 0.22 points between the two methods of
assessment and limits of agreement of upper 1.87 and lower -1.43 points. The majority of
observations were within these bounds, signifying that there were good agreement and no large
systematic error.

The results showed that the Claude and human raters gave similar oral proficiency
assessment for the EFL learners in general. Al models of automated speaking scoring hold promise
for measuring overall speaking ability as well as several dimensions of oral proficiency. For the
first study hypotheses (Hol), it was found that there is no statistically significant difference
between the holistic speaking scores assigned by Claude and the human raters; therefore, Hol was
accepted. Ho2 was eliminated due to the significant differences found in content development,
vocabulary, and coherence. Lastly (Ho3), the consistency of Al-generated with human assigned
scores in the agreement analyses was satisfactory between the holistic and analytic assessment
framework. In general, the study results show that automated speaking scoring with Al is a reliable
and promising way of measuring oral proficiency in the assessment of EFL speaking skills, and
can be used as one of the important tools in the assessment of oral proficiency in EFL.

Discussion
The present study investigated the validity of automated scoring using Al for the
assessment of EFL learners' oral proficiency in comparison with human scoring. The results
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showed no significant differences between the holistic rating scores given by Claude and the
human raters. The mean score was slightly higher for Claude, but the difference was small in
magnitude with a negligible effect size between the two approaches, suggesting that there is a
significant similarity between the two approaches. The finding indicates that modern-day
evaluation systems based on Al are capable of assessing foreign language skills in a similar way
to trained human assessors. The same conclusions have been drawn in other research (Bamdev et
al., 2021; Obera et al., 2025) which demonstrates the possibility of achieving holistic scoring via
automatic speech recognition (ASR), natural language processing (NLP), and machine-learning
(ML) systems, in order to closely simulate human evaluations (Wang et al., 2021). Considering
the similarity of the holistic scores in both Al-generated and human-assigned categories, from a
construct theoretic perspective, the two methods were measuring the same aspects of oral
proficiency, thus demonstrating the construct validity of Al-based speaking evaluation (Kane,
2013; Messick, 1989).

When the dimensions of the analyses are compared, differing degrees of similarity in the
analyses of the Claude and human raters are noted. A joint assessment from cohesion provided the
highest level of agreement and there was no statistically significant difference between the two
assessment approaches. Cohesion is affected by the effective use of linking devices, referential
expressions, and logical links between ideas, making it an appropriate content for automated
assessment using discourse- and text-analysis methods. The near congruence noticed in the present
study indicates that Al systems can be used to correctly detect linguistic link elements that help to
achieve the connectedness and continuity of text (Alam et al., 2026a). This finding suggests that
automated assessments can effectively measure cohesion, in a way very similar to human
assessment.

The development of the content was also fairly comparable, although Claude frequently
gave higher scores than the human ratings. Previous research suggests that differences between
automated and human assessment may arise from variations in how relevant, sufficiently
developed, and adequate oral responses are interpreted and evaluated (Davis & Papageorgiou,
2021). For automated systems, the focus is on semantic analysis, topic relevance, and information
density while human raters might consider various other measures, such as overall communicative
effectiveness or appropriateness in context. Thus, Claude might have been more likely to award
answers that included more semantically similar content; the human raters more likely to scrutinize
supporting details for quality and relevance. The results indicate that there could be differences in
the interpretation of discourse elaboration in content-related features, but Al systems are effective
at evaluating content-related features.

There were mixed responses for vocabulary and grammar. The vocabulary scores were
statistically significantly different, with Claude consistently assigning higher scores. Large
language models may focus more on lexical diversity, complexity and semantic richness while
human evaluators may emphasize contextual appropriateness, semantic precision and
communicative suitability. As a result, some of the word selection was imprecise in context, but
Claude might have been aggressive about rewarding the broader lexical use of such words. This is
what can make the vocabulary scores achieved by the Al system appear higher than in reality.
Previous studies have reached similar conclusions, finding less agreement between Al and human
assessments of vocabulary, as effectiveness depends on factors other than computational analysis
of the text (Crossley & McNamara, 2013). In contrast, there was no statistically significant
difference for grammar, and relatively high agreement coefficients. According to this finding,
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grammatical assessment systems can be reliably performed by automatic systems based on natural
language processing of speech transcription, as has been revealed in other studies on grammatical
assessment that showed similar performance by Al systems and trained human raters (Bamdev et
al., 2021).

The most considerable discrepancy was observed for coherence. Although agreement
coefficients remained acceptable, coherence produced the highest mean difference and
comparatively lower agreement values. While coherence is commonly evaluated by human raters
by means of logical organization, topic development, discourse progression, semantic
connectedness, and communicative effectiveness, automated systems usually attempt to measure
coherence by transcribing these elements in terms of lexical cohesion and semantic relationships
found in the transcripts. As a result, Claude was able to infer meaning and links between thoughts,
even though from the human standpoint, there was a less clear discourse organization. This finding
is consistent with previous studies showing that coherence and discourse organization remain
among the most difficult dimensions for automated speaking assessment systems to evaluate
accurately because they require interpretation of higher-order discourse relationships and
contextual meaning (Li et al., 2024; Ockey & Chukharev-Hudilainen, 2021; Obera et al., 2025).
The findings also support sociocultural perspectives of assessment, which emphasize that
communicative competence extends beyond measurable linguistic forms to include contextual
meaning and socially situated communication (Xi, 2010).

Overall, the agreement analyses also revealed that the judgments made by both Claude and
the human subject raters were very similar, both in the holistic and analytic rubrics. The ICCs
showed good to strong agreement, the Weighted Kappa values showed substantial agreement, and
the Bland-Altman analysis showed a mean difference of only 0.0-0.1 cm, with no significant
systematic bias. The findings demonstrate a high degree of correspondence between Claude and
human raters across the holistic and analytic assessment frameworks, supporting the proposed
expectation of high agreement between the two assessment approaches. The highest agreement
was found for cohesion and grammar while comparatively lower agreement was found for
vocabulary and coherence. The results indicated that Al-enhanced speaking evaluation platforms
can provide accurate and consistent judgements on various aspects of speaking. These findings are
consistent with previous research that found high inter-agreement between automated and human
scoring (Davis & Papageorgiou, 2021; Zechner et al., 2014). However, the differences in the
degree of consensus suggest that the performance of Al systems is greater when assessing features
of the language and discourse than those that are specific to the context of the communication.

One major trend that was clear from the results is that Claude consistently scored a little
higher than the human raters on all of the assessment components. While these differences tended
to be rather minimal, the direction of the differences was consistent, suggesting a possible Al
leniency effect. Large language models tend to focus on efficacy and semantic appropriateness, as
opposed to human evaluators who might be more conservative in their approach to scoring. This
means that Al systems could potentially rate students higher for conveying meaning rather than
for linguistic correctness. Al systems might thus give a higher score to students who demonstrate
ways of expressing meaning even if they make linguistic mistakes. Such a tendency is a general
pattern of LLM performance in the scoring of native LLM learners' texts. This finding substantiates
previous research, where it was found that Al-based assessment systems might offer more
favorable ratings than human raters (Wang et al., 2021).
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The results can also be analyzed using Multi-Faceted Rasch Measurement Theory. Linacre
(1989) noted that outcomes of assessment are affected by several dimensions, such as how the
rater scores the task, the nature of the task, or the ability of the learner. The ICC and Weighted
Kappa scores are strong, suggesting that the scoring method added little measurement variability
and that Claude was more or less a stable facet of assessment, similar to trained human scorers.
However, the variance in content development, vocabulary, and coherence among the scores
suggests that such variation is not completely ruled out by automated systems, because differences
in what it is that Al systems and human evaluators are scoring communicative performance still
exist (Wang & Sun, 2018).

The results of this study also have implications in Saudi Arabian EFL contexts. With a
massive number of students who are studying English, Al-based assessment systems could be an
effective solution to offer a streamlined approach to evaluating oral proficiency that includes quick,
on-the-spot scoring, feedback, and thorough information about the student's learning needs. The
capabilities match the growing incorporation of Artificial Intelligence (AI) in the realm of
education in Saudi Arabia. The major discrepancies found in the content construction, vocabulary
and coherence, however, suggest that Al systems should be used in conjunction, not in replacement
of human evaluators (Alam et al., 2026b). The results thus validate hybrid models of assessments
that blend the ease and uniformity of Al-based scoring with the contextual understanding and
interpretative judgement of human raters (Davis & Papageorgiou, 2021; Polasa et al., 2025).

Based on the results, the automatic oral assessment tool for EFL by using Al can be
considered a reliable tool for measuring oral proficiency in EFL. The results of the holistic
assessment, cohesion and grammar did not show significant differences and had high agreement
levels across each of these areas, suggesting that modern Al technologies can to some extent
analyze many aspects of a speaker's performance with a fair degree of accuracy. However, there
are significant differences in terms of content, vocabulary and coherence which suggest that there
is still some room for the contribution of human knowledge and interpretation to oral skills. The
findings are in line with the ongoing debate about the best assessment methods for the future,
which considers hybrid approaches that integrate Al technology with assessment by human judges
as preferred methods, leading to reliable assessment procedures (Polasa et al., 2025).

Key implications of the findings for language assessment and incorporating Al into oral
proficiency assessment are discussed. Claude's high degree of correspondence with the human
raters indicates that Al-based assessment systems can deliver quick, scalable, and consistent
speaking evaluation, thus, relieving the burden of evaluation and speeding up the feedback process.
This potential is of particular importance in EFL settings in Saudi Arabia where teachers have to
evaluate high numbers of students. The marked differences, however, in content development,
vocabulary acquisition, and coherence suggest that the need for human expertise will remain to
assess discourse-level, contextual and communicative aspects of oral proficiency. For EFL
settings, therefore, a hybrid assessment model may be the most useful and valid strategy for
speaking assessment, as it can be done using Al-generated assessment with human-trained
interpreters, while maintaining the benefits of efficiency and consistency provided by the Al
system.

There are a number of limitations to be mentioned when considering the results. Firstly,
the study sample was limited (N = 74) and included male Arabic-speaking EFL learners from one
Saudi university, so the results may not be generalized to other educational contexts, other Arabic-
speaking learners, and female learners. Second, it is uncertain how much agreement between Al
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and humans might exist at proficiency levels other than intermediate (B1); and third, all
participants were at the bachelor (B1) proficiency level. Third, a picture description task was used
which was not a comprehensive representation of all language activities used in language
assessment. Fourth, the study only examined Claude, whereas various Al scoring systems could
yield varying patterns. Finally, the study investigated the agreement and reliability between Al and
human raters without exploring the decision-making processes used. Further studies are
recommended to involve larger and more diverse samples, different levels of achievement,
different speaking tasks, comparative studies of differences among various Al-based assessment
systems.

Conclusion and Recommendations

Results show that there is a high degree of similarity between the assessment of oral
competence of EFL learners carried out using Al-assisted automated speaking assessment and the
assessment performed by a human. Results point to no statistically significant difference between
holistic scores generated by the Al and holistic scores assigned by humans, and statistically good
to strong agreement was present in both holistic and analytic assessment scores. Cohesion and
grammar were the most similar and there was no significant difference between them while with
content development, vocabulary and coherence, their similarities were acceptable but differences
significant. These findings indicate that Al systems show promise of assessing linguistic &
discourse features that are easily analyzed systematically and computationally which are more
problematic at assessing higher order discourse organization, contextual interpretation and
communicative effectiveness. In addition, the high Intraclass Correlation Coefficients, high
Weighted Kappa and satisfactory Bland-Altman agreement limits suggest that assessment using
artificial intelligence can yield reliable and consistent judgements of oral proficiency.

Future studies should investigate alignment between Al and human scores with larger and
more diverse groups of learners, with learners of varying abilities, in a variety of speaking tasks,
and with a wider linguistic background. Further research is needed to explore how task difficulty,
discourse-type and language level affect scoring agreement, and whether gender differences
emerge when considering the best ways to teach communities to be accurate. Further investigation
is needed to examine the impact of various factors (language level, task complexity and discourse
type) on scoring agreement, as well as gender disparities in scoring on the task of training
communities to be accurate. Comparative studies of different system of speaking assessment using
Artificial Intelligence would also help to understand the strengths and weaknesses of the automated
speaking assessment and development of validity, reliability and equity practices in speaking
assessment.
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Appendix A. Al Assessment Prompt Used for Automated Speaking Scoring

Al Assessment Prompt for Claude-Based Evaluation of Oral Proficiency

You are an experienced English language assessor evaluating the oral proficiency of an English as a
Foreign Language (EFL) learner. Carefully analyze the following speech transcript and assess the
learner’s performance according to the rubric criteria provided below. Evaluate the transcript objectively,
consistently, and strictly according to the scoring descriptors.

Assessment Criteria

Holistic Speaking Score (1-10)

Assign one overall score representing the learner’s general oral proficiency and communicative
effectiveness.

10-9 (Excellent): Communication is clear, coherent, and highly effective. Ideas are well organized and
fully developed. Language use is accurate, appropriate, and varied, with only minimal errors.

8-7 (Good): Communication is generally clear and effective. Ideas are organized and adequately
developed. Minor language errors may occur but do not interfere with understanding.

6-5 (Satisfactory): Communication is understandable but may contain noticeable weaknesses in
organization, development of ideas, or language use. Errors occasionally affect clarity.

4-3 (Limited): Communication is often unclear. Language problems and organizational weaknesses
frequently interfere with understanding.

2-1 (Very Limited): Communication is severely restricted and difficult to understand because of major
linguistic and organizational problems.

Analytic Speaking Scores (1-5)

Coherence

Evaluate the logical organization, sequencing, and progression of ideas throughout the response.
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5: Ideas are logically organized and consistently developed.

4: Ideas are generally well organized with minor lapses.

3: Organization is adequate but occasionally inconsistent.

2: Ideas are poorly organized and difficult to follow.

1: Little or no logical organization is evident.

Cohesion

Evaluate the effective use of linking devices, transitions, references, and other cohesive features.
5: Cohesive devices are used effectively and naturally.

4: Generally effective use of cohesive devices.

3: Some cohesive devices are used appropriately.

2: Limited use of cohesive devices.

1: Minimal or ineffective cohesion.

Content Development

Evaluate the relevance, adequacy, elaboration, and completeness of ideas in relation to the speaking task.
5: Ideas are fully developed with relevant details and supporting information.

4: Ideas are adequately developed with appropriate support.

3: Ideas are partially developed.

2: Limited development of ideas.

1: Very limited content related to the task.

Grammar

Evaluate grammatical accuracy, syntactic control, and appropriateness of sentence structures.
5: Consistently accurate and varied grammatical structures.

4: Generally accurate grammar with minor errors.

3: Noticeable grammatical errors that do not seriously impede understanding.

2: Frequent grammatical errors that affect communication.

1: Persistent grammatical errors that severely hinder communication.

Vocabulary

Evaluate lexical range, appropriateness, precision, and effectiveness of word choice.
5: Wide and appropriate vocabulary used effectively.

4: Good range of vocabulary with occasional inaccuracies.

3: Adequate vocabulary for the task.

2: Limited vocabulary that restricts expression.

1: Very limited vocabulary.

Output Format

Provide the evaluation in the following format only:

Holistic Score: [1-10]

Coherence: [1-5]

Cohesion: [1-5]

Content Development: [1-5]

Grammar: [1-5]

Vocabulary: [1-5]

Brief Justification:

Provide a concise explanation (2—3 sentences) justifying the assigned scores based on the learner’s
performance according to the rubric criteria.
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