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Abstract

The computer-based English speaking test (CBEST) represents a significant ad-
vancement in assessing oral proficiency through automated scoring. However, its
scoring validity and alignment with well-established linguistic proficiency measures
remain underexplored. This study examines the relationship between automated rat-
ings (ARs) and analytic complexity, accuracy, fluency, and pronunciation (CAFP)
indices in the context of Zhongkao, namely China’s Senior High School Entrance
Examination. Using a quantitative approach, we analyzed correlations between ARs
and 12 CAFP indices from a random sample of 382 mock CBEST recordings from
an officially recognized platform. Findings revealed strong correlations between
ARs and speaking accuracy, fluency, and intelligibility, with fluency and intelligi-
bility significantly predicting ARs. However, no correlations were found with com-
plexity, comprehensibility, or accentedness. Further analysis within CAFP primarily
demonstrated correlations between syntactic and lexical complexity with accuracy,
accuracy with fluency (the number of repairs and speech rate) and intelligibility,
and fluency (speech rate) with intelligibility. However, certain indices such as com-
prehensibility and accentedness showed no correlation with others. These findings
suggest that CBEST prioritizes certain aspects of speaking proficiency, potentially
overlooking others. Implications highlight the need for teachers and test designers to
align instruction with test expectations while refining CBEST scoring mechanisms
to enhance validity and comprehensiveness.
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Résumé

Letestinformatisé d’expression orale en anglais (TIEOA) représente une avancée
majeure dans 1’évaluation de la compétence orale grace a la notation automatisée.
Cependant, la validité de cette notation et son alignement avec des mesures linguis-
tiques bien établies restent peu explorés. Cette étude examine la relation entre les
scores automatisés (SAs) et les indices analytiques de complexité, d’exactitude, de
fluidité et de prononciation (CEFP) dans le contexte du Zhongkao, I’examen d’entrée
au lycée en Chine. En adoptant une approche quantitative, nous avons analys¢ les
corrélations entre les SAs et 12 indices CEFP a partir d’un échantillon aléatoire de
382 enregistrements simulés du TIEOA sur une plateforme officiellement reconnue.
Les résultats ont révélé de fortes corrélations entre les SAs et I’exactitude, la fluidité
et ’intelligibilité, ces deux dernicres prédisant significativement les SAs. Cepen-
dant, aucune corrélation n’a été trouvée avec la complexité, la compréhensibilité ou
I’accentuation. Une analyse approfondie des CEFP a montré des corrélations entre
la complexité syntaxique et lexicale avec I’exactitude, 1’exactitude avec la fluidité
(nombre de réparations et débit de parole) et I'intelligibilité, ainsi que la fluidité
(débit de parole) avec I’intelligibilité. Toutefois, certains indices, comme la com-
préhensibilité et I’accentuation, n’ont montré aucune corrélation avec les autres. Ces
résultats suggerent que le TIEOA privilégie certains aspects de la compétence orale
au détriment d’autres. Les implications soulignent la nécessité, pour les enseignants
et les concepteurs de tests, d’aligner I’enseignement sur les attentes de I’examen tout
en affinant les mécanismes de notation du TIEOA afin d’en améliorer la validité et
la portée.

Mots-clés: évaluation linguistique informatisée; expression orale en L2; scores
assistés par la technologie; CEFP; Zhongkao.

52 — 5182



What Shapes Automated Ratings in Computer-Based English Speaking Tests?

1. Introduction

In the dynamic landscape of education, technology has become an integral com-
ponent of assessment and evaluation processes, particularly in the realm of foreign
language (L2) testing. As education systems worldwide embrace the digital age,
computer-assisted language testing (CALT) has gained prominence, which offers
advantages in accessibility, efficiency, and objectivity (Brahim, 2023; Chen, 2020).
In this context, China’s Zhongkao, the Senior High School Entrance Examination,
has undergone a significant transformation with the incorporation of a computer-
based English speaking test (CBEST). This shift—from the historical absence of an
English-speaking component in Zhongkao to the adoption of technology-assisted
evaluations—reflects an effort to enhance holistic English proficiency development
(Lin, 2022), modernize testing methodologies (Hu, 2022), and align assessment
practices with the demands of the digital age (Xu, 2023).

As part of this transformation, automated scoring systems have become a criti-
cal component of the CBEST, which normally utilizes speech recognition technol-
ogy to evaluate candidates’ spoken responses. These technology-driven systems
generate automated ratings (ARs) for key linguistic dimensions, such as complexity,
accuracy, fluency, and pronunciation (CAFP) (Faizal et al., 2022; Hirai et al., 2021;
Kim, 2023; Zhang & Li, 2019). This introduction of automated assessment marks a
departure from traditional scoring methods, which are often fraught with subjectiv-
ity and human variability, toward an approach that promises objectivity, consistency,
and scalability (Sadeghi, 2022). These features are particularly crucial in ensuring
the fairness and reliability of high-stakes assessments, such as the CBEST in Zhong-
kao (Yu & Lu, 2021).

Despite the significant role of this test in the Chinese educational context, com-
prehensive research on its validation remains limited, particularly regarding its au-
tomated scoring system. While ARs provide a scalable and standardized approach to
assessing speaking proficiency, their alignment with analytic CAFP indices—widely
used in linguistic research—has yet to be systematically examined. Understanding
how automated CBEST scores, typically presented as a final holistic score of stu-
dents’ task responses, align with expert-evaluated linguistic measures is essential
for validating automated scoring and ensuring that ARs accurately reflect CAFP per-
formance. Additionally, exploring the relationships among analytic CAFP indices is
essential, as these dimensions, though distinct, often interact and may involve trade-
offs (Taguchi, 2012). Examining these interrelations within CBEST helps evaluate
its scoring constructs (Hu, 2022) by identifying potential redundancy or overlap and
determining whether the test effectively captures distinct aspects of speaking profi-
ciency.
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Consequently, the present study focused on the perspective of ARs and lin-
guistic CAFP analysis, with a particular emphasis on exploring the extent of their
correlation. A substantial corpus of mock CBEST data, extracted from E-Tingshuo
(https://www.ets100.com/home/index.html), a software program developed by iFly-
tek (a partially state-owned Chinese information technology company) and officially
acknowledged as a practical tool for CBEST preparation (Yu & Lu, 2021), was quan-
titatively analyzed to address the following research questions:

1. To what extent do ARs correlate with linguistic CAFP indices in students’
CBEST responses?

2. To what extent do the analytic CAFP indices correlate with each other in the
CBEST?

Through these comparisons, this study seeks to determine the efficacy and re-
liability of automated scoring methods in evaluating speaking skills and aims to
identify any gaps or discrepancies in the evaluation process that may impact the fair-
ness and accuracy of test outcomes. Although this research focuses on a specific test
within China’s educational system, the implications extend beyond this context. Ad-
dressing the call to examine how an “[automated] system interacts with the other as-
sessment components in complex ways” within L2 assessment (Fulcher & Harding,
2022, p. 11), this study informs educators and policymakers of the potential advan-
tages and limitations of automated scoring and supports informed decisions about
its integration. Ultimately, the findings are relevant not only to language testing in
China but also to broader global discussions on assessment efficiency, fairness, and
the role of technology in evaluating proficiency across diverse educational contexts.

2. Literature review

2.1. Computer-assisted language testing

CALT, which involves using computers or other electronic devices to adminis-
ter, score, and evaluate language proficiency tests, has become a pivotal aspect of
language assessment. One of its key advantages is its ability to create a more dynam-
ic testing environment. Unlike traditional paper-based tests, CALT integrates mul-
timedia elements, interactive tasks, and simulations, which enable a more authentic
evaluation of language skills (Sadeghi, 2022). A significant innovation in CALT de-
velopment is the incorporation of speech recognition technology, particularly for
assessing L2 oral proficiency. Automated systems can analyze multiple aspects of
L2 speaking and offer a standardized and efficient means of evaluation (Faizal et al.,
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2022; Kim, 2023; Zhang & Li, 2019). This advancement helps address longstanding
issues of human subjectivity in oral assessments (Hirai et al., 2021). Another notable
shift in CALT is the transition from discrete-point testing to integrative assessments.
In L2 speaking, for instance, CALT can evaluate multiple language skills simultane-
ously and provide a holistic measure of a test-taker’s proficiency (Min et al., 2020).
This approach aligns with contemporary perspectives on language competence and
recognizes the interconnectedness of linguistic components (Taguchi, 2012).

In China, CALT has gained increased attention and widespread adoption. The
country’s educational landscape has undergone significant digital transformation,
which reflects a shift toward technology-driven approaches in language assessment
(He, 2017). The integration of CALT tools aligns with broader educational reforms,
aimed at enhancing L2 education quality and modernizing teaching and assess-
ment practices (Yu & Zhang, 2017). A notable example is the implementation of
the CBEST in Zhongkao, introduced as part of China’s English language education
reforms. Initially piloted in the early 2000s, the CBEST has since been adopted in
over ten provinces and multiple cities (Hu, 2022) (see Figure 1). Despite criticisms
regarding assessment reliability, dependence on automated scoring, and task mo-
notony (Bao, 2015), the CBEST has received growing academic recognition, solidi-
fying its role in China’s evolving language assessment framework.

Figure 1

Regions administering CBEST in Zhongkao
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Among the various research interests in CALT, a prominent focus in global
academia has been the impact of CALT on the validity and reliability of language
assessments. This scrutiny aims to understand how technological integration influ-
ences the accuracy and consistency of evaluating language proficiency. One key area
of investigation is the effect of CALT on traditional test validation frameworks, par-
ticularly in comparisons between computer-based and paper-based tests. Numerous
studies have demonstrated that, while L2 learners may express different preferences
regarding CALT and paper-based assessments, the test delivery mode does not sig-
nificantly affect the reliability, validity, or learners’ scores in either format (Ghums-
sani, 2024; Yao, 2020). Furthermore, the dependability of test scores in CALT has
been confirmed, especially in comparative studies between ARs and human evalua-
tions, where correlations have been observed (Koéroglu, 2021; Matthews & Wijeye-
wardene, 2018). These findings suggest that, despite the shift in test administration
methods, the fundamental principles of test reliability and validity remain intact.

However, regarding the CBEST in China’s Zhongkao, prior research—though
limited—has raised concerns about test validity. For example, Gao’s (2016) study,
which applied human ratings and a multifaceted Rasch analysis to 140 samples of
CBEST recordings, found ARs in the CBEST could reliably and validly reflect stu-
dents’ English-speaking proficiency. However, earlier quantitative research by Jiang
(2010), conducted in a school-based setting, suggested that despite students achiev-
ing satisfactory CBEST scores, their actual speaking proficiency remained low when
assessed by human raters. This aligns with Hu’s (2022) survey of 584 CBEST takers,
which found that while they generally accepted the computer-based testing mode,
they expressed concerns about test validity. Correlational analyses further suggest-
ed high ARs did not necessarily correspond to satisfactory English-speaking profi-
ciency, as assessed by self-evaluations or alternative assessment methods, such as
school-based summative assessments.

Moreover, research gaps persist in global academia, urging scholars to explore
the complexities of CALT, its impact on language learning, and its potential limita-
tions (Min et al., 2020). Sehan (2023), echoing Douglas (2010), highlights several
key concerns in CALT, including the limited focus on a range of features in test-
takers’ output during evaluation and the lack of differentiation in students’ perfor-
mance across specific language skills, raising concerns about the comprehensiveness
and accuracy of assessments. These limitations are also evident in China’s CBEST,
creating uncertainties about whether the test truly measures all relevant skills or only
those prescribed by test designers (e.g., content quality, completion, accuracy, and
fluency) while overlooking other critical aspects (e.g., complexity and pronuncia-
tion) (Hu, 2022).
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Additionally, the CBEST relies on holistic ARs without a breakdown of specific
scores for each criterion, which may affect test validity. As Kang (2021) argues,
high ARs that fail to differentiate between various competencies may not accurately
reflect a test-taker’s proficiency in all key areas, potentially leading to an incomplete
or misleading understanding of their abilities. Thus, echoing Wang (2023) and Yang
(2023), a more targeted approach is needed, extending beyond technological mecha-
nisms to validate the CBEST and provide test stakeholders (e.g., students and teach-
ers) with clearer insights into the test’s specific areas of assessment.

2.2. Complexity, accuracy, fluency, and pronunciation

While L2 speaking skills encompass a wide range of abilities, CAFP are com-
monly assessed in both standardized and non-standardized tests. These components
are crucial in evaluating a learner’s speaking proficiency, as they provide a structured
framework for assessment. Their parameters have been widely adopted in the CALT
system to ensure a consistent evaluation of spoken language skills.

2.2.1. Complexity

Complexity is considered the most intricate construct due to the various aspects
it encompasses. According to Michel (2017), complexity can be categorized into de-
velopmental complexity (the order of emergence and mastery of linguistic forms in
L2 acquisition), cognitive complexity (one’s perception of the difficulty of the target
language), and linguistic complexity (the linguistic properties related to the target
language). While developmental and cognitive complexity are relative, linguistic
complexity is often examined at an absolute level in research, leading to the widely
accepted definition that complexity refers to “the extent to which the language pro-
duced in performing a task is elaborate and varied” (Ellis, 2003, p. 340).

The notion that complexity involves “the number of discrete components that
a language feature or a language system consists of and the number of connections
between the different components” underscores the importance of measuring lexi-
cal and linguistic complexity (Bult¢ & Housen, 2012, p. 24). Lexical complexity
is commonly measured by calculating the Type-Token Ratio (TTR), which divides
the number of word types in a discourse by the total number of words, or the Mean
Segmental TTR, which averages the TTR across segments of a given size. However,
these methods have limitations, such as corpus size sensitivity and inefficient data
segmentation (Cech & Kubat, 2018). To address these issues, a computer-generated
D score has been proposed, which involves selecting 100 random samples of 35-50
tokens, calculating the TTR for each, and averaging the results to assess lexical rich-
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ness (Malvern et al., 2004). This can be done in Computerized Language Analysis
(CLAN), a program commonly used in linguistic analysis.

In terms of grammatical complexity, earlier studies often used T-units and
communicative units to measure unit length and clausal density (Markee, 2000).
However, T-units may not fully capture the complexity of spoken data, as they do
not account for pauses and repairs, and the definition of communicative units re-
mains unclear. Consequently, the AS-unit has been introduced as a more effective
measure of grammatical complexity, with indicators such as Mean Length of AS-
units (MLA), Mean Length of Clauses (MLC), and Ratio of Subordination (RS) for
length, sub-clausal, and subordination levels, respectively (Foster et al., 2000; Norris
& Ortega, 2009).

2.2.2. Accuracy

There has been considerable debate regarding accuracy within the applied lin-
guistics community. Ellis (2009) defines accuracy as “the ability to avoid error in
performance, possibly reflecting higher levels of control in the language as well as
a conservative orientation, that is, avoidance of challenging structures that might
provoke error” (p. 475). From this perspective, accuracy appears to be more re-
lated to communication strategies, which involve the intentional and planned use of
language to achieve specific informational goals, rather than language usage itself.
Alternatively, accuracy is often viewed simply as the error-free state of one’s output
in the target language or the ability to produce error-free speech (Michel, 2017), a
definition that underpins most relevant research.

The measurement of accuracy typically focuses on two dimensions: global ac-
curacy, which considers all errors in speech, and specific accuracy, which examines
errors in particular linguistic forms (Iwashita et al., 2009). The latter can be prob-
lematic, as different research instruments—often speaking tasks or tests with varying
formats and topics—may elicit different linguistic forms, making it difficult to gain a
clear understanding of L2 learners’ specific accuracy. Consequently, global accuracy
has been adopted in the present study, encompassing errors in syntax, morphology,
and lexis.

A common method for quantifying global accuracy is to calculate the number of
errors per 100 words (Ellis & Barkhuizen, 2005), though this approach can be sim-
plistic and influenced by speech length. To address this limitation, more refined vari-
ables have been proposed, such as the percentage of errorless clauses (PEC) and the
percentage of accurate AS-units (PEA), which are believed to provide a more precise
and valid measure of an L2 learner’s speaking accuracy (Ellis & Barkhuizen, 2005).
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2.2.3. Fluency

Although fluency has long been recognized as a key variable in language profi-
ciency, researchers have differing interpretations of its definition. Some adhere to the
broad layman definition described by Lennon (1990) as the ability to use the target
language smoothly and spontaneously. Others, however, adopt a more nuanced view,
defining fluency as “the production of language in real time without undue pausing
or hesitation” (Ellis & Barkhuizen, 2005, p. 139). Most previous studies and fluency
measurements have been based on this understanding that fluency represents real-
time language processing.

L2 fluency is typically assessed on three dimensions: speed, breakdown, and
repair (Skehan, 2009). However, according to Wood (2010), evaluating speech speed
through measures such as speech rate (SR) or articulation rate can be problematic be-
cause speech speed varies among individuals and may be influenced by the learner’s
first language. A high speech or articulation rate might be accompanied by frequent
pauses, and individuals who prefer simpler words may appear more fluent than those
who use complex polysyllabic words. Given these complexities, this study incor-
porates SR along with breakdowns and repairs to assess fluency. Breakdowns are
indicated by the average length of filled and unfilled pauses over 250 milliseconds,
while repairs include repetitions, reformulations, replacements, and false starts. Flu-
ency is thus measured by SR, the number of pauses (NP), and the number of repairs
(NR) (Skehan, 2009).

2.2.4. Pronunciation

L2 pronunciation is a multifaceted concept that typically includes intelligibility,
comprehensibility, and accentedness, all of which are widely used areas of L2 assess-
ment. Intelligibility refers to the clarity of speech produced by non-native speakers
(Thomson, 2017). It is commonly measured using objective computational models or
subjective human assessments. Objective methods include metrics such as the Short-
Term Objective Intelligibility and the Speech Intelligibility Index, which predict intel-
ligibility based on signal-to-noise ratios and acoustic properties (Taal et al., 2010).
While efficient, these metrics may not fully capture the nuances of L2 speech, espe-
cially in varying noise conditions. Subjective methods, such as listener ratings, re-
quire human raters to assess intelligibility on a scale (Hustad, 2006). However, listener
variability and bias can affect results. To mitigate this, the present study adopts the
transcription accuracy approach, where listeners transcribe spoken sentences, and the
number of accurately transcribed words is compared to the total (Hustad, 2006). This
method isolates key content words, which are crucial for understanding the overall
message and providing a more precise assessment of L2 speech intelligibility.
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Comprehensibility refers to how easily a listener can understand L2 speech
(Thomson, 2017). A widely used method for measuring comprehensibility is listener
ratings on a numerical scale, where raters evaluate the ease of understanding the
speech (Saito et al., 2020). This approach is advantageous because it is straightfor-
ward, easy to implement, and applicable in both research and assessment settings.
Listener ratings have been found to correlate well with other comprehensibility
measures, such as transcription accuracy and intelligibility scores (Kang, 2021). Al-
though subjective factors, such as familiarity with the speaker’s accent or contextual
influences, may impact ratings, standardized training for raters and minimizing con-
textual clues can help mitigate these biases.

Accentedness refers to the degree to which a non-native speaker’s pronunciation
differs from native-like norms and encompasses both segmental features (individu-
al sounds) and suprasegmental features (intonation, stress, and rhythm) (Thomson,
2017). Measuring accentedness can be challenging and is often approached using
phonetic transcription, where experts transcribe speech sounds using a standardized
system such as the International Phonetic Alphabet (Kang, 2021). While detailed and
accurate, this method is time-consuming and requires specialized expertise, making it
impractical for large-scale applications. Instead, a widely used and efficient method
is listener ratings, where native speakers or trained raters evaluate accentedness on a
scale, often ranging from “no accent” to “very strong accent” (Saito et al., 2020). This
method is quick, does not require specialized equipment, and can be administered to
large groups, making it highly practical for L2 pronunciation assessment.

3. Methodology

3.1. The CBEST in the study

The structure of the CBEST in Zhongkao varies across regions, but the ver-
sion used in this study is outlined in Table 1, as detailed by Hu (2022) and extracted
from official documents, with a sample test provided in Appendix A. A student’s
speaking performance undergoes automated evaluation, supported by speech-to-text
processing, speech model analysis, and deep neural network technologies developed
by iFlytek (Yu & Lu, 2021). These technologies are systematically integrated with
manual expert scoring to establish standards, extract dimensions of English speak-
ing, determine scoring weights, formulate a scoring model, and generate final ARs.
This evaluation method has been officially recognized (China Information Associa-
tion, 2020) and praised in academia for its practicality in educational and assessment
settings (Lin, 2022).
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Table 1

Test information

Section Task Requirement

1 Reading-Aloud Reading a given text aloud within the time limit

7 Communicative Listening to conversations and answering
Question & Answer questions within the time limit

3 Response to the Topic Responding to a given topic and expressing

opinions within the time limit

3.2. Research design

The study adopted a quantitative approach, with data collected from the mock
CBEST administered to junior high school students through the E-Tingshuo plat-
form. The tests were conducted in a major Chinese city, following the CBEST format
included in the local Zhongkao agenda. Local English teachers and education au-
thorities, with whom we had established connections, facilitated the data collection
process. Prior to the study, explicit consent was obtained from students, teachers,
guardians, and local educational officials. These stakeholders provided access to a
substantial number of recorded assessments, each uniquely numbered.

To ensure a representative sample for analysis, 382 recordings were selected
randomly using a random number generator and deemed valid for inclusion. This se-
lection method was considered optimal, given the population size, a 95% confidence
level, and a 5% margin of error (Verma & Verma, 2020). Additionally, while not
required, the sample size was considered substantial for corpus analysis (Stefanow-
itsch, 2020). These efforts significantly enhanced the generalizability of the findings.

3.3. Data coding and numericization

A total of 12 CAFP indices, identified in the literature review and listed in Table
2, were used in this study. Prior to analysis, a team of 32 professional interpreters, who
were concurrently engaged in educational research and English teaching, transcribed
and coded the recordings. The coding process primarily involved identifying AS-units,
clauses, errors, pauses, repairs, and intelligible keywords—essential components of
the indices. To ensure coding reliability, a training session was conducted before the
study to enhance the interpreters’ understanding of coding criteria. A three-round pi-
lot study was also conducted, in which the interpreters were evenly divided into two
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groups and simultaneously coded 30 sample corpora. The results, as shown in Table
3, indicated a between-group coding agreement rate exceeding 95%, which confirmed
the reliability of the coding process (Mackey & Gass, 2022). It should be noted that
empty time between tasks was excluded from the coding process, and only pauses
within each task were analyzed. Additionally, the interpreters independently scored
comprehensibility and accentedness using the nine-point scales developed by Saito et
al. (2020). Fleiss’ kappa analysis indicated acceptable reliability, with values of .75 for
comprehensibility and .78 for accentedness (Landis & Koch, 1977).

Table 2
Indices of CAFP
Variable  Construct Index Quantification Justification
MLA tﬁe numEer 0? tAolS<ens'd?vided by
the number of AS-units Foster et al.
Syntactic MLC the number of tokens divided by (2000); Norris
Complexity the number of clauses and Ortega
Complexity RS the number of clauses divided by (2009)
the number of AS-units
Lexical
Lexical Complexity computed in the CLAN program  Malvern et al.
Complexity D-Score by the VOCD function (2004)
(LCD)
' PEC the number of errorless clauses .
Grammatical divided by the number of clauses Ellis and
Accuracy  and Lexical ] Barkhuizen
Accuracy PEA the number of errorless AS-units (2005)
divided by the number of clauses
the number of clauses divided by
NP . L
the total speaking time in seconds
. / NR E}ﬁe ilutmlber 0{( ?epati'rs diyided byd Skehan
uency e total speaking time in seconds 570,
the number of syllables divided by
SR the total speaking time in seconds
(excluding pauses)
the number of accurately
R Intelligibility  transcribed keywords divided by
Intelligibility Rate the total number of keywords in Hustad (2006)
each sentence
Pronunc1a— . The Comprehensibility Scale (1 =
tion Comprehensi-
bility / very hard to understand, 9 = very Sai {
easy to understand) (ZaOltZ(()))et at
A red / The Accentedness Scale (1 = non-
ceentedness nativelike, 9 = very nativelike)
62 51-82
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Table 3

Coding agreement in pilot study

Codes First Round Second Round Third Round
AS-units 90.5% 95.1% 98.3%
Clauses 91.2% 95.4% 98.8%
Errors 95.6% 97.8% 98.9%
Pauses 93.2% 96.6% 97.3%
Repairs 94.4% 98.7% 99.2%
Intelligible Keywords 95.1% 96.3% 98.2%

After the pilot study, the 382 collected recordings were randomly assigned to
the interpreters, who transcribed the recordings and coded the transcripts. They also
assessed participants’ speaking comprehensibility and accentedness using the es-
tablished scales with limited contextual support. This approach required raters to
evaluate speech based solely on semantic content, as they were not informed of the
test questions or content, which ensured a fair and unbiased evaluation (Rodriguez,
2014). It should be noted that while the essential codes mentioned above were manu-
ally identified, other linguistic elements, such as the number of tokens, syllables, and
speaking time, were computed using CLAN. Once all raw data were processed, they
were organized in an Excel sheet, with values for the indices calculated using preset
formulas mentioned above.

3.4. Data analysis

The quantified CAFP data were organized and analyzed using R software for
descriptive and correlational analysis, following an evaluation of prerequisites,
such as normal data distribution (see https://doi.org/10.6084/m9.figshare.29390120
for the analysis scripts). According to Hinkle et al. (1979), the correlation coef-
ficient () was interpreted using five levels, ranging from negligible to very high
correlation, with .20 serving as a benchmark for categorizing the strength of rela-
tionships. Since certain tasks within the CBEST involve listening, such as listening
to a conversation and answering questions, a student’s listening comprehension
proficiency could plausibly affect their spoken language performance (Hu, 2022).
To account for this potential influence, participants’ listening scores, obtained from
a separate computer-based English listening test administered before the CBEST,
were incorporated as a covariate variable. This adjustment aimed to statistically
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control for variations in listening abilities and isolate the specific impact of speak-
ing skills on CBEST performance.

4. Findings

Table 4 presents the descriptive statistics for ARs and CAFP indices. To assess
the magnitude and direction of the linear relationship between ARs and CAFP, a
bivariate correlation coefficient () was computed, as shown in Table 5. First, while
some positive and negative correlations were observed between ARs and the four
complexity indices, these correlations were not statistically significant (p > .05).
This finding suggests the ARs assigned to a candidate were not associated with the
complexity of their spoken output. However, strong positive correlations were found
between ARs and accuracy indices, namely PEC (r = .96, p < .001) and PEA (r =
.95, p <.001). This indicates higher speaking accuracy corresponded to higher ARs.
Additionally, a significant negative correlation was identified between ARs and flu-
ency, specifically NP (»r = —.48, p <.001) and NR (» = —.41, p <.001), though the
strength was relatively small. Given the nature of these indices, an increased number
of pauses and repairs in a candidate’s speech was associated with lower ARs. How-
ever, no significant correlation was found between SR and ARs (p > .05). Regarding
pronunciation measures, a very strong positive correlation was observed between
ARs and intelligibility (» = .96, p < .001). However, comprehensibility and accent-
edness showed no significant correlation with ARs (p > .05), suggesting these two
aspects of English-speaking proficiency did not influence ARs.

Table 4

Descriptive statistics of variables

Variable Minimum Maximum Mean Standard Deviation
Ars 1.180 4.900 3.057 1.126

MLA 1.667 14.286 9.835 1.689

MLC 5.227 7909 6.297 Nav

RS 1.133 2.000 1.566 218

LCD 45.650 81.310 59.693 10.621

PEC 123 958 .608 .263

PEA 123 957 .616 .259

NP 233 568 .356 .092
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NR 015 192 060 041
SR 1.200 4957 3.039 1112
Intelligibility 4.000 8.000 5.890 1.329
Comprehensibility 6.000 8.000 7.260 733
Accentedness 4.000 8.000 6.110 994

Note. ARs = Automated Ratings; MLA = Mean Length of AS-units; MLC = Mean Length of Clauses; RS = Ratio of
Subordination; LCD = Lexical Complexity D-Score; PEC = Percentage of Errorless Clauses; PEA = Percentage of
Errorless Clauses; NP = Number of Pauses; NR = Number of Repairs; SR = Speech Rate.

Table 5

Correlation statistics of ARs and CAFP

Variable Statistics ARs

R -.327
MLA

Sig. 172

R -.349
MLC

Sig. 143

R -.160
RS

Sig. 513

R -.040
LCD

Sig. 872

R 959
PEC

Sig. 000

R 949
PEA

Sig. 000

R - 477
NP

Sig. 000

R -407
NR

Sig. .000™

R .039
SR

Sig. 407

R 955"
Intelligibility

Sig. 000

R 171

Comprehensibility
Sig. 485
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R 439
Sig. . 060

* Correlation is significant at the .05 level (2-tailed).

Accentedness

* Correlation is significant at the .01 level (2-tailed).

Note. ARs = Automated Ratings; MLA = Mean Length of AS-units; MLC = Mean Length of Clauses; RS = Ratio of
Subordination; LCD = Lexical Complexity D-Score; PEC = Percentage of Errorless Clauses; PEA = Percentage of
Errorless Clauses; NP = Number of Pauses; NR = Number of Repairs; SR = Speech Rate.

To examine the extent to which correlated CAFP indices explain variability in
ARs, regression analysis was conducted. The dependent variable was ARs, while
the analytic CAFP measures served as the predictor variables. The assumptions of
regression analysis were tested, and the necessary conditions were largely met. The
overall regression model was statistically significant, yielding an R-squared value of
98 (F=98.51, p <.001). However, upon reviewing the statistics in Table 6, it be-
came evident that most CAFP indices did not significantly contribute to the predic-
tion of ARs (p > .05). A notable exception was intelligibility, which showed a highly
significant impact on ARs (¢ = 2.63, p = .039). This finding suggests that for every
one-unit increase in a student’s intelligibility score, their ARs could be expected
to increase by .84 units. Additionally, NR also demonstrated an influence on ARs,
though with lower predictive reliability ( = —.97, p = .043). This result indicates that
for every one-unit increase in NR, ARs could be expected to decrease by .36 units.

Table 6
Regression statistics of ARs and CAFP

Unstandardized Standardized

Coefficients Coefficients

B Std. Error Beta t Sig.
MLA 449 423 673 1.061 329
MLC =709 .664 -452 -1.068 327
RS -2.883 2987 -.559 -.153 372
LCD -.002 .008 -.018 -.254 .808
PEC 012 1.184 .003 .010 992
PEA .080 1.133 018 .071 946
NP .024 .883 .002 .027 979
NR -.359 2.345 -.013 -965 .043
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SR 097 133 114 an 495
Intelligibility 840 319 829 2.634 039
Comprehensibility 064 069 048 928 389
Accentedness 004 071 003 054 959

Note. ARs = Automated Ratings; MLA = Mean Length of AS-units; MLC = Mean Length of Clauses; RS = Ratio of
Subordination; LCD = Lexical Complexity D-Score; PEC = Percentage of Errorless Clauses; PEA = Percentage of
Errorless Clauses; NP = Number of Pauses; NR = Number of Repairs; SR = Speech Rate.

Furthermore, the study explored potential correlations among the CAFP in-
dices. According to Table 7, several notable positive correlations were observed.
MLA exhibited moderate to high positive correlations with MLC (»= .50, p =.028),
RS (r=.77, p <.001), and LCD (r = .56, p = .012), suggesting a strong interrela-
tionship among these measures. Additionally, MLC displayed a moderate negative
correlation with accentedness (r =—.46, p =.045). PEC demonstrated a remarkably
strong correlation with PEA (r = .99, p <.001), SR (» = .96, p <.001), and intel-
ligibility (» = .92, p <.001), while also exhibiting a moderate negative correlation
with NR (»=-.50, p = .028). Similarly, PEA showed very strong correlations with
SR (r = .95, p < .001) and intelligibility (» = .92, p < .001), alongside moderate
negative correlations with NR (» =—.51, p =.027). Although NP displayed a nega-
tive correlation with SR (» = —.50, p = .030), its strength remained relatively low.
However, SR exhibited a robust positive correlation with intelligibility (» = .95, p
<.001). No significant correlations were found for the remaining indices.

Table 7

Correlation statistics of CAFP

MLA MLC RS LCD PEC PEA NP NR SR INT COM ACC

é R S04 772%%  562*% =227 -226 261 195 -338 -416 102 -225
Sig. 028 .000 .012 351 353 280 424 158 .077 678 353
§ R 504* -154 423 -276 -298 .084 418 -310 -335 -159 -464*
Sig.  .028 530 071 252 215 733 075 197 161 516 045
5 R 772%% -154 311 =091 -071 234 -079 -199 =270 .265 .083
Sig.  .000 .530 195 710 772 336 746 413 263 272 135
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-.338
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-416

077

102

.678

-225

353

423

0171

-.276

252

-.298

215

.084

133

418

075

-.310

197

-335

161

-159

516

464

045

311

195

-.091

710

-.071

172

234

.336

-.079

146

-.199

413

-.270

.263

.265

272

.083

135

115

640

120

.625

283

241

-.181

460

-.026

17

=115

.638

-116

.636

272

259

115

.640

989+

.000

-421

.068

-.502*

.028

959%%

.000

920%*

.000

223

359

357

134
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120

625

9897#*

.000

-424

.070

-.507*

.027

950%*

.000

915%%*

.000

.200

411

328

170

283

241

-427

068

- 424

070

.382

107

—499%

.030

=397

.093

-185

441

- 247

.308

-.181

460

-.502*

.028

-507*

.027

382

107

-392

.097

-378

111

-112

.648

-435

.063

-.026

17

959%%

.000

950%%*

.000

- 499+

.030

-.392

097

953%%

.000

151

538

425

.070

-115

.638

920%*

.000

915%*

.000

-.397

.093

-378

A11

953

.000

.030

903

.387

101

-.116

636

223

.359

.200

411

-.185

447

=112

.648

151

538

.030

903

205

274

=272

259

357

134

328

170

-.247

.308

-435

.063

425

.070

387

101

205

274

* Correlation is significant at the .05 level (2-tailed).
** Correlation is significant at the .01 level (2-tailed).

Note. ARs = Automated Ratings; MLA = Mean Length of AS-units; MLC = Mean Length of Clauses; RS = Ratio of
Subordination; LCD = Lexical Complexity D-Score; PEC = Percentage of Errorless Clauses; PEA = Percentage of
Errorless Clauses; NP = Number of Pauses; NR = Number of Repairs; SR = Speech Rate; INT = Intelligibility, COM
= Comprehensibility, ACC = Accentedness.
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5. Discussion

This study examined the relationship between ARs and CAFP indices within
a CBEST, addressing Research Question 1: “To what extent do ARs correlate with
linguistic CAFP indices in students’ CBEST responses?” First, ARs demonstrated
a notable association with test-takers’ speaking accuracy, as higher PEC and PEA
scores correlated positively with ARs, suggesting greater speaking accuracy con-
tributes to increased ARs. In line with general assessment practices, ARs were also
linked to speaking fluency, with higher NP and NR scores associated with lower
ARs. These findings emphasize the crucial role of speaking accuracy and fluency in
the CBEST, a focus consistently highlighted in assessment practices (Faizal et al.,
2022; Min et al., 2020), and support prior research indicating that technology-based
evaluations can align with accuracy and fluency analysis in test-takers’ responses
(Koroglu, 2021; Matthews & Wijeyewardene, 2018).

However, ARs showed no correlation with complexity measures, contrasting
with Kovacevic’s (2018) assertion that ARs of L2 proficiency should incorporate
both syntactic and lexical complexity. A likely explanation is that, given the lim-
ited English proficiency of Chinese middle school students and the straightforward
task design mandated by policy (Yang, 2023), CBEST tasks are intentionally sim-
ple and require minimal use of sophisticated grammar or vocabulary. This aligns
with Bao’s (2015) argument that CBEST tasks in Zhongkao tend to be monotonous
and straightforward. However, these findings do not undermine the importance of
complexity in assessing overall language proficiency. Instead, they highlight how
specific testing conditions and task designs shape complexity-related measures.
The implications extend to both assessment practices and pedagogy (Lin, 2022),
reinforcing the need to align evaluation criteria with intended language learning
outcomes.

Furthermore, ARs were significantly correlated with and predicted by pronunci-
ation, particularly intelligibility. Given that the CBEST’s technology-based scoring
system relies on speech recognition and segmentation technologies (Yu & Lu, 2021),
this correlation is robust and supports the claim that reduced intelligibility can “be
detrimental to automarker reliability” (Nakatsuhara & Berry, 2021, p. 346). How-
ever, the lack of correlation between ARs and other pronunciation indices suggests
that variations in comprehensibility and accentedness do not impact ARs. This novel
finding raises important questions, as existing literature does not provide explana-
tions. Although comprehensibility and accentedness are not explicitly emphasized
in the CBEST scoring mechanism, especially in the research context, they remain
integral components of spoken language quality (Doloh & Chanyoo, 2022). Recog-
nizing their potential impact—even in the absence of explicit assessment criteria—is
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essential for a comprehensive understanding of language proficiency, particularly
within the CBEST in Zhongkao.

Regarding the relationships among CAFP indices Research Question 2—*“To
what extent do the analytic CAFP indices correlate with each other in the CBEST?”—
a consistent positive association was observed among all four complexity indices.
Particularly, syntactic complexity and lexical complexity were positively correlated
in the CBEST, aligning with prior research suggesting that complexity dimensions
are internally and positively related in L2 production (Yang et al., 2022; Youssef,
2019). However, this finding partially contrasts with Kovacevic’s (2018) argument
that syntactic and lexical complexity “only partly account for each other” (p. 469)
and with studies proposing a competitive relationship between the two (Dewi, 2017;
Najmi et al., 2021). The reciprocal relationship observed in speaking complexity
may stem from the interactive nature of language production. In the CBEST, where
students engage in spontaneous speech on various topics (Hu, 2022), the intertwin-
ing of syntactic and lexical elements becomes particularly evident. This supports the
broader perspective that enhancing syntactic complexity often necessitates a richer
lexicon, which enables learners to convey more nuanced ideas (Youssef, 2019).

Furthermore, a positive internal correlation was observed in speaking accuracy,
as PEC and PEA were strongly associated. Additionally, an increase in speaking ac-
curacy, represented by PEC and PEA, was linked to enhanced fluency, as indicated
by higher SR and lower NR. This finding challenges the limited attentional capacity
model, which suggests a competitive relationship between form and meaning (Ske-
han, 1998) and posits a trade-off effect between L2 accuracy and fluency (Azad et
al., 2018). Instead, it aligns with emerging evidence suggesting that accuracy and
fluency can be positively correlated (Najmi et al., 2021). A possible explanation is
that proficient learners, while maintaining accuracy, develop automaticity in lan-
guage processing, which enables smoother and more fluent speech. However, this
interpretation, which is grounded in the automaticity theory initially formulated for
L2 reading (Samuels, 1997), warrants reconsideration, as there is limited empirical
evidence validating its applicability to L2 speaking.

Some unexpected findings emerged in the study. Notably, the negative correla-
tion between MLC and accentedness suggests that, within the CBEST context, where
students are assessed on spoken language production, greater syntactic complexity,
indicated by longer clauses, may be associated with stronger non-native accents. This
implies learners who navigate complex sentence structures may exhibit less control
over various linguistic elements, including pronunciation (Togi, 2020), and that such
complexity could hinder attempts to reduce accentedness. However, compared to
other speaking skills, pronunciation—especially accentedness—remains multifac-
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eted, influenced by factors such as exposure, language input, and individual aptitude,
and is challenging to develop (Gilakjani, 2011), particularly in China, where L2
exposure is limited. Additionally, the stable nature of one’s accent suggests that it is
less susceptible to change across different settings (Moyer, 2013). While Skehan’s
(1998) trade-off hypothesis, though not explicitly addressing L2 pronunciation, may
offer a plausible explanation for the negative correlation between syntactic com-
plexity and accentedness, further empirical research—particularly within CALT—is
needed to validate and refine these findings.

Furthermore, speaking accuracy, as measured by PEC and PEA in grammar and
vocabulary, was positively correlated with intelligibility. Given that L2 intelligibility
is typically linked to word or utterance recognition, the connection between accu-
racy and intelligibility appears complex and difficult to interpret. This complexity
arises because previous research has largely focused on intelligibility in relation to
phoneme pronunciation (Nurman, 2021) while often overlooking other aspects of
L2 speaking. Although some studies have identified a positive correlation between
overall L2 proficiency—including accuracy—and intelligibility (Doloh & Chanyoo,
2022; Matsuura, 2007), and a general guideline suggests that proficient L2 speakers,
beyond mastering grammar and vocabulary, should also be capable of “pronouncing
words correctly with appropriate intonation and stress patterns” (Cendra & Sulindra,
2022, p. 380), further targeted research is required to systematically explore the rela-
tionship between speaking accuracy and pronunciation development.

Despite the negative correlation between NP and SR, which stems from their
contrasting nature (Kang, 2021), SR exhibited a positive relationship with intelligi-
bility. This suggests that a higher speech rate may aid listeners in identifying key-
words in speech, contradicting findings that an increased speech rate could reduce
intelligibility (Jones et al., 2007; Porcaro, 2023). However, this result warrants re-
consideration, as prior research has established an SR-intelligibility threshold, with-
in which an increase in SR may enhance intelligibility (Haan, 1977). A more refined
analysis is thus necessary to determine the optimal SR range that positively affects
intelligibility in the CBEST.

Among the lack of correlations observed in other indices, a notable finding was
that comprehensibility did not correlate with any other indices. This contradicts
existing research, which highlights the importance of complexity (particularly less
complex lexicogrammar), high accuracy, fluency (especially appropriate SR), high
intelligibility, and low accentedness in ensuring comprehensibility (Nurman, 2021;
Shahzad, 2022). A possible explanation is that the simple task types in the CBEST,
combined with their relatively low difficulty levels, as confirmed by local researchers
(Hu, 2022; Lin, 2022), may facilitate raters’ comprehension (Crowther, 2020). How-
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ever, this finding suggests the factors influencing comprehensibility in the CBEST
may differ from those in traditional assessments, where human raters’ subjectivity
can introduce a halo effect and cause deviations in scores for other speaking skills
(Noh & Matore, 2019). This highlights the need for further research into the distinct
dynamics of CBLT environments.

Another tentative finding was that the assumed trade-off effect—particularly
among complexity, accuracy, and fluency (Skehan, 1998)—was not fully supported
in the study. While a competitive relationship between form (accuracy) and mean-
ing (fluency) was identified—namely between PEC and PEA with NR—accuracy
was also positively correlated with SR, and complexity indices did not correlate
with accuracy and fluency. This contradictory pattern, also observed in other studies
conducted in CBLT (Yan et al., 2018; Zhang, 2021) and traditional L2 assessment
(Azad et al., 2018; Najmi et al., 2021), may be attributed to variability in the indices
used to quantify these variables, potentially leading to contrasting research findings.
These results reinforce uncertainty surrounding the trade-off hypothesis, which itself
has been subject to criticism (Traxler, 2023). The complex interplay between these
proficiency dimensions in the CBEST context underscores the need for further in-
vestigation to unravel these complexities and develop a more nuanced understanding
of how these language proficiency facets interact.

6. Conclusion

The present study examined the intricacies of ARs and CAFP within a CBEST
in China. Overall, ARs correlated with speaking accuracy, fluency, and intelligibility,
with fluency and intelligibility playing a predictive role in ARs, though with varying
strengths. In contrast, complexity, comprehensibility, and accentedness, which were
expected to be significant, showed no correlations with ARs. These findings suggest
the CBEST may emphasize specific aspects of L2 speaking rather than capturing it
as a multifaceted skill. Furthermore, within CAFP, correlations were only observed
among certain indices, such as within complexity and accuracy indices, between
complexity and accentedness, and among accuracy, fluency, and intelligibility. This
indicates the current CBEST scoring framework may fail to fully account for the
interconnected nature of these speaking attributes.

The study’s implications are manifold. Guided by the observed correlations be-
tween ARs and CAFP, educators may prioritize improving accuracy in linguistic
forms, minimizing NR to enhance fluency, and refining intelligibility. Conversely,
speaking complexity, comprehensibility, and accentedness may be less emphasized
in test preparation, given the high-stakes nature of the CBEST. However, the need
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for comprehensive L2 development challenges this implication, necessitating in-
structional adjustments to accommodate both students’ needs and test requirements.
For test designers, ensuring a balanced scoring mechanism is critical to maintaining
the validity and relevance of the CBEST in assessing English language proficiency.
Test items should be carefully designed to evaluate all essential language skills, in-
cluding those outlined in CAFP.

Despite these contributions, one key limitation of the study is the reliance on a
specific set of indices to measure speaking proficiency, which may not fully capture
the spectrum of language abilities. The lack of consensus on CAFP indices can lead
to inconsistent research findings, emphasizing the need for standardization in L2
speaking research—both in CALT and other assessment formats—to ensure compa-
rability of findings. Additionally, the study’s geographical focus within China may
limit the generalizability of its findings to broader international contexts. Cultural
and linguistic variations could impact language performance, and the unique nature
of the CBEST used in the present study may not fully represent other language as-
sessments. Future research should consider cross-cultural and cross-linguistic fac-
tors and enhance external validity by adopting diverse methodologies and examin-
ing varied testing formats, proficiency levels, educational settings, and test-takers’
experiences. Finally, holistic automated scoring, while serving as the foundation of
the CBEST in the study, lacks detailed insights into test-takers’ performance on in-
dividual tasks. Given the diverse nature of task types, each potentially highlighting
different abilities, a more targeted analysis comparing ARs and CAFP within specific
task categories may yield more nuanced findings in future research.
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Appendix A: Sample CBEST

Task 1: Reading-aloud

You now have 30 seconds to read the following text. When you hear the prompt
“Start recording”, you should complete reading the text within 60 seconds.

The Smiths are at the airport. They’re saying goodbye to their son Mark and
family. Mark and his family are going to live in Beijing. They’re going to stay with
his wife’s relatives. Mark will work in the family’s restaurant. Alice, his wife, will
take any job she can find. The children will begin school in September.

The Smiths are both happy and sad. They’re happy because they know their
son and his family will have a good life in their new home. However, they’re sad
because they are going to be lonely. Their house will be quiet and empty, they’ll have
to spend holidays by themselves, and they won’t see their grandchildren grow up.

Someday the Smiths will visit Beijing, or perhaps they’ll even move there. But
until then, they’re going to miss their family very much. As you can imagine, it’s
very difficult for them to say goodbye.

Task 2: Communicative question & answer

Listen to the recordings (https://drive.google.com/file/d/1Cr2JMpplgjLgDiPT
CO-9YFxbKsE10DL Nview?usp=sharing) and answer the questions. When you hear
the prompt “Start recording”, begin your response. You will have 10 seconds to re-
spond to each question. The recordings will be played twice.

Question 1: What subjects does the girl like?

Question 2: What causes the girl’s problem according to the man?
Question 3: How old is Bobby?

Question 4: What does the woman advise her daughter to start from?

Question 5: How much should the man pay in total?
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Task 3: Response to the topic

Answer the following question in English. You will have 60 seconds to prepare.
When you hear the prompt “Start recording”, begin your response. You will have 90
seconds to complete your answer.

Question: Do you want to be a volunteer? Why or why not? (Give at least two
reasons)
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