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Abstract 

Automatic Speech Scoring (ASS) has increasingly become a useful tool in oral profi-
ciency testing for Second Language (L2) learners. However, limited studies investigate 
the alignment of ASS indices with the Complexity, Accuracy, and Fluency (CAF)—the 
three dimensions in evaluating L2 speakers’ oral proficiency, and the subsequent 
impact indices on the oral performance of Chinese college students. To bridge this gap, 
this study used comparative analysis, Pearson analysis, and linear regression analysis 
to delve into the relationship and correlations between paired ASS indicators of “pro-
nunciation”, “fluency”, “integrity”, “speed”, “duration”, and “overall”, while also analyzing 
the relationships between “overall” and other variables. These analyses were conducted 
using 956 audio clips of freshmen who took the College English Test-Spoken English 
Test Band 4 (CET-SET-4) in May 2022 in China. The findings reveal that (1) the ASS indi-
cators and evaluation methods are similar but not identical to those employed in prior 
studies; (2) “pronunciation” encapsulates both the accuracy and fluency dimensions 
of CAF; (3) “pronunciation” and “integrity” have significant impacts on Chinese college 
students’ oral English performance in read-aloud tasks. The study suggests that future 
research should further investigate the specific pronunciation challenges faced 
by Chinese college students, such as phonetics, stress, and intonation. Additionally, it 
highlights the need to comprehend teachers’ attitudes and preferences towards ASS 
to enhance its effectiveness in assessing second language (L2) learners’ oral proficiency. 
The study would provide some references to teachers for oral English teaching design 
and students for their self-assessment of oral English proficiencies.

Keywords:  ASS, L2 Chinese college students, CAF, Oral performance evaluation

Introduction
In second language (L2) learning, pronunciation serves as a crucial indicator of oral 
proficiency. L2 Learners aspire to achieve a pronunciation level close to that of native 
speakers, reflecting their dedication and aspirations in language acquisition (Saito, 2019; 
Suzukida, 2021). This aspiration has sparked scholars’ interest in developing suitable 
metrics and instruments to measure L2 learners’ pronunciation abilities.

Traditionally, L2 learners’ oral performance was evaluated by human raters based 
on standard native pronunciation and phonetic rules (Higgs & Clifford, 1982). 
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However,  CAF (complexity, accuracy, and fluency) has emerged as three key dimen-
sions for assessing L2 learners’ oral proficiency and globally gained widespread accept-
ance among scholars (Housen, 2021; Housen & Kuiken, 2009; Vercellotti, 2015; Yuan & 
Ellis, 2003). Housen (2021) emphasized that every dimension of CAF has its subcom-
ponents like the stress of pronunciation is a subcomponent of the fluency dimension. 
Vercellotti (2015) used dynamic system theory to gauge CAF. In pursuit of quantifying, 
researchers have sought out various tools and software to measure CAF. The speech 
analysis software, Pratt, has gained popularity for analyzing audio features in speeches, 
thereby enhancing the objectivity of L2 oral assessments (Lahmann, et al., 2017; Sabu & 
Rao, 2018; Uddin & Nilsson, 2020). Although they did plenty of research about CAF, few 
scholars have made it clear which dimension of CAF pronunciation should be attributed 
to.

With the rapid advancements in AI technology, Automatic Speech Scoring (ASS) sys-
tem has risen for oral tests. This system boasts multi-model task operations and high 
objectivity in evaluating oral proficiency (Bamdev et al., 2023; Bhat & Yoon, 2015; Zech-
ner, 2009). Bamdev (2023) underscored that ASS can score speech features, including 
pronunciation and fluency. Xu, et al (2021) emphasized that ASS can give more lenience 
and fairness in scoring low-proficiency speakers. Scholars have paid more attention to 
ASS’s algorithms and their scoring reliability, seldom considering ASS indices and their 
internal correlations.

In China, ASS has been effectively utilized to improve the English pronunciation of 
college students by identifying pronunciation and stress errors. Liu, et al. (2021) empha-
sized that ASS can offer learners more detailed feedback on pronunciation errors, while 
Fouz-González (2020) confirmed that ASS could provide learners with standard pro-
nunciation models. However, the underlying reasons why ASS can evaluate learners’ oral 
performance and the distinction between ASS and the widely used CAF indexes remain 
underdeveloped. By addressing these gaps, this study will subdivide the ASS assess-
ment indices and delve into the relationship between ASS and CAF, as well as explore 
the internal relationships among ASS indexes within a specific test task. Our study will 
enhance students’ understanding of ASS functions and provide scientific guidance for L2 
oral teaching and assessment.

Literature reviews
CAF measurements of L2 learners’ oral performance

To assess the oral performance of L2 learners, Higgs and Clifford (1982) proposed a five-
factor framework, which includes vocabulary, grammar, pronunciation, fluency, and 
accuracy. This framework laid the foundation for a contemporary three-dimensional 
CAF assessment model. Then, various indices have been customized to operationalize 
the three dimensions. Concerning complexity, Yuan and Ellis (2003) argued that speech 
complexity could be assessed by syntactic complexity and diversity. Furthermore, the 
terminal unit (T-unit), or clause unit (C-unit) has become a commonly used metric for 
complexity (Malicka, 2020; Mora & Valls-Ferrer, 2012; Norris & Ortega, 2009).

As for accuracy, Iwashita et  al. (2008) pointed out that meaningful words and 
target-like syllables serve as crucial elements for assessing pronunciation accuracy. 
Kuang (2017) took a more technical approach by measuring intonation accuracy 
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through the analysis of pitch and fundamental frequency (F0) using Praat software. 
Tremblay et al. (2018) pointed out that the connection between words, or word liai-
son, can reveal errors in spoken language. These studies placed a strong focus on pro-
nunciation accuracy.

Turning to fluency, Skehan (2003) and Segalowitz (2010) both emphasized the pivotal 
role of utterance fluency in determining L2 learners’ oral proficiency. Given that the 
prosody of non-native speakers can significantly affect native-speaking listeners’ com-
prehension, speech flow has been a focal point in previous studies. For example, Lekwilal 
(2021) measured the rises and falls in pitches, as well as the correct and incorrect pause 
locations in participants’ speeches to gauge speech flow, as well as the ratio of syllable or 
pause numbers and speech running time (De-Jang, et al. 2015; Prefontaine, 2015).

Additionally, for the measurement of speech speed, researchers calculated factors 
such as the number of syllables per second (Ellis, 2009; Nagy & Brook, 2020), syllable 
duration (Lahmann et al., 2017), and the running time of a speech (Zhang et al. 2001). 
More recently, researchers measured both filled and unfilled pauses, as well as inter- 
or intra-sentence pauses (Kirjavainen et al., 2022; Kosmala & Cribe, 2023). Based on 
the studies, it is evident that the complexity dimension of CAF has been overlooked, 
as the complexity measurements scarcely pertain to pronunciation.

Pronunciation measurement using Auto Speech Scoring

Around two decades ago, the first Automatic Speech Scoring (ASS) system emerged, 
initially designed to rate the pronunciation of native speakers (Bernstein et  al., 1990). 
Subsequently, its applications broadened to encompass the assessment of non-native 
speakers’ speech (Bernstein, 1999), primarily focusing on read-aloud and repetitive-
read tasks (Evanini et al., 2017). Leveraging Automatic Speech Recognition (ASR), ASS 
detects errors within a predefined text set (Witt & Young, 2000) and assigns scores to 
factors such as fluency, prosody, intonation, stress, and vocabulary use. ((Evanini et al., 
2017; Zechner et  al., 2009). Scholars have also verified the alignment between ASS 
and human rater assessment, including the ASS model’s adoption and scoring proce-
dures. Prominent ASS systems include Speech-Rater, developed by Educational Testing 
Service (EST) in the United States, and Versant, created by Pearson. Both systems are 
widely used to assess the oral proficiency of non-native speakers (Jiang & Chen, 2021; 
Sun, 2021). Bernstein and Cheng (2008) employed Versant to evaluate 159 speeches 
and found a significant correlation between ASS assessment and human rater scores 
on fluency and accuracy (r = 0.75–0.94). However, the test’s limited focus on sentence 
proficiency and vocabulary as proxies for discourse content makes it less effective in 
addressing advanced measures such as discourse organization and viewpoint organi-
zation. In contrast, the SpeechRater system excels in directly assessing candidates’ 
natural speech. Chen et al. (2018) used SpeechRater to evaluate content accuracy (e.g., 
N-element model, sequence matching, and  fixed expression.), speech style (e.g., flu-
ency, prosody, and pronunciation), and language use (e.g., vocabulary and grammar) in 
TOFEL  iBT. This test specifically gauges a test taker’s ability to articulate his thoughts 
verbally in an academic context. Regardless, these systems rely on unambiguous 
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definitions of measurement objectives and constructs, providing a solid foundation for 
the development of future spoken language testing tools.

Oral proficiency evaluation of Chinese L2 learners

Over the past few decades, the Oral Proficiency Interview (OPI) has been the primary 
method used to evaluate the speaking ability of Chinese learners. It involves a panel 
of interviewers supported by second-raters for scoring.  previously,  the Pratt test was 
widely used to  measure the pronunciation accuracy of L2 interpreters’ speech (Bai, 
2022) and to measure syllable stress by pinpointing vowels and consonant positions 
within words (Xie, 2019). However, earlier studies were inevitably constrained by lim-
ited sample size due to substantial workload. Nowadays, the number of test papers 
scored by ASS is virtually unlimited, which  has contributed to its  growing popular-
ity among scholars. In the past decade, ASR technologies have gained acceptance as 
assistants to raters in large-scale, high-stakes tests like CET-SET-4 or- 6 (Gong, et al. 
2009), as well as tests involving read-aloud or repetitive tasks (e.g., Li, et  al. 2008; 
Li & Yan, 2012). While the consistency coefficient (r) between machine-rater scoring 
ranges from 0.6 to 0.9, none of these studies have explored the relationship between 
the paired indexes of ASS. Additionally, they failed to explore a predictive model that 
could accurately forecast participants’ oral performance when assessed by ASS.

Research questions
The consensus among observers is that Chinese college students tend to have a low-
intermediate level of oral proficiency (Jiang and Dai, 2018; Yu, 2020). Students often 
lack sufficient feedback on their fluency and pronunciation errors, and they strug-
gle to access synchronized, detailed comments from their teachers and raters. The 
ASS system can compensate for these drawbacks by providing systematic and meticu-
lous scoring on each metric within its framework. Nevertheless, to the best of our 
knowledge, there is scant research exploring the underlying reasons for ASS’s ability 
to grade participants’ speeches and the relationship between ASS indices and CAF. 
Furthermore, the relationship between paired ASS indices remains elusive. Conse-
quently, the following research questions arise:

1.	 What are the relationships between ASS and CAF indices for assessing L2 learners’ 
oral performance?

2.	 What are the relationships between paired indices of ASS?
3.	 Which indices of ASS can serve as key predictors of Chinese L2 learners’ oral perfor-

mance in a read-aloud task?

Methodology
In our study, we utilized comparative and quantitative analyses to obtain results. We 
showcased the pivotal role of the ASS in evaluating the spoken language proficiency 
of test takers by delving into its working principle and algorithm. Furthermore, we 
compared ASS indices with those previously used by scholars, and employed Pearson 
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and regression analyses to obtain corresponding results. In addition, we developed 
Python modules to format our data and establish a connection with the online ASS 
server for evaluating audio samples.

The working flow of ASS

Despite slight differences in their internal algorithms, ASS systems adhere to compa-
rable scoring methodologies. The component architecture comprises the speech rec-
ognition engine, the backstage confirmation system, the evaluation model, the training 
database, and the evaluation interface (Fig. 1).

The diagram in Fig. 1 visually displays the essential components highlighted in bold 
that constitute the ASS, along with a detailed depiction of how it operates in a series of 
steps. Specifically, the workflow of an ASS system can be outlined as follows: (1) users 
produce speech based on a provided text; (2) The cloud/platform uploads this audio 
to the speech recognition engine, which decodes and calculates the audio, through the 
evaluation interface; (3) the backstage configuration system, which divides the given 
texts into separate words or annotates sounds/phonemes, stores them, providing align-
ment standards for the speech evaluation engine. (4) The training database (corpus) 
forms a speech evaluation model for the engine, serving as the benchmark to obtain the 
evaluation result through decoding and computational processing; (5) the evaluation 
results return to the user via the evaluation interface.

The algorithms of ASS

The comprehensive scoring algorithm involves a series of intricate steps aimed at evalu-
ating speech. The total scoring algorithm proceeds with the following steps: (1) Speech 
feature extraction; (2) reference text alignment; (3) speech-recognition rate calculation; 

Fig. 1  The architecture of ASS workflow
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(4) fluency scoring; (5) Pronunciation scoring; and (6) total score calculation. The spe-
cific steps and method descriptions are elucidated in Fig. 2.

Figure  2 delineates the process by which ASS scores the speech step-by-step using 
specific algorithms, resulting in a total score. This portrayal of steps and methods offers 
readers a comprehensive understanding of the indices of ASS.

Participants

One thousand fifty-six students from a prestigious university in mainland China were 
selected to participate in the research study. The students were informed about the 
study’s objectives during an oral English class, where they expressed interest and agreed 
to use their test audio. All participants were freshmen, 18  years old, and non-English 
majors. To assess their spoken English skills, they took the College English Test-Spo-
ken English Test-Band 4 (CET-SET-4), a national English exam for college students in 
mainland China, in early 2022. Before taking the test, they were made aware that their 
audio recordings would be utilized in a study where their audio would be evaluated, and 
provided their consent. Additionally, the university’s ethical committee issued an ethical 
confirmation letter.

Instruments

There are three kinds of instruments as follows:

1	 Our data collection instrument is Xuefei speech test software, including a server and 
clients. Its workflow is explained in the “Data collection” section.

2	 Our data scoring instrument is Youdao’s ASS cloud services.
3	 Our auxiliary instruments are several modules developed in Python by the first 

author.

In China, Xunfei, Tencent, and Youdao are the leading ASS cloud service provid-
ers. We opted for Youdao’s ASS cloud service as our scoring tool due to its competitive 
pricing and well-documented API (Application Program Interface). Its workflow and 

Fig. 2  The frame diagram of the total score algorithm
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algorithms are shown in the “The working flow of ASS” and “The algorithms of ASS” 
sections (see Figs. 1 and 2). To effectively utilize the Youdao ASS cloud service in our 
study, five modules were developed in Python, including (1) speech format conversion 
from MP3 to WAV; (2) speech channel and sampling rate conversion; (3) speech cutting 
into one-minute segments; (4) the interface connecting to Youdao ASS cloud server; and 
(5) output conversion. Given the complexity of the JSON (JavaScript Object Notation) 
format of stored data returned by the server, we further converted it to Excel format to 
enhance comprehension among students. Our modules could be valuable to other edu-
cators and evaluators for their teaching and studies. The scoring results retrieved from 
the cloud server cover indices of pronunciation accuracy at the phoneme, word, and sen-
tence levels, fluency, integrity, speaking speed, overall scores, false or true stress, speech 
start and end timestamps, and feedback.

Data collection

In China, the Xunfei speech testing software is utilized in the CET-SET-4. The software 
comprises a server and clients. The server distributes the test questions and collects the 
audio data from the clients over the network. Test-takers use the clients to record their 
speeches, and the clients then send the data to the server via the network. The first author 
operated the server during the test, allowing access to the data copied from the server.

The audio data was sourced from a read-aloud task of CET-SET-4. In the first section 
of the test, the participants were instructed to read aloud the same sentence, primar-
ily to assess their pronunciation accuracy, fluency, and encompassing factors such as 
speech flow and speed. We successfully and randomly collected 1056 sound clips from 
this section and processed them using the five modules we developed in Pycharm (an 
integrated development environment). The results were then compiled in Excel format. 
Subsequently, we eliminated the sound clips in which the pronunciation score was “0” 
or the clips in which the speaking duration was less than 2 s, indicating that the candi-
date did not speak or spoke fewer than 3 words. After this rigorous filtering process, we 
retained 965 data pieces for statistical analysis. Based on index integration, six variables 
(i.e., “pronunciation”, “fluency”, “speed”, “integrity” “duration”, and “overall”) were catego-
rized into the dimensions of CAF.

ASS indexes explanation

It is important to note that in this study, “pronunciation” is a comprehensive index 
providing the evaluation of phoneme, stress, word or sentence linking, and intonation 
accuracy (see Fig. 2). “Fluency” refers to pause and prosody. “Integrity” and “speed” are 
related to speech recognition rate and speech rate, respectively. The “overall” is an over-
all score for the audio data of one case. The values of these five variables are retrieved 
directly from the cloud server. Additionally, the values of “duration” are calculated by 
subtracting the audio’s start time from its end time. A longer duration indicates more 
frequent pauses during the test.

Data analysis

In our study, we employed comparative analysis to explore the connections between 
ASS indexes and CAF indices for assessing L2 learners’ oral performance (RQ1). CAF 
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comprises three key dimensions for evaluating EFL learners’ oral proficiency. Our pri-
mary focus was on the read-aloud task, which has limited relevance to complexity, lead-
ing us to exclude the complexity dimension from our considerations. Prior research 
has demonstrated significant consistency between ASS and human scoring in assessing 
participants’ oral tests (Gong et  al., 2009; Zechner et  al. 2015). To further investigate 
this consistency, we sought to compare the indexes and measuring methods of ASS with 
those of CAF and categorized ASS indexes into CAF dimensions.

Additionally, we conducted statistical analysis in SPSS 27.0. For instance, we explored 
the correlations between the six variables of ASS indexes (“pronunciation,” “fluency,” 
“integrity,” “speed,” “integrity,” “duration,” and “overall”) using Pearson’s analysis to 
address RQ2 (What are the relationships between paired indices of ASS?).

Finally, for RQ3 (Which indexes of ASS can play key roles in predicting Chinese L2 
learners’ oral performance in a certain task?), we aimed to find an equation represent-
ing the relationship between the dependent variable “overall” and other independent 
variables. We used linear regression analysis to explore this relationship. During the 
data analysis, we excluded some variables based on regression analysis prerequisites 
and found that the three predictors (“pronunciation,” “fluency,” and “integrity”) would 
affect “overall.” We also utilized two model methods (“Stepwise” and “Enter”) as the 
multi-predictors.

Results
The study aims to explore the relationships between indexes of ASS and CAF and the 
internal correlations between paired indexes of ASS, as well as the main factor which 
would influence Chinese college students’ oral English performance in a read-aloud task. 
To address our research questions, we conducted data analyses and the results are pre-
sented and interpreted as follows.

The relationships between ASS indexes and CAF indices

We revisited the measurements conducted by various scholars (listed in Table  1) on 
accuracy and fluency dimensions, utilizing tools like Parra to acquire more objective 
data primarily based on acoustic feature parameters. After a comprehensive analysis, we 
have not only uncovered similarities but also notable differences between the two meth-
ods. The summary of the relationships is presented in Table 1.

As shown in Table 1, the measurements of ASS indexes generally correspond to those 
cited in prior works, as discussed in the literature review. For instance, Bai (2022) and Xie 
(2019) gauge syllable stress and pronunciation based on acoustic parameters, like ASS, 
which measures both by extracting speech features using a certain algorithm. However, 
certain discrepancies are evident due to the exclusion of ASS to score “word liaison” and 
“omission of syllables or words” as per the ASS scoring algorithms (depicted in Fig. 2). On 
the contrary, the ASS scoring parameter “recognition rate”, which aligns with the “integ-
rity” index of ASS, is not a factor included in CAF. This congruence and discrepancy will 
facilitate the improvement of ASS technology and broaden CAF field research.
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Table 1  The comparisons between ASS indexes and CAF dimensions

a Speech analysis software program
b The number of silent pauses (SPs)
c V Vowel, C Consonant
d PTR Phonetic time ratio
e MLR Mean length of run

Parameters ASS variables CAF indexes Author(year) Authors’ measurement CAF dimension

Phoneme Pronunciation Syllable pronun-
ciation

Bai (2022) Extracting the pitch infor-
mation of both standard 
English and L2 speech with 
Praat

Accuracy

Stress Pronunciation Syllable stress Chen (2008)
Xie (2019)

In Praat, marking V and Cc) 
by spectrum and formant

Accuracy or 
fluency

Intonation Pronunciation Intonation Kuang (2017) Tone rise or fall Accuracy

Word liaison None Adjective–noun 
and noun–
adjective

Tremblay et al. 
(2018)

Eye-tracking movements Accuracy

Prosody Fluency Pitches and 
formants

Lahmann et al. 
(2017)
Zhang and Wu 
(2001)

Praata) 
computing(pause > .25 s)
pause > .3 s

Fluency

Pause Fluency Inter-sentence 
pauses (SP)b)

Peltonen (2016) The number of SPs (dura-
tion is 0.4 s or longer)

Fluency

Speech flow Fluency Speech flow
PTRd)

De-Jang (2015)
Prefontaine 
(2015)

Syllable number/pause 
number
Phonetic time/speech run-
ning time

Fluency

Speed rate Speed Syllable number Nagy (2020)
Ellis (2009)

Syllable number per 
second
syllable number/ total run 
time*60

Fluency

Speech time Duration MLR e) Zhang and Wu
(2001)

Speech running time Fluency

Word correction Integrity Error-free
radio

Jiang and Dai 
(2018)

The ratio of error-free 
T-units to total T-units

Accuracy

Omission of 
syllables

None A prosodic 
model

Levey (2002) Trisyllabic word pairs, Vowel 
contrast

Accuracy

Recognition 
rate

Integrity None Accuracy

Overall score: obtained from weighted scores of “pronunciation”, “fluency”, and “integrity”

Table 2  The correlations between paired variables

** Correlation is significant at the 0.01 level (2-tailed)

Variables Statistic Pronunciation Fluency Speed Integrity Duration Overall

Pronunciation Pearson correlation 1

Fluency Pearson correlation .885** 1

Sig .000

Speed Pearson correlation  − 0.031 .156** 1

Sig .329 .000

Integrity Pearson correlation .448** .812** .340** 1

Sig .000 .000 .000

Duration Pearson correlation .202** .182**  − .883 .096** 1

Sig .000 .000 .000 .003

Overall Pearson correlation .987** .949** 0.033 .586** .200** 1

Sig .000 .000 .307  < .001 .000
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The relationships between paired indices of ASS

Each index of ASS is known to contain complex algorithms, but the correlation between 
these indices has scarcely been investigated. Therefore, this study aimed to explore the 
relationships between the paired indices via quantitative analysis of our data in SPSS 
27.0.and results are shown in Table 2.

As shown in Table 2, “overall” exhibited strong correlations with both “pronunciation” 
(r = 0.987, p < 0.01) and “fluency” (r = 0.949, p < 0.01), as evident from their correlation 
coefficients surpassing 0.7 (r > 0.7). Meanwhile, it displayed a moderate correlation with 
“integrity” (0.3 < r < 0.7) and a negligible correlation with “speed” and “duration” (r < 0.3). 
Similarly, “pronunciation” strongly correlated with “fluency” (r = 0.885), moderately with 
“integrity” (r = 0.448), and weakly with “duration” (r = 0.202). On the other hand, “flu-
ency”, exhibited relatively weak correlations with both “duration” and “speed” (r = 0.156 
and r = 0.182, respectively), but a strong correlation with “integrity” (r = 0.812). Notably, 
“speed” did not correlate with “pronunciation”, but had a weak correlation with “integ-
rity” (r = 0.34) and a strong correlation with “duration” (r =  − 0.883). Finally, there was 
virtually no correlation between “integrity” and “duration” (r = 0.096). It appears that 
“speed” and “duration” have minimal or no correlation with any other indices. The higher 
correlations (r = 0.987, r = 0.949) suggest that “pronunciation” and “fluency” may be the 
key indicators of ASS in the read-aloud task of the test.

The key indicators of ASS in the read‑aloud task

In “The relationships between paired indices of ASS” section, the findings indicate 
robust correlations between “overall” and “pronunciation”, “overall” and “fluency”, and 
“overall” and “integrity”. Furthermore, our objective is to pinpoint the primary influenc-
ing factor on “overall” and ascertain if there exists a linear relationship between “overall” 
and the other three indexes for predicting students’ oral proficiency. Our data analysis 
and results can be found in Table 3.

As can be seen from Table  3, “overall” is highly susceptible to  “pronunciation” and 
“fluency”. This conclusion is supported by the Durbin-Watson test, which measures 
autocorrelation, and its value approximates 2. According to Liu et  al. (2003), such an 
approximation typically indicates a comparatively low level of autocorrelation among 
the independent variables, suggesting better model adaptability.

Two prerequisites of the regression analysis are (1) residuals follow a normal distri-
bution, and (2) the independent variables are not covariate (Duleba & Olive, 1996). To 
address these prerequisites, a “Standardized Residual Plots Histogram” was adopted for 
(1), and “Collinearity Diagnostics” was employed for (2), respectively.

The histogram of residuals (as shown in Fig. 4) validates the Prerequisite (1) of the 
linear regression. For the Prerequisite (2), the Tolerance (T) values for both “pronun-
ciation” and “fluency” exceeded 0.1, with Variance Inflation Factors (VIF) below 10 
(T = 0.217; VIF = 4.616). Conversely, “integrity” exhibited a T value lower than 0.1 
and a VIF higher than 10 (T = 8.76E − 13; VIF = 1.14E + 12). Given the linear cor-
relation between “integrity” and either “pronunciation” or “fluency”, it was deemed 
inappropriate as a predictor for “overall” and it was excluded from the model when 
the model method is “step-wise”. The constant value approximated 1.1*10−5 (around 
0), and the unstandardized coefficients for “pronunciation” and “fluency” were 0.6 
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and 0.4, respectively. The resulting model built among variables was: “overall” = 0.6 
* “pronunciation” + 0.4 * “fluency” (designated as Eq. 1). Similarly, under the “Enter” 
method, the model was built on “overall” = 0.8 * “pronunciation” + 0.2 * “integrity” 
(called Eq. 2). “Fluency” had a strong correlation with “pronunciation” and “integrity”. 
As a result, “fluency” was excluded since the values of T and VIF indicated a strong 
cross-correlation of the independent variables (T = 2.37E − 13; VIF = 4.21E + 12).

Figure  3 illustrates the “overall” value alongside the predicted values calcu-
lated using Eqs.  1 and 2, providing a visual comparison of the model’s predictive 
capabilities.

Upon inspection of Fig. 3, it appears that there are minimal differences among the 
three methods used to calculate the “overall” values. However, it becomes evident that 
Eq. 1 lacks robustness when subjected to more comprehensive data testing.

Fig. 3  The predicting value vs ASS scoring value of “overall”. Note: The values presented in the yellow column 
are assigned scores by the ASS, while those in the blue column are derived from Eq. 1, and the green column 
values stem from Eq. 2

Fig. 4  The histogram of residuals
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Based on the data shown in Fig. 4, it is evident that the residuals adhere to a normal 
distribution. This fulfills a crucial condition for conducting linear regression analysis, 
indicating that the model is appropriate for predicting the values of the dependent 
variable.

Discussion
This study first investigated the relationship between dimensions of CAF and indexes of 
ASS based on various acoustic feature parameters. We discovered that the ASS scores 
were consistent with the criteria and measurements used by scholars. In contrast to 
manual scoring conducted by native speaker raters, ASS implements a corpus-based 
scoring technique that involves extracting acoustic features from loaded speech and sub-
sequently comparing them with standard pronunciations stored in a training database 
(Bai, 2022). As a result, ASS evaluates pronunciation in a manner like that of scholars. 
Rogerson-Revell (2021) further echoed this sentiment, highlighting that ASS can com-
pare subjects’ pronunciations with those of native speain kers by constructing a model 
based on a database containing a large number of native speaker speech samples. These 
pieces of evidence firmly establish the accuracy and objectivity of ASS scoring.

In our study, stress, a key feature of pronunciation in ASS, serves as an index of both 
accuracy and fluency. This is slightly different from previous studies that solely attribute 
stress to a single dimension of CAF. Segalowitz (2010) argues that “pronunciation”, par-
ticularly expressed through stress and intonation, should be categorized under the “flu-
ency” dimension, as perceived fluency refers to the extent to which a speaker’s speech 
can be perceived by the audience. A consensus among Chinese scholars exists regarding 
the influence of pronunciation stress on the fluency of Chinese students (Liu, 2008; Xia, 
2013).  Nonetheless, a faction of scholars dissents from this perspective, positing that 
pronunciation is situated within the "accurate" dimension of the CAF framework (Foster 
et al., 2000; Iwashita et al., 2008; Liu, 2008). The conflicting  classification of pronuncia-
tion stress within CAF dimensions underscore the necessity for further research to elu-
cidate its multifaceted role. Additionally, this comprehension can aid in crafting targeted 
interventions to tackle pronunciation issues, ultimately leading to enhanced communi-
cation skills for both native and non-native speakers.

In terms of parameter comparison, the congruity between the ASS indices and the 
rater evaluation system validates researchers’ findings of high consistency (r > 0.7) in 
human–machine speech ratings (Bernstein & Cheng, 2008; Li, et al. 2008; Gong et al., 
2009; Zechner et al. 2015). Nevertheless, discrepancies arise when considering the “rec-
ognition rate” under the “integrity” index of ASS, which has not been mentioned in pre-
vious studies. Furthermore, the “word liaison” and “syllable omissions” as discussed in 
Tremblay et al. (2018) and Levey (2002) cannot be detected by ASS from Youdao. The 
differences support Sun’s (2021) assertion that SpeechRater (an ASS system) is inade-
quate for rating participants’ oral performance in high-stake tests. This perspective is 
also consistent with Bridgeman et al.’s (2012) view that SpeechRater cannot measure var-
ious aspects of sentence structure (specifically, the complexity dimension of CAF) that 
can be assessed by human raters. Collectively, the results suggest there are numerous 
opportunities for future enhancements of ASS, particularly in identifying and processing 
specific linguistic features such as “word liaison” to improve its effectiveness in language 
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assessment. Furthermore, this highlights the essential role of human raters in certain 
assessment scenarios and the potential for a more comprehensive evaluation through a 
combination of human and automated scoring.

Secondly, our findings underscore the significant correlations between “overall” and 
three independent indices (i.e., “pronunciation”, “fluency” and “integrity”) respec-
tively. Also, the correlations emerge among the paired indices, specifically between 
“pronunciation” and “fluency”, “fluency” and “integrity”, as well as “speed” and “dura-
tion”. However, “speed” is observed to have a weak correlation with “fluency”, which is 
inconsistent with previous findings, such as Ellis (2009) and Nagy and Brook (2020). 
Given that “speed” and “fluency” are independently measured by distinct algorithms 
within ASS, and “speed” is often considered a variable of “fluency” (Kallio et. al., 
2022), our results are not in direct contradiction with previous studies in general. 
Furthermore, in our study, “speed” and “duration” do not strongly correlate to “over-
all”, which is possible because the read-aloud task chosen for the study was relatively 
simple, and individual differences were not found to be significant. Interestingly, our 
study reveals that “pronunciation” cannot be solely attributed to either accuracy or 
fluency dimension, echoing Skehah and Foster (2012) who argued that an overfo-
cus on accuracy may result in a lack of fluency, and vice versa. It is noteworthy that 
Skehan and Foster primarily focus on the impact of task conditions on CAF, using 
clause length to measure accuracy and fluency dimensions. By contrast, the oral task 
in our study involves a read-aloud task scored by ASS, where fluency scores tend to 
be much higher due to fewer pauses compared to other task types. These findings 
further suggest that when  test tasks vary, it is imperative to utilize distinct indices 
for assessment. Additionally, future research should thoroughly investigate which 
specific pronunciation features significantly influence the improvement of other pro-
nunciation attributes in terms of accuracy or fluency. Thirdly, our study reveals that 
“pronunciation”, “fluency” and “integrity” can be the strongest predictors of Chinese 
college students’ spoken English performance. This aligns with the findings of Higgs 
and Clifford (1982), who suggested that pronunciation contributed most to low-level 
students. When assessing the oral proficiency of Chinese students, our study suggests 
that the “pronunciation” of ASS can correspond to the accuracy of CAF, consistent 
with those of Jiang’s findings (2018), and also in accord with Wang (2015) who advo-
cated that fluency is the most crucial dimension.

According to Table  3, Eq.  1 was discarded due to the linear relationship between 
“fluency” and “pronunciation”, which led to equation instability. Conversely, Eq.  2 
remains valid as it predicts “overall” based on “pronunciation” and “integrity”. Notably, 
in our study, “fluency” emerged as the least important factor influencing L2 students’ 
general oral performance. This contrasts with most previous studies that under-
scored the importance of fluency in assessing EFL learners’ oral performance  (e.g. 
Doe, 2021; Segalowitz, 2010). This inconsistency can be explained by several factors. 
Firstly, our sample derived from a read-aloud task did not account for cognitive flu-
ency. Secondly, there was minimal variation in test-takers’ speeches  regarding  filled 
or unfilled pauses, a crucial aspect of fluency assessment (García-Amaya, 2023; Kir-
javainen, 2022; Kosmala & Cribe, 2023). As a result, the independent sample t-test 
reveals no significant difference  in terms of “fluency” in   individuals. Consequently, 
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our findings emphasize that pronunciation and reading integrity significantly influ-
ence Chinese students’ oral English performance during a read-aloud task. To accu-
rately evaluate participants’ oral performance, various indices of CAF should be 
considered in different test tasks, alongside participants’ actual oral proficiency levels. 
This study’s findings have significant implications for educators and assessors, as they 
can aid in the development of more accurate and comprehensive assessment tools 
that take into account the various aspects of language proficiency.

In summary, the implications of this study are profound. From a theoretical stand-
point, our research offers a novel perspective on L2 language testing by integrating 
emerging technology into language assessments. This integration not only advances the 
methodological rigor of testing but also aligns with contemporary theories of language 
acquisition and assessment. Additionally, by considering pronunciation as a determining 
factor alongside the established CAF indices, our study sheds new light on the intricate 
nature of oral proficiency in lower-level L2 learners. From a pedagogical perspective, 
the findings highlight the importance of considering and utilizing different CAF indices 
when evaluating L2 learners’ oral performance across a range of tasks and proficiency 
levels. This approach is in line with theories of second language acquisition that recog-
nize the complex interplay of linguistic factors in proficiency development. Furthermore, 
the study underscores the critical role of teachers in attending to specific pronunciation 
features, such as tone, intonation, and stress, as these aspects significantly impact the 
oral proficiency of L2 learners. By incorporating these pronunciation-focused teaching 
strategies, teachers can foster a more holistic approach to language development that 
addresses linguistic form and function.

Conclusion
The summary of the study

The study first investigated the relationship between six ASS evaluation indices (i.e., 
“pronunciation”, “fluency”, “integrity”, “speed”, “duration”, and “overall”) and CAF dimen-
sions for evaluating L2 oral proficiency. Despite minor discrepancies, the ASS indices 
and measurements of indices well aligned  with the previous studies. Notably, the find-
ings of our study suggest that “pronunciation” involves both accuracy and fluency, con-
tradicting the conventional view that classifies it solely as accuracy. Furthermore, our 
study explored the correlation between paired indices and the potential linear models 
connecting “overall” with other variables of ASS. The results reveal that the three paired 
indices were strongly correlated. A stable linear model exists among “overall” (a depend-
ent variable), “pronunciation”, and “integrity”. In a read-aloud task, it was evident that 
pronunciation and word integrity exert a significant influence on Chinese college stu-
dents’ oral English performance.

Limitations of the study

While our study aimed to delve into the relevant issues of the ASS assessment indices, it 
is imperative to acknowledge its limitations to pave the way for future research. Firstly, 
ASS just scores participants’ speeches from a read-aloud task in our study. There is 
almost no significant difference in individual pauses recognized by ASS. Future studies 
should aim to collect audio data with longer speeches, such as peer conversations or oral 
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compositions, to broaden the applicability of the ASS. Secondly, there might be inherent 
biases in our participant selection, which was mostly composed of freshmen, as well as 
during the data cleaning process. Despite our efforts to mitigate these biases by random 
sampling and rigorous deletion of speech clips, future research should continue to refine 
these processes. Thirdly, although this study took into account variables such as pho-
nemes, stress, and intonation in evaluating “pronunciation” comprehensively, it failed to 
pinpoint the primary predictor or the root cause of pronunciation errors. Future studies 
should delve deeper into these aspects. Fourthly, while the study addressed the relation-
ship between paired indices of ASS, it scarcely delved into the relationship between ASS 
and raters for each index. Further studies are needed to compare ASS and human rater 
assessments in greater detail and investigate whether ASS can serve as reliable raters 
for oral English assessment. Lastly, it would be intriguing to understand the attitudes 
and preferences of teachers and students towards ASS for oral English evaluation. Such 
insights could inform the further development and application of ASS in educational 
settings.
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