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Abstract: Computer-assisted pronunciation training (CAPT) increasingly
incorporates automatic speech recognition (ASR) to provide pronunciation
assessment and feedback. However, the extent to which ASR systems
evaluate non-native Mandarin Chinese speech in a manner comparable to
human teachers remains unclear. This study compares the assessments
generated by three ASR systems—Whisper, Azure, and Gladia—with
ratings provided by native Chinese-speaking teachers for the word-level
Mandarin Chinese pronunciation of 31 Japanese learners. Two research
questions are addressed: (1) To what extent do these ASR systems assess
learner pronunciation comparably to teachers? (2) Can ASR assessments
help identify learners' pronunciation difficulties? A three-point scoring
scheme was developed to evaluate learners' productions of 20 Mandarin
Chinese words. Comparative analyses were conducted from the
perspectives of learner proficiency and pronunciation characteristics. The
results showed that all three ASR systems generally underestimated learner
performance relative to teacher ratings, although Whisper produced
assessments that were most consistent with those of the teachers. The
agreement between ASR and teacher assessments also varied according to
learner proficiency. Furthermore, ASR performance was strongly
influenced by initial-final combinations, suggesting that ASR assessments
can help identify specific pronunciation difficulties. These findings support
the potential of ASR as a complementary tool for pronunciation assessment
in Mandarin Chinese CAPT.
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1.Introduction

Mandarin Chinese courses are offered as required electives at many universities in
Japan. First-year students who begin studying Chinese as a foreign language are typically
required to take two classes per week and continue their studies for 15 weeks during both
the spring and fall terms. Owing to large class sizes, students often have limited
opportunities for pronunciation practice, a challenge common to foreign language
classroom instruction (Gao, 2025; Chen, 2011).

Computer-assisted pronunciation training (CAPT) has been recognized as an
effective pedagogical approach for improving learners’ pronunciation, particularly in the
context of English as a foreign language (EFL) (Fouz-Gonzilez, 2015). CAPT systems
frequently incorporate automatic speech recognition (ASR) technology, which is used to
detect phonetic errors, provide corrective feedback, ultimately enhance learners’
pronunciation and potentially improve awareness of grammatical features (Ehsani & Knodt,
1998; Burleson, 2007; Neri et al., 2008; Eskenazi, 2009; Wang & Young, 2014; Tsai, 2019;
McCrocklin, 2019; Dai & Wu, 2023; Issa & Hahn-Powell, 2025). ASR-based CAPT has
also been applied to the learning of Chinese as a foreign language (CFL) (Da, 2015; Zhao
et al., 2019; Watanabe et al., 2019, Li et al., 2024).

Despite these developments, the accuracy of ASR in evaluating non-native speech
remains a matter of ongoing concern (Ehsani & Knodt, 1998, Derwing et al, 2000; Sunaoka,
2018; McCrocklin et al., 2019; Inceoglu et al., 2023; Hirai & Kovalyova, 2024). Eskenazi
(2009) emphasized that CAPT systems employing ASR should be capable of detecting
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individual pronunciation errors and assessing fluency in a manner comparable to human
experts. Similarly, O’Brien et al. (2018) highlighted the need to identify ASR-derived
measure that align closely with human judgements. Even with recent technological
advances, the question of how accurately ASR systems recognize learner speech remains
critical. A recent study investigating the performance of five speech-to-text applications
for EFL learners has shown that recognition accuracy is influenced not only by the systems’
technical capabilities but also by characteristics of the learners’ utterances (Hirai &
Kovalyova, 2024).

In the domain of CFL, Sunaoka (2018) analyzed the recognition accuracy of non-
native speech in a Chinese long-distance group discussion using the ASR function
integrated in Google Translation, arguing that teachers must verify ASR evaluations to
compensate for technological limitations. Nevertheless, it remains unclear how accurately
contemporary ASR technologies recognize CFL learners’ speech, and which ASR-derived
assessments most closely reflect human judgements. To address these gaps, the present
study compares assessments of Japanese learners’ speech generated by three ASR systems
with evaluations provided by native Chinese-speaking teachers.

2. Literature Review
2.1 Computer-Assisted Pronunciation Training Systems with ASR

A substantial number of CAPT systems incorporating ASR have been developed
for various EFL learning purposes. Burleson (2007) employed ASR to improve segmental
errors produced by non-native speakers. Five Mandarin-speaking learners of English
underwent pronunciation training targeting six phonemic contrasts. The ASR was used to
recognize their productions and provide feedback, while native English listeners evaluated
pre- and post-training recordings using forced-choice minimal pair tasks. The results
demonstrated a significant improvement in learners’ segmental intelligibility. Wang and
Young’s (2014) ASR-based iCASL system further examined the presentation of corrective
feedback and demonstrated the effectiveness of a three-level feedback scheme. Windows
Speech Recognition (WSR), a built-in speech recognition tool in Microsoft Windows, has
also been integrated into sentence dictation practice, with findings suggesting that it can
serve as a useful complement to face-to-face pronunciation instruction (McCrocklin, 2019).
More recently, Issa and Hahn-Powell (2025) reported the use of a fine-tuned speech model
within a CAPT system to investigate the effectiveness of ASR corrective feedback on the
pronunciation of Arabic. These studies illustrate the diversity of ASR technologies
employed in CAPT systems.

In the field of CFL, Da (2015) introduced Google’s ASR, embedded in Chrome
browser, into classroom pronunciation practice for ten non-native learners, suggesting that
meaningful or frequently used expressions may be more suitable for Pinyin activities than
isolated syllables groups. Zhao et al. (2019) developed “KoToToMo”, a smart phone-based
system for read-aloud practices that utilizes operating-system speech recognition. In
addition to repetition and shadowing tasks, the system allows learners to conduct
pronunciation “trials”, enabling them to confirm their performance based on recognition
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results and receive feedback. Watanabe et al. (2019) proposed the “ST-lab” system, which
integrates both ASR and text-to-speech (TTS) technologies via the Web Speech APL. In its
“Reading Aloud Practice” module, the ASR component evaluates learners’ pronunciations
and displays the recognition results, allowing learners to repeat items until a “correct
answer” 1s achieved or optionally skip them. As with EFL, a wide range of ASR
technologies has been integrated into CAPT systems for CFL (Da, 2015; Wei & Zhang,
2018; Watanabe et al., 2019; Zhao et al., 2019).

2.2 ASR Assessment Accuracy of Learner Speech

The accuracy of ASR remains a critical issue in its deployment within CALL
environments, largely because most commercial speech recognizers are trained on standard
native pronunciations (Ehsani & Knodt, 1998). Derwing et al. (2000) evaluated the
effectiveness of a widely used ASR package in providing corrective feedback based on two
criteria: whether the ASR system recognizes ESL speech at an acceptable level and whether
the ASR system has the potential to identify production difficulties. They argued that the
usefulness of ASR depends on how closely its assessments of ESL speech approximate
those of native listeners, and they emphasized the need for careful evaluation of ASR
applications according to these criteria.

McCrocklin et al. (2019) examined the accuracy rates of Windows Speech
Recognition (WSR) and Google Voice Typing in recognizing the speech of advanced non-
native English speakers and found that Google’s system outperformed WSR. Inceoglu et
al. (2023) compared the assessments generated by Google Assistant for four non-native
speakers’ accented English to those of native listeners. Their findings showed that the
consistency between ASR evaluations and native listener judgments varies depending on
the speaker and the type of oral production.

A more recent study evaluated the accuracy of America English transcriptions
produced by five speech-to-text applications: Google Docs Voice Typing, Apple Dictation,
Windows 10 Dictation, Dictation.io and “Transcribe” by comparing them with human-
generated transcriptions (Hirai & Kovalyova, 2024). Thirty non-native speakers completed
four speaking tasks, including reading a short passage and answering freely to questions.
Consistent with the findings of Inceoglu et al. (2023), the study revealed that accuracy is
shaped not only by the ASR systems’ recognition capabilities but also by the type of speech
and the influence of learners’ L1 on their L2 productions. These results suggest that
different ASR systems may yield varying levels of accuracy and, consequently, differing
degrees of instructional effectiveness for non-native speakers.

Despite extensive research on ASR accuracy in EFL contexts, this issue has
received little attention in the field of CFL. How effectively ASR systems assess the
pronunciation of CFL learners remains largely unexplored.
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2.3 Pronunciation Difficulties

As noted earlier (Derwing et al., 2000), it is essential to determine whether an ASR
has the potential to identify learners’ production difficulties. Below, we summarize
pronunciation challenges commonly observed among Japanese learners of CFL.

The pronunciation difficulties of Japanese learners primarily arise from
fundamental differences between the phonological systems of Chinese and Japanese.
Through contrastive analysis, Lin (2019) observed that the Chinese phonetic inventory is
more complex than that of Japanese, containing retroflex consonants not found in Japanese,
lacking the vowel /e/, and presenting challenges in distinguishing the nasal finals /n/ and
/ng/. Using the NTNU Chinese Learner Corpus of Interlanguage Phonology, Fang et al.
(2015) conducted a systematic error analysis and reported that, for initial consonants, the
labiodental fricative /f/ was often realized as the Japanese bilabial aspirated sound /7 /.
Errors involving aspirated consonants were also common, particularly when aspirated
sounds occurred in word-final positions. Regarding final errors, the high rounded vowel
/u/ showed the highest error rate among all finals. For the rounded vowel /ii/, Japanese
learners tended to struggle due to the lack of rounded front vowels in Japanese and their
unfamiliarity with lip rounding in this context.

These findings suggest that if an ASR system can evaluate learners’ utterances in a
manner comparable to human teachers, it could greatly assist teachers in providing targeted
corrective feedback and enable learners to address errors promptly during CAPT activities.

In this study, we investigate how accurately three ASR systems assess the Mandarin
Chinese speech of Japanese learners by comparing their assessments with those of native
Chinese-speaking teachers. We address this issue by examining the following research
questions:

1. To what extent do these ASR systems assess learners’ word-level utterances in a
manner comparable to teachers?
2. Do these ASR systems have the potential to identify pronunciation difficulties?

3. Methodology
3.1 Recognizers and Words to Pronounce
3.1.1 Automatic Speech Recognition Systems

This study employed three automatic speech recognition (ASR) systems: Whisper
by OpenAl, Azure by Microsoft, and Gladia by Gladia Inc. All three systems support
multiple languages and demonstrate high recognition accuracy, having been widely
adopted in commercial transcription services. Whisper, in particular, is open source,
providing substantial flexibility for research and development. In the present study, a
downloaded desktop version of Whisper was used (Whisper Desktop, 2023), while the
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other two ASR systems were accessed via their online platforms (Microsoft, 2024; Gladia,
2024).

3.1.2 Word Selection

Based on Fang et al.’s (2015) findings that Japanese learners of Mandarin primarily
struggle with distinguishing aspirated and unaspirated consonants, producing the vowel /e/
(which does not exist in Japanese), articulating the labiodental fricative /f/, realizing
retroflex consonants such as /zhi/, /chi/, /shi/, /ri/, and /er/, and pronouncing nasal finals
including /an/, /ang/, /en/, and /eng/, this study selected 20 two-syllable words that contain
these pronunciation features as speech materials for a preliminary investigation. Based on
our teaching experience, we considered two-syllable words to be relatively easy for
beginning learners to pronounce. The selected items were aligned with the learners’
instructional progression. The target words are listed in Table 1.

Table 1 Words to Pronounce
B, R, TR0, R, W, VR, g, 20, AR, =
mhnmE, TAE, VRS, ek, bt MR, R, 5, 15U, Al

3.2 Scoring Criteria
3.2.1 Speech Intelligibility and Comprehensibility

Foreign language learner pronunciation assessment can be approached from the
perspective of native listener comprehension, which is typically divided into two
dimensions: intelligibility and comprehensibility (Munro & Derwing, 1999). Intelligibility
refers to the extent to which listeners can accurately identify the linguistic content produced
by the speaker (e.g., phonemes and words), emphasizing objective phonetic recognition.
Comprehensibility, on the other hand, concerns the degree of effort required for listeners
to understand the speaker’s intended meaning, representing a more subjective, global
evaluation.

In the context of ASR assessment, intelligibility constitutes the primary evaluative
dimension (Inceoglu et al., 2023), as ASR systems rely predominantly on acoustic features
and lack the ability to process higher-level linguistic, contextual, or pragmatic information.
However, in real classroom settings, teachers often find learners’ speech easier to
understand than native listeners without teaching experience, particularly those unfamiliar
with non-native speech patterns. Since listener comprehension can influence learners’
motivation to engage in pronunciation practice, comprehensibility remains an important
perspective in assessing foreign language pronunciation. Although intelligibility and
comprehensibility are theoretically distinct constructs, they may be treated similarly in
classroom practice for pedagogical purposes.

In other words, if speech recognizers could “understand” learner speech in a manner
similar to teachers, learners might be more motivated to practice pronunciation. Therefore,
this study compares ASR recognition outcomes (intelligibility) with teacher evaluations of
comprehensibility to examine the degree of alignment between ASR systems and human
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instructors in assessing learners’ word-level Mandarin pronunciation. Through this
comparison, we aim to explore the potential for ASR systems to provide teacher-like
assessments.

3.2.2 Scoring Learner Speech

Table 2 Pronunciation Scoring Criteria

Score  ASR Criteria Teacher Criteria
0 Both characters unrecognizable Word meaning incomprehensible
. Pronunciation unclear but meanin
1 One character correctly recognized . g
comprehensible
. Pronunciation clear and meanin
2 Both characters correctly recognized &

comprehensible

Since ASR systems output only recognition results, each recognized Chinese
character was regarded as correct if it corresponded to the target character shown in Table
1. This study adopted a three-level scoring scheme for each word of the 20 two-syllable
words: 0 points if neither character was recognized, 1 point if only one character was
correctly recognized, and 2 points if both characters were correctly recognized. This
scoring method corresponds to the Character Error Rate (CER) evaluation framework,
which is calculated based on three error types—substitution, deletion, and insertion. As the
focus of this study is on pronunciation at the word level, homophonic outputs generated by
the ASR systems were treated as correct.

Teacher scoring was conducted by five native Mandarin-speaking instructors with
extensive experience teaching Chinese as a foreign language in Japan. This suggests that
the instructors are familiar with Japanese learners’ pronunciation and may therefore be
more tolerant when evaluating learner speech. The raters listened to the learners' recorded
utterances and assigned scores on a three-point comprehensibility scale: 0 points if the
word’s meaning was completely incomprehensible, 1 point if the pronunciation was
unclear but the meaning remained interpretable, and 2 points if the pronunciation was clear
and the meaning fully comprehensible. The five teachers rated the samples independently
without consultation. This multi-rater design reduces the influence of individual subjective
tendencies and enhances the overall reliability of the scoring. The scoring criteria are
summarized in Table 2.

3.3 Speakers and Procedure of Recording Utterances

The learner speech data consisted of word-level utterances produced by 31
university students who were taking introductory Chinese courses for the first time. These
students received two 90-minute Chinese classes per week and had completed phonetic
instruction prior to the recording sessions. The target words, along with their pinyin and
Japanese translations, were provided for in-class pronunciation practice, and additional
practice was assigned as homework.
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Students were instructed to make their recordings in quiet environments using their
smartphones and to submit the audio files via the learning management system at the
university. They made the recordings individually. The researcher then converted the
submitted audio files into formats compatible with each ASR system and scored each
learner’s pronunciation of each word based on the criteria shown in Table 2.

4. Results
4.1 Interrater Reliability

To address RQ1, we summed the scores of all target words rated by the three ASR
systems and the five teachers for each student. Each total score ranged from 0 to 40.
Although the data were quantitative, they did not follow a normal distribution.

Before using the mean teacher scores as the representative measure of human
assessment, we first examined interrater reliability among the five teachers. The intraclass
correlation coefficient (ICC) was calculated based on the total scores, and Fleiss’s kappa
coefficients were computed for each individual word. All statistical analyses were
conducted using IBM SPSS Statistics 30.0.

The results indicated substantial agreement among the teachers (ICC = 0.63)
(Landis & Koch, 1977). Across the 20 words, Fleiss’s kappa values ranged from 0.20
(slight agreement) to 0.63 (substantial agreement). Specifically, one word showed slight
agreement (16 5{: k= 0.20,z=3.69, p <.001), 11 words showed fair agreement (x = 0.21—
0.40), seven words showed moderate agreement (k = 0.41-0.60), and one word showed
substantial agreement (HlE: x = 0.64, z = 11.93, p <.001). Among the ASR systems, a
fair level of agreement was observed (ICC = 0.55). Following Inceoglu et al. (2023), we
consider the teacher ratings to be sufficiently reliable and therefore use the mean teacher
scores as the representative measure of teacher assessment.

4.2 Rating Results

The values shown in Table 3 represent the mean scores and standard deviations of
students’ total scores as assessed by the three ASR systems and the teachers. To maintain
consistency with the scoring criteria described in Section 3.2.2, the total scores were
divided by 20 so that the resulting values correspond to the mean and standard deviation
per word. T1-T5 denote the five teachers.

Table 3 Rating Results by ASR and teachers
Rater Whisper Azure Gladia T1 T2 T3 T4 TS Teacher
M 1.46 1.25 1.42 1.69 1.56 1.57 1.45 1.38 1.53
SD 0.27 0.30 0.28 0.17 024 0.24 0.34 0.32 0.24

The results show that the mean teacher score was 1.53 (SD = 0.24). Among the
three ASR systems, Whisper achieved the highest performance (M = 1.46, SD = 0.27),
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followed by Gladia (M = 1.42, SD = 0.28), while Azure demonstrated the lowest
performance (M = 1.25, SD = 0.30).

The individual teacher scores (T1-T5) indicate that, although the overall standard
deviation (0.24) was lower than those of the ASR systems, noticeable variation remained
across teachers, with standard deviations ranging from 0.17 (T1) to 0.34 (T4). These
findings suggest that even among experienced Chinese language instructors, individual
differences persist in evaluating learner pronunciation. This underscores the challenge of
establishing fully standardized human assessment and highlights the potential utility of
ASR-based evaluation.

The Wilcoxon signed-rank test results indicated that the difference between
Whisper scores and teacher scores was not statistically significant, whereas the scores from
Azure and Gladia differed significantly from teacher scores. These findings suggest that
Whisper provided a more teacher-like assessment of the 20-word utterances produced by
the 31 learners compared with Azure and Gladia.

To present the differences between ASR systems and teacher ratings in a more
intuitive manner, we calculated percentage difference scores using the formula

(ASR Score — Teacher Score) / Teacher Score x 100%.
The results are summarized in Table 4.

Table 4 Percentage Differences

ASR System Percentage Difference
Whisper -4.32%

Azure -18.57%

Gladia -7.09%

On average, the results suggest that Azure had the most difficulty recognizing the
learners’ Chinese word-level utterances compared with the other two systems.

4.3 Influence of Learner Proficiency

Based on the five-number summary of the teacher average scores, the 31 students
were divided into three proficiency groups:

1. Low-proficiency group (0.99-1.45): 10 learners (Learners 1-10)
2. Medium-proficiency group (1.48—1.58): 10 learners (Learners 11-20)
3. High-proficiency group (1.64—1.96): 11 learners (Learners 21-31)

Learner 1 received the lowest teacher score (0.99), whereas Learner 31 received the
highest (1.96). In comparison, the ASR system ratings yielded the following distributions:

e Whisper classified 5 learners as low-, 4 as medium-, and 10 as high-proficiency;
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e Auzure classified 6 learners as low-, 4 as medium-, and 7 as high-proficiency;
e (ladia classified 7 learners as low-, 5 as medium-, and 8 as high-proficiency.

These results suggest that the consistency between ASR systems and teacher
assessments increased for learners in the high-proficiency group.

Regarding extreme values, Whisper assigned the lowest score to Learner 4 (0.60),
Azure to Learners 3 and 16 (0.70), and Gladia to Learner 5 (0.75). Whisper’s highest score
was for Learner 22 (1.90), Azure’s for Learner 27 (1.85), and Gladia’s for Learners 22, 24,
and 28 (1.80). The variation in highest and lowest scores across teachers and ASR systems
indicates that ASR assessments are influenced by learner proficiency levels.

4.4 Extremum Cases and Pronunciation Characteristics

According to the percentage difference values, the ASR scores for Learner 1 were
as follows: Whisper overestimated the learner’s performance by 36% (1.35), Azure
underestimated it by 14% (0.85), and Gladia overestimated it by 46% (1.45).

Several characteristics emerged from Learner 1°s pronunciation analysis conducted
by the authors. The pronunciations of ““&Jifi”” and “H 4" were clearly inaccurate, and most
teachers assigned scores of 0 or 1. However, both Whisper and Gladia correctly recognized
these utterances. Conversely, Whisper and Azure failed to recognize “%“<.”, whereas
Gladia succeeded. These findings suggest that ASR assessments for low-proficiency
learners are influenced not only by the learners’ pronunciation characteristics but also by
system-specific recognition criteria In this case, Azure’s score was the closest to the teacher
assessment, and the difference was not statistically significant according to the Wilcoxon
signed-rank test.

For the highest-proficiency learner (Learner 31, teacher score = 1.96), the ASR
scores were as follows: Whisper underestimated the performance by 18% (1.61), Azure by
13.27% (1.70), and Gladia by 11% (1.74). Pronunciation checks conducted by the authors
revealed that Learner 31’s pronunciations were highly native-like and contained no
noticeable segmental errors. However, the duration of each pronunciation was relatively
long, which may have caused recognition difficulties for the ASR systems. Sunaoka (2018)
notes that excessive pronunciation length can negatively affect recognition accuracy,
potentially leading to insertions, omissions, and other errors. In this case, Gladia’s
assessment was the closest to the teacher evaluation, and the difference was not statistically
significant based on the Wilcoxon signed-rank test.

5. Analysis of Pronunciation Characteristics

5.1 Rating Results of Six Pronunciation Categories

To address RQ2—whether these recognizers have the potential to identify
pronunciation difficulties—we examined the ASR ratings from the perspective of
pronunciation characteristics. The 20 target words were classified into six major categories
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based on the initial consonant of the first character: bilabial, apical, velar, palatal, retroflex,
and alveolar. Because of the small sample size in each category, the following findings
should be regarded as exploratory and interpreted as case-study evidence. Table 5 presents
the mean ASR percentage difference scores for each category.

Table 5 ASR Percentage Difference Scores Based on Pronunciation Categories

Pronunciation Category = Whisper  Azure Gladia
Bilabial 1.9% -17.0% 5.0%
Apical -1.8% -10.7% -7.7%
Velar -9.4% -23.3% -12.6%
Palatal 17.6% 5.7% 17.6%
Alveolar -34.2% -53.0% -17.1%
Retroflex -9.8% -18.0% -23.3%

The results indicate that ASR ratings varied across pronunciation categories. All
ASR systems tended to underestimate learner performance relative to teacher ratings, with
the exception of palatal sounds. For apical sounds, the percentage differences across the
systems were relatively small, whereas alveolar sounds exhibited much larger variation.
The mean teacher score for apical sounds was1.69, while alveolar sounds received a lowerr
mean score ofl.17. These findings suggest that the degree of consistency between ASR
assessments and teacher evaluations is strongly influenced by the specific pronunciation
characteristics of each sound category.

5.2 Bilabial Sound Words

Table 6 ASR and Teacher Scores of Bilabial Sound Words

Vocabulary Initial Final Whisper Azure Gladia Teacher
(S p bilabial/zero initial ian/i  1.74 1.03 1.74 1.37
e b bilabial/z alveolar ei/ou  1.48 145 155 1.64
b b bilabial/j palatal ~ ei/ing 1.87 1.65 187 1.75
SESR m bilabial/c alveolar ai/ai 1.74 0.97 1.74 1.72
QR f labiodental/x palatal ang/in  1.26 1.48 1.45 1.45

Table 6 presents the scores of the bilabial sound words assigned by the ASR
systems and the teachers. The results of the Wilcoxon signed-rank tests indicate significant
differences between teacher ratings and ASR scores for “{i £ (Whisper: p =.003; Gladia:
p = .045), “Jb 5 (Whisper: p = .028; Gladia: p = .020), and “3£32” (Azure: p < .001),
whereas no significant differences were observed for “Jl &> or “Hif.(».”

For “f# ' ,” which involves the aspirated consonant /p/ combined with the
compound final /ian/, Whisper and Gladia assigned higher scores than the teachers. Azure’s
ratings did not significantly differ from teacher assessments. Student pronunciation
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analysis conducted by the authors confirmed that while learners could distinguish between
aspirated /p/ and unaspirated /b/, both the strength and duration of aspiration were
insufficient, which may have contributed to the different recognition outcomes across
systems.

For “33%,” Azure assigned an exceptionally low score, with recognition errors
frequently occurring in the second syllable—for example, producing “7£” or “JF.”” Learner
pronunciation checks revealed that although students’ /c/ pronunciations were
distinguishable, insufficient aspiration strength may have caused Azure's performance to
diverge from that of the other two ASR systems.

Although Japanese lacks the /f/ sound and previous research by Fang et al. (2015)
reported that /f/ is often confused with /h/ by Japanese learners, such confusion was not
observed for “i#:L»” in this study. A possible explanation is that the vowel /a/ exists in
Japanese, and when combined with /f/, the overall phonetic structure becomes easier for
learners to produce, reducing the likelihood of confusion.

5.3 Apical Sound Words
Table 7 ASR and Teacher Scores of Apical Sound Words
Vocabulary Initial Final Whisper Azure Gladia Teacher
Wy fe tapical/d apical ~ ing/ong 1.48 1.29  1.58 1.72
RK n apical/j palatal ~ i/ia 1.74 1.65 126  1.68
2z 1 apical/sh retroflex ao/zero  1.74 1.58 1.84  1.68

There were three apical-initial words in the learner dataset, as shown in Table 7.
The results of the Wilcoxon signed-rank tests indicate that a significant difference between
ASR and teacher scores occurred only for “¥2/Jifi” (Gladia: p = .023). This suggests that
Gladia may overestimate learners’ productions of apical sounds, whereas the assessments
provided by Whisper and Azure were consistent with teacher ratings.

5.4 Velar Sound Words

Although six words contained velar-initial sounds, the Wilcoxon signed-rank test
results showed no significant differences between ASR and teacher scores for five of the
items. The only exception was “4"<,”, for which significant differences were found across
all systems (Whisper: p <.001; Azure: p <.001; Gladia: p =.003).

Table 8 ASR and Teacher Scores of Velar Sound Words

Vocabulary Initial Final  Whisper Azure Gladia Teachers
B k velar/q palatal ~ e/i 0.13 0.16 0.52 1.06
IR g velar/s alveolar ao/u 1.45 1.32 126 1.60
TAE g velar/z alveolar ong/uo 1.94 148 194 1.79
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Vocabulary Initial Final  Whisper Azure Gladia Teachers
1Rz h velar/zero initial en/yuan 1.71 1.23 129 1.57
Ifnz, h velar/ch retroflex ao/zero 1.64 1.55 139 1.52
I k velar/f bilabial ~ a/ei 1.90 1.87 174 1.84

The ratings for “2% 5 indicate that students’ primary difficulties with velar sounds

involve the /e/ final and aspiration control. Learner pronunciation checks showed that only
a few of the 31 students produced “& "<, with relative accuracy. The pronunciation errors
observed fell into three main categories: (1) insufficient aspiration of /k/, (2) errors in the
/e/ final, and (3) tone errors. ASR recognition outputs included forms such as “#-2¢,” “%
iZ,” and “URi,” reflecting these deviations.

In contrast, ASR recognition of “IJIME,” which shares the same initial /k/, exhibited
high consistency with teacher ratings. This disparity suggests that ASR recognition errors
for velar-initial words vary according to initial-final combinations. In other words, such
contrasts may help elucidate specific pronunciation difficulties among learners.

5.5 Palatal Sound Word and Alveolar Sound Word

Table 9 ASR and Teacher Scores of Palatal Sound and Alveolar Sound Words

Vocabulary Initial Final Whisper Azure Gladia Teacher
R x palatal/x palatal ue/iao  1.87 1.68  1.87 1.59
] B ¢ alveolar/d apical i/ian 0.77 0.55 097 1.17

Only one palatal-initial word and one alveolar-initial word were included in the
learner data. The Wilcoxon signed-rank test results showed significant differences between
teacher and ASR scores for “21%” (Whisper: p = .018; Gladia: p = .010) and for ““ir] 4
(Whisper: p =.002; Azure: p <.001).

For the palatal-initial word “*#5,” ASR systems tended to overestimate learner
performance. Learner pronunciation checks indicated that students generally produced the
palatal fricative /x/ accurately, whereas the final /u/ was often omitted or realized as “xie.”
These deviations may have been insufficiently penalized by the ASR systems, leading to
higher scores than those assigned by teachers.

For the alveolar-initial word “7id] # " ASR systems tended to underestimate
performance relative to teacher ratings. Recognition outputs frequently included “ji dian”—
type errors (e.g., “ZF4iL,” “#1 £1”), suggesting that learners often substituted the aspirated
alveolar affricate /c/ with the unaspirated palatal affricate /j/. This substitution reflects
insufficient aspiration in producing /c/, and ASR systems appeared highly sensitive to this
cue, resulting in lower scores.
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5.6 Retroflex Sound Words

Retroflex consonants constitute a phonetic category unique to Mandarin and are
entirely absent from the Japanese phonological system; thus, they represent one of the
greatest pronunciation challenges for Japanese learners. Both ASR and teacher ratings for
retroflex-initial words tended to be low. The Wilcoxon signed-rank test showed a
significant difference only for Gladia’s score for “ " (p <.001).

Learner pronunciation checks indicated that the primary difficulty with % &>
stemmed from the retroflex affricate /ch/. Many students failed to produce sufficient
tongue-tip retroflexion, resulting in ASR outputs such as “YI.” and “5%.” Additionally,
because “ . 1> contains the retroflex final /er/, this likely contributed to Gladia’s
substantially lower score relative to teacher ratings.

Table 10 ASR and Teacher Scores of Retroflex Sound Words

Vocabulary Initial Final  Whisper Azure Gladia Teachers
O ch retroflex/ch retroflex ang/ang 1.10 0.65 0.71 1.10
TR zh retroflex/zero initial u/i 1.16 0.84 161 121
—+ zero initial/sh retroflex er/zero 1.10 1.55 023 1.41
H A r retroflex/b bilabial ~ zero/en 1.45 .32 1.55 1.59

Overall, the word-level analyses preliminary demonstrate that ASR assessments are
strongly affected by specific pronunciation characteristics, and that initial-final
combinations play a crucial role in determining the degree of alignment between ASR and
teacher evaluations. Individual initials or finals may yield high recognition accuracy when
paired with certain syllables, as in “BIFE,” or low accuracy when combined differently, as
in “Z“<.” Such contrasts in acoustic features suggest that ASR outputs may help identify
learner pronunciation difficulties based on systematic patterns across syllable structures.

6. Conclusion and Future Work

In this study, we examined how effectively three ASR systems—Whisper, Azure,
and Gladia—evaluate Japanese learners’ Mandarin word-level pronunciation by
comparing ASR-generated scores with ratings provided by experienced teachers. Two
research questions were addressed: (1) To what extent do ASR systems assess learner
pronunciation in a manner consistent with teachers? (2) Do ASR systems have the potential
to identify learner pronunciation difficulties? A scoring scheme was developed to
quantitatively evaluate the utterances of 31 Japanese learners producing 20 Chinese words,
and ASR-teacher comparisons were conducted from the perspectives of learner
proficiency and pronunciation characteristics.

Analyses based on learner-level scores showed that although all three ASR systems
tended to underestimate learner performance relative to teachers, Whisper provided the
most teacher-like assessments overall. With regard to individual proficiency levels, Azure
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aligned most closely with teacher ratings for the lowest-proficiency learner, whereas
Gladia showed the highest alignment for the highest-proficiency learner. These patterns
suggest that ASR performance is influenced by learner proficiency. These results are partly
consistent with those reported by Hirai and Kovalyova (2024), who also observed
variability in ASR performance depending on phonetic features for English non-native
speakers.

Word-level analyses preliminary revealed that ASR assessments were strongly
affected by specific pronunciation features, particularly the interaction between initials and
finals. Velar-initial words showed the highest overall consistency with teacher ratings,
except for “"X,” whereas alveolar-initial words exhibited the largest discrepancies.
Single-syllable initials or finals may yield high or low recognition accuracy depending on
their syllabic combination, as demonstrated by the contrast between “BIHE” and “&<.”
These contrasts indicate that ASR outputs may be used to identify pronunciation
difficulties by analyzing systematic acoustic deviations.

The findings suggest that ASR systems have the potential to provide teacher-like
assessments of learners’ pronunciation. However, learner proficiency and pronunciation
features should both be taken into account when implementing ASR systems for
pronunciation learning and practice.

Additionally, the standard deviations among the five professional teachers ranged
from 0.17 to 0.34, demonstrating that even trained raters exhibit individual differences
when assessing learner pronunciation. This finding underscores the need for objective
scoring methods and highlights the potential value of ASR systems as auxiliary tools in
computer-assisted pronunciation training (CAPT). While ASR systems cannot fully
replace human evaluators, they can provide consistent, phoneme-level assessment and
reduce teacher workload, particularly in large-scale or formative assessment contexts.

This study has several limitations. Future research should expand the word set to
encompass a wider range of phonetic features and include learners with more diverse
proficiency levels. Further work should also examine ASR performance at the sentence
and paragraph levels and incorporate additional scoring criteria to support the development
of more comprehensive and objective assessment frameworks.

In summary, the findings highlight both the potential and the current limitations of
applying ASR technologies to CAPT for Mandarin Chinese and provide insights for
designing more effective pronunciation assessment and feedback systems.
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