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Abstract 

This study investigates the effectiveness of a computer-assisted pronunciation training (CAPT) system on 
second language learners’ acquisition of three grammatical features. It presents a CAPT system on top of 
a phoneme-based, fine-tuned speech recognition model, and is intended to deliver explicit, corrective 
feedback on the pronunciation of the Arabic feminine grammatical morpheme tied /taa/ in three Arabic 
phrases: the construct state, the definite noun-adjective, and the indefinite noun-adjective. A total of 26 
American college students studying Arabic were assigned to two groups. The control group received the 
traditional in-class instruction while the experimental group used the CAPT system. Prior to the 
experiment, a pretest was administered to examine learners’ pronunciation performance, and a posttest 
was carried out after the experiment. The results showed that the experimental group performed 
significantly better in the posttest than the control group, suggesting that the explicit, corrective feedback 
helped learners improve their pronunciation of the three phrases. It also showed that learners were more 
knowledgeable about the three phrases based on grammatical cues, suggesting that CAPT systems are a 
promising method for supplementing pronunciation-based instruction and improving awareness of 
grammatical features reflected in the phonology of a language.  
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Introduction 

The increasing demand for artificial intelligence (AI) technology, especially speech-based AI systems, 
has significantly transformed our lifestyles. These AI speech tools have the potential to revolutionize 
language learning, conversation practice, and pronunciation. Large speech models can be integrated into 
computer-assisted pronunciation training (CAPT) systems to teach conversation, pronunciation, and other 
language skills, such as grammar. CAPT tools can provide instant feedback, helping learners correct their 
mistakes in real-time. They can simulate natural conversations, offering a way to practice speaking with a 
virtual partner. Such systems can also recognize and adapt to different accents, ensuring personalized 
learning experiences. In terms of pronunciation, CAPT tools can analyze speech patterns and provide 
detailed guidance on how to improve, helping learners sound more like native speakers. Overall, these 
speech tools make language learning more interactive, efficient, and accessible for everyone. 

According to the order of acquisition concept, language acquisition happens in terms of a series of stages 
(Kuhl, 2004; Werker, 2018), where the early stages are marked by the acquisition of prosody, phonetic 
features, vocabulary, basic syntactic structures and grammar (Friedmann et al., 2021; Kuhl et al., 1992; 
Mazuka et al., 2011,). Additionally, research has shown that learners acquire language through 
conversation, where they are exposed to the community language by expert speakers, indicating the 
importance of conversational experiences in language acquisition (Clark, 2018). Several interactive tools 
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and chatbots can enhance language learning and aid both language instructors and learners by facilitating 
interaction (Lu et al., 2006). Research has also shown that CAPT-based ASR systems can help with 
spoken grammar practice (de Vries et al., 2014), especially if they are equipped with corrective feedback 
(Dlaska & Krekeler, 2013; Neri et al., 2006). There is not enough time for practice and feedback on 
speaking and conversation in language classrooms (Ehsani & Knodt, 1998; Hsu, 2015; Timpe-Laughlin et 
al., 2020; Tsai, 2019), highlighting the necessity for conversational agents, pronunciation scoring 
systems, mispronunciation detection tools, and CAPT systems. 

With the rapid development of AI speech-based models, the design of CAPT systems can serve several 
acquisition and pedagogical purposes. CAPT systems facilitate the simultaneous acquisition of 
pronunciation, grammar, and vocabulary, which would assist learners in their productive practice (Fouz-
Gonzalez, 2020) and provide feedback that can greatly enhance the teaching of grammatical features (de 
Vries et al., 2014). CAPT systems can help learners acquire prosodic features, grammar, and lexical 
meaning through interactions (Blake et al., 2024; Boitsova et al., 2018; Tanner & Landon, 2009).  In 
addition, these tools are useful for reducing L2 learners’ mispronunciation errors when compared with in-
class only instruction on pronunciation (Luo, 2014). 

Arabic is both a less commonly taught and understudied language in the context of CAPT systems. This 
gap highlights the need for more attention and resources to be directed towards enhancing CAPT systems 
for Arabic. The present study examined to what extent technology can bridge theory and practice to 
develop solutions for real challenges every instructor faces in the classroom. We believe that 
pronunciation can be an effective tool in evaluating grammar as it can act as an audible mechanism 
through which language learners do not simply memorize grammatical rules but must also apply them in 
their spoken language.  

Literature Review 

Computer-assisted Pronunciation Training (CAPT) 
Computer-assisted pronunciation training (CAPT), which is designed for self-directed pronunciation 
training, employs several technologies such as automatic speech recognition (ASR) and speech 
visualization technology to provide feedback on learners’ pronunciation (Bibauw et al., 2019; Tsai, 2019). 
A typical CAPT system involves ASR technology that transcribes students’ speech into written strings, 
and a speech visualization model (Tsai, 2019) that highlights deviations between learners’ pronunciations 
and those of native speakers, or a feedback component that detects mispronunciations and suggests ways 
to correct them (Agarwal & Chakraborty, 2019). The system should provide learners with feedback by 
identifying errors and analyzing them to enable self-correction (Tsai, 2019).  Moreover, Neri et al. (2002) 
indicated that the fundamental technology of CAPT focuses on providing learners with authentic input, 
structured output, and feedback grounded in pedagogy. The input should be authentic and engaging to 
motivate learners, while the output involves pronunciation practice arranged in stages to help learners 
acquire necessary speaking skills. Mispronunciation detection refers to the automatic identification of 
errors for non-native speakers, while pronunciation scoring involves comparing learners’ pronunciation to 
a native speaker’s pronunciation score. Both mispronunciation detection and pronunciation scoring can be 
used as independent tools or integrated into CAPT systems (Bibauw et al., 2019). 

While considerable work has been done on the design of CAPT systems, mispronunciation detection, and 
pronunciation scoring, this section reviews empirical studies on the use of these systems with human 
participants. Kochem et al. (2022) reviewed several studies that use CAPT systems to aid language 
learners in the perception and production of suprasegmental features. They concluded that there is a gap 
between the ASR-equipped software accessible to participants in research studies and the software 
available to classroom teachers and students. Similarly, Rogerson-Revell (2021) reviewed the current 
issues and future directions of CAPT technology, focusing on the interaction between technology and 
pedagogy. The author concludes that feedback remains a challenge in these systems. Additionally, more 
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collaboration between educational technologists, pronunciation experts, and teachers is required to ensure 
CAPT functionalities reflect learners’ needs. In an early empirical study, Neri et al. (2006) showed the 
effectiveness of an ASR-based Dutch CAPT system equipped with corrective feedback in improving the 
pronunciation of problematic speech sounds targeted by the automatic feedback. In a follow-up study, 
Neri et al. (2008) reported findings related to global segmental quality, demonstrating that the group 
exposed to ASR-based feedback achieved the highest average improvement. Notably, the group that 
benefited from ASR-based feedback displayed more significant improvement than the group that received 
no feedback on the segmental quality of the identified problematic phonemes. Dlaska and Krekeler (2013) 
also demonstrated that immediate corrective feedback surpassed interventions that relied solely on 
listening to improve second language comprehensibility. De Vries et al. (2014) tested a system that 
provides feedback on the spoken practice of word order in Dutch. Results showed that both the 
experimental group and the control group improved their proficiency. Although the study reported no 
significant difference in learning between the groups, the learners who received feedback provided more 
positive evaluations of the system. 

Automatic Speech Recognition (ASR) 
ASR is a technology that enables computers to convert spoken language into text. Traditional approaches 
to building ASR systems, known as modular architectures, needed several different components to 
convert speech: one to recognize sounds, another to understand language patterns, and a third to know 
how words should be pronounced. Nowadays, thanks to advances in AI, ASR systems implement 
artificial neural networks. In other words, we have newer systems that work more like a human brain. One 
example is Wav2vec 2.0 (Baevski et al., 2020), which can process speech directly–just like how we listen 
to someone talking–instead of needing all those separate tools. These newer systems are both simpler and 
demonstrate great performance. 

These neural systems learn to transcribe speech into a target form, such as a phonological transcription or 
written text. State-of-the-art models like Wav2vec 2.0 (Baevski et al., 2020) and Whisper (Radford et al., 
2023) are neural systems trained on large datasets of multilingual speech (960 hours of raw speech for 
Wav2vec and 680,000 hours of transcribed speech for Whisper). Since it would take too much time and 
money for most people to build systems like these from scratch, they instead take these trained systems 
and teach them to understand specific types of speech. This is called fine-tuning, and it is like teaching an 
experienced translator to understand a specific dialect or accent. During this fine-tuning phase, the 
model’s weights, initialized during the training phase, are adjusted to suit the new task (Devlin et al., 
2019). 

Corrective Feedback 
Timely and explicit feedback plays a crucial role in accelerating language learning. Van Doremalen et al. 
(2016) evaluated an ASR-based language learning system that provides feedback on various aspects of 
speaking performance, including pronunciation, morphology, and syntax. They found that these systems 
are not limited to pronunciation training but are also effective for mispronunciation detection, grammar 
(including morphology and syntax acquisition), and providing detailed, immediate, and corrective 
feedback. Lyster and Ranta (1997) examined the role of corrective feedback and its effectiveness in L2 
acquisition. Corrective feedback refers to the guidance provided by a teacher, peer, or another 
knowledgeable individual in response to errors made by language learners. Such feedback enables 
learners to recognize their errors, thereby enhancing their understanding of proper language forms and 
usage patterns in the target language. Moreover, this feedback fosters self-correction and improved 
language skills. 

Corrective feedback takes several forms. Explicit correction involves directly indicating that the learner’s 
utterance is incorrect and supplying the correct form. Clarification requests, on the other hand, entail 
asking the learner to repeat or clarify an utterance, signaling an error without directly correcting it. 
Metalinguistic feedback includes providing comments, information, or posing questions about the well-
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formedness of the learner’s utterance, without explicitly supplying the correct form. Finally, elicitation 
uses techniques such as posing questions or pausing to enable the learner to self-correct (Lyster &  Ranta, 
1997). The present study uses explicit corrective feedback, in which the system identifies incorrect 
pronunciations, provides an overall score, and delivers two feedback messages. 

Grammatical Background 
The construct state, or genitival phrase—a Determiner Phrase (DP) structure characterized by the 
juxtaposition of two nouns—is a phenomenon found in Semitic languages (Fehri, 1993; Ritter, 1988, 
1991; Siloni, 1997). The Arabic construct state (i.e., iDaafa) involves the juxtaposition of two nouns in a 
syntactic relationship: a head (the possessor = ʾal-muḍāf) and a complement (the possessed = ʾal-muḍāf 
ʾilīh). The Arabic construct state is equivalent to several types of nominal constructions in English. These 
include s-genitives (boy’s book), nominal root compounds (the police dog), and deverbal compounds 
(truck driver), among other constructions (Azaz, 2017; Azaz & Frank, 2017; Hawwari et al., 2016). There 
are two main differences between Arabic and English genitival phrases: head direction and definite article 
placement. First, while the head comes first in Arabic, it is final in English, except in noun-of-noun 
constructions such as “the result of the exam.” Second, the definite article is placed before the entire 
phrase, as shown in s-genitives and nominal root compounds, while the head is always indefinite and the 
complement must be definite in definite Arabic genitival phrases (Azaz, 2017; Azaz & Frank, 2017; 
Holes, 2004; Ryding, 2005). In other words, only the rightmost member of the construct state carries the 
definiteness marker. In Arabic, definiteness markers include the definite article (ʾal-), proper nouns, and 
possessive pronouns. 

The Arabic feminine marker (i.e., the tied /taa/, which appears as a final marker) can be pronounced as 
either /t/ or /h/. As shown in (1a), if the genitival phrase head ends with this feminine marker, it is 
pronounced as /t/. This asymmetry in definiteness contributes to the /t/ pronunciation. In contrast, 
symmetry in definiteness triggers the pronunciation of this feminine marker as /h/, as illustrated in (1b) 
and (1c), in definite and indefinite noun and adjective phrases. 

(1)1 a. maktabat ʾal-jāmiʿa construct state 

  library-nom the-university-gen   

  the university library  

 b. ʾal-jāmiʿah ʾal-kabīrah definite noun and adjective 

  the-university the-big   

  the big university   

 c. maktabah jāmiʿiyyah indefinite noun and adjective 

  a-library a-university  

  a university library   

 

The Arabic construct state has consistently been identified as one of the most complex and common 
structures for second language learners to comprehend. In a pair of comprehensive studies, Azaz and 
Frank (2017) and Azaz (2017) examined the specific challenges faced by second language learners when 
attempting to master the intricacies of the construct state. They identified two main issues with learning 
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the construct state: (a) the attachment of the definite article (ʾal-) to the first noun, which makes both 
nouns definite, unlike in English genitival phrases; and (b) the mispronunciation of the final tied /taa/, if 
present in the first noun, as /h/ instead of /t/. 

In summary, existing studies examined the issues with classroom time as well as the effectiveness of 
corrective feedback in teaching pronunciation and grammar. Moreover, few empirical studies have 
examined the effectiveness of acquiring grammatical features via pronunciation training. To this end, the 
present study developed ArabiPro, a CAPT system designed for Arabic pronunciation. It investigates the 
hypothesis that students who engage with supplementary computer-assisted language learning tools, 
including pronunciation training, will perform better than their counterparts who rely solely on traditional 
classroom-based conversational settings. To examine the validity of mispronunciation detection using 
ArabiPro, this paper presents a proof-of-concept study focusing on evaluating L2 speech in three primary 
Arabic phrases: the construct state, the definite noun-adjective, and the indefinite noun-adjective. 
Restricting mispronunciation detection to these three structures offers two advantages: (1) it allows us to 
evaluate the applicability of pre-trained models in mispronunciation detection, and (2) it addresses a 
pedagogical need by focusing feedback on the pronunciation challenges of the construct state, the definite 
noun-adjective structure, and the indefinite noun-adjective structure for L2 learners. 

In essence, the purpose of this investigation is not to deliver comprehensive feedback on the participants’ 
pronunciation. Instead, the objective is to assess the efficacy of explicit corrective feedback in enhancing 
the pronunciation of specific structures for novice and intermediate Arabic learners. This study addresses 
the following research question: To what extent do CAPT systems impact Arabic L2 learners' acquisition 
of grammatical features? 

Research Methods 

Participants 
The participants of the study were college students, aged between 18 and 23, learning Arabic as an 
additional language in an American higher education institution. A total sample of 26 students was 
recruited from three classes studying elementary Arabic. The textbook used in these classes is Al-Kitaab 
fii Ta’allum al-‘Arabiyya (Brustad et al., 2011). All participants spoke English as their first language, 
except for one student who spoke Chinese and five students who spoke Uzbek. This means that 20 
students were learning Arabic as their second language, while six were learning it as their third language. 
Thirteen students reported that they had been studying Arabic for one to two years, while the other 
thirteen reported studying it for one to three months. Table 1 shows the distribution of students across the 
experimental and control group based on the duration of studying Arabic. Participants were divided into 
two groups: an experimental group (20 students) and a control group (6 students). The experiment was 
conducted with IRB oversight, and all participants were compensated for their time. 

Table 1 

The Distribution of Participants across the Experimental and Control Group based on the Duration of 
Studying Arabic 

 Duration of studying Arabic 
1-2 years 1-3 months 

Experimental 9 11 
Control 6 0 
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Instruments 
The System Design 
Due to the absence of CAPT systems for Arabic, this study developed ArabiPro: a traditional system that 
involves two components. The first is a test interface used for the pretest and posttest tasks. As Figure 1 
shows, the interface prompts participants to record the pronunciation of an Arabic phrase. They are asked 
to click on the Show Phrase button every time they wish to record the pronunciation. After they see the 
phrase, they click the Record button to capture their pronunciation. They continue until they see the word 
“Thank You”. 

Figure 1 

ArabiPro Test Interface  

 
The second component is the feedback pane, shown in Figure 2, which prompts participants to pronounce 
an Arabic phrase. This interface records participants’ pronunciations, then generates and saves a report. 
The report includes the transcribed speech, an overall score, and details about the feedback provided. The 
interface has three main components: 1) the recording component shown by the button “Show Phrase and 
Record”, 2) the feedback component that displays the transcription, the score, and the explicit feedback 
message, and 3) the collapsible section that provides access to the detailed feedback when expanded.  
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Figure 2 

ArabiPro Main Interface for Explicit Feedback  
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The feedback component is designed using a fine-tuned Wav2Vec 2.0 XLS-R model (i.e., large-scale 
cross-lingually pre-trained Wav2Vec 2.0) (Babu et al., 2022), which is one of the variants of the 
Wav2Vec speech model. This fine-tuned model is phoneme-based and generates the phonetic 
transcription of a given audio file. The feedback logic is shown in Figure 3. 

Figure 3 

The Feedback Flowchart 
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According to the flowchart in Figure 3, when the audio is phonetically transcribed, the speech recognition 
model (Wav2Vec 2.0) generates phonetic transcriptions for the two words in the Arabic phrase. The 
feedback logic specifically examines the final phoneme of the first word. If the final phoneme 
corresponds to the /t/ sound, the transcribed phrase is compared to the ground truth phrases in the Ground 
Truth Idaafa dataset. If a match is found, feedback is generated based on the rules outlined in Table 2, 
selecting both the short feedback message and the extended feedback message. If no match is found, the 
phrase is directed to the Ground Truth Noun and Adjective, where the same logic is applied. To address 
mispronunciations, this component employs an implementation of edit distance, as described by Liu and 
Soh (2022). This method highlights differing segments in the transcription. While the fundamental logic 
underlines all differing segments, the feedback—both short and extended messages—focuses specifically 
on the pronunciation of the final /t/ phoneme in the first word. 

Table 2 

Custom Feedback and Extended Feedback Messages for the Three Arabic Structures  

Feedback Messages Extended Feedback 
Your pronunciation of IDaafa is correct, you 
pronounced ة in the first word as ت or /t/ as in English. 

IDaafa structure (or the construct state) is one 
of the fundamental structures in Arabic. It 
consists of two NOUNS added together to form 
a relationship of possession or belonging. In 
IDaafa, the second noun is definite (it has the 
definite article ـلا , or it is a proper noun (name 
of a person, city, etc.), or it has a possessive 
pronoun). The first NOUN in IDaafa is always 
indefinite. If it has ة at the end, it MUST be 
pronounced as ت or /t/ as in English. 

You did not pronounce ة in the first noun as ت. In 
IDaafa structure, if the first noun ends with the ة letter, 
you MUST pronounce it as ت or /t/ as in English. 

You should not pronounce the ة in the first or the 
second word as ت because this is a Noun and adjective 
structure. 

This structure is indefinite Noun and Adjective. 
Unlike IDaafa, in which the two nouns disagree 
in definiteness, NOUN and ADJECTIVE in the 
indefinite Noun and Adjective structure agree 
in GENDER (masculine or feminine), 
NUMBER (singular, dual, or plural), and 
DEFINITENESS (definite or indefinite). Both 
the noun and adjective have ة which indicates 
they are both feminine. In addition, both are 
indefinite and singular. Therefore, the ة in both 
is pronounced as ه or /h/ as in English. 

Amazing, your pronunciation of the Noun and 
Adjective structure is wonderful. 
It seems that you pronounced ة as ا. You need to 
pronounce it ه or as /h/ in English. 

You should not pronounce the ة in the first word as ت 
because this is Noun and adjective structure. 

This structure is called the definite Noun and 
Adjective. It is the same as the indefinite Noun 
and Adjective. The only difference is that it is 
definite. Similarly, the ة, in both the NOUN 
and ADJECTIVE, is pronounced as ه or /h/ as 
in English. 

 

Amazing, your pronunciation of the Noun and 
Adjective structure is wonderful. 
It seems that you pronounced ة as ا. You need to 
pronounce ة as /h/ in English. 

 

It is important to note that ArabiPro’s reliance on edit distance stems from the task’s specific focus on 
providing feedback for the pronunciation of three similar Arabic phrases. While our fine-tuned, phoneme-
based Wav2Vec 2.0 model for mispronunciation detection can highlight mispronounced segments within 



10 Language Learning & Technology 
   

 
 
a phrase (as shown in Figure 2), ArabiPro integrates edit distance with the custom feedback messages 
outlined in Table 2. This combination provides targeted corrective feedback to help learners acquire the 
grammatical features necessary to differentiate between the three similar Arabic phrases. This approach is 
adopted for three primary reasons. First, ArabiPro serves as a proof-of-concept, illustrating how explicit 
corrective feedback can improve learners’ pronunciation of specific language structures, such as the 
Arabic constructs examined in this study. Second, the phoneme-based, fine-tuned Wav2Vec 2.0 model 
exhibited biases, likely due to the frequency of certain phonemes and the size of the dataset used during 
fine-tuning. Third, providing comprehensive feedback on all differing phonemes and segments in a phrase 
requires the implementation of numerous rules, as demonstrated in Table 2.  

Materials 
The study utilized fifteen common phrases familiar to the participants, classified into three groups 
corresponding to the structures under examination: the construct state (N=5), the definite noun-adjective 
phrase (N=5), and the indefinite noun-adjective phrase (N=5). The selection of these phrases was guided 
by the overlap among lexical items and the inclusion of the definite article (al-) within the phrases. The 
positioning of the definite article was particularly important, as it provides key information necessary for 
accurate phrase pronunciation. 

The data (see Appendix A) illustrates the distribution of lexical items such as library, university, and big 
in conjunction with the definite article across the three structures. This distribution aims to examine 
whether the repetition of words across distinct structures, along with the varying placement of the definite 
article, influences Arabic L2 learners' pronunciation of these phrases. Additionally, it investigates whether 
learners can distinguish between the three structures based on the location of the definite article. Notably, 
the data reveals that the first word in these phrases consistently ends with the Arabic tied /taa/, 
pronounced as /t/ in the construct state structure and as /h/ in the noun and adjective phrases. 

Data Collection procedure 
The intervention group participants (N=20) completed on-site testing at the University of Arizona's 
phonetics laboratory, while the control group participants (N=6) recorded their phrases remotely. The 
experiment lasted between 30 to 50 minutes for the intervention group, depending on the participants’ 
proficiency levels. Two laptops, each equipped with the ArabiPro interface, were set up for participants. 
As shown in Figure 1, the study employed a pretest-posttest design. During the pretest and posttest 
phases, participants were instructed to pronounce the phrases without receiving feedback. For the 
intervention group, feedback was provided only during the feedback phase, where they pronounced the 
same set of structures and received pronunciation scores along with explicit corrective feedback. The 
phrases were randomized in each phase, and no supplementary information—such as structure type, 
meaning, or the experiment’s logic—was shared with the participants. We measured the impact of explicit 
feedback on the pronunciation of three Arabic phrases while controlling for experimental variables. 
Factors such as gender, age, and proficiency level of participants were not considered relevant in this 
study but will be addressed in future research. 

Data Analysis 
Drawing upon the pretest and posttest audio recordings from the two groups, the pronunciation of the 
final tied /taa/ was classified as either /t/ or /h/. Each pronunciation was then evaluated as correct, 
assigned a numerical value of 1, or incorrect, assigned a numerical value of 0. With a sample size of 26 
individuals, 15 distinct phrases, and two tasks, the dataset included a total of 780 data points. The 
structure of the dataset is as follows: Subjects which is a categorical variable with 26 levels (one for each 
participant); Phrase as a categorical variable with 15 levels, representing the phrases used; Phrase Type as 
a categorical variable with three levels: construct state, indefinite noun and adjective, and definite noun 
and adjective; Time which is a categorical variable with two levels: pretest and posttest; Group as a 
categorical variable with two levels: experimental and control; and Score as a binary variable with two 
levels: 0 (incorrect) and 1 (correct). The analysis employed mixed-effects linear models from the lme4 
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package (Bates et al., 2015) in R (R Core Team, 2013). The response variable was score, a binary variable 
representing correct pronunciation (1) or incorrect pronunciation (0). The predictors analyzed include 
time, group, phrase type, and its interactions with time and group. Random effects are subjects and 
phrase. We conducted two generalized linear mixed tests.  

Results 
Descriptive Statistics 
Figure 4 illustrates a significant improvement between the pretest and posttest stages for the experimental 
group, particularly in the construct state. Additionally, there is a slight increase in performance for the 
definite noun-adjective structure, whereas the indefinite noun-adjective structure shows stronger 
performance during the pretest phase. For the control group, an increase is observed from pretest to 
posttest for both the construct state and the definite noun-adjective structure. However, performance 
remains consistent for the indefinite noun-adjective structure. 

Figure 4 

The Mean Rates for the Three Types of Phrases in the Pretest and Posttest for the Experimental and 
Control Groups 

 
Numerically, in the pretest for the construct state, the mean for the experimental group was 0.37 (SD = 
0.48), compared to 0.43 (SD = 0.50) for the control group. In the posttest, the mean for the experimental 
group increased to 0.86 (SD = 0.34), while the control group rose slightly to 0.53 (SD = 0.50). For the 
definite noun-adjective structure, the pretest mean for the experimental group was 0.53 (SD = 0.50), 
compared to 0.46 (SD = 0.50) for the control group. In the posttest, the mean for the experimental group 
increased to 0.86 (SD = 0.46), while the control group showed a smaller rise to 0.50 (SD = 0.50). 
Regarding the indefinite noun-adjective structure, the pretest mean for the experimental group was 0.64 
(SD = 0.48), while the control group recorded 0.56 (SD = 0.50). However, in the posttest, the mean for 
the experimental group decreased slightly to 0.62 (SD = 0.48), with the control group remaining constant 
at 0.56 (SD = 0.50). 
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Generalized Linear Mixed Models 
The inspection of Figure 4 suggests that the intervention impacts the scores between the pretest and 
posttest. This hypothesis is statistically tested using two generalized linear mixed models. These models 
are employed to analyze the interaction between group and time, as well as to identify the most 
contributing level (construct state, definite noun-adjective, or indefinite noun-adjective) within the 
categorical factor of type. 

Model 1 
This model examines the relationship between pronunciation scores (correct vs. incorrect) as the response 
variable, with group (experimental and control) and time (pretest and posttest) as fixed effects. It also 
accounts for the random effects of individual participants and phrases. The formula is: score ∼ group * 
time + (1|subject) + (1|phrase).  

Table 3 

Model 1 Results 

Fixed Effects Random Effects 
 Estimate Std. Error Pr (>|z|)  Variance SD 
Intercept 0.14 0.26 0.59 Subject 0.00000003026 0.00017 
Group 0.87 0.25 0.0006*** Phrase 0.3416 0.58444 
Time - 0.19 0.31 0.53    
Time x Group - 0.76 0.35 0.031*    
Note. Score is the response variable while time (pre/post) and group (experimental/control) are the predictors. The 
random effects are subject and phrase. The reference group is “control” while the reference test is “pretest” 

 

The effect size of this model is large (Cohen’s d = -0.87) (Cohen, 1988), suggesting that the difference 
between the two groups is substantial. The negative value of the effect size suggests that the mean score 
for the reference group (control) is smaller than that of the experimental group. According to Table 3, the 
model’s intercept, corresponding to the control group and posttest as the base reference levels, is 0.14 
(95% CI [-0.38, 0.66], p = 0.597). 

The effect of the experimental group is statistically significant and positive (β = 0.87, 95% CI [0.37, 
1.38], p < .001; SE = 0.87, 95% CI [0.37, 1.38]). This effect indicates that both groups pronounce the 
fifteen phrases differently. The effect of the pretest is statistically non-significant and negative (β = -0.19, 
95% CI [-0.80, 0.42], p = 0.535; SE = -0.19, 95% CI [-0.80, 0.42]). The effect of the interaction between 
group and time is statistically significant and negative (β = -0.77, 95% CI [-1.47, -0.07], p = 0.032;  
SE = -0.77, 95% CI [-1.47, -0.07]). The 95% confidence interval (CI) does not cross zero, indicating 
statistical significance at the 0.05 level. However, the estimate’s precision is poor, as the difference 
between the groups ranges from as little as 0.07 to as much as 1.47 points. Consequently, rather than 
conclusively indicating a difference or no difference, we interpret the result as suggesting that the 
difference is minimal. 

Model 2 
This model extends the computational complexity of the first model by incorporating phrase type into the 
analysis. Similar to Model 1, score is used as the binary response variable. The predictors include time 
(pretest and posttest), group (experimental and control), type (construct state, definite noun-adjective, 
indefinite noun-adjective), and their interactions. Since type has three levels, it is encoded using two 
contrasts. We applied contrast coding, which takes the grand mean as the intercept and compares each 
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factor level to a designated reference level. For this analysis, indefinite noun-adjective was selected as the 
reference level by re-leveling the factor as follows: 1- indefinite noun and adjective, 2- definite noun and 
adjective, and 3-construct state. This setup produces two contrasts: NoCS (NoConstructState) which is the 
difference between the outcomes for definite noun-adjective and indefinite noun-adjective and CS 
(ConstructState) as the difference between the outcomes for construct state and indefinite noun-adjective. 
The formula is: score ∼ group ∗ time ∗ CS ∗ NoCS + (1|subject).  

Table 4 

Model 2 Results 

Fixed Effects Random Effects 
 Estimate Std. Error Pr (>|z|)  Variance SD 
Intercept   0.13 0.21  0.526   Subject 0  0 
Group   0.88  0.25  0.0004***     
Time - 0.17  0.29  0.551     
CS - 0.13  0.519  0.796     
NoCS - 0.26  0.518  0.605     
Group x Time - 0.78  0.35  0.024*    
Group x CS - 1.46  0.628  0.020*    
Group x NoCS 0.53  0.59  0.373     
Time x CS - 0.40  0.735  0.584     
Time x NoCS - 0.13  0.73  0.855     
Group x Time x CS - 2.03  0.867  0.019*    
Group x Time x NoCS - 0.58  0.84  0.487     
Note. Score is the response variable. The predictors are time (pre/post), group (experimental/control), type, which is 
coded as two contrasts: NoCS (i.e., NoConstructState) and CS (i.e., ConstructState). The random effects are 
subjects. The reference group is “control” while the reference test is “pretest.” CS (the difference between the 
outcomes for construct state and indefinite noun and adjective structure), NoCS (the difference between the 
outcomes for the definite noun and adjective structure and the indefinite noun and adjective structure).  

 

This model provides insight into participants' performance based on the complexity of the construct state 
phrase. Specifically, it allows us to investigate significant differences in response times across phrase 
types and to determine whether these differences change between the pretest and posttest. 

Moreover, the effect of the interaction (group x time x CS) is statistically significant and negative (β = -
2.03, 95% CI [-3.73, -0.33], p = 0.019; SE = -0.96, 95% CI [-1.76, -0.16]) as shown in Table 4. The effect 
of (group x time x NoCS) is statistically non-significant and negative (β = -0.59, 95% CI [-2.24, 1.07], p 
= 0.487; SE = -0.28, 95% CI [-1.06, 0.50]). These results support the previous model’s evidence that 
corrective feedback impacts the pronunciation of second language learners. This is evident in the results 
of the interaction (group x time) (95% CI [-1.47, -0.10], p = 0.025). However, the different phrases (i.e., 
levels of the categorical factor type) plays a role in the interaction. The effect of the interaction (group x 
time x CS) is statistically significant (95% CI [-3.73, -0.33], p = 0.019) and negative.  

Discussion 

This study examined the use of a CAPT tool, ArabiPro, to identify the mispronunciation of the Arabic 
tied /taa/ and to assess the extent to which explicit corrective feedback improves its pronunciation in three 
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Arabic structures: the construct state, the definite noun-adjective phrase, and the indefinite noun-adjective 
phrase. Mispronunciation of the tied /taa/ often presents challenges in learning the construct state, a 
grammatical phenomenon common to Semitic languages. The experiment results demonstrated that the 
intervention group outperformed the control group. The study yielded two key findings. First, explicit 
corrective feedback was shown to help second-language learners improve their pronunciation of the three 
phrases. These findings align with previous research highlighting the utility of ASR-based feedback (Neri 
et al., 2006, 2008; Dlaska & Krekeler, 2013; de Vries et al., 2014). This was evident in the results of the 
first generalized linear mixed model, as indicated by the significant interaction term (group × time). The 
95% confidence interval [-1.47, -0.07] confirms a difference between the experimental and control groups 
although the difference is small. 

Second, the analysis revealed that participants demonstrated greater knowledge of the definite and 
indefinite noun-adjective structures compared to the construct state in both the pretest and posttest stages. 
This trend, illustrated in Figure 4, highlights the raw statistics previously discussed. The findings suggest 
that the symmetry created by definiteness/indefiniteness in the noun-adjective structures played a crucial 
role in facilitating accurate pronunciation of the tied /taa/. Conversely, participants showed confusion 
with the construct state, likely due to the linguistic asymmetry caused by the lack or presence of 
definiteness in other forms, such as possessive pronouns or proper nouns. This was further supported by 
the results of the second generalized linear mixed model, which showed the significance of the interaction 
term group × time × CS (i.e., ConstructState). The construct state, as a categorical level, contributed more 
significantly to this interaction than the definite or indefinite noun-adjective structures. This suggests that 
the CAPT system, enhanced with explicit corrective feedback, effectively supported participants' 
acquisition of grammatical features specific to the construct state. 

Interestingly, the performance on indefinite noun-adjective phrases was consistent between the pretest 
and posttest for the control group. However, for the experimental group, performance was better in the 
pretest than in the posttest, suggesting a potential negative effect of the intervention or corrective 
feedback. This negative outcome may stem from the distribution of training items, which possibly 
confused participants and led them to incorrectly pronounce /taa/ as /t/ in these phrases. As a result, 
participants' knowledge of the indefinite noun-adjective structure was negatively impacted. 

This finding aligns with existing literature highlighting the challenges second-language learners face in 
acquiring the Arabic construct state. Azaz and Frank (2017) provided empirical evidence suggesting that 
novice Arabic learners show sensitivity to the distinction in head direction as they develop construct state 
constructions. The process of learning the definite construct state in Arabic as a second language is 
conceptualized as a two-step sequential event: first, learners restructure the head direction—a feature of 
high salience—followed by acquiring the concept of definiteness, a feature of lower salience. 
Furthermore, Azaz (2017) found that both beginner- and intermediate-level learners demonstrated a more 
advanced understanding of head direction due to its high salience. However, they were expected to show 
a similar level of knowledge about definiteness, which is less salient. Notably, beginner learners exhibited 
significant uncertainty regarding the placement of the definite marker, underscoring the complexity of 
acquiring this grammatical feature. 

The implications of these findings suggest that neural ASR systems can be valuable tools for instructors 
in classroom settings by providing targeted training on specific, complex grammatical structures. While 
the fine-tuned Wav2Vec 2.0 speech model shows potential, it currently exhibits some accuracy 
limitations. As a result, incorporating specific rules to deliver feedback, as outlined earlier, enabled 
participants to derive meaningful benefits from the system. In other words, Wav2Vec 2.0, in its 
standalone form, is insufficient for providing feedback, necessitating additional modifications for optimal 
use. The feedback component was enhanced with detailed messages tailored to the phrases under 
investigation, demonstrating the system’s ability to assist in pronunciation training effectively. The 
potential for system enhancement includes expanding its scope to address other phonemes, such as 
gutturals and emphatics, and generalizing this approach for application in other languages. Additionally, 
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fine-tuning Wav2Vec 2.0 on phonemes offers promise for its broader use in language learning and 
instruction. 

The pedagogical implications of this study align with key points raised by Rogerson-Revell (2021), 
particularly the need for effective CAPT systems to strike a balance between technological capabilities 
and pedagogical principles. Instead of relying solely on the spontaneous rules generated by ASR systems, 
our CAPT tool incorporates structured, pedagogically grounded corrective feedback that mirrors the 
methods instructors use to teach the grammatical concept under investigation in the classroom. This 
approach ensures that learners receive targeted and contextually relevant guidance, reinforcing their 
understanding of linguistic structures through deliberate practice. 

 Unlike traditional CAPT systems, which often emphasize repetition, mimicry, and drilling, as Rogerson-
Revell critiques, our system represents a shift toward integrating technology with academic collaboration 
to address the practical needs of both learners and educators. In our future updates of the system, we 
would embed classroom-tested pedagogical strategies into the feedback mechanism. Furthermore, the use 
of CAPT tools like ArabiPro can be enhanced through classroom integration. For example, instructors can 
design activities where learners alternate between system-based feedback sessions and in-class 
discussions to reflect on their progress. Teachers might also employ peer review exercises, where students 
critique each other's pronunciation using insights gained from the CAPT system. However, the practical 
application of these approaches is often hindered by a gap between the ASR-equipped software used in 
research studies and the tools available to classroom teachers and students (Kochem et al., 2022). 
Addressing this gap is a key priority for future work.  

We believe that pronunciation serves as an effective tool for evaluating grammatical features. For 
instance, English articles such as a, an, and the, as well as the -s and -ed verb endings, carry distinctive 
phonetic characteristics. Correct pronunciation of these elements reflects an understanding of their 
corresponding grammatical rules. Similarly, in languages with gendered nouns like Arabic, the accurate 
pronunciation of the construct state or noun-adjective agreement reveals an understanding of grammatical 
gender. Phonetic cues can signal grammatical elements such as tense, mood, or aspect, where specific 
inflections or sound changes indicate different grammatical states. In this way, pronunciation functions as 
an audible mechanism through which language learners not only memorize grammatical rules but also 
apply them in spoken language. This dual role makes pronunciation a valuable method for reinforcing 
grammatical understanding. 

Limitations 

This study has several limitations. First, due to constraints around availability, the experiment involved a 
modest participant pool (20 in the experimental group; 6 in the control group). Our choice of the 
statistical model was motivated in part for its ability to mitigate the effect of group imbalance. Based on 
the results of the analysis, there is a large effect size (Cohen’s d = -0.87) (Cohen, 1988), indicating that 26 
participants are an acceptable sample size to derive this effect size and significance level (Faul et al., 
2007). The larger experimental group was necessary to detect the treatment effects with sufficient power. 
Future studies building on the findings from this initial investigation will better balance the group.  

Second, the focus on a single grammatical feature may not provide a comprehensive evaluation of the 
corrective feedback's overall effectiveness. The decision to concentrate on just one grammatical aspect 
stems from the practical challenges associated with developing multiple corrective feedback mechanisms. 
Creating and implementing tailored feedback for a wide array of grammatical features using this same 
methodology would require extensive time and resources, making the process laborious and potentially 
unwieldy. The findings offered valuable insights into the effectiveness of using feedback on 
pronunciation to implicitly teach grammatical features. Future research will explore how to provide 
automatic corrective feedback in a less constrained setting. Third, we acknowledge that these positive 
results might be related to the “novelty effect”, the increased attention and improved performance that 
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comes from the novelty of a tool or method (Fryer et al., 2019). In future research, we plan to investigate 
the novelty effect by administering delayed posttests to examine the periods of sporadic improvement and 
non-improvement when participants interact with new technology tools intended for language learning.  

Finally, the absence of a third group that received the same additional instruction time without using the 
CAPT tool is another limitation. This leaves open the possibility that the improved post-test scores were 
primarily due to the extra instruction rather than the tool itself. To address this limitation, in our future 
study, we will include a third group that uses the CAPT tool without receiving the same amount of 
additional instruction. Additionally, comparing outcomes across groups with varying instruction methods 
can provide deeper insights into the effectiveness of the tool as an intervention. 

Conclusion 

The present study employed a CAPT tool to assess learners’ pronunciation and acquisition of a 
grammatical feature through a pretest-posttest empirical design. The CAPT tool leveraged a fine-tuned, 
phoneme-based automatic speech recognition (ASR) model to deliver real-time, explicit corrective 
feedback to second-language learners. Posttest results demonstrated an improvement in the experimental 
group’s pronunciation skills compared to the pretest. Specifically, the immediate explicit corrective 
feedback provided by the CAPT tool proved effective in improving the pronunciation of the final tied 
/taa/ within the Arabic construct state structure. 

These findings are particularly significant in the era of AI and the widespread use of speech-based 
chatbots for various purposes in daily life. However, most commercial chatbots lack the capability to 
provide feedback during conversations. This highlights the growing importance of computer-assisted 
pronunciation training (CAPT) tools that are grounded in pedagogy and enhanced with corrective 
feedback for language learners. By leveraging advanced speech recognition and synthesis technologies, 
CAPT tools can identify subtle pronunciation errors and deliver precise corrections, which are critical for 
mastering a new language. Furthermore, these tools offer a personalized learning experience, enabling 
users to practice at their own pace while receiving immediate, targeted feedback tailored to their specific 
needs. 

Moreover, CAPT systems can serve as invaluable support tools for language instructors, particularly for 
less commonly taught and under-resourced languages that often lack sufficient teaching resources. These 
limitations can make it challenging for learners to develop accurate pronunciation and fluency. CAPT 
systems help bridge this gap by offering consistent and accessible training materials, even for languages 
with a limited digital presence. Furthermore, they can be seamlessly integrated into language curricula, 
complementing classroom instruction and enhancing the teaching process. 
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Notes 

1. We used the ijmes transliteration system: https://www.cambridge.org/core/services/aop-file-
manager/file/57d83390f6ea5a022234b400/TransChart.pdf  

https://www.cambridge.org/core/services/aop-file-manager/file/57d83390f6ea5a022234b400/TransChart.pdf
https://www.cambridge.org/core/services/aop-file-manager/file/57d83390f6ea5a022234b400/TransChart.pdf
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Appendix A. Stimuli for the Experiment 

Phrase Transliteration Gloss 
Construct State 

انوزیرأ ةعماج  jāmiʿat Arizona University of Arizona 
يدلاو ةلئاع  ʿāʾilat wālidī My family’s father 
ناسوت ةنیدم  madīnat Tucson The city of Tucson 
ةراجتلا ةیلك  kuliyyat ʾal-tijāra The college of commerce 

ةعماجلا ةبتكم  maktabat ʾal-jāmiʿa The University library 
Definite Noun and Adjective 

ةیكیرملأا ةلیمزلا  ʾaz-zamīlah ʾal-ʾamrīkiyyah The American colleague (f) 
ةلیمجلا ةطقلا  ʾal-qittah ʾal-jamīlah The beautiful cat 

ةیسنوتلا ةروتكدلا  ʾad-duktūrah ʾat-tunisiyyah The Tunisian doctor (f) 
ةریبكلا ةعماجلا  ʾal-jāmiʿah ʾal-kabīrah The big university 
ةریغصلا ةنیدملا  ʾal-madīnah ʾaṣ-ṣaghīrah The small city 

Indefinite Noun and Adjective 
ةلیمج ةقطنم  miṭaqah jamīlah A beautiful area 
ةیعماج ةبتكم  maktabah jāmiʿiyyah A college library 

ةیلاع ةیانب  bināyyah ʿāliyyah A high building 
ةیرصم ةفظوم  muwaẓafah maṣriyyah An Egyptian employee (f) 

ةریبك ةعماج  jāmiʿah kabīrah A big university 

Note. 15 phrases represent the construct state, the definite noun and adjective, and the indefinite noun and adjective 
phrases. 
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