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Abstract

We evaluate Microsoft Azure Pronunciation Assessment (PA) for Arabic-speaking children using three datasets: two
word-level datasets (Arabic Speech Mispronunciation Detection Dataset (ASMDD) and Down syndrome) and one
sentence-level dataset (Arabic Pronunciation Assessment for Saudi Arabian Students (APASAS)). Supplying
reference text to PA stabilizes Accuracy, Fluency, Completeness, and Pronunciation scores, while no-reference mode
inflates high scores since it grades recognition hypotheses rather than prompts. Errors cluster around difficult Arabic
sounds (emphatics, pharyngeals, uvular /&, interdentals) for both readers and Azure PA. Standardized audio front-
end processing (noise conditioning, voice-activity detection, pre-emphasis, loudness normalization) yields small but
consistent improvements on word-level corpora. On APASAS, preprocessing reduces Azure’s over-rating and better
matches teacher labels. With intended text supplied, Azure PA is suitable for tracking intelligibility and formative
feedback; no-reference is best for basic screening.

Keywords

Arabic children’s speech, Mispronunciation detection and diagnosis (MDD), Azure Cognitive Services, Artificial
intelligence (Al) in education, Speech technology for underrepresented languages.

1. Introduction

Reading fluency is crucial for children's academic and communication development. In the Middle East, Arabic
reading practice is often limited to school and Qur’an recitation due to the prevalence of English media and content.
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Traditional reading instruction no longer meets expectations for convenience and engagement. This research develops
and evaluates an Arabic Mispronunciation Detection and Diagnosis system for young learners using Al-based
pronunciation assessment. We test whether Microsoft Azure Pronunciation Assessment can reliably help primary
school students in the Middle East improve Arabic reading skills through automatic speech assessment, alongside
teacher guidance.

1.1 Objectives

An essential phase of this research involves benchmarking the Microsoft Azure Pronunciation Assessment (PA) tool
for Arabic learning. The tool is available in multiple languages. However, little is known about its suitability for
observing the phonetic nuances of Arabic, especially when dialect variation, child speakers, or environmental noise
are present. This work evaluates PA using a carefully selected set of Arabic speech datasets from children. We used
Python tools to extract PA scores and metadata across datasets recorded under varied acoustic conditions.

This work may serve as a technical benchmark for Arabic speech assessment using existing Al-based tools within an
interactive, Al-supported educational platform. By incorporating teacher-based corrections alongside generative
feedback, the system aims to encourage sustained reading practice outside the classroom, thereby advancing Arabic
literacy among young learners.

2. Literature Review

Several Automatic Pronunciation Assessment (APA) systems have been developed for young learners, such as
Krajka’s English for Kids (Krajka, 2003) and other tools designed for early English language education. In contrast,
research on computer-assisted language learning (CALL) technology-based tools to support language learning for
Arabic remains in its formative stages (Ahmad Khan et al., 2013). Azure PA is a cloud-based (runs over the internet
and does not require local installation) Microsoft Azure service for evaluating spoken language. It generates objective
scores for pronunciation Accuracy (how well the speech matches the expected pronunciation), Fluency (how naturally
and smoothly the words are spoken), Completeness (whether all words and sounds are included), and Pronunciation
(overall correctness of speech sounds) at the phoneme (the smallest sound unit in a language), word, and sentence
levels. Azure PA is intended for CALL, teacher feedback, and automated oral-skill assessment. Its scalability (ability
to handle large numbers of users) and API (application programming interface, which allows software programs to
communicate) access enable integration into educational platforms focused on speech-driven learning analytics and
pronunciation improvement. Reliable detection of Arabic learners’ mispronunciation requires high-quality speech
datasets (collections of recorded spoken language used for system evaluation). These must include specific speaker
demographics (e.g., age and gender), varied recording conditions, and differences in pronunciation among young
learners. This section reviews current Arabic speech datasets, summarizes their features, and outlines their limitations.

2.1 Arabic Speech Mispronunciation Detection Dataset (ASMDD)

ASMDD is a purpose-built dataset for mispronunciation benchmarking in Arabic for early learners. It comprises 100
Egyptian children aged 2-8 years who utter some of the 100 most commonly used Arabic words shown in Table 1.
Some children recorded all 100 words; others recorded 50 words. Each audio file contains a single word, providing a
clean word-level segmentation for evaluating isolated mispronunciation (Aly et al., 2021).

The uniqueness of this dataset lies in its emphasis on child speech, an underrepresented demographic in Arabic
corpora. Its design closely aligns with the purpose of this research and thus constitutes a rich testbed for evaluating
PA's functionality in detecting and scoring child mispronunciations in Modern Standard Arabic.

2.2 QASR

QASR is a multi-purpose, multi-dialect Arabic speech resource on an extremely large scale. With around 2,041 hours
of speech, it was compiled from Al Jazeera television broadcasts across various genres, including news, interviews,
and documentaries (Mubarak et al., 2021). These recordings are transcribed in detail, alongside speaker metadata and
segmentation. This dataset is used in ASR, dialect detection, and punctuation restoration, among other applications.
While QASR lacks child-language samples, it serves as a benchmark corpus for transfer learning, pronunciation
modeling, and dialect adaptation in speaker-dependent MDD research.

2.3 KSU Arabic Speech Database
The King Saud University (KSU) Speech Database provides another resource for speech diversity, with over 300
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speakers of Arab and non-Arab origins (Alsulaiman et al., 2013). Recordings are collected in different environments,
such as quiet rooms, offices, and cafeterias, to simulate various noise types. While mainly geared toward speech
recognition and speaker identification tasks, the KSU database shows pronunciation variability across nationalities
and settings. The database includes a mix of sentence- and word-type utterances, focusing specifically on common
Arabic words and numbers.

Table 1. 100 most frequently used Arabic words in  Table 2. Phoneme-level segment type letters

Egyptian dialogue (ASMDD) correspondence
Index | Word | Index | Word | Index | Word | Index | Word | Index | Word Segment Type EXample Description
1| e | 21 @] a1 | asn [ e || s1 | IArabic
2 | e | 22 | dee | a2 | sm | 62 | plal | 82 | W, Letters
I Ml I el I Il MCET el T s Emphatics i a2 «ya “Heavy” consonants
Sl B M Ml Bl e produced with
5 cEdl |25 | Jwll 45 |a | 65 | Ackdl | 85 | sl . .
6 | adlt | 26 |l | 46 | cud | 66 | LU | 86 | wld haryngeallzatl(?n
7 o 27 Jai | @7 o | & | o |87 | = Pharyngeals C <€ Produced deep in the
8 |emid| 28 [osa| a8 | 4 | 68 | s | 88 [ a0 throat
9 kx| 29 | sl | 49 | Wt | 69 | g | 89 | Uvulars & & Produced near the
10 | ol [ 30 | Lkl [ 50 [luals| 70 | Jikl | 90 | duas uvula
1) A ] 3 de ] 81 ) A [ 7L ] s | 91 | e Glottals K s Produced in the
12 | s | 32| @ [ 82 [am| 72 || o2 |ow olottis
13 | ey | 33 Tw 53 ww 73 .;er‘m" Sl Velars 3 & Back of the tongue
E :': j: :; : :‘i : j : :j\ Dentals/Alveolars [«O :J' <o« «dFront of the tongue
16 | ably | 36 |[sjud | 56 | e | 76 | Sl 96 | slisal d’u“
17 | | 37 | o | 57 | ae | 77 | m | 97 | . Labials - ‘p e Lips
18 | dial [ 38 | abke | 58 | de | 78 | udl | 98 | ol Vowels [N d Basic vowels o1
19 | &l [ 39 | Lad [ so [oaw| 79 [ za | 99 | o glides
20 q.c\ a0 s 60 o 80 &),..J\'\ 100 tj..h!l
2.4 MGB-3

The MGB-3 Speech Dataset specifically covers Egyptian Arabic as spoken in online media contexts. It comprises
approximately 16 hours of speech, manually transcribed from YouTube videos across many genres, including comedy,
science, and talk shows (Ali et al., 2017). The dataset is split into adaptation, development, and evaluation sets for
experimental purposes. Though primarily intended for ASR benchmarking, its spontaneous and in-the-wild speech
enables testing pronunciation assessment systems in less controlled, informal settings, complementing child-oriented
evaluations.

2.5 Children Arabic Utterances for Mispronunciation Detection

This corpus of Arabic children’s utterances for detecting mispronunciation has been developed to study pronunciation
errors in school-aged Egyptian children. It contains speech samples from 27 children (14 boys and 13 girls), aged 7 to
12 years, uttering 16 very carefully chosen Arabic words (Sadik, 2023). These words were selected for their phonetic
variety and significance in the vocabulary of primary school children. The recordings were conducted in relatively
quiet environments, such as classrooms designed to minimize background noise and maintain clear speech. Despite
having a smaller vocabulary set than ASMDD, its narrower age range and controlled conditions make it useful for
studying error patterns and trends in gender-based pronunciation performance among mid-childhood learners.

2.6 Dataset for Speech Recognition to Support Arabic Phoneme Pronunciation

The Dataset for Speech Recognition to Support Arabic Phoneme Pronunciation contains recordings of 89 elementary-
age children. Each child pronounces each of the 28 Arabic phonemes (distinct sounds in a language) 10 times, resulting
in 890 utterances per phoneme (Arafa et al., 2018). Acoustic features, such as formant frequencies (the resonant
frequencies of the vocal tract), were extracted and used to train classifiers (algorithms that categorize data) to assess
pronunciation correctness. While highly focused on phoneme-level modeling, word-level mispronunciation labeling
is lacking and does not support natural word recognition tasks.

© IEOM Society International 1025



Proceedings of the 3 GCC International Conference on Industrial Engineering and Operations Management
Tabuk, Saudi Arabia, February 2-4, 2026

2.7 Arabic Voice Recognition (Down-syndrome Children)

The Arabic Voice Recognition (DownSyn) dataset collects isolated utterances of Arabic words, numbers, letters, and
colors from children with Down syndrome from various Arab countries (Arabic Voice Recognition (Down-syndrome
Children), n.d.). With 37 children participating, 27 with Down syndrome as a target group, and the other 10 with
speech disabilities. It provides a valuable opportunity to test the robustness of speech systems across a range of
articulation profiles.

2.8 Arabic Pronunciation Assessment for Saudi Arabian Students

A specifically designed corpus and platform for Saudi elementary school children (ages 6-15) were created to evaluate
and enhance their ability to read Arabic aloud. The data were gathered using an online platform that facilitated listening
to and recording each student as they read the provided curricular sentences and paragraphs, stored the audio along
with additional information to aid future teacher evaluation, and provided a platform feedback mechanism. The data
comprising 503 cleaned participants and with an approximate duration of 33 hours of validated audio, is the largest
pronunciation assessment corpus of Saudi primary students that has been reported so far (Al-Khatib et al.,
2024)(Fanoush et al., n.d.).

2.9 Common Voice Arabic Dataset

The Arabic part of this dataset is part of Mozilla's worldwide initiative, Common Voice, which gathers thousands of
speech contributions from volunteers. But it does not annotate explicit mispronunciations, and it generally reflects
adult speech. While an asset in terms of accents and contributors, its focus on more general needs makes it less
appropriate for word-level mispronunciation benchmarking, except after significant preprocessing or annotation
(Ardila et al., 2019).

2.10 Summary

The comparative study of Arabic speech resources reveals that most collections lack child speech, explicit error labels,
word-level segmentation, and teacher-verified targets. The ASMDD dataset works well for pinpointing sound errors
in learners aged two to eight, but it is limited to Egyptian Arabic and lacks sentences. QASR, KSU, MGB-3, Common
Voice, and the phoneme-pronunciation set aid ASR and coverage, but mainly feature adults, omit child
mispronunciations, or have too few words for detailed analysis. Fair testing must include speakers with limited
abilities, such as those with Down syndrome. APASAS excels at assessing child speech and lets teachers verify
automated scores. We focus on three datasets: ASMDD (children, words), Down syndrome (special population,
words), and APASAS (children, sentences with teacher feedback).

3. Methods

This section selects the data sets to be used for Microsoft Azure PA's evaluation. ASMDD is chosen because it aligns
with the target demographic and uses the 100 most commonly used Arabic words, making it ideal for testing word-
level segment-specific errors in early learners. Arabic Voice Recognition includes children with Down syndrome,
which is useful for testing fairness and determining whether it works only for typical children’s speech, especially at
the word-level. The third dataset is Arabic Pronunciation Assessment for Saudi Arabian Students (APASAS), unlike
others, it provides sentence-level recordings and teachers’ evaluations, allowing comparison between Azure PA and
teacher judgments. Together, the three datasets offer complementary coverage word vs. sentence, typical vs. special
populations, and both automatic and expert references, aligned with our MDD benchmarking goals. working on the
selected three datasets: All experiments implemented the recognition settings using Arabic Egyptian tone ar-EG
locale; for APASAS, we used the ar-SA locale; 100-point grading, phoneme granularity, and miscue detection were
enabled.

In with-reference mode, Azure PA aligns the audio to the supplied prompt (forced alignment) and computes: Accuracy
(match quality of recognized phones/words to the prompt), Fluency (timing/flow, pauses, rate, rhythm), Completeness
(coverage of the prompted content), and Pronunciation (aggregate phone-quality score normalized across the
utterance). In no-reference mode, PA first recognizes speech (ASR hypothesis) and then grades that hypothesis;
substitutions or deletions may be masked if they are internal to the hypothesis rather than mismatches to an external
prompt. Scores are returned per file and (when available) per word, enabling both utterance- and token-level analyses.
Throughout this paper, we explicitly separate with-reference (prompt-anchored) from no-reference (hypothesis-
anchored) results. Therefore, this reflects Azure’s scoring rubric; future work will be replicated with at least one
additional engine to assess generality.
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4. Data Collection
4.1 ASMDD
From the corpus, 20 children's voice folders were selected, each one giving approximately 50 isolated words (more
than 800 utterances). Because ASMDD ships only the WAYV file, the test harness mapped each file index to a fixed
list of high-frequency Arabic words (such as A&8ad) caslaiui ¢) jS& «a2d). Each utterance was judged twice:

e  With reference (target word supplied)

o  Without reference (Azure recognizes and then self-assesses)

4.2 Down syndrome Dataset

A subset of tokens was prepared, in which each target word (e.g., QA Ly RUBSRRTS ¢33,9) appears with
acoustic variants: slower, faster, louder, quieter, pitch up, pitch_down, and noise (with plain recordings wherever
available). A total of 91 words were evaluated; each was pronounced by two participants, yielding 7 audio variants.
This totals 1,274 audio files tested with Azure PA. As with ASMDD, each file was evaluated with and without a
supplied reference. The results were then summarized per token and per variant.

4.3 APASAS

The execution was run on eight audio files; two were of females, and the rest were of males. It used the Saudi tone
(ar-SA) language code. Each track was processed with both the "with reference" and “without reference" methods,
where the reference text was the spoken caption rather than the original story text, since many students were not
reading the entire text. No trimming, noise reduction, or loudness normalization was applied to the audio. This is
mainly focused on the Azure PA evaluation compared to the teachers.

APASAS teacher ratings (Beginner/Intermediate/Advanced) were treated as a single gold standard in this study. Inter-
rater agreement was not measured; therefore, some mismatches between Azure PA and teacher labels may reflect
natural assessor subjectivity. Future work will (i) collect dual-rater judgments per item, (ii) report agreement (e.g.,
Cohen’s k) by level and item type, and (iii) analyze whether disagreement concentrates on specific phoneme classes
or timing phenomena.

5. Results and Discussion

5.1 Numerical & Graphical Results

Figure 1 shows that the ASMDD dataset with no reference averaged 95.7% for Accuracy, 98.5% for Fluency, 100%
for Completeness, and 96.7% for Pronunciation. While Down syndrome without references averaged 93.7% accuracy,
94.0% for Fluency, 100.0% for Completeness, and 93.4% for Pronunciation. For the APASAS, it had 97.38%
Accuracy, 92.88% Fluency, 100.00% Completeness, and 94.67% Pronunciation.

The utterance in audio file 27.wav (intended ‘53%)3) was recognized as "J%Ji" (where the last letter /k/ was dropped)
yet received very high scores; the omission was not penalized because the hypothesis itself omitted /k/. The utterance
in 20.wav (intended (s45) was recognized as ")," with confidence measures agreeing with the hypothesis, not the
target. Looking at Figure 2: more than 70% of words generated from the Azure PA without reference to the original
intended texts were not in the vocabulary.

Dataset

700
EEN ASMDD  EEE Down-Syndrome NI APASAS

628 (71.3%)

600

500

400

300 253 (28.7%)

Metric score (%)
Count of files

200

100

Accuracy y Fluency Completeness Pronuncia tion

n = number of outputs | i = mean (average) | m = median | thick line = IQR (Q1-Q3) | thin whisker = min-max | '_* marker = median o Out-of.Vocab InVocab

) ) ) Figure 2. ASMDD dataset without reference
Figure 1. ASMDD & Children with Down-syndrome &  ¢.ores in vs out of vocabulary recognition
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APAPSAS datasets without reference combined metric scores

Figures 3 and 4 report results for Down-syndrome dataset without reference text. Figure 3 shows Accuracy, Fluency,
Completeness, and Pronunciation scores (%), averaged per recognized Arabic word. To emphasize performance
extremes, the worst 10 and best 10 words are shown. While Completeness remains consistently high across all words,
substantial variability is observed in Fluency and Pronunciation, particularly among the lowest-performing words,
indicating challenges in speech realization quality. Figure 4 further analyzes this behavior by comparing recognized
words against the folder-level textual content. The PA identifies 55.8% of words as out-of-vocabulary like

“Ciga® " oh g" Aall)” Prliad” giving many false positives and also false negatives.

100

o0 817 (55.8%)
800

(%)

648 (44.2%)

o
s
S

Word count
IS
8
3

200

Out-of-Vocab In-Vocah

Figure 3. Heatmap of average recognition metrics per  Figure 4. Down-syndrome dataset without reference
word for the Down-syndrome dataset (no reference) vocabulary match

For the APASAS dataset, even with remarkably high scores, speech recognizers tended to wander off the mark
semantically. One male Khobar file was meant to be “gégé b 335:9 Jaad .,”” but the hypothesis contained nonsensical
strings such as “doandila,,, Cjg) ulsad) . o g;JS‘.” Still, Azure PA metric returned 97/95/100/95.8, illustrating
that PA highly grades the hypothesis when no target is supplied. Additional examples of hiding omissions,
substitutions, and segmental distortions include the following:

e A Riyadh female file began with “agaadi g (& =a <lles  ” and scored a high 97/95/100/95.8 while
giving unrelated words, again illustrating that, with No-Ref evaluation, high metrics are not incompatible
with content errors.

e A male Dammam file showed the hypothesis combining parts of the prompt with «...$a 8 s (5 s .. for
extraneous insertions and morphology errors such as «tadall » The file nonetheless scored 98/94/100/95.6

e Several files devolved to ultra-short outputs. For example, an Ahsa male clip was reduced to sl g9 (e =<
o_lea 9. This both demonstrates the brittleness of the recognition system and the fact that PA maintains
completeness at 100% for this output because it evaluates only the span of the returned hypothesis.

e Figure 5 shows that more than 37 percent of the recognized words generated by Azure PA ASR were not
from the student’s actual caption.

When the reference text is supplied to Azure PA, as shown in Figure 6, compared to results without a reference, both
word-level datasets, ASMDD and Down syndrome, yielded lower results, with average differences of 2% to 11%.
Azure PA generates many false positives, and an out-of-reference word may be inferred from the completeness scores.
Without a reference, all datasets received full scores; whereas with a reference, they did not reach 90 percent.
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Token count
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B
8

@
g

Dataset
236 (62.1%) BN ASMDD  EEEl Down-Syndrome —EEEN APASAS

144 (37.9%)

Meatric score (%)

Accuracy Fluency Completeness Pronunciation
Out-of-Reference In-Reference

n = number of outputs | 1 = mean (average) | m = median | thick line = IQR (Q1-Q3) | thin whisker = min-max | *_* marker = median

Figure 5. APASAS dataset without  Figure 6. ASMDD & Children with Down-syndrome & APAPSAS
reference scores in vs out of reference  datasets without reference combined metric scores
(vocabulary) recognition

Here are some examples of the best-scoring words on ASMDD as shown in Figure 7:

=@ Young speakers consistently articulated the vowels on both sides of /h/, so the system “hears” a steady
vowel formant interval separated by sharp noise from /h/. The vowel-to-consonant transition is clear and
provides robust phone boundaries, resulting in Accuracy/Pronunciation in the high nineties.

41)): This word has a unique pattern of rhythms: an assimilated geminated /I/ with tafkhim (dark /1/) and a
long open vowel followed by a soft final /h/. Children accurately imitate this pattern, thereby reducing
variation and keeping all four metrics very high.

waddi: Two fricatives (0%, then ¢) mentioned in Table 2: surround a short vowel. Those high-frequency
noise bursts provide clear markers for the recognizer, and most children hold them long enough to cleanly
separate phones, which improves Accuracy and Pronunciation

100

vular

Pharyngeal

Emphatic

other.

Glottal

velar

Average Phoneme Score (%)

2 o 20 o ) 0 100
Average Phoneme Score (%)

Figure 8. ASMDD dataset with reference average
phoneme level segment type scores

Figure 7. ASMDD dataset with reference best and
worst 10 words average phoneme level scores heatmap

Figure 7 shows the following as the worst-performing items in ASMDD with reference text:

The word Jwdl scored approximately 36-56 on word-level accuracy, with special phonemes such as 1/
scoring below 40 in several files.

< olf contains complex codas of /qt/ and rising sonority of /wq/; mis-timed voice closures result in poor
phoneme confidence and thus lower Accuracy.

Low scores cluster for emphatics (/u@ o «u@/), pharyngeals/glottals (/¢ <C/), uvular /@, final clusters, and
interdentals (/3/), the segments and positions that are developmentally fragile in children.

Figure 8 illustrates the average phoneme-level pronunciation accuracy across different segment types in the ASMDD
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dataset, using reference pronunciations. Uvular and pharyngeal segments achieve the highest accuracy, exceeding
89%, indicating relatively robust articulation for these categories. Emphatic, other, and glottal segments also show
strong performance, with scores above 84%. In contrast, vowel, labial, and dental segments exhibit comparatively
lower accuracy, with dental segments scoring the lowest at approximately 79%.

Results for the Down syndrome corpus items and variants are shown in Figures 9, 10, and 11, and can be summarized
as follows:

e  Back-of-the-mouth places earned good-to-best scores. Uvulars (é ‘t) and Velars (& «&) sit in the mid-90s.
These segments come with strong friction/stop cues that ASR aligns reliably.

e Glottals (® ¢<#) and Dentals/Alveolars (J ¢C3 ¢J ¢ ¢3 «&) are notably lower. Glottals suffer because /?/ ($)

is often deleted or weakened in child speech and quietly realized in Arabic; /h/ () can be breathy and drift
into noise.

. u.ul.ilji, which is the lowest in terms of average scores, especially on the letter “u«” after the vowel “V”. This

is probably not an issue with the children, but with Azure PA not processing Dentals or hisses like “Q«”
accurately at the end of the audio file. Hence, it is considered an insertion or mispronunciation while it is not.

e ($3¢ got the second-lowest scores because of the last letters. The students pronounced the vowel “&” well,
but Azure PA considered all the readings to be mispronunciations (Figure 12).

100 100
-—“I ol
@

20

o Bu Y &-

9% £- 8¢ ¢

20
g 8% 8o 25 &c B¢
ELEE {3
#

Share of Errors (%)

g 86 B
Averae Phoneme Score (%)

20

3

“

Insertion Mispronunciation Omission
Error Type

o

Figure 9. Down-syndrome dataset with reference per- Figure 10. Down-syndrome dataset with reference
phoneme average scores lowest scored words error-type percentage

To estimate actual positioning on the APASAS corpus, we compare teacher evaluations to PA script thresholds:
Beginner < 70%, Intermediate 70-95%, and Advanced > 95% (applied to Accuracy). The Accuracy distribution in
Figure 12 shows 0/4/4 (Beginner/Intermediate/Advanced) for Azure, compared to 2/3/3 for teachers, indicating that
Azure tends to classify more speakers as “Advanced.” The overall assessment was higher than human consensus for
the file set.

mm Azure (bucketed by score)
e Teacher (labels)

Emphatic

Count

o 20 @ % % 100
Average Phoneme Score (%)

Beginner Intermediate Advanced

Figure 11. Down-syndrome dataset with reference per-  Figure 12. APASAS dataset category count scores with
phoneme average segments accuracy reference vs teacher evaluation
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In summary, PA grades the ASR hypothesis rather than the intended prompt in no-reference mode. This can mask
substitutions and deletions that would be penalized under forced alignment, inflating perceived performance when the
hypothesis remains fluent but lexically incorrect. We, therefore, report paired examples and a simple sanity-check
diagnostic to make this failure mode explicit. Hence, it produces high average scores across all datasets: ASMDD =
95.7/98.5/100.0 / 96.7, Down-syndrome = 93.7 / 94.0 / 100.0 / 93.4, and APASAS =97.38 /92.88 / 100.0 / 94.67
for (Accuracy / Fluency / Completeness / Pronunciation). However, the section highlights that these high metrics can
be misleading, since >70% of the recognized words were out-of-vocabulary when no reference text is given.

5.2 Proposed Improvements

This section enumerates the five dominant acoustic/phonetic problems in children's speech recordings that degrade
Azure's PA and introduces countermeasures for each issue. The first issue was broad, loudness-related variation, low
SNR, and clipping, which frequently occurred with quiet speech, changes in microphone distance, and random
overloads (Ardila et al., 2019). To mitigate this, we used EBU-R128 integrated loudness normalization to —23 LUFS
with Pyloudnorm and a soft peak clamp (|jsample| < 0.999). When LUFS was unreliable (very short clips), RMS was
used at —23 dBFS. Both methods provided consistent loudness suitable for endpointing and phonetic scoring,
preserving roughly 14 dB of headroom.

Second, to address HVAC/handling rumble and 50/60 Hz hum, we used a fourth-order Butterworth band-pass (80—
7000 Hz at 16 kHz) with gentle STFT spectral gating. All three quite effectively diminish the SNR of low-energy
child consonants; hum splatter introduces spurious periodicity near the voicing detector passband (Kheir et al., 2022).

Third, we addressed the underestimation of high-frequency fricatives (/s, [, 0, f/) in children’s speech, which tend to
display steeper spectral tilt and less turbulence (Hazan & Pettinato, 2014). The aperiodic energy was increased through
pre-emphasis (0=0.97) in Equation (1). We implemented a fricative-safe VAD to retain the low-energy tails.

y[n] =x[n] = ax[n—1] (M

The system lifts 3-8 kHz aperiodic energies where Arabic fricatives dwell, thereby increasing the evidence at the
phoneme level without precipitating significant changes to vowels.

Fourth, to prevent carving out micro-islands or brief pauses, which can harm the smooth joining of speech (gluing)
and completeness (Hazan & Pettinato, 2014). In preprocessing script, WebRTC-VAD ran on 20 ms frames with
aggressiveness=2. The settings also included +120 ms hangover, a minimum speech island length of 200 ms, and gap
merging under 150 ms.

Fifth, to deal with temporal or pitch variations—such as higher FO, wider formants, or faster/slower tokens, all
conditioning was fixed to 16 kHz. Also, the Azure PA timeouts increased (InitialSilenceTimeoutMs=4000) to prevent
short child utterance onsets from being rejected too early.

5.3 Validation

On the ASMDD dataset with reference mode, all four metrics see their averages improve with the input of the target
word. In Figure 13, with vs. without preprocessing, Fluency was 89.1% vs. 90.0%, Completeness was 89.1% vs.
90.0%, Accuracy was 86.4% vs. 87.3%, and Pronunciation was 87.1% vs. 88.1%, i.e., a ~1-point lift and fewer low
outliers.

B With Preprocess B Without Preprocess

§=90.0 1=90.0
§=89.1 n=89.1

Metric score (%)
N
&

§=88.1
u=87.1

n=879) =879, n=879)

Accuracy Fluency Completeness Pronunciation

Figure 13. ASMDD with preprocess vs without preprocess with reference metric scores
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In the no-reference mode, vocabulary-match auditing, as shown in Figure 14: illustrates a drop in the out-of-
vocabulary (OOV) rate from 71.3% to 62.2%. This means the in-vocab hits increased from 28.7% to 37.8% post-
processing. Therefore, hypothesized words of the recognizer are more likely to fall within the ASMDD vocabulary
when the audio is clearer and end pointing is stable.

On the Down-syndrome dataset with reference mode in Figure 15, metric scores compared to before preprocessing
were Accuracy =89.5% to 89.8%, Fluency =88.8% to 90.8%, Completeness from §9.0% to 91.0%, and Pronunciation
~87.9% to 89.4%. An improvement of +0.5-2 points to alignment that is more dependable.

Unlike ASMDD, the Down syndrome no-reference audit on Figure 14, indicates an increase in Out of Vocabulary
words from already high 86.9% to 89.6% after preprocessing. But looking at average metric scores in Figure 16: scores
compared to before preprocessing were: Accuracy ~93.7% to 95.1%, Fluency =94.0% to 96.6%, Completeness at
100.0%, and Pronunciation ~93.4% to 95.4%. A similar improvement of +1-2 points despite guessing incorrect words
without reference text.

Out-of-Vocabulary/Reference Rate — Before vs After Preprocessing (combined)

= sefore
86.9% 89.6% = After

0OV Percentage (%)

ASMDD Down-Syndrome APASAS

Figure 14. ASMDD, Down-syndrome and APASAS datasets before preprocess vs after preprocess without reference
vocabulary match

Metric score (%)

Accuracy Fluency

Figure 15. Down-syndrome dataset without preprocess  Figure 16. Down-syndrome dataset without preprocess
vs with preprocess with reference metric scores vs with preprocess without reference metric scores

Reviewing the APASAS paragraph-length analysis, the with-reference indicators fall after preprocessing on Figure
17: Accuracy ~ 85.2% compared to 95.2%, Fluency = 82.0% compared to 91.4%, Completeness = 89.2% compared
to 99.4%, and Pronunciation =~ 83.9% compared to 93.5%. The roughly consistent lower 9-10 percentage points
changes indicate that in the lengthy sentences, enhancement alters timing and energy in a manner that negatively
impacts forced alignment, even if segmental clarity might be improved.

Looking at Figure 18: without reference mode, while Accuracy scores went far below, 46.9% Accuracy compared to
97.4% previously, and other metrics fell between mid-40s to around mid-50s, compared to without preprocessing,
which were around the full mark of all of the metrics. In Figure 14: the out-of-reference percentage decreases from
37.9% to 16.5% and the in-reference percentage increases from 62.1% to 83.5%. Therefore cleaned signal provides
more words that are part of the intended passage when the recognizer is able to generate hypotheses without
restrictions.
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Figure 17. APASAS dataset without preprocess vs with ~ Figure 18. APASAS dataset without preprocess vs with
preprocess with reference metric scores preprocess without reference metric scores

In Figure 19, when no preprocessing is applied, Azure's scores reflected 0/4/4 (Beginner/Intermediate/Advanced),
while the teacher's scores were 2/3/3. This suggests Azure tended to skew higher and was never assigned a Beginner
level. With preprocessing, Azure adjusted to 1/4/3 to get closer to the teacher at 2/3/3.

e
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Figure 19. APASAS dataset without preprocess vs with preprocess with reference vs teacher evaluation

Preprocessing audio stopped the system’s tendency to “guess through the noise.” With higher SNR and sharper
onsets/offsets, the alignment process became less forgiving: true deletions, truncated syllables, and over-long pauses
were no longer masked and were penalized accordingly. In free recognition, the same clarity reduced spurious
insertions and curtailed overconfident, self-reinforcing hypotheses, thereby removing an unintended source of score
inflation. In short, preprocessing reduced artificial smoothing and increased diagnostic fidelity. The lower numbers,
therefore, indicate stricter measurement of what speakers produced, not a loss of intelligibility.

The results confirm that preprocessing can reduce score inflation and improve recognition validity/alignment even
though it may significantly lower some PA scores.

6. Conclusion

Azure PA was evaluated on the ASMDD, Down syndrome and the APASAS datasets, with and without a reference
text. Preprocessing improved score reliability and reduced over-scoring on APASAS, aligning better with teacher
ratings. No-reference scoring inflated false positives by grading the ASR hypothesis rather than the intended text.
Residual errors concentrate in emphatics, pharyngeals, uvular /&, and interdentals. PA is suitable for reference-
anchored formative feedback; no-reference use is best for coarse screening. Future work includes enhancing sentence-
level alignment and integrating teacher priors in configuration.
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