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Abstract

Arabic Dialect Identification (ADI) aims at au-
tomatically assigning an utterance—written or
spoken—to a single variety, be it Modern Stan-
dard Arabic (MSA) or a variety of Dialectal
Arabic (DA). To complement ADI, the Ara-
bic Level of Dialectness (ALDi) has been pro-
posed to model the different dialect levels that
exist between MSA and Highly Dialectal text.
However, current ALDi estimation models op-
erate on text inputs only. This paper presents
the first step towards extending ALDi to the
speech modality. First, we use the automat-
ically estimated ALDi score of a spoken ut-
terance’s transcript as the silver-standard tar-
get score. We then compare the performance
of two approaches at automatically predicting
these silver-standard ALDi scores from spo-
ken utterances: (1) a cascaded approach where
automatic speech recognition is used to gener-
ate automatic transcripts that are then fed to a
text-based ALDi estimation model, and (2) a
direct ALDi estimation from speech. We use
SADA—a dataset of 435 hours of manually
transcribed Arabic speech—as the fine-tuning
source data, and evaluate the two approaches
on three datasets that cover different varieties
of Arabic. Our results indicate that estimat-
ing silver-standard ALDi scores directly from
speech is on par or slightly worse than the cas-
caded approach for in-domain data. However,
the direct approach generalizes better, espe-
cially for dialects where the fine-tuned ASR
backbone of the cascaded approach has rela-
tively large word-error-rates. This paper paves
the way towards predicting ALDi scores di-
rectly from speech inputs.1

1 Introduction

Arabic is known for its diverse set of dialectal va-
rieties, in addition to a standard variety that is
perceived to be shared among the Arabic speak-
ers, known as Modern Standard Arabic (MSA)

1Our codebase can be accessed through this link.

(Habash, 2010). MSA is the variety used in ed-
ucation, news broadcasts, and official written com-
munication. In spontaneous everyday communica-
tions, Arabic speakers rely on regional dialects, that
have variation in phonology, morphology, syntax,
and lexical items (Holes, 2006).

Arabic Dialect Identification (ADI) is typically
employed to identify the variety of the different
samples of a dataset. Given an input written or
spoken utterance, ADI aims at assigning the ut-
terance to a single Arabic variety. However, this
formulation adapts a binarized distinction between
MSA and the other dialectal varieties of Arabic,
marginalising the different dialect levels that ex-
ist in between (Badawi, 1973). To mitigate this,
Keleg et al. (2023) introduced the Arabic Level
of Dialectness (ALDi), a continuous score in the
range [0, 1], which models the different levels be-
tween MSA (ALDi=0) and highly dialectal Arabic
(ALDi=1).2 ALDi proved to be a useful tool for
multiple applications, such as better routing of sam-
ples to annotators (Keleg et al., 2024), evaluating
the LLMs’ dialectal capabilities (Robinson et al.,
2025), and building better recommendation sys-
tems (Alshabanah and Annavaram, 2025).

However, ALDi operates on text inputs. Hence,
there is a need for adapting ALDi to the speech
modality, as explicitly acknowledged by Sullivan
et al. (2026). Applying text-based ALDi models
to speech inputs requires first transcribing them
into text, where transcription errors can reduce the
accuracy of the estimated ALDi scores. Addition-
ally, some phonological variations in speech are
marginalized in text. For instance, the word 	l�
(heart) is a shared term between MSA and many
dialectal varieties. It is typically written according
to the MSA standardized spelling 	l� /qlb/, even
when it could be pronounced as /glb/ or /Plb/ in dif-

2Arabic Generality Score was later proposed as an orthog-
onal dimension to ALDi, measuring how widely a word is
used in different Arabic dialects (Sha’ban and Habash, 2025).
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ferent Arabic varieties, for which a phonologically
faithful spelling is 	l� and 	�� respectively.

In this paper, we take the first step towards adapt-
ing ALDi estimation to speech inputs. For a given
speech input, we feed its manual transcript to a text-
based ALDi estimation model to generate the silver-
standard ALDi score. We then compare the perfor-
mance of two approaches: (1) a cascaded approach
of first generating an automatic transcript that is
fed to the text-based ALDi estimation model, and
(2) a speech-based model that directly estimates
the ALDi score. We use two large pre-trained mod-
els in our experiments: Whisper-medium (Radford
et al., 2023) and MMS-1B (Pratap et al., 2024), and
employ the SADA corpus of Saudi Arabic speech
(Alharbi et al., 2024) as the fine-tuning dataset, us-
ing automatically estimated silver-standard ALDi
scores as target labels. We evaluate the models on
three different datasets: in-domain Saudi speech,
broadcast speech, and dialectal speech.

We believe that this paper paves the way towards
establishing speech ALDi as a feasible extension
to the text-based one. However, future work should
study how to define ALDi scores for speech inputs.
For instance, speech-based ALDi scores might con-
sider accounting for the deviations in the pronunci-
ation of MSA-shared lexical terms in some dialects,
whereby these deviations are typically normalized
in text.

2 Silver-Standard ALDi scores of Speech
Utterances

The ALDi score of a piece of text is operationalised
as a continuous score in the range [0, 1], where
0 represents pure MSA text, 1 represents highly
dialectal text, and the intermediate scores repre-
sent the dialect levels that exist between MSA and
highly dialectal text (Keleg et al., 2023). To ac-
quire the gold-standard ALDi scores of the AOC-
ALDi dataset (Keleg et al., 2023), three annota-
tors rated pieces of text on a discrete four-level
scale: MSA (ALDi=0), Little Dialectal (ALDi=1

3 ),
Mixed (ALDi=2

3 ), and Mostly Dialectal (ALDi=1).
The target ALDi score for a piece of text is the
mean of its three ALDi ratings. The AOC-ALDi
was used to fine-tune a regression head on top of
a pretrained Arabic BERT-based model, resulting
in the Sentence-ALDi model that can automatically
estimate the ALDi scores of pieces of text.3

3https://huggingface.co/AMR-KELEG/
Sentence-ALDi

Acquiring ALDi scores for spoken utterances
poses two challenges. First, the different dialect
levels used to annotate text utterances need to ac-
count for the phonological variations that typically
get normalized in text, but exist in speech. Second,
manual annotation of a large number of spoken
utterances needs to be done, which is a non-trivial
task, especially since estimating ALDi scores re-
quires having annotators speaking different Ara-
bic dialects, as it was found that perception of the
ALDi scores can be influenced by the annotators’
native dialects (Keleg et al., 2025).

In this paper, we approximate the ALDi score
of a spoken utterance as the ALDi score of its
corresponding transcript. For a spoken utterance
(Uspoken) with a corresponding transcript (Utext), we
assume that ALDi(Uspoken) is equal to ALDi(Utext).
Additionally, we approximate ALDi(Utext) with the
automatically estimated ALDi scores of the tran-
script ALDi(Utext) using the Sentence-ALDi model,
forming the approximate silver-standard ALDi tar-
get scores for the spoken utterance ALDi(Uspoken).

3 Experimental Details

In this section, we describe the datasets and the
models we used to estimate the ALDi scores of
spoken utterances.

3.1 Fine-tuning Dataset
SADA (Alharbi et al., 2024) is a dataset of 435
hours of manually transcribed Arabic speech,
sourced from 57 television shows provided by the
Saudi Broadcasting Authority. The dataset mostly
covers Saudi dialects, but it also includes other di-
alects such as Yemeni, Egyptian, and Levantine.
We use SADA’s training set (417.6 hours) to fine-
tune our models, as elaborated next.

3.2 Modeling Approaches
Approach #1 - Cascaded ASR-ALDi Estimation
In this setup, an ASR model is used to automat-
ically transcribe a spoken utterance (Uspoken) to
(Utext - automatic). Afterwards, the automatic tran-
scription (Utext - automatic) is fed to the text-based
Sentence-ALDi model to estimate the ALDi score.

For the underlying ASR model, we use the pre-
trained Whisper-medium model (Radford et al.,
2023). We also study the impact of fine-tuning the
Whisper-medium model on the speech-transcript
pairs of SADA’s training set, motivated by the
strong accuracy that fine-tuned Whisper models
achieve on ADI benchmarks (Elleuch et al., 2025).
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Approach #2 - Direct ALDi Estimation from
Speech In this setup, we fine-tune speech models
to automatically estimate the ALDi scores directly
from speech inputs. We use a speech-based en-
coder to generate a continuous representation for
the input speech’s frames. We then perform mean
pooling of these representations into a single vec-
tor that is fed to a linear projection layer to predict
a scalar ALDi score. We experiment with two
speech encoders: Whisper-medium’s encoder,4 and
MMS-1B (Pratap et al., 2024), a wav2vec 2.0-based
model, pre-trained on over 1,400 languages and op-
erating on raw waveforms. Refer to Appendix §A
for further discussion of the training setup and the
employed hyperparameters.

3.3 Test Datasets

To evaluate the fine-tuned ALDi estimation models,
we employ three different testing sets:

SADA(test set) (Alharbi et al., 2024) consists of
10.8 hours of manually transcribed speech, serving
as the in-domain test set of our ALDi estimation
models. The mean value of the silver-standard
ALDi scores of this dataset is 0.62, indicating a
significant representation of dialectal speech utter-
ances compared to MSA.

MediaSpeech (Kolobov et al., 2021) provides
10 hours of manually transcribed Arabic speech,
extracted from the YouTube channels of three news
broadcasting channels: Al-Arabiya, France 24 Ara-
bic, and BBC News Arabic. This dataset is ex-
pected to be dominated by MSA speech (typically
used in news broadcasts), as indicated by the mean
of the silver-standard ALDi scores of this dataset,
0.15. This dataset is used to test whether the mod-
els assign low ALDi scores to MSA utterances,
which were previously estimated to only represent
1.8% of SADA’s training set (Alharbi et al., 2024).

Casablanca (Talafha et al., 2024) is a multi-
dialectal speech dataset, focusing on eight vari-
eties of Arabic dialects, representing four regional
dialects: Levant (Jordan, Palestine), Gulf (UAE,
Yemen), Nile Basin (Egypt), and Maghreb (Algeria,
Morocco, Mauritania). We use the Casablanca’s
test set for out-of-domain evaluation, whereby each
country has a total of approximately 1 hour (i.e.,

4We also tested fine-tuning Whisper-small and Whisper-
large-v3 on a sample of the fine-tuning dataset, finding that
Whisper-medium outperforms them.

Test Set (1) Cascaded Models (2) Direct Models
Whispermed Whispermed MMS-1BZero-shot Fine-tuned

SADA(test set) 0.396 0.184 0.191 0.204
MediaSpeech 0.177 0.112 0.114 0.122
Casablanca 0.393 0.210 0.199 0.206

Mean RMSE 0.32±0.13 0.17±0.05 0.17±0.05 0.18±0.05

Table 1: The RMSE (↓) of the estimated ALDi scores,
for the three test sets. The RMSE of the best-performing
model on each test set is shown in bold.
Note: the text-based ALDi model has a similar overall
RMSE (0.18) on the test set used in Keleg et al. (2023).

8 hours in total). The mean of the silver-standard
ALDi scores of this test set is 0.76, indicating a
skew towards highly dialectal speech.

4 Results

Table 1 reports the performance of the two ap-
proaches, as measured by the RMSE between the
silver-standard target ALDi scores and the ALDi
scores estimated by each model.

The zero-shot setup of the cascaded model
performs substantially worse than the other ap-
proaches, hinting that a pre-trained ASR model
without domain adaptation is insufficient for re-
liable ALDi estimation. For the direct models,
Whisper-medium performs slightly better than
MMS-1B across the three test sets.

Overall, the fine-tuned cascaded model and the
direct Whisper-based model exhibit comparable
performance. The cascaded approach achieves
lower RMSE values on SADA-test (0.184) and
MediaSpeech (0.112), marginally outperforming
direct Whisper-medium (0.191 and 0.114, respec-
tively). However, direct Whisper-medium performs
better on Casablanca, achieving an RMSE of 0.199
compared with 0.210 for the cascaded model.5

Dialect-Level Performance on Casablanca To
further situate the results, we contrast the results
of the fine-tuned cascaded model and the direct
Whisper-based models on each dialect split of
Casablanca’s test set, as in Table 2. The signifi-
cance of the difference in the performance of the
two models is assessed using a paired two-tailed
t-test on per-utterance squared error.

5We analyse the impact of the fine-tuning data size on the
model’s performance in Appendix §B.
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Region Dialect N WER (1) Cascaded (2) Direct
Fine-tuned Whispermed

Levant Jordan 848 0.414 0.126∗∗ 0.160
Palestine 667 0.493 0.169 0.180

Gulf UAE 813 0.434 0.158 0.164
Yemen 803 0.649 0.197 0.197

Nile Egypt 846 0.663 0.196∗ 0.216

Maghreb
Algeria 844 0.845 0.231 0.218
Morocco 1,045 0.832 0.238 0.192∗∗

Mauritania 953 0.912 0.291 0.239∗∗

All Dialects 6,819 0.670 0.210 0.199∗∗

Table 2: RMSE (↓) by dialect on the Casablanca test
set, with mean WER of the fine-tuned cascaded model’s
ASR transcripts. Best RMSE per dialect is shown in
bold. ∗p < 0.05, ∗∗p < 0.001, according to a paired
t-test between the scores of both approaches.

A clear regional pattern emerges: the fine-tuned
cascaded model achieves lower RMSEs on the
Gulf, Levantine, and Egyptian dialects, whereas
the direct model achieves lower RMSEs on the
Maghrebi dialects. The direct model’s advantage
is statistically significant for Morocco and Mau-
ritania (p < 0.001) and for the full Casablanca
set (p < 0.001). Conversely, the fine-tuned cas-
caded model’s advantage is significant for Jordan
(p < 0.001) and Egypt (p < 0.05), while the re-
maining dialects show no significant difference.

This pattern could be a result of the unbalanced
representation of Arabic varieties in SADA’s train-
ing split, where the Maghrebi dialects are not well-
represented compared to the other dialects, which
undermines the quality of the transcripts generated
by the cascaded ASR-ALDi approach. The direct
model is less vulnerable to this limitation, as it di-
rectly estimates the ALDi score without relying on
an intermediate automatically generated transcript.

Qualitative Error Analysis On inspecting the
transcripts of the cascaded model for the two di-
alects with the Maghrebi dialects of Casablanca,
we found that the ALDi score of a sample with a
high WER does not always deviate from the silver-
standard ALDi score. While a high-WER transcript
is not faithful to the underlying speech utterance,
the corresponding ALDi score of this transcript
will depend on the level of dialectness of the error-
neous transcript. For instance, the two examples
in Table 3 have inaccurate transcripts with high
WERs (0.89 and 1.17), and high silver-standard
ALDi scores (0.98 and 0.87). However, the ALDi
scores estimated by the cascaded approach diverge

Example 1 Example 2
Gold
Transcript

A� ¨tJ ¨� ¨K�� �A�Cw�
...  A� ¨l� �rf� A� £�C A��

¨�A�� MAn� �dn� A�
AK� ¨�A}

Whisper’s
Transcript

A�� H� ,¨htK§ ¨Kk�A� ¢l��
�wK� �n� �r� 
n�

...X���

¨� ��tK� ��dn�
.¢l�� ºAJ  � ¨f}

WER 0.89 1.17
ALDiTarget 0.98 0.87
ALDi(1) Cascaded 0.92 0.20
ALDi(2) Direct 0.80 0.73

Table 3: Two qualitative examples from Casablanca’s
Maghrebi samples, with high WERs. However, the im-
pact of the erroneous transcript on the ALDi score esti-
mated using the cascaded approach depends on whether
the ASR model wrongly decoded MSA terms in the
transcript or dialectal ones. The direct ALDi estimation
approach is more robust than the cascaded approach in
these cases.

for both cases, whereby it is high for the first (0.98)
and low for the second (0.20). For the first example,
the erroneous transcript still uses lots of dialectal
terms (e.g., ¨Kk�A�, H�, �wK�), which are not
part of the gold standard transcript. However, these
dialectal terms are still enough to make the ALDi
score of the transcript high. Conversely, the second
example’s transcript mostly uses MSA terms (e.g.,
��dn�, ¢l�� ºAJ  �). Hence, the estimated ALDi
score of the transcript is wrong, deviating from the
silver-standard ALDi score.

5 Genre-based Extrinsic Evaluation

To further study the usability of the direct model,
we evaluated it on 1,791 fifteen-second clips drawn
from 49 publicly available YouTube sources (Ap-
pendix C), spanning six genres: broadcast news,
religious sermons, drama, talk shows, podcasts,
and street interviews, covering Gulf, Maghrebi,
Egyptian, and Levantine varieties. Sources were
selected to be predominantly conversational. We
downloaded the first 10 minutes of each video.6

Then, the first and last 30 seconds of each video
were removed to heuristically exclude introduc-
tory and concluding segments. The remaining au-
dio was cut into fixed 15-second windows without
sentence-boundary alignment. We use box plots
to visualize the predicted ALDi scores for all clips
of each genre, as per Figure 1. The model clearly
separates formal from conversational speech: news
scores the lowest (mean ALDi 0.042), religious
speech next (0.209), while all conversational gen-
res cluster between 0.72 and 0.80.

6Note that some videos are shorter than 10 minutes.
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Figure 1: Distribution of predicted ALDi scores from
the direct model based on Whisper-medium, split by
genre. News and religious speech sit well below the
conversational genres, which overlap substantially with
one another.

6 Conclusion and Future Work

Fine-tuning pre-trained speech encoders on ALDi-
labelled Arabic audio shows that the speech signal
contains enough information to recover a useful ap-
proximation of text-based ALDi across in-domain,
out-of-domain, and MSA data. A fine-tuned ASR
pipeline remains the strongest overall system on
SADA-test and MediaSpeech, but the direct model
is competitive overall, achieving lower RMSE on
Casablanca, and is more robust on Maghrebi di-
alects, where ASR quality degrades most. Direct
speech ALDi is not a weaker substitute for the ASR-
based pipeline, but a complementary approach that
remains effective when transcription is unreliable.

These findings should be read as an initial step
rather than a solved problem. A priority for future
work is designing annotation guidelines for speech-
native ALDi that explicitly account for speech-
specific variables such as phonetic variation and
prosody, rather than continuing to rely on transcript-
derived targets, so that speech ALDi can be eval-
uated as a speech-native task. We see this work
as a step towards establishing speech ALDi as a
feasible complement to the text-based framework.

Limitations

Several limitations constrain how strongly these
findings are interpreted. The training labels are
not speech-native human ALDi annotations, but
are silver-standard labels automatically estimated
using a text-based ALDi model from manual tran-
scripts. Hence, the direct model learns to approx-
imate a text-based target and may inherit any bi-
ases introduced during transcription. All training
data comes from the transcribed portion of SADA,

heavily centred on Saudi speech and mid-to-high
ALDi values, likely contributing to weaker transfer
to unseen dialects. Lastly, we only relied on sim-
ple mean pooling for the direct ALDi estimation
approach, and have not experimented with other
aggregation techniques.

Ethical Considerations

We used AI writing assistance within the scope
described in the ACL Policy on Publication Ethics,
and manually validated the accuracy and validity
of its outputs.
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Figure B1: RMSE of Whisper-medium and MMS-1B on SADA-test as a function of training data volume. Error
decreases sharply at first, with diminishing returns as data grows.
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Genre Variety Title URL

News (4 sources)
News MSA �A§� �¤� d§d�� �w� As�r� ¨� Ty�®F� �AsF¥� �®�

 AS�C
youtu.be/TXmeVPZvKq8

News MSA ¢klm� �®F «w�� Y�� ­ryW� T�r�� 
�w�� �y�
?Ak§r��

youtu.be/mRP5nzHRFvQ

News MSA ? �r§� �� �¡ ®� 
r� Y��  wyk§r�±� r\n§ �y� youtu.be/rjNAnL_Qfe4
News MSA z�r¡ �yS� ¨� T�wtf� Th��w� ¨�  �rhV¤ �WnJ�¤ youtu.be/O_sq3kuVx9I

Religious (3 sources)
Religious CA/MSA

(Mauritania)
Kindness to parents (Shaykh Muhammad Mukhtar Al-
Shinqiti)

youtu.be/NBEmiMVt_eA

Religious MSA/
Lebanese

A Gospel-Centered Church, Arabic sermon (Pastor Joseph
Najem)

youtu.be/2Kp_TeO0KpA

Religious CA/MSA
(Kuwait)

¨Rw`�� �yb� |  �rm� 
n� �§r� TO� youtu.be/tXdOF6zn0sQ

Drama (9 sources)
Drama Syriab 10 Tql��� - ¨s�¤C ¨�Ay� youtu.be/Savl4tXOetM
Drama Syrian 32 Tql��� - �yty�� �sls� youtu.be/BhKkurOzfUE
Drama Kuwaiti 1 Tql��� - r§An� �A� �sls� youtu.be/9LHd93WxS8
Drama Saudi �At§±� Tql� - MAV A� MAV youtu.be/q21lZnAVRuM
Drama Egyptian 4 Tql��� - �w�d��¤ dhK�� �sls� youtu.be/CVdgG9EeR8A
Drama Moroccan [Video unavailable] youtu.be/5eVakUcuZBA
Drama Egyptian 1 Tql��� - rybk�� 
yb�� �sls� youtu.be/FzOKvECNWuI
Drama Lebanese 1 Tql��� - ºAsn�� �K� youtu.be/DTQmG0xAg
Drama Moroccan [Video unavailable] youtu.be/eNU5XEbI81A

Talk Show (12 sources)
Talk show Saudi 57 Tql��� - ��A��� �Fwm�� -  AS�C ¨� r§A} M¤ youtu.be/BfnJ-be4a8Y
Talk show Lebanese 6202 C�Ð� 21 Hym��� - �Ab} Yl�� youtu.be/lTQrCEji3kY
Talk show Jordanian �} �} - Ty�¤z�� ­ A`s�� rF youtu.be/v0OBx-YTpaU
Talk show Moroccan 6202 xCA� 31 T`m��� - �Ay�Ab} youtu.be/DWtbJv5VK9U
Talk show Egyptian  AS�C 02 - �Ats�A� ®¡� youtu.be/7wZ43577uoM
Talk show Egyptian  AS�C 21 - �Ats�A� ®¡� youtu.be/tzgs8g9jzQM
Talk show Egyptian ©rks�� �CA§ �� T`�wt� ry� T�r`� ¨� �®� z��C youtu.be/DtV2W7PRa80
Talk show UAE ¨� �mt�m�� Tymn� T·y¡ - rsyn�� Tmym� youtu.be/q9I77cq9Fys
Talk show Saudi 3 Tql��� - ��A��� �Fwm�� - ��Ak� �@¡ youtu.be/1gHHKm6wYZE
Talk show Moroccan 6202 xCA� 51 d�±� - ¤C�d� �AJ youtu.be/RXo1bNVJRvs
Talk show Moroccan 6202 xCA� 31 T`m��� - wJ dyJC youtu.be/SCBxthgLHz0
Talk show Lebanese 51 T\�A�m�� - r§wOt�� Hy��w� youtu.be/DJQjEiStj5U

Table C1: YouTube sources: News, Religious, Drama, and Talk Show (Part 1 of 2).
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youtu.be/TXmeVPZvKq8
youtu.be/mRP5nzHRFvQ
youtu.be/rjNAnL_Qfe4
youtu.be/O_sq3kuVx9I
youtu.be/NBEmiMVt_eA
youtu.be/2Kp_TeO0KpA
youtu.be/tXdOF6zn0sQ
youtu.be/Savl4tXOetM
youtu.be/BhKkurOzfUE
youtu.be/9LHd93WxS8
youtu.be/q21lZnAVRuM
youtu.be/CVdgG9EeR8A
youtu.be/5eVakUcuZBA
youtu.be/FzOKvECNWuI
youtu.be/DTQmG0xAg
youtu.be/eNU5XEbI81A
youtu.be/BfnJ-be4a8Y
youtu.be/lTQrCEji3kY
youtu.be/v0OBx-YTpaU
youtu.be/DWtbJv5VK9U
youtu.be/7wZ43577uoM
youtu.be/tzgs8g9jzQM
youtu.be/DtV2W7PRa80
youtu.be/q9I77cq9Fys
youtu.be/1gHHKm6wYZE
youtu.be/RXo1bNVJRvs
youtu.be/SCBxthgLHz0
youtu.be/DJQjEiStj5U


Genre Variety Title URL

Podcast (9 sources)
Podcast Saudi ���wF 
FA� w� | Aht��dtF� �A�rK�� �mS� �y�

H�z�
youtu.be/HZKdvcoyzwI

Podcast Moroccan State of Dev in Morocco 2025 youtu.be/iigsuJ4YP44
Podcast Lebanese 12 The Podcast, Ep. 17: Why Lebanese TV is dying youtu.be/D6XyQbE7xTM
Podcast Kuwaiti dm� 
FA� w� | 
§wk�� ¨� Ty�w�Aq�� A§ASq�� rhJ� youtu.be/Q3BlMCSbNm0
Podcast Saudi ¨��r¡z�� dm�� | dhKm�� �CA� 
FA� w� youtu.be/HzbqbqiRPd8
Podcast Egyptian  ®��� ©d�� �� T�r� Tl·F� - ¨sys�� dy�¤ º�wl�� youtu.be/YwZh3ddj6w8
Podcast Egyptian �sf� ¨�®� ©�E� | ©dn��� �yfy� 11 Tql��� youtu.be/w0JHMyGkcf8
Podcast Levantine Beyond Limits: Michael Haddad youtu.be/0ngmeMkX8FQ
Podcast Moroccan ?Ty�r�m�� TFAys�� C�du� �y� :�®�³�¤ Mwn�� T�wk� youtu.be/fXukCc1aA6g

Street Interview (12 sources)
Street Saudi Hk�ÁrQ wq§ - xAn�� �� �A�l�� 	lq� youtu.be/2Gdm3zAJLKc
Street Saudi �CAK�� �®�Aq� - �A§C 005 ��¤ ¨nk�R youtu.be/Aewctu7XCbY
Street Egyptian We Asked Egyptians What They Were Doing (Easy Egyptian

Arabic)
youtu.be/Zsz0ou4VX2g

Street Jordanian Interviews with locals in Amman, Jordan youtu.be/kTxGFrljLzM
Street Moroccan ¨�r�m�� �CAK�� �� T� A} T�w�� ?�®F³�  A�C� ¨¡ A� youtu.be/k9-vYG6I18o
Street Moroccan T�CA�m�� �� T`�wt� ry� T�w�� - dsm�� ­CwF youtu.be/ZoEmKRuIE_4
Street Egyptian ��S�� �� �wmt¡ ��®�� ­At� �Af}�w� youtu.be/BNB9NzTt6aI
Street Egyptian Tf�� Ant�At� T`§@m�� 
nys�� youtu.be/WwaZOTabYF4
Street Jordanian T�CA�`�� �®� �� A� A� �� ?Ty�¤z�� ��Ay�� �A�r� youtu.be/jjD976SmVSA
Street Lebanese [Video unavailable] youtu.be/SDAXKba2DRs
Street Saudi Ahn� ��¤z�� �wnmt§ ¨l�� Ty�r`�� T�¤d�� L§� �ht��F youtu.be/0_O4hE7TQ9U
Street Saudi �¡dl� ¨� �Atf�¯�¤ ��ryy�t�� ¨� �y§ w`s�� ©�C youtu.be/LZRcR4PxJR4

Table C2: YouTube sources: Podcast and Street Interview (Part 2 of 2).
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youtu.be/HZKdvcoyzwI
youtu.be/iigsuJ4YP44
youtu.be/D6XyQbE7xTM
youtu.be/Q3BlMCSbNm0
youtu.be/HzbqbqiRPd8
youtu.be/YwZh3ddj6w8
youtu.be/w0JHMyGkcf8
youtu.be/0ngmeMkX8FQ
youtu.be/fXukCc1aA6g
youtu.be/2Gdm3zAJLKc
youtu.be/Aewctu7XCbY
youtu.be/Zsz0ou4VX2g
youtu.be/kTxGFrljLzM
youtu.be/k9-vYG6I18o
youtu.be/ZoEmKRuIE_4
youtu.be/BNB9NzTt6aI
youtu.be/WwaZOTabYF4
youtu.be/jjD976SmVSA
youtu.be/SDAXKba2DRs
youtu.be/0_O4hE7TQ9U
youtu.be/LZRcR4PxJR4

