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Abstract

Lexical recognition tests are widely used to
assess the vocabulary size of language learn-
ers. We investigate the role that diacritics
play in adapting the difficulty of Arabic lexi-
cal recognition tests. For that purpose, we im-
plement an NLP pipeline to reliably estimate
the frequency of diacritized word forms. We
then conduct a user study and compare Arabic
lexical recognition tests in three settings: (i)
without diacritics, (ii) with the most frequent
diacritized form of a root, and (iii) the least fre-
quent diacritized form of a root. We find that
the use of infrequent diacritics can be used to
adapt the difficulty of Arabic lexical recogni-
tion tests and to avoid ceiling effects.

1 Introduction

Lexical recognition tests (LRTs) are used to mea-
sure the vocabulary size of a learner. For that pur-
pose, learners are presented with lexical items and
have to decide whether they are part of the vocabu-
lary of a given language (i.e. a word) or not (i.e. a
nonword). Figure 1 gives an example of the two
most common presentation formats: (i) Yes/No
questions and (ii) checklists. A lexical recognition
test consists of a relatively small number of words
and nonwords, usually 40 words and 20 nonwords.
It has been shown that such a small number of
items is sufficient to consistently measure the vo-
cabulary size (Huibregtse et al., 2002). As a con-
sequence, lexical recognition tests are easy to ad-
minister and fast (Lemhofer and Broersma, 2012).
Nonwords in a lexical recognition test are typ-
ically used as distractors. Thus, they should be
close to existing words and are usually created
by swapping letters in existing words (Stubbe,
2012) or by generating character sequences based
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platery
(a) Yes/No format

obey forfeit
<] thirsty [X] shine

[ ] nonagrate [X] sadly

D expect [ ] mensible
I large door

<] accident <] grow

(b) Checklist format

Figure 1: Examples of lexical recognition tests.

on position-specific character language models
(Hamed and Zesch, 2015). Words in a lexical
recognition test have the function to measure the
vocabulary size, thus the test needs to contain
words from many frequency bands, i.e. very fre-
quent words like door or large as well as less com-
mon words like obey or forfeit.

While lexical recognition tests are well-
established for English (Lemhofer and Broersma,
2012), and other European languages like Ger-
man and Dutch (Lemhéfer and Broersma, 2012),
French (Brysbaert, 2013) and Spanish (Izura et al.,
2014), there is still very little work on Arabic
LRTs. The studies by Baharudin et al. (2014)
and Ricks (2015) neglect lexical diacritics, a very
important feature of the Arabic language that
causes many challenges for automatic processing
(Farghaly and Shaalan, 2009).

The Arabic script contains two classes of
symbols: letters and diacritics (Habash, 2010).
Whereas letters are always written, diacritics are
optional. Diacritics are usually used in specific
settings like language teaching or religious texts.
This leads to a high amount of ambiguity of a non-
diacritized Arabic word. Figure 2 compares the
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Raw Diacritization Sense
Form Ambiguity Ambiguity
house (building)
English house { house | house (assembly)
house (family-line)
house (astrology)
¢ — N
house
. wife
<% /bayot 1 verse
Arabic < /byt | tent
Ciy /bay~ata 4 hid
~ = J

Figure 2: Sources of lexical ambiguity in English and Arabic (from (Hamed and Zesch, 2018)).

situation in English and Arabic. As English uses
relatively few diacritics, there is no diacritization

ambiguity. For example, the Arabic token <y

/byt/ has diacritizations like i /bayot/ and u;u
/bay~ata/. As can be seen in the last column in
Figure 2, this issue is not to be confused with the
sense ambiguity that exists in both English and
Arabic on top of the diacritization ambiguity.

Recently, Hamed and Zesch (2017b) have
shown that non-diacritized Arabic lexical recog-
nition tests show serious ceiling effects as they are
too easy for most learners. It is sufficient for a
learner to recognize the root form as they know
one of its diacritized forms — probably the most
frequent diacritized of a word. Table 1 shows the
frequency counts of some diacritized forms of the
root /*kr/.?

Our hypothesis in this paper is that we can con-
struct a more appropriate Arabic lexical recogni-
tion test by using less frequent diacritized forms,

The frequency counts are based on the Tashkeela cor-
pus (Zerrouki and Balla, 2017), a corpus of classical Arabic
books texts that are provided with diacritics.

tS.;llr'flace E)if:lritized Gloss Counts
J;’.f: [*~akar/ Male 18
S3/ikor/  Prayer 10
j/S }(: /*akar/ He mentioned 1454
ﬁ [*ukir/ It was mentioned 2001
)/.;: [*~akar/ He reminded 1
J?J /*uk~ir/  He was reminded 4

Table 1: Examples of diacritized forms of the Ara-
bic word 5> /*kr/.

such as /*ak~ara/ or /*uk~ira/. For that pur-
pose, we first have to find a way to reliably es-
timate the frequency of diacritized word forms.
Then, we conduct a user study, measuring the diffi-
culty of the resulting lexical recognition test under
three conditions: (i) No Diacritics: non-diacritized
words, (ii) Frequent Diacritics: diacritized using
the most frequent diacritized word form, and (iii)
Infrequent-Diacritics: diacritized using the least
frequent diacritized form of a word.

2 Counting Arabic Words

Obtaining reliable frequency counts for Arabic
words is a task that entails a lot of NLP challenges
regarding availability of corpora, automatic dia-
critization, segmentation, etc.
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Resource Proportion
Aljazeera online 30%
Arabic Wikipedia 20%
Novels 15%
Alquds newspaper 10%
Altibbi 10%
IslamWeb 5%
Social networks (FB, Twitter) 5%
Other 5%

Table 2: Proportion of corpus resource.

2.1 Availability of Corpora

We typically need a large amount of diacritized
Arabic text to estimate the frequency of diacritized
word forms, but there is a lack of such resources.
Generally, the currently available diacritized cor-
pora are limited to Classical Arabic (usually re-
ligious text), such as the Holy Quran®, Hadith
books, RDI* and Tashkeela (Zerrouki and Balla,
2017); or Modern Standard Arabic (usually com-
mercial news wires), such as Penn Arabic Tree-
banks (ATB) and Agence France Presse (AFP) that
can be purchased from the Linguistic Data Con-
sortium (LDC).

Source Corpus As the costs of acquiring anno-
tated corpora can prevent researchers from con-
ducting their research, we only want to use freely
available corpora. One option is the provided
by Zaghouani (2014) and contains newspaper ar-
ticles crawled from the internet.’. However, as
we are trying to build an educational application
that measures language proficiency, we need text
that covers a broader variety of topics. We are
thus using the corpus introduced by Freihat et al.
(2018), which was assembled from texts and text
segments from a varied set of online Arabic lan-
guage resources such as Wikipedia, news portals,
online novels, social media, and medical consul-
tancy web pages. Table 2 shows the distribution of
sub corpora in the resource.

2.2 Automatic Diacritization

It has been shown that automatic diacritization
can be used to obtain reliable frequency counts
for Arabic words (Hamed and Zesch, 2018) by
automatically diacritizing a large non-diacritized
source corpus. According to a recent benchmark

*http://tanzil.net/download/

*http://www.rdi-eg.com/RDI/TrainingData/

3 Available  at: https://sites.google.com/
site/mouradabbas9/corpora

(Hamed and Zesch, 2017a) comparing the avail-
able tools for diacritization (Farasa (Darwish and
Mubarak, 2016), Madamira (Pasha et al., 2014)
and two strong baselines), Farasa is outperforming
the other approaches under all conditions. There-
fore, we use Farasa to diacritize the crawled source
corpus. The diacritized corpus is available upon
request.

2.3 Lemmatization

As we want to use lemmas, not surface forms in
our Arabic lexical recognition test, we need to
perform lemmatization. This step is necessary
as Arabic is a morphology-rich language and its
words are highly inflected and derived (Agel et al.,
2015). Darwish and Mubarak (2016) reported
that Farasa outperforms or matches state-of-the-
art Arabic segmenters/lemmatizers like QCRI Ad-
vanced Tools For Arabic (QATARA) (Darwish
et al., 2014) and Madamira (Pasha et al., 2014).

We (Hamed and Zesch, 2018) explore the ef-
fects of diacritization on Arabic frequency counts.
We have shown that Farasa clearly gives better es-
timates than Madamira. Therefore, we integrate
Farasa segmenter/lemmatizer in our NLP pipeline.

2.4 NLP Pipeline

To reliably estimate the frequency counts for the
diacritized LRT word items, we run the following
NLP pipeline, given the source corpus as input:
(i) diacritize the source corpus using the Farasa
diacritizer, (ii) segment the space-delimited dia-
critized words using Farasa, (iii) discard the extra
clitics, (iv) label the roots with the corresponding
diacritics with the help of DKPro Core®, a collec-
tion of software components for natural language
processing based on the Apache UIMA frame-
work, and (v) assign the frequency counts for each
root based on the attached diacritics.

After carrying out the aforementioned NLP
pipeline on this source corpus, we will get fre-
quency counts similar to that in Table 1. The fre-
quency counts contain, among others, the most
and least frequent diacritized form of a word
that are corresponding to a given non-diacritized
root/lemma. Now we are ready to construct the
tests and conduct the user study.

®https://dkpro.github.io/dkpro-core/
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Word Nonword Swapped-letter
JEL; JAL; Sto L
& & dd
o S oo

Table 3: Nonwords created by letter transposition

3 User Study Setup

In order to investigate the role of diacritical marks
on improving the construct validity of Arabic lex-
ical recognition tests, we conduct a user study
where we compare three tests that differ in the di-
acritization settings.

e No Diacritics (S1): We use the non-
diacritized version of ‘test A’ as used by
Hamed and Zesch (2017b). The nonwords
have been generated using a letter substi-
tution/transposition approach in an existing
word. Table 3 contains some examples of
such nonwords.

Frequent-Diacritics (S2): We diacritize all
roots from S1 with the most frequent dia-
critized form. The nonwords are the same as
in S1 and diacritized using a pronounceable
(plausible) version of diacritics.

Infrequent-Diacritics (S3): We diacritize all
words from S1 with the least frequent dia-
critized form. Figure 3 shows the resulting
test in checklist format.

Pilot Study Before conducting the main user
study, an Arabic teacher reviewed the three tests.
For example, he made sure that no dialectal words
are used because they could only be recognized by
Arabic speakers of that dialect.

A few students (n = 11) were asked to partici-
pate in the user study, so that we check the overall
format, design, and test instructions. No modifi-
cations have been made to overall test format or
design. Minor modifications had to be made to
test instructions after the pilot study.

Main Study First, we provide participants with
a set of instructions including some sample items.
Then the participants were asked to provide in-
formation about gender, age, mother tongue (L1),
and the knowledge of Arabic language (number of

Pt A
v i_p.nS..’ a ubhu’
ol b
& ki
i ]
e <
[k s
2ol e
f 5 "z
AR wale
e (A so4
& i
w fag e,
‘Ll_'g_g-l-m| :-‘!’_2;
v ?J‘ 2_9.:
L ik
FE ..
‘L:.;g @J,
- s 252
-’ T L
7 ‘—‘:-Jﬁ" e Tl
}“,;. Wi
v gl &
v dall Al
" EP 1‘-'
- F .
8 Jai 4 G
&, -
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v B8 y "",
v K 7 Gl
Tt » o
s XS] 4 o
4 Jads 4 5
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z oo
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* L] -8 .
< JYaa) 7 Lada

Figure 3: The diacritized tests items for test A
in infrequent-diacritics setting (S3), words are
checked, nonwords are not.

years they had taken Arabic courses). Then, par-
ticipants had to finish the actual lexical recognition
test. The test version which participants received
(non diacritics, frequent diacritics, infrequent dia-
critics) was assigned randomly to avoid sequence
effects.

Web Interface In order to conduct the study, we
created a multi-device web interface using PHP
and MySql database. Figure 4 shows how it looks
like. We make the implementation available to al-
low for easy replication.’

"https://github.com/ohamed/ar—-1rts
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Dear Participants,
This site is designed for scientific research purposes. We aim at ~“Generating Difficulty-
Controlied Arabic Lexical Recognition Tests (LRTs)" using diacritical marks.

YOUR DETAILS :

Female : Native Speaker ¥
Arabic ¢ | Bachelor 4]
30 $

Email (optional)

29 s

NEXT

&

ey e Y Ll 5 %50 SLaS sualiall 0a a1 dysaS gt ey ( uale i ple (§53a5 Lalli ol Lo
eaiall 138 IS Jla o B gkl ol 3 g e jall Tl o Basmge LalS Gl il (gl jeaiall il gl i adle
LSS Tyl Gl g

Below is a list containing consists of about 60 trial items, in each of which you will see a
string of Arabic letters. Your task is to decide whether this is an existing Arabic word or not. If
you think it is an existing Arabic word, you have to check the box next to the item, and if you
think it is not an existing Arabic word, you leave the box blank.

ARABIC LRT AS CHECKLIST FORMAT.

Please select the checkbox next to all the words that you know.

O i 0wl
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Thank you so much for your kind participation in this study, your score is: 100
Go to Home
We are appreciating your efforts for this volunteer work. Your opinion is highly appreciated, feel free to contact us:

Figure 4: Web system.
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40 Words 20 Nonwords
Test Setting P R F P R F
S1-No Diacritics 95 95 95 93 89 091
S2 — Freq. Diac. 91 92 91 90 .82 .86
S3 — Infreq. Diac. 92 80 86 .71 85 .77

Table 4: Results for the three tests settings.

4 User Study Results

We advertised our study through different chan-
nels, such as mail listings and social media. Over-
all, 263 people participated in the study, 143 are
male, 120 are female. The average age is 28.1
years. Overall, the participants are randomly dis-
tributed over the three tests as follows: 96 partic-
ipants were assigned to S1, 78 participants were
assigned to S2, and the remaining 89 participants
were assigned to S3.

In Table 4, we show precision, recall, and F-
measure for the three test settings for both words
and nonwords, averaged over all participants. We
see that while the precision for words is compa-
rable over all three tests, our test version S3 with
infrequent diacritics has lower recall. This is the
intended effect or more people not recognizing the
words (remember that the non-diacritized tests are
too easy and we want people to fail a bit more of-
ten).

4.1 Comparing Test Versions

In order to compare the difficulty of the two di-
acritized tests S2 and S3 with the original non-
diacritized test S1, we compute for each respon-
dent a combined test score using the scoring
scheme utilized by Hamed and Zesch (2017b). In
order to account for the unequal number of words
and nonwords in the test, it averages the corre-
sponding recalls.

_ (Ruw + Rpyw) - 100
2
This way, a yes bias — by identifying all items as
words — (creating high error rates in the nonwords)
would be penalized in the same way as a no bias
— by identifying all items as nonwords — (causing
high error rates for words), independently of the
different numbers of words versus nonwords.
Then, we compute the average score (over all
participants) for each variant. We obtain average
scores of 91.8, 86.8, and 82.3 for the three tests re-
spectively. We compute the statistical significance

score(R) (1)

of the differences between the three tests using the
t-test. All differences between the scores are sta-
tistically significant.

We visualize the relationship between the set-
ting and the scores obtained by the participants in
each test as shown in Figure 5. The non-diacritized
test S1 shows the predicted ceiling effect. The dif-
ferences to the diacritized version with the most
frequent diacritics (S2) are actually larger than we
would have predicted (recall that our hypothesis
was that even in the non-diacritized version, sub-
jects would fall back to the most frequent dia-
critized form). However, in line with our predic-
tions the third test version (S3) using infrequent
diacritics is much more difficult than both other
tests and shows no ceiling effects. It should thus
be better suited for accurately measuring the vo-
cabulary size of more advanced learners than the
other test versions.

4.2 Item Analysis

So far, we have only looked at the test results in
general (across all items), but it remains unclear
whether all words get more difficult or whether the
effect is stronger for some words.

Thus, we visualize the scores for each word in
our three experimental settings using a heatmap
along with their frequency counts as shown in Ta-
ble 5. As the score corresponds to how many par-
ticipants of our study recognized a word, light col-
ors mean easy items and darker colors mean dif-
ficult items. We find that some words get much
harder when using the least frequent diacritization,
while there is almost no effect for other words. In
order to check whether this effect can be attributed
to the frequency of the underlying forms, we also
plot the counts as obtained from the source corpus
for the majority of the word items.®

Overall, there is no obvious relationship be-
tween the scores of the word in the three settings
and their frequency counts. For example, o /hm/
from S1 occurs 4,510 times, ‘;.Q /humo/ (meaning:

they) from S2 occurs 2,388 times, and ‘;_a /ham~/
(meaning: worry) from S3 occurs 57 times. How-

8The frequencies are obtained from the source corpus.
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Buckwalter S1 S2 S3
Arabic  Transliteration No Diac Freq. Diac Infreq. Diac
pais EnSr 99 91 83
J qtl 98 95 95
543 qwp 98 92 92
o SEb 98 92 84
el Okvr 98 95 90
sl OsAsy 98 95 91
e mdynp 98 95 84
= ykfy 97 94 _
s Eks 97 88 90
Py n$r 97 90 .86
pos Edm 97 95 91
A Tib 97 94 89
oA XIWj 97 92 [ e
it DI 97 92 .86
Ee fkr 97 95 85
5,5 qdrp 97 95 _
ol byAn 97 91 91
Jas. yiEl 97 94 90
Las tHdyd 97 94 91
FR sIAmp 96 96 _
R Ezyz .96 .94 92
(J.c Elm 96 92 92
o Sf 96 87 _
> wih 96 92 .80
Sl ytElq 96 90 89
K $bkp .96 91 81
Yylz mHAwlp .96 .94
o3 *AL 95 87
3) I 95 91
{9 §us msWwlyp .94 .94
alw sITp .94 91 .
o2 hm 94 90 93
Gls) IDAfp 94 94 91
de mdp 94 .95
'Ci Ox 93 85
S yEny 93 91
ols fnAn 93 87 89
| [HtIAL 93 90 90
Jl EAnY 87 87 _
doy wHd - 78 86

Table 5: Heatmap visualizing the average score per word, along with their frequency counts. Items are

sorted by S1 score.
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Visualization of the test scores

100
80
2 60 —

0 8 8

o
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e}

T T T

S1-No Diac S2-Freq Diac S3-Infreq Diac
Setting

Figure 5: Visualization of the test scores under the three settings.

ever, we don’t observe a big drop in the respective
scores that are 94%, 93% and 90% for S1, S2, and
S3.

5 Conclusion & Future Work

In this paper, we have shown that using Arabic lex-
ical recognition tests with less frequent diacritized
forms is a way to avoid the ceiling effects of pre-
viously proposed non-diacritized tests. We also
show how the necessary frequency counts can be
obtained by automatically diacritizing source cor-
pora. In future work, we need to further inves-
tigate why some infrequent diacritized forms are
hard while other (similarly infrequent) diacritized
forms are easy. We hypothesize that the corpora
used in this study might not reliably reflect the
knowledge of learners. Also, even if we tried
to minimize the effects of dialects, there might
be strong influences from words being frequently
used in a dialect or not.
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