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ABSTRACT OF THE DISSERTATION
The role of communicative efficiency in shaping linguistic choices in Arabic and beyond

By

Zeinab Kachakeche

Doctor of Philosophy in Language Science

University of California, Irvine, 2026

Associate Professor Gregory Scontras, Chair

My dissertation investigates the role of communicative efficiency in shaping linguistic form, 

bringing evidence from Arabic and Arabizi across different levels of linguistic structures. 

Chapter 1 reviews the essential background needed for the study of communicative efficiency. 

In Chapter 2, I examine whether the rate at which speakers modify nouns with adjectives 

is affected by adjective position relative to the noun by conducting a corpus analysis of 

English, Spanish, and Arabic Wikipedia, as well as a broad analysis of 74 languages in 

the Universal Dependencies treebanks. In Chapter 3, I test whether the adjective ordering 

preferences well established for languages with pre-nominal adjectives also hold in Arabic, a 

language with post-nominal modification through behavioral experiments for both baseline 

native Arabic speakers and heritage Arabic speakers. In Chapter 4, I test whether contextual 

predictability shapes vowel dropping in Arabizi, the Romanized Arabic script used in digital 

communication, comparing private chat data with public Twitter data. Together, the three 

studies show that the efficiency pressures documented in English and other well-studied 

languages are also at work in Arabic, while revealing that their expression is modulated by 

the communicative context.
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Chapter 1

Introduction

Human language is a system of extraordinary complexity, one that is shaped by pressures 

operating simultaneously at multiple levels of linguistic structure, from the phonological 

and morphological units that compose individual words, to the syntactic structures that 

combine those words into phrases, to the typological patterns that distinguish one language 

from another. A growing body of research has proposed that an overarching pressure, the 

drive to communicate efficiently, cuts across all of these levels, shaping the form and function 

of language in systematic and predictable ways (Zipf, 1949; Hawkins, 2004; Piantadosi et al., 

2011; Gibson et al., 2019; Levshina, 2022a). According to this view, language is not merely 

a formal system governed by arbitrary conventions; it is a tool for communication, and 

many of its properties reflect the demands of successful information transfer under cognitive, 

articulatory, and environmental constraints.

Efficiency, broadly construed, involves balancing the costs of producing an utterance against 

the rewards of communicating successfully. Yet the content of this claim depends heavily on 

what we take efficiency, cost, and reward to mean. That is, these terms are defined differ-

ently throughout the literature and are often left implicit. This thesis takes the efficiency 

1



hypothesis as its starting point and asks: what kinds of cost and reward shape linguistic 

choices, whether the same notions apply equally across languages, and how a careful look at 

Arabic, alongside cross-linguistic evidence, can sharpen our understanding of how efficiency 

shapes language use.

Arabic is one of the world’s most widely spoken languages, with millions of speakers across 

the Middle East and North Africa, and across large communities of heritage speakers and 

immigrants in the United States and Europe. Yet it remains markedly understudied in the 

psycholinguistics literature, and almost entirely absent from the efficiency-based conversation 

that this thesis takes up. Several factors have contributed to this gap: relatively limited 

linguistic resources and annotated data in Arabic, a tradition of Arabic-language scholarship 

that has not always been translated into English, and a long-standing focus on Modern 

Standard Arabic at the expense of the spoken dialects that speakers actually use in everyday 

communication. Importantly, the diglossic relationship between Standard Arabic and the 

colloquial varieties means that questions about communicative pressures cannot be settled 

by looking at written Standard Arabic alone. Arabic is also structurally distinct from the 

languages on which most efficiency-based claims have been built: it is post-nominal in its 

adjectival modification, a feature that two of the chapters in this thesis take up directly. 

Together, these properties make Arabic a useful test case for asking whether the cost and 

reward notions developed in the existing literature carry across typologically different systems 

whose structural profile differs sharply from English.

Before turning to Arabic specifically, it is worth unpacking what the efficiency hypothesis as-

sumes. Discussions of communicative efficiency have long centered on the idea that linguistic 

form is shaped by trade-offs between competing pressures. Central among these pressures 

is the balance between the costs of encoding a message and the need to convey it success-

fully. Crucially, both sides of this balance are themselves multifaceted. Cost is distributed 

between speakers, who plan and articulate utterances, and listeners, who perceive and inter-
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pret them. Communicative success, in turn, depends on how reliably the intended message 

can be recovered given the signal, the context, and the knowledge the interlocutors already 

share. Across languages, commonly used forms tend to be shorter and less complex (Zipf, 

1949; Hawkins, 2004), suggesting that speakers favor structures that reduce effort while still 

supporting effective communication. At the same time, communicative success requires that 

expressions remain sufficiently informative for listeners to recover intended meanings, high-

lighting an inherent tension between economy and clarity. How this tension is negotiated, 

and more specifically how cost and reward are defined on each side of it, is the question the 

rest of this chapter takes up.

Not all approaches to language take this communicative premise for granted. A long-standing 

tradition in linguistics, most closely associated with the generative view, holds that the core 

properties of language arise from constraints internal to the grammatical system rather than 

from pressures exerted by communicative use (Chomsky, 2017). According to this view, lan-

guage is optimized to be an efficient instrument of thought rather than an ideal instrument of 

communication. The efficiency-based view departs from this position: it proposes that many 

observable properties of language are best understood as responses to communicative pres-

sures. From this perspective, efficiency is not reducible to a single factor, but emerges from 

the interaction of multiple constraints that jointly shape language use and structure. Under-

standing how speakers navigate these trade-offs offers insight into the principles governing 

linguistic choice and the cognitive mechanisms that support successful communication, and 

provides the conceptual foundation for the present work.

1.1 Efficiency as a balance between cost and reward

The hypothesis that language is shaped by efficiency is not new. Zipf (1949) famously pro-

posed that speakers balance competing pressures, minimizing effort for both themselves and 
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their listeners, producing the well-known statistical regularities we observe in word frequency 

and length distributions. Zipf’s central observation was that more frequently used words tend 

to be shorter: in English, frequent lexical items such as I, pen, run, eat, and on are reliably 

shorter than rarer items like pulchritudinous, incomprehensible, and uncopyrightable. Zipf 

interpreted this regularity as a trade-off between two factors that jointly shape word form: 

production cost on the speaker’s side captured by word length, and ease of comprehension on 

the listener’s side, since frequent words carry meanings that are often retrievable in context 

and thus can afford to be short. Zipf’s principle thus provides a quantitative perspective 

on the trade-off between production cost and comprehension ease, such that more frequent 

messages are easier to understand and less costly to produce, putting two specific factors at 

the center of the efficiency picture: information transfer and word length. Cost can take 

other forms as well: the duration of an utterance in a speech stream, the mental energy that 

is required to plan it, or the cognitive resources demanded of the listener to comprehend 

it. Similarly, information transfer is not a single notion: it encompasses everything from 

establishing common ground to relying on a listener’s ability to infer the intended message 

from context. Despite these factors, Zipf’s principle of least effort serves as a pivotal starting 

point for the literature focusing on efficiency, illustrating how multiple factors can contribute 

to a trade-off that shapes our language use.

In fact, the observation of a relationship between word length and frequency predates Zipf 

by several centuries. According to Leslau (1969), this relationship was already articulated 

by Arab grammarians, most notably by Al-Zamakhsharī in his 12th century book Kitāb al-

Mufassal fī San’at al-I’rāb (al Zamakhsharī, 1905). This phenomenon was known as ‘al-takhfīf 

li kathrat al-isti’māl’ “weakening for frequent usage”. Takhfīf  referred to the tendency to ab-

breviate, or simplify linguistic forms that are used with high frequency, on the grounds that 

frequent use creates pressure toward ease of articulation. The grammarians observed that 

the most common elements of Arabic (pronouns, prepositions, particles, negation markers) 

are systematically shorter and less morphologically complex than rarer, more semantically 
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specific words. This is not merely a descriptive observation; it was treated as a principled 

explanation: high-frequency use justifies reduced form because the reduced form remains 

recoverable given shared knowledge between speaker and listener. Although the Arab gram-

marians did not frame their observations in information-theoretic terms, they essentially 

articulated a version of the same cost-reward trade-off that Zipf would later formalize math-

ematically; indeed, Leslau (1969, 181) explicitly draws the connection between the medieval 

Arabic observations and Zipf’s modern work on relative frequency as a determinant of sound 

changes. For example, the Arabic phrase layta-nī ghaniyyun “may I be wealthy” becomes 

layt-ī ghaniyyun by eliminating a vowel /a/ and a consonant /n/ from the word: the first 

person suffix -nī  is reduced to -ī  when attached to the high-frequency particle layta, because 

the frequent co-occurrence licenses the shorter form. The principle was recognized across 

centuries of the Arabic grammatical tradition. Al-Ashmūnī, a fifteenth-century grammarian 

commenting on Ibn Mālik’s Alfiyya, similarly explained the reduction of mundh ‘since’ to 

mudh as a consequence of frequent usage (Leslau, 1969, 180).

While Zipf’s principle captures a statistical regularity in language use, Grice (1975) ap-

proached the same trade-off from a different angle, proposing the maxim of quantity: speak-

ers should contribute just enough information to the conversation as is necessary — no more, 

no less. Like Zipf’s principle, this maxim implicitly reflects a balance between saying too 

much and saying too little. But the framing is fundamentally different: where Zipf’s law 

is descriptive and statistical, capturing a pattern observed in language use, Grice’s maxim 

describes what cooperative speakers should do rather than what they actually do. Speakers 

violate these maxims frequently and systematically, both by saying less than they should 

and, more often, by saying more than they need to, a pattern that has become a central 

source of evidence in recent efficiency-based accounts of language use, and one that Chapter 

2 takes up in detail.

A different but complementary articulation of the same trade-off comes from Hawkins (2004), 
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who proposed that grammatical forms and structures reflect a balance between communica-

tive efficiency and cognitive complexity. Within this framework, speakers prefer shorter 

and simpler forms over longer or more complex ones, a principle Hawkins calls minimizing 

forms, unless there is a specific communicative, semantic, or pragmatic reason to use the 

longer form. What makes Hawkins’s contribution distinctive is its scope: where Zipf focused 

on statistical regularities in word form and Grice on conversational implicature, Hawkins 

extends the efficiency argument to grammar itself. He argues that the structural patterns 

distinguishing one language from another reflect, in part, the same cost-reward pressures op-

erating at the syntactic and morphological level. One natural extension of this view, taken 

up in detail later in this chapter, is that the accessibility of frequent forms is itself a form 

of reduced cost: highly frequent words demand less cognitive processing for both speaker 

and listener. I will return to Hawkins’s principle of minimizing forms in Chapter 4, where 

it serves as the organizing concept for my investigation of how speakers balance form and 

information across linguistic levels.

Gibson et al. (2019) give this trade-off its most explicit formulation. Grounding their defi-

nition in information theory, they picture communication as the transmission of a message 

from speaker to listener through a noisy channel. Efficient communication, according to this 

view, is achieved when speakers minimize the effort of production while maximizing the like-

lihood that the listener successfully recovers the intended message (Figure 1.1). What this 

framing makes clear is that efficiency is not a property of form alone, nor of meaning alone, 

but of the pairing between them under conditions of noise. Crucially, the cost and reward 

entering into the trade-off need not be defined in a single way: articulatory effort, processing 

load, and informativity can all, in principle, play a role in efficient communication. The next 

section takes up exactly this point, surveying how cost has been operationalized across the 

efficiency literature before turning, in Section 1.3, to the question of what counts as reward.
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Figure 1.1: Figure from Gibson et al. (2019). The information theoretic pathway of successful 
communication. This figure shows that every communication has a source and a sender that 
sends a signal, the signal is then impacted by noise before it arrives at the receiver which 
deciphers the signal before it reaches its final destination.

1.2 The different costs of successful communication

The efficiency literature has not converged on a single definition of cost. Some researchers 

focus on production cost: the effort speakers expend in planning, articulating, or writing 

their utterances. Others emphasize comprehension cost: the cognitive effort listeners invest 

in decoding and interpreting what they hear. Cost has also been framed in terms of the 

time a message takes to transmit in a verbal channel or the space it occupies in a writ-

ten channel. These different emphases can be organized into a small number of recurring 

categories: (i) the effort required to articulate or write a message, (ii) the processing load 

involved in producing or comprehending it, (iii) the time or space required to transmit the 

message, and (iv) a broader category covering social and other costs that fall outside the 

cognitive or articulatory picture. These categories are not sealed off from one another, and 

the same phenomenon can often be described in more than one way, but they correspond 

to recognizably different emphases in the literature. Word length, for instance, is simultane-

ously a matter of articulatory effort and processing time. Figure 1.2, from Levshina (2022a), 

summarizes these distinctions in a single diagram. The paragraphs that follow walk through 

these categories, beginning with the most extensively studied: word length and articulatory 
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effort.

Figure 1.2: Plot from Levshina (2022a) illustrating the different costs involved in efficient 
communication.

1.2.1 Cost as word-length

Word length is perhaps the most straightforward operationalization of cost, and the one 

with the longest empirical tradition. As discussed in Section 1.1, Zipf (1949) established 

that more frequent words tend to be shorter, a regularity he attributed to the pressure to 

minimize production effort. But frequency is not the only factor that predicts word length. 

Piantadosi et al. (2011) demonstrate that word length is better predicted by a word’s average 

surprisal than by its raw frequency alone. Surprisal is the information content of a word 

given its preceding context (see Equation 1.1).

S(wi) = − logP (wi | w1, w2, . . . , wi−1). (1.1)
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Where S(wi) is the surprisal of word wi and P (wi | w1, w2, . . . , wi−1) is its conditional 

probability given the preceding context. Their work shifts the efficiency story from a static 

property of words in the lexicon to a contextual one, in which the cost of a word depends 

not only on how often it is used but on how predictable it is given what has come before. 

Mahowald et al. (2013) extend this line of reasoning, showing that the information content 

of a word, rather than its frequency, is a stronger predictor of its phonological length across 

languages. Together, these findings suggest that articulatory cost is not simply a matter of 

how long or short a word is in the abstract, but of how much information it carries relative 

to its context. This point connects directly to the information-theoretic framing introduced 

in Section 1.1 and is one that my own work in Chapter 4 develops further.

1.2.2 Availability-based production

A second way cost has been operationalized is as processing load: the cognitive effort involved 

in producing or comprehending an utterance, rather than the physical effort of articulating it. 

According to this view, a word’s cost is a function of how easily it can be retrieved from the 

lexicon and integrated into an unfolding structure, and a structure’s cost is a function of how 

easily it can be planned and executed. Ferreira and Dell (2000) argue that production is most 

efficient when syntactic structures allow quickly selected lemmas to be mentioned as soon 

as they become available. A speaker who has retrieved the embedded subject of a sentence-

complement structure like The coach knew you missed practice can begin articulating you 

immediately, whereas a speaker who has not yet retrieved the embedded subject may opt 

for The coach knew that you missed practice, using the optional complementizer that to buy 

planning time. Across six experiments, Ferreira and Dell show that speakers do in fact omit 

the optional that when subsequent material is readily available, but do not include it to spare 

listeners from temporary garden-path ambiguities. This finding is telling: when production 

pressure and comprehension pressure pull in opposite directions, production pressure wins. 
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What the speaker treats as costly, then, is not simply the articulation of extra words, but 

the moment-by-moment planning and retrieval effort of composing an utterance in real time. 

More broadly, this view suggests that cost is shaped by how accessible a linguistic unit is; a 

perspective that extends beyond sentence production to the structure of the lexicon itself.

1.2.3 Cost of ambiguity

A related implication of this accessibility-based view of cost is the functional role that am-

biguity plays in language. Piantadosi et al. (2012) argue that ambiguity is not a design 

flaw but a feature of efficient communication. Grounding their argument in information 

theory, they show that any efficient communication system in which context is informative 

about meaning will necessarily be ambiguous. Allowing linguistic units to map to more than 

one meaning lets speakers reuse the shortest, most accessible forms across contexts, rather 

than inventing a distinct form for every possible message. The reasoning is the following: 

language tolerates, and even exploits, ambiguity where context is reliable enough to dis-

ambiguate; short and frequent forms can do double duty across many meanings. Consider 

polysemy, where a single word encompasses multiple meanings. The English verb run can 

denote physical motion (John runs to the store), smooth continuous movement (she runs her 

fingers through her hair), or process execution (the scientist runs a language model on his 

laptop), among many other senses. Out of context run is ambiguous; in context, speakers 

and listeners converge on the intended meaning with essentially no disambiguating effort. 

Piantadosi et al. show further cross-linguistic empirical support for their claim through the 

use of homophones. Homophones, words that share the same form but not the same mean-

ing, are on average shorter and more frequent than non-homophonous words across English, 

German, and Dutch. This is exactly what an efficiency-based account would predict: the 

forms that speakers use most often, and that are therefore most accessible, are precisely 

the ones that the language allows to carry multiple meanings. Ambiguity, on this view, is 
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not incidental but is a direct consequence of the pressure to minimize production cost while 

relying on context to preserve communicative success.

1.2.4 Cost as motor effort

Cost can also take the form of motor-production effort. Fedzechkina and Jaeger (2020) inves-

tigate this through miniature artificial language learning experiments in which learners are 

exposed to languages with optional case marking. In their design, producing case markers 

requires additional effort in the form of extra keyboard clicks in the experimental interface. 

Learners systematically reduced their use of case marking when it required this additional 

effort, but they did not eliminate it entirely. Instead, they retained case markers in contexts 

where they were needed to disambiguate the intended message. This pattern suggests that 

speakers balance production effort against the need for robust message transmission: gram-

matical structure is simplified where doing so does not compromise communicative clarity, 

but preserved where it is necessary for the listener to recover the intended meaning.

1.2.5 Comprehension cost

Cost does not apply only to language production; language comprehension can be costly 

as well. Speakers may adjust their utterances to reduce the effort listeners spend in arriv-

ing at the intended message. Rubio-Fernández (2016) illustrate this using redundant color 

adjectives. In a referential context where a single blue cup is the only cup on the display, 

saying the blue cup is technically overinformative since the cup would suffice. Yet speakers 

routinely include the color adjective because color is salient and facilitates object identi-

fication. As a result, the listener can begin narrowing down potential referents earlier in 

the utterance, arriving at the intended referent faster than they would without the adjec-

tive. Rubio-Fernández and Jara-Ettinger (2020) develop this argument further, connecting 
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redundant modification to the incrementality of language processing. From an efficiency per-

spective, what looks like unnecessary redundancy on the speaker’s side turns out to reduce 

comprehension cost on the listener’s side.

The cost categories surveyed so far do not exhaust the ways cost has been discussed in the 

literature, but they cover the dimensions most directly relevant to the scope of the present 

work. The next section turns to the other side of the trade-off: what counts as reward in 

efficient communication.

1.3 Rewards of successful communication

Cost has received extensive attention in the efficiency literature, but the discussion of re-

ward has been comparatively thin. Communication is typically deemed successful when the 

intended message reaches the listener, and the analytical work in the literature has gone 

into specifying what makes this transmission costly rather than what makes it rewarding. 

This is understandable, since reward is harder to measure: cost can often be represented by 

the signal itself, in the form of word length, articulation time, or processing load, whereas 

reward depends on what the listener does with the signal, which is less directly visible. In 

practice, then, reward is often inferred rather than measured directly: once cost has been 

pinned down on both ends of the channel, reward emerges as whatever remains once cost 

has been accounted for. This section surveys the reward notions that have been implicit in 

the efficiency literature.

1.3.1 Reward as successful transmission

The most direct consideration of reward comes from Gibson et al. (2019). On this view, 

reward is the successful reconstruction of the intended message and they make this explicit: 
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communicative success is “the event where the information source’s intended message is 

reconstructed accurately at the destination”. A code that delivers the message reliably 

despite the presence of noise is what Gibson et al. call robust. All of the other notions of 

reward mentioned in the remainder of this section hold the same intuition that the listener 

should end up with the intended message. Incrementality-based accounts, for example, 

sharpen the temporal grain of reward, asking not just whether the message is recovered but 

how quickly.

1.3.2 Reward as faster or earlier comprehension

Listeners process incoming speech in real time, integrating each word the moment it arrives 

rather than waiting for a complete utterance (Tanenhaus et al., 1995). A word that lets 

the listener rule out candidate meanings earlier therefore has communicative value beyond 

the bits it adds — it moves the listener toward the referent sooner. Rubio-Fernández and 

Jara-Ettinger (2020) make this reward implication explicit in what they call the visual 

efficiency hypothesis: the efficiency of a referring expression should be evaluated “not 

only on its informational value, but also on its discriminatory value”. Their eye-tracking 

evidence bears this out directly: For example, participants were faster to locate the blue 

star than the star in a display containing only one star, even though the color adjective 

is informationally redundant. Whether the same anticipatory benefit arises when the color 

word follows the noun, as in a post-nominal language, is precisely the cross-linguistic question 

Chapter 2 takes up. Reward here is not merely arriving at the right message, because the 

listener would have arrived at it anyway without the extra modifier, but a matter of how 

quickly the arrival happens; a form that lets the listener commit earlier is more rewarding 

than one that does not, even when both ultimately deliver the same message.
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1.3.3 Reward as message clarity

Gibson et al. (2019) locate reward at signal-to-message transmission, which is mainly con-

cerned with whether the message arrived successfully. Piantadosi et al. (2012), by contrast, 

highlight form-to-meaning recovery: what matters is whether the listener arrived at the cor-

rect interpretation of the message. This shift matters because a signal can arrive perfectly 

intact and still be ambiguous. Conversely, a signal that is ambiguous out of context can 

still deliver its intended meaning reliably if context makes one interpretation much more 

probable than the others. Piantadosi et al.’s term for this notion of reward is clarity: “a 

clear communication system is one in which the intended meaning can be recovered from 

the signal with high probability” (Piantadosi et al., 2012, p. 281). Reward, on this view, is 

the probability that the listener arrives at the intended meaning, a probability that short, 

reusable, and potentially ambiguous forms can maintain just as well as longer unambiguous 

ones.

1.3.4 Reward as ultimate survival

Levshina situates communicative reward within a broader evolutionary picture: the ultimate 

reward of communication is survival, such that successful communication leads to cognitive 

benefits, and ultimately to behavior crucial for survival (illustrated in Figure 1.3). What 

this adds is not another reward alongside the three above, but an evolutionary rationale for 

why speakers and listeners optimize for them at all.

Taken together, these notions of reward sharpen rather than replace one another. Gibson 

et al.’s transmission criterion fixes the baseline: communication succeeds when the listener 

recovers the intended message, Rubio-Fernández and Jara-Ettinger’s incrementality criterion 

refines when that recovery counts, pushing the evaluation earlier into the unfolding signal, 

and Piantadosi et al. relaxes exact recovery into high-probability recovery. What they share 
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Figure 1.3: Plot from Levshina (2022a) about the different benefits of language communica-
tion

is a listener-anchored conception of reward.

1.4 Looking ahead

The picture this chapter has developed is one in which speakers and listeners navigate a trade-

off of cost and reward. Cost is distributed across articulation, planning, and memory on the 

production side, and across processing and memory on the comprehension side, while reward 

is anchored on the listener’s side in what is recovered, and how clearly or quickly that recovery 

happens. Research over the past two decades has applied this cost-reward framework to a 

range of linguistic phenomena. At the heart of this framework is the claim that linguistic 

form interacts with communicative function: the forms speakers produce and the structures 

languages settle into are the ones that lower cost and raise reward. Three lines of work 

stand out because they map onto the threads that this thesis will take up: how speakers 

adapt their utterances to their listeners’ needs under structural linguistic constraints, how 
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Figure 1.4: Different cost and reward considerations of efficient communication. Speakers 
and listeners navigate a trade-off between minimizing cost and maximizing reward during 
conversations. Generated with the help of Claude.

languages evolved differently in response to these communicative pressures, and how context 

and predictability shape linguistic form to maximize its function.

The first line of work concerns referential communication. Speakers’ referring choices re-

peatedly show that utterances are tailored not to the speaker’s own production cost alone, 

but to what the listener needs to identify the intended referent. Redundant adjective mod-

ification and the inclusion of perceptually salient features under pressure from incremental 

language processing both point to audience-aware production (Rubio-Fernández, 2016; De-

gen et al., 2020). A second line of work turns to cross-linguistic variation in word order, 

such as whether adjectives precede or follow the noun. Efficiency-based accounts argue that 

languages arrange linguistic material so as to keep processing cost low, a principle captured 

by dependency-length minimization (Futrell et al., 2015) and Hawkins’ principle of maxi-

mizing online processing (Hawkins, 2004). A third line of work concerns the lexicon, where 
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word length and phonetic reduction have been tied to contextual predictability (Zipf, 1949; 

Piantadosi et al., 2011).

The efficiency literature has been built predominantly on English and a small set of typologi-

cally adjacent languages, with recent cross-linguistic extensions reaching Spanish, Mandarin, 

and a handful of others. Arabic, along with languages with structurally distinct profiles from 

English, has remained largely outside this empirical conversation and significantly understud-

ied. In this thesis, I take Arabic as a principal test case for the three lines of work mentioned 

above. Chapter 2 takes up adjective modification, asking whether overmodification patterns 

established in pre-nominal languages hold when the adjective follows the noun. Chapter 3 

turns to cross-linguistic variation in word order, using adjective subjectivity as a diagnostic to 

ask whether post-nominal Arabic exhibits the hierarchical ordering preferences documented 

for pre-nominal languages like English. Chapter 4 shifts to the lexicon, investigating vowel 

dropping in Arabizi, a Romanized colloquial Arabic script used online, and testing whether 

contextual predictability shapes whether a word is written in its long or short form. To-

gether, these chapters investigate the role of communicative efficiency in shaping linguistic 

choices, extending the empirical conversation beyond the languages that have dominated the 

literature to date.
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Chapter 2

The efficiency of adjective 

modification

2.1 Introduction

Successful communication depends on the ability of the speaker and the listener to coordinate 

on the intended meaning in real time. One mechanism through which this coordination is 

achieved is adjective modification. By adding adjectives to nouns, speakers constrain the set 

of possible referents, which reduces uncertainty and thus ease of reference resolution.

2.2 Background

2.2.1 How speakers use adjectives to establish reference

I begin my investigation of adjective modification by adopting a central assumption from 

the literature on referential processing: that adjectives contribute to reference resolution 
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by incrementally constraining the set of potential referents available to the listener as an 

utterance unfolds 1. Adjectives are one of the primary linguistic tools that speakers use to 

support reference resolution, the process by which a listener identifies the entity a speaker 

intends to denote. The intended referent may be a perceptually present object, “the green 

cup on the table”, a previously encountered entity, “I saw a green box in the store yesterday”, 

a location, “Are you near the green building yet?”, or an object not currently in view, “Can 

you grab the green folder from my office?” Across these cases, successful communication 

depends on the listener’s ability to identify the intended referent efficiently as the utterance 

unfolds in real time. Adjectives play a particularly useful role here because the descriptive 

content they contribute can be integrated the moment it is heard: on encountering the green, 

a listener can already begin restricting attention to the subset of green items in their visual 

field before the noun is even encountered.

The incremental nature of referential processing has been demonstrated in a series of influ-

ential eye-tracking studies. Tanenhaus et al. (1995) introduced the visual-world paradigm, 

showing that listeners direct their gaze toward relevant objects before the utterance is com-

plete, which establishes that listeners integrate visual and linguistic information in real time 

during spoken language comprehension. Building on this, Sedivy et al. (1999) propose that 

incremental processing relies on listeners’ ability to quickly identify contrast, whether against 

other objects in the visual context or against a typical category representation in memory. 

For example, upon hearing “Pick up the tall glass,” listeners immediately fixated on the tall 

object, narrowing their referential search before the head noun was processed (see Figure 2.1 

for an example of the experimental paradigm used). Crucially, this anticipatory behavior 

was modulated by the referential context; listeners were faster to restrict attention when a 

contrasting object (e.g., a short glass) was present, suggesting that they use adjectival infor-

mation not merely to describe but to actively discriminate among potential referents during 
1Reference resolution is one of several functions adjectives serve; I focus on it here because it is the locus 

of the efficiency-based literature this chapter engages with.
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online processing (see also Sedivy (2003); Qing et al. (2018) for more nuanced interpretations 

of these eye-tracking patterns). When adjective information is provided early (particularly 

in languages with pre-nominal adjectives such as English), listeners can immediately narrow 

the set of candidate referents before the noun is encountered, enabling faster and more accu-

rate reference resolution. This advantage becomes especially pronounced in contexts where 

multiple objects share overlapping properties.

These dynamics sit within a broader view of language use as shaped by efficiency: speak-

ers produce utterances that balance the cost of production against the benefit of successful 

communication, selecting more accessible and readily retrievable forms when doing so aids 

the listener (Piantadosi et al., 2012; Ferreira and Dell, 2000). Hawkins (2004) formalizes one 

aspect of this pressure in the principle of maximizing online processing, according to which 

speakers arrange linguistic material so that listeners can build interpretations as quickly as 

possible. In other words, adjective use exemplifies this principle: by front-loading discrimi-

nating information, speakers reduce the listener’s processing burden and distribute the work 

of reference resolution across the unfolding utterance.

This picture, however, rests on two simplifications. The first is empirical: it draws al-

most entirely on evidence from English and other languages where adjectives precede the 

noun, leaving open whether the same incremental dynamics hold when adjectives follow the 

noun. The second is pragmatic: it assumes that speakers include only as much modifying 

information as is strictly needed to single out the intended referent. In practice, neither 

simplification holds reliably. Speakers frequently produce referring expressions that contain 

more adjectival information than the minimum required for successful reference resolution, 

a phenomenon known as overmodification, and the cross-linguistic picture is considerably 

more varied than the English-based literature alone would suggest. I take up overmodifica-

tion in the next subsection, and return to the question of post-nominal modification in the 

subsection following.

20



Figure 2.1: An example of a display from Sedivy et al. (1999) showing contrast conditions, 
where a participant would narrow down the potential referent of tall objects (the tall glass 
and the pitcher) before hearing the noun.
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2.2.2 Overmodification

Speakers frequently include adjectives that are not strictly necessary for successful reference 

resolution (Pechmann, 1989; Sedivy, 2003; Koolen et al., 2011, among others). In referential 

communication tasks, where a speaker is asked to describe a target object so that a listener 

can pick it out from a visual display, speakers routinely produce expressions that exceed the 

minimal information required to uniquely identify the intended referent in context. Consider 

a simple contrast: in a display containing a wooden box and a metal box, the expression the 

wooden box is minimally informative, since the material adjective is needed to distinguish 

the target from its competitors. In a display containing only a single box, however, the same 

expression is informationally redundant: the unmodified noun the box would suffice. This 

pattern, known as overmodification or overspecification, has been documented repeatedly 

across a range of experimental paradigms and adjective types (Belke and Meyer, 2002; Sedivy, 

2003; Koolen et al., 2013).

From a Gricean perspective, overmodification appears to be in tension with the Maxim of 

Quantity (Grice, 1975). The Maxim of Quantity has two sides: speakers should make their 

contribution as informative as is required for the conversation, but they should not make 

it more informative than is required. The redundant adjective in the example above, ut-

tered in a context where only one box is present, is a clear violation of the second clause. 

Yet a striking and consistent cross-linguistic pattern emerges in the production literature: 

speakers reliably over-specify rather than under-specify (Pechmann, 1989; Rubio-Fernández, 

2019). This asymmetry is itself telling: under-modification might be explained by the com-

municative cost it carries; by omitting words or modifiers from an utterance, a speaker risks 

reference failure, whereas including an extra one does not. Over-informativeness is therefore 

the safer choice. Crucially, the prevalence of overmodification is robust, which suggests that 

it is not random noise in production but a systematic feature of how speakers design referring 

expressions.
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Several accounts have been proposed for why speakers reliably overspecify, and most of them 

share a common assumption: that referring expressions are not generated in isolation by a 

speaker minimizing their own production effort, but rather tailored to what the speaker 

believes the listener needs to know. Eye-tracking evidence supports this picture: speakers 

attend to the listener’s visual context during production, suggesting that audience design is 

integrated into utterance planning in real time (Sedivy et al., 1999). Others have argued 

that speakers estimate the amount of information required for successful reference on the fly 

and adjust their utterances accordingly (Pechmann, 1989). Under this view, when speakers 

anticipate increased processing difficulty for the listener, they may take extra measures 

to ensure clarity — slowing their speech, simplifying lexical choices, or adding descriptive 

material. What unites these accounts is the idea that overmodification reflects a trade-off 

between production cost and the anticipated benefit to the listener, one that speakers appear 

to manage rapidly and with little apparent effort.

A more recent line of work pushes this trade-off framing further, arguing that overmodi-

fication is itself a form of efficient communication, because it can facilitate the listener’s 

perceptual search for the intended referent (Rubio-Fernández, 2016, 2019; Rubio-Fernández 

et al., 2020; Wu and Gibson, 2020). On this view, a redundant adjective can carry real 

communicative value: it gives the listener a feature that can be matched against the visual 

scene quickly, lowering the overall cost of reference resolution even though it adds extra 

production effort. What motivates the speaker here is not minimal production but the lis-

tener’s anticipated difficulty in identifying the referent. Koolen et al. (2013) demonstrated 

that overmodification rates increase with visual scene variation, showing that the complexity 

of the visual context directly influences the form of referring expressions. Rubio-Fernández 

(2019) extend this reasoning, arguing that speakers anticipate the listener’s search difficulty 

rather than strictly adhering to a principle of minimal modification. This reframes the 

Gricean Maxim of Quantity in practice: speakers aim not at minimal informativeness, but 

at sufficient informativeness for the listener’s search. Taken together, these findings suggest 
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that overmodification is not a violation of efficiency principles but a manifestation of them, 

provided that efficiency is measured at the level of the joint speaker-listener communication 

rather than the speaker’s production alone. The broader takeaway is that efficiency does not 

necessarily mean reduction: overmodification reflects systematic pressures operating at the 

level of both production and comprehension.

Despite this empirical support, the existing evidence for the efficiency of overmodification is 

narrow in several important respects. The bulk of the relevant findings come from controlled 

referential communication experiments involving color adjectives in visual displays of phys-

ical objects, and the cross-linguistic comparisons that have been conducted typically span 

only two or three languages. These are valuable test cases, but they leave open whether the 

efficiency pressures observed in such settings extend to other adjective types, to communica-

tive contexts that go beyond visual identification of physical objects, and to a typologically 

broader sample of languages. The two sub-subsections that follow take up the parts of this 

picture that have received the most empirical attention. I first examine the most exten-

sively studied case, the overmodification of referring expressions with color adjectives, and 

then turn to the asymmetry between color and size adjectives in overmodification rates. 

Together, these two cases set up the broader cross-linguistic question that motivates the 

remainder of the chapter.

Color overmodification

Empirical observations suggest that redundancy is not uniform across different adjective 

types. Color adjectives, in particular, tend to overmodify nouns at strikingly high rates rela-

tive to other adjective types, even when color is not needed to establish reference (Pechmann, 

1989). This disproportionate tendency to include color has been replicated across experimen-

tal paradigms and populations (Sedivy, 2003; Koolen et al., 2011; Rubio-Fernández, 2019), 

and cross-linguistic extensions of this work have established color as the central test case for 
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production accounts of redundant modification (Rubio-Fernández, 2016; Rubio-Fernández 

et al., 2020; Wu and Gibson, 2020). It has also been the primary empirical target of recent 

computational models of overinformative reference resolution (Waldon and Degen, 2021; De-

gen et al., 2020), making color adjectives the most extensively studied case of redundant 

adjective modification in the production literature.

Several factors have been shown to modulate the likelihood that a speaker will include a 

redundant color adjective in their utterance. The first is the complexity of the visual scene 

itself. The more distractor objects are present in the interlocutors’ shared visual field, the 

more likely speakers are to produce a redundant color term (Koolen et al., 2013). This 

pattern is consistent with the intuition that speakers anticipate the listener’s difficulty in 

locating the target and respond by providing an additional perceptual cue, even when the 

bare noun alone would suffice for unique identification. A second factor is color typicality. 

Speakers are less likely to mention stereotypical colors (e.g., yellow for a banana) but are 

more likely to specify color when it is atypical (e.g., a green banana or a yellow strawberry) 

(Sedivy, 2003; Westerbeek et al., 2015; Rubio-Fernández, 2016; Kreiss and Degen, 2020). 

This typicality effect suggests that speakers take into account more than just the immediate 

visual context when choosing to include a color adjective. They are also sensitive to how 

informative the color is relative to what listeners already know about the category. A third 

factor is noun type: objects such as clothing and toys elicit more redundant color modification 

than simple geometric shapes, suggesting that lexical-semantic properties of the head noun, 

and perhaps the extent to which the referent naturally varies along the color dimension, also 

shape speakers’ decisions to include color (Rubio-Fernández, 2016).

Importantly, color adjectives do more than add descriptive content: they have measurable 

consequences for comprehension. In displays containing contrast objects, the early use of 

color adjectives facilitates faster identification of the intended referent, a phenomenon known 

as contrastive inference (Sedivy et al., 1999; Sedivy, 2003). For example, consider a display 
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that has a yellow banana and a green one. On hearing the yellow, listeners immediately 

begin to fixate on the yellow banana, often before the head noun has been processed at all, 

because they expect that a cooperative speaker would use the color adjective contrastively, 

i.e., to distinguish the target from a competitor that shares its category but not its color. 

Crucially, this expectation carries over to non-contrastive contexts: even when no competitor 

is present, listeners interpret a color adjective as if it were contrastive and begin narrowing 

down referents immediately. The facilitative effect of color adjectives in contrastive referen-

tial contexts indicates that redundant color modification may serve a communicative function 

beyond strict reference resolution. Even when color is not required for unique identification, 

it allows listeners to exploit their pragmatic expectations about why a speaker would include 

it, thereby accelerating reference resolution.

This view of color overmodification as communicatively beneficial has been formalized within 

the Rational Speech Act (RSA) framework, which models production and comprehension 

as the output of probabilistic reasoning between a speaker and a listener, each of whom 

models the other (Frank and Goodman, 2012). In particular, Degen et al. (2020) develop 

an RSA model of referring expressions with redundant color adjectives and show that a 

speaker who takes the listener’s search costs into account prefers overmodified descriptions 

to unmodified ones when color provides a perceptually distinctive cue. Their model also 

predicts that redundant color modification should be sensitive to fine-grained properties of 

the visual scene and to how predictable the target is. The model captures a key intuition: 

the listener’s processing constraints are part of what determines which referring expression 

counts as optimally informative, in addition to the information content of the utterance 

itself. This supports the view that speakers behave as rational communicators rather than 

mechanically minimizing or maximizing the amount of descriptive content in their utterances.

A separate but complementary line of empirical work has extended these findings into a 

wider range of communicative settings (Rubio-Fernández, 2016, 2019; Rubio-Fernández et al., 
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2020). Across a series of studies, it has been shown that speakers reliably overmodify with 

color in contexts that vary in visual complexity, referent familiarity, and task demands. 

Listeners in turn use the resulting color adjectives to speed visual search in a way that 

outweighs the added production cost. In Rubio-Fernández (2019), for instance, speakers 

overspecified with color most heavily in displays where the target was embedded among 

perceptually similar distractors, precisely the conditions under which a listener would benefit 

most from an early-arriving perceptual cue. Taken together, these findings paint a consistent 

picture: color overmodification is not a pragmatic slip but a systematic response to the joint 

demands of reference and visual search. The result is an efficiency trade-off such that the 

benefit to the listener outweighs the extra effort on the speaker’s side.

Color overmodification thus offers a strong empirical case for the efficiency story of redundant 

modification. That is, if efficiency is measured at the level of the collaborative speaker-

listener communication rather than in terms of utterance length alone, then producing a 

redundant color adjective is an efficient choice whenever the benefit to the listener’s visual 

search outweighs the small cost of articulating an extra word. This is exactly the trade-off 

that the work of Degen et al. (2020) converges on for the efficiency of color overmodification.

At the same time, the disproportionate focus on color adjectives in this literature raises an 

obvious question: do these findings generalize to other adjective types, or do they reflect 

properties specific to color as a visually salient feature? The literature on adjective over-

modification has long noted that size adjectives behave differently in production. Speakers 

are markedly less likely to include redundant size adjectives than redundant color adjec-

tives, even in visual displays where size is just as useful for discriminating the target. This 

asymmetry has attracted considerable attention in the overmodification literature, because 

it suggests that the efficiency account cannot rest on visual salience alone: something about 

the specific properties of color must be driving the difference in production.
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Color-size asymmetry

A consistent asymmetry has been observed between color and size adjectives: speakers reli-

ably overproduce color but rarely overspecify size (Pechmann, 1989; Belke and Meyer, 2002). 

For example, when a display contains only one pen, a speaker is likely to say the red pen 

rather than simply the pen, including color even though it is not needed to identify the ref-

erent. Size, by contrast, is rarely included when it is not distinguishing. The magnitude of 

this effect is striking. Pechmann (1989) found that 98% of all overmodification in his data 

involved color, while size was added redundantly in only a single utterance across the entire 

dataset. Belke and Meyer (2002) report the same pattern in a larger sample: when either 

color or size could serve as the minimal modifier, speakers chose redundant color modifiers 

significantly more often than redundant size modifiers (p=.00016, N=18). The asymmetry 

has since been replicated across multiple studies and extended to other dimensions such as 

material (Degen et al., 2020; Kursat and Degen, 2021). In particular, Degen et al. (2020) 

provide a direct production test of the color-size asymmetry under varying scene complexity. 

In a web-based interactive reference game, speakers were reliably more likely to include a 

redundant modifier when color was sufficient than when size was sufficient, and redundant 

modification increased with scene variation (see Figure 2.2). Crucially, speakers tend not to 

include redundant size or material adjectives when color alone suffices to establish reference, 

yet they frequently include redundant color adjectives even when size or material is already 

sufficient (Sedivy, 2003; Gatt et al., 2011; Rubio-Fernández, 2016, among others).

These explanations operate at three connected levels. At a perceptual level, color is visually 

available early and processed rapidly, making it more accessible during incremental planning 

(Pechmann, 1989); see also Rubio-Fernández and Jara-Ettinger (2020). Because speakers 

begin formulating a referring expression before they have fully scanned the scene, highly 

salient features are more likely to be retrieved in time to appear pre-nominally, and color 

is a strong candidate for this kind of early retrieval. Size, by contrast, typically requires a 
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Figure 2.2: Results from Degen et al. (2020) showing that speakers significantly use re-
dundant color adjectives relative to size in their first experiment. The results are shown 
alongside estimates of their RSA model for redundant utterance probability as a function of 
scene variation.

comparison across objects in the display, and this comparison takes time that the incremental 

production system may not have.

At the level of semantic structure, unlike size adjectives, which are context-dependent and 

relative (what counts as big depends on a comparison class), color adjectives denote relatively 

stable and absolute properties (Belke and Meyer, 2002). A red pen is red regardless of what 

sits next to it, but a large pen is only large relative to the other pens in view. This makes 

color cheaper to encode: the speaker does not need to compute a comparison class before 

committing to the word, and the listener does not need to resolve one before interpreting 

it. Redundant color is therefore low-cost to produce and low-cost to understand, while 

redundant size carries overhead on both ends.

On the listener’s side, Degen et al. (2020) reframe the asymmetry in terms of listener-oriented 

efficiency. On their account, speakers include redundant modifiers when doing so helps the 

listener identify the referent more quickly, and the benefit of a redundant modifier depends 

on how reliably it narrows the referential search. Color is a near-perfect cue: it is easy to 

perceive, easy to verify against the scene, and rarely ambiguous. Size is a noisier cue, and a 
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redundant size adjective may even slow the listener down by inviting a contrastive inference 

that the scene does not support. Under this view, the asymmetry is not a quirk of production 

but a reflection of which features actually contribute to communicative success.

Taken together, these accounts suggest that overmodification is not governed by a uniform 

principle of minimal production, but instead reflects systematic interactions between percep-

tual accessibility, semantic representation, and communicative cost. The asymmetry between 

color and size therefore poses a challenge for accounts that treat all adjectival modification 

as functionally equivalent in referential communication, and it motivates a more fine-grained 

view in which different dimensions contribute differently to the speaker-listener trade-off.

So far, the evidence reviewed has treated overmodification as a question of which features 

speakers choose to include, with color emerging as the dimension most likely to be produced 

redundantly. But the story does not end with feature choice. A separate line of work 

has shown that where an adjective appears relative to the noun also shapes whether it is 

produced. The next subsection turns to the cross-linguistic dimension of this asymmetry: 

how adjective position relative to the noun shapes overmodification rates across languages.

2.2.3 What happens post-nominally?

Cross-linguistic asymmetry

So far I have only focused on languages with pre-nominal adjectives, and it’s not obvious 

whether the efficiency account extends to post-nominal languages. Cross-linguistic evidence 

suggests that the tendency to overmodify with color is tightly bound to word order. Speakers 

of languages with pre-nominal adjectives behave differently from speakers of languages with 

post-nominal adjectives, and these differences map onto the incremental pressures that shape 

production in the first place. Rubio-Fernández (2016) found that Spanish, a language with 
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Figure 2.3: Example of visual paradigm from Rubio-Fernández (2016). English and Spanish 
speakers were asked to refer to one of the items in this 4-item display. On the right is an 
example of a polychrome display where all the items differ in color while on the left is a 
monochrome display where all the items exhibit the same color. English speakers produced 
redundant color adjectives more than Spanish speakers in both displays, although the color 
adjective is not needed to identify the referent in either case.

post-nominal adjective modification, exhibits a lower rate of color adjective modification 

compared to English, a language with pre-nominal adjective modification, particularly in 

referential tasks involving objects such as clothes and toys that can vary in color. This 

cross-linguistic difference is especially pronounced in contexts where color is redundant and 

not required to establish reference. In a Paper Dolls task, Rubio-Fernández (2016) asked 

English and Spanish speakers to refer to garments in 4-item displays of paper clothes and 

shoes (see figure 2.3). In polychrome displays, where the target was the only object of its 

color, English speakers produced redundant color adjectives on 95% of trials, while Spanish 

speakers did so on only 59% (U = 42, Z = 4.26, p < 0.001). The same asymmetry held 

in monochrome displays, where color carried no discriminating value: English speakers still 

produced redundant color on 37% of trials, against 5% for Spanish speakers.

The proposed explanation for this asymmetry rests on the incremental nature of language 

processing. In a pre-nominal language like English, a color adjective arrives before the noun 

and can begin to narrow the referential domain immediately: a listener hearing the blue can 
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already restrict their visual search to blue objects before the noun is even produced. In a post-

nominal language like Spanish, the same color adjective arrives after the noun, by which point 

the listener has already committed to searching for the noun. The redundant color adjective 

therefore offers less anticipatory benefit, and the speaker has correspondingly less incentive 

to produce it. Rubio-Fernández (2016) illustrates this with the instruction Give me the 

blue cup: the English listener can use blue to guide the visual search before the noun is even 

produced, whereas a Spanish listener would only encounter the color adjective after the noun, 

at a point when the reference has already been resolved. Subsequent work replicated this 

asymmetry, further supporting the claim that speakers of post-nominal languages produce 

fewer redundant color adjectives than speakers of pre-nominal languages (Rubio-Fernández 

and Jara-Ettinger, 2020; Rubio-Fernández et al., 2020).

One concern in the original 2016 study is that the experiments used clothes and shoes, 

categories for which color is a central property, leaving open the question of whether the 

asymmetry would survive when color is less central to the noun category. Rubio-Fernández 

(2019) addressed this directly by running the same English-Spanish comparison on geo-

metrical shapes. Crucially, the experiments were timed so that both language groups had 

equal planning time, ruling out the possibility that Spanish speakers overmodify less simply 

because post-nominal syntax gives them more time to determine whether color is needed 

before producing the adjective. English speakers still produced redundant color adjectives 

on roughly 46% of trials, against 7% for Spanish speakers.

Several open questions remain, however. First, the cross-linguistic comparisons so far have 

been conducted in face-to-face referential settings, raising the question of whether similar 

patterns would emerge in other communicative contexts, for example online experiments 

where the speaker does not necessarily see their listener. Second, the contrast is based on 

cases of overmodification, situations in which the adjective is not required for successful 

reference and is considered redundant. It is not clear whether this asymmetry can be gener-
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alized across the language as a whole: do Spanish speakers generally use fewer adjectives to 

modify nouns? Finally, if this is true about Spanish, does it generalize to other languages 

with post-nominal modification, or is it particular to Spanish?

Two further pieces of evidence bear on the incrementality account, one supporting it and 

one complicating the picture. First, the logic of the account is not specific to color. Wu and 

Gibson (2020) tested English and Spanish speakers with numerals, which precede the noun 

in both languages, and found that the cross-linguistic asymmetry in redundant modification 

disappeared: speakers of both languages produced numerals at comparable rates, even when 

the numeral was not required to establish reference. This is consistent with the hypothesis 

that word order, rather than language per se, is what drives the asymmetry. Second, the 

picture from signed languages is more complicated.

Kursat et al. (2022) investigated redundant modifier production in Central Taurus Sign 

Language (CTSL), a young village sign language from Southern Turkey in which modification 

is overwhelmingly post-nominal. In an interactive reference game with 22 native signers, they 

found that signers nonetheless produced redundant modifiers at substantial rates and showed 

the same color/size asymmetry attested in pre-nominal languages. Notably, while English 

speakers in their comparison experiment never produced redundant size modifiers, CTSL 

signers did so frequently. The authors conclude that these patterns reflect the referential 

usefulness of the modifiers themselves rather than the anticipatory benefit of early (pre-

nominal) placement. That is, redundancy driven by what the modifier contributes, not by 

when it arrives. This counterexample raises the possibility that post-nominal languages 

may adopt alternative strategies for redundant modification. Together, these two pieces 

of evidence leave the cross-linguistic empirical picture mixed: incrementality predicts the 

numeral pattern across English and Spanish but is challenged by emerging post-nominal 

sign languages, suggesting the story may need more qualification once a broader typological 

sample is considered.
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Figure 2.4: Example of visual paradigm from Rubio-Fernández (2019) where the authors 
addressed the issue of color adjective being central to the noun property. In this paradigm, 
both English and Spanish speakers were asked to refer to one of the 4 items in the display 
following the same polychrome/monochrome condition. In both cases, the color adjective is 
not required for reference identification.Yet, English speakers still produced redundant color 
adjectives on roughly 46% of trials, against 7% for Spanish speakers.

From experiments to corpora

The cross-linguistic evidence reviewed above connects to a broader conception of efficiency 

in language. Gibson et al. (2019) define efficiency from an information-theoretic perspective: 

languages allow humans to communicate successfully with minimal effort, subject to cognitive 

and environmental constraints. If a speaker’s intended message matches the message received 

by the listener, the communication is successful; if this success is achieved with minimal 

effort, it is efficient. The incremental efficiency hypothesis (Rubio-Fernández, 2016; Rubio-

Fernández and Jara-Ettinger, 2020) is one instantiation of this broader principle: speakers 

produce redundant color adjectives pre-nominally because doing so aids the listener’s visual 

search at low cost, and they produce them less often post-nominally because the anticipatory 

benefit is absent.

Despite the empirical support for this hypothesis, three gaps remain. First, the cross-

linguistic evidence rests almost entirely on the English-Spanish contrast, with only limited 

extensions to other post-nominal languages. Second, the existing computational accounts 

(Degen et al., 2020; Waldon and Degen, 2021) have been developed and tested in narrow 

experimental settings (typically, object-request tasks with small visual displays and short 
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referring expressions), and it remains unclear whether the efficiency pressures observed in 

these paradigms shape production in broader communicative contexts. Third, the evidence 

base is almost entirely experimental; we know little about whether the same pressures shape 

naturalistic written and spoken language use, where speakers are not constrained by a fixed 

referential task.

The present work addresses these gaps by turning to corpus data. Corpora of naturally-

occurring written and spoken language offer a complementary window on adjective modifi-

cation: they capture production at scale, across communicative contexts that are not con-

strained by a referential task, and across languages for which no experimental data currently 

exist. In particular, I extend the cross-linguistic comparison beyond English and Spanish 

to include Arabic, a language with post-nominal adjective modification that has not, to my 

knowledge, been tested in this paradigm. Whether Arabic speakers behave like Spanish, like 

English, or show a distinct profile altogether is an open question, and one this thesis takes 

up directly.

The hypothesis that adjectives are used at a higher rate in pre-nominal languages than in 

post-nominal languages follows directly from the incremental efficiency account: if redundant 

adjectives are used when they can anticipatorily narrow the referential search, then speakers 

of post-nominal languages should produce fewer of them overall. Assuming that incremental 

reference resolution is at least sometimes an objective in written and spoken production, it is 

expected that this efficiency-based pressure applies in naturally-occurring language as well, 

such that languages with pre-nominal adjectives use adjectival modification more frequently 

than languages with post-nominal adjectives.
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2.3 Methods

2.3.1 Wikipedia Corpus Analysis

Building on Rubio-Fernández’s hypothesis regarding pre-and post-nominal asymmetry of 

adjective modification, the supporting evidence from Wu and Gibson (2020), and the RSA 

model results of Waldon and Degen (2021), I test whether this prediction, originally for-

mulated for redundant color modification in referential tasks, extends to overall rates of 

adjective use in naturalistic written text. I begin with the analysis of Wikipedia corpora for 

Spanish, English, and Arabic.

Tagging the Wikipedia data

I downloaded the Wikipedia corpus from the Wikimedia Dumps,2 a large dataset of ency-

clopedia articles, open-sourced by Wikipedia. My work takes advantage of several tools for 

data collection and analysis. Using WikiExtractor (Attardi, 2012), I extracted plain text 

from the xml-formatted Wikipedia data. The English corpus consisted of 12 GB of data, 

while the Arabic and Spanish corpora were 1.2 and 3.7 GB, respectively. To identify nouns 

and the adjectives that modify them, I first need part-of-speech information. I used the 

StanfordCoreNLP Part-Of-Speech tagger (Manning et al., 2014) to tag the Spanish and En-

glish corpora. For Arabic, I used the Part-Of-Speech tagger from the Farasa Arabic NLP 

toolkit, which is made specifically for Arabic, and is more than an order of magnitude faster 

than comparable tools such as MADAMIRA and the Stanford POS tagger (Abdelali et al., 

2016). An initial attempt using the Stanford POS tagger took much longer and led to lower 

accuracy. With the Farasa tagger, I noticed performance on a par with the Stanford tagger’s 

performance on Spanish and English.
2https://dumps.wikimedia.org/
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Estimating the rate of adjective modification

Once I had part-of-speech tags for each language, I identified all of the nouns (tagged as 

NOUN, NN, or NNS). I then collected all the adjectives (tagged as ADJ, JJ, or JJS) that 

were adjacent to the noun. The logic is as follows: I sequentially iterated over all the words 

in the corpus, and if I hit a noun, I check the two adjacent words (to the right and to the 

left). The noun will then fall into one of four buckets: (1) not modified, where there are no 

adjacent adjectives, such as the three-word segment the box was, (2) pre-nominally modified 

(AN), such as the three-word segment blue box on, (3) post-nominally modified (NA), such 

as ra’aytu al-ṣundūq al-bunnī  (the equivalent of saw-I the-box the-brown) in Arabic, and (4) 

mixed modified (ANA), where the noun is modified both pre- and post-nominally, such as 

gran caja marrón (big box brown) in Spanish.

This method of identifying adjectives modifying nouns is approximate, as (1) some adjectives 

not directly adjacent to nouns are missed, and (2) some non-attributive adjectives that 

happen to be adjacent to a noun by chance may be unintentionally included (see Example 

(1)). However, this method has the advantage that it can be scaled up to large amounts of 

text and does not require parsing of structure.

Once I had the noun and adjective counts, I then calculated the rate at which adjectives 

are used to modify nouns in each of these languages. I calculated the rate by dividing the 

number of nouns with any adjectival modification (one of the three types mentioned above) 

by the total number of nouns.

Results

The results of the Wikipedia corpus analysis appear in Figure 2.5 and are summarized in 

Table 2.1. One striking pattern in the data is that the estimated modification rate is nearly 
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Figure 2.5: Wikipedia analysis results: percentage of noun modification in the analysis is 
similar across the three languages: Arabic, English, and Spanish.

identical across the three languages: roughly 21% of nouns are modified by an adjacent 

adjective in each, with English at 21.1%, Spanish at 21.1%, and Arabic at 21.8%. This 

convergence is notable given how structurally different the three languages are, particularly 

with respect to where attributive adjectives sit relative to the noun. If the incremental 

efficiency hypothesis predicts that pre-nominal languages should overmodify at higher rates 

than post-nominal ones, one might have expected English to use adjectives substantially 

more than Spanish or Arabic. Instead, all three languages settle on essentially the same total 

modification rate. A logistic regression of modification probability on language confirmed 

that the three rates are nearly identical. Spanish was indistinguishable from English (odds 

ratio ≈ 1.00, 95% CI [1.00, 1.00]), and Arabic was only marginally higher (odds ratio = 1.04, 

95% CI [1.04, 1.04]), a difference of only 0.7 percentage points in probability. With hundreds 

of millions of nouns in the analysis, even minute differences register as statistically significant 

(χ2(2) = 23,117, p < 0.001), and the effect sizes here are negligible, so the three languages 

should be treated as having the same overall modification rate.
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Table 2.1: Results of Wikipedia analyses for English, Spanish, and Arabic. # Nouns gives 
the total number of nouns extracted. Columns AN, NA, and ANA give the percentage of 
nouns with adjacent adjectives of the specified type. Total mod. gives the percentage of 
modified nouns which are adjacent to any adjective.

 Language  # Nouns  %AN  %NA  %ANA  Total % Mod.

 English  435,089,686  19.8  1.0  0.2  21.1
 Spanish  128,946,337  4.9  15.4  0.8  21.1
 Arabic  92,218,932  5.7  15.2  0.8  21.8

Looking beyond total rates, the internal composition of these rates lines up with each lan-

guage’s typological profile. English modification is overwhelmingly concentrated in the AN 

order (19.8%), with only minor contributions from NA (1.0%) and the mixed ANA configu-

ration (0.2%). Spanish and Arabic show the mirror image: their modification is concentrated 

in the NA order (15.4% and 15.2% respectively), with smaller AN components (4.9% and 

5.7%) and very low ANA rates (0.8% in both). Each language places its adjectives where its 

grammar would predict. The similarity in overall rate, however, sits in some tension with the 

literature, which predicts that pre-nominal languages should use adjectives more frequently 

than post-nominal ones.

While these results align with the typological profile of each language, the small but non-zero 

rates of AN modification in Arabic (5.7%) and NA modification in English (1.0%) deserve 

some unpacking. The Arabic rate is largely an artifact of construction rather than evidence 

against the post-nominal generalization. Arabic does allow adjective-first surface orders in 

certain constructions, but these follow the syntax of idafa rather than ordinary adjective-

noun modification. In a phrase like (1), the adjective jamila takes the construct-state form 

and the modified noun appears in the genitive with the definite article; the surface order 

is adjective-noun, but the syntactic relation is distinct from the standard NA modification 

structure that dominates the rest of Arabic adjective use. A POS-tagger that labels by 

surface category will count these instances as AN.
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(1) labis-tu jamīl-a al-thiyāb-i

wore-I beautiful.acc the-clothes-gen

‘I wore the (most) beautiful (of) clothes.’

The 1% NA modification in English could be explained by instances like attorney general, 

or the cup tall enough to hold the water. These are licensed structures in English, but they 

sit outside the dominant pre-nominal pattern and contribute the small NA tail observed.

Finally, some portion of both residual rates likely reflects POS-tagger noise. At the scale 

of tens of millions of tokens, even a low per-token error rate will yield non-trivial counts 

of mislabeled adjective-noun sequences. The 5.7% AN rate in Arabic is large enough that 

genuine idafa-derived constructions are likely the main contributor, but at the 1.0% level seen 

in English NA, tagger noise becomes a more plausible candidate for a substantial fraction of 

the count.

Setting these residual patterns aside, the central finding from the Wikipedia analysis is that 

although the logistic regression detected a statistically significant difference across the three 

languages, the effect size is negligible, and the analysis therefore does not provide meaning-

ful support for the efficiency hypothesis on this measure. However, two limitations should 

be noted. First, the Wikipedia text I investigate may commonly feature translations from 

one language’s articles (often English) into another language. These translations could con-

tribute to similarities across languages that would not arise in the absence of translated 

content, thereby artificially leveling differences in modification rates. Second, by only inves-

tigating three languages, the analysis is severely limited and may therefore miss important 

generalizations that only become apparent in the consideration of a larger set of languages. 

In the next section, I address both of these concerns through the analysis of UD corpora.

40



2.3.2 Universal Dependencies analysis

The broad corpus analysis is conducted on the Universal Dependencies (UD) Treebanks 

from the Linguistic Data Consortium (LDC) (Nivre et al., 2020). UD is a framework for 

consistent annotation of grammar (parts of speech, morphological features, and syntactic 

dependencies) across different languages, currently providing over 200 treebanks in more than 

150 languages. Each treebank is constructed from a source corpus of naturally-occurring text 

in a particular genre or set of genres (spoken language, weblogs, newspapers, emails, fiction, 

religious texts, and others), and is annotated either manually by trained annotators or semi-

automatically with human correction of automatic parses. Unlike the Wikipedia corpora 

described in the previous section, which I used a POS tagger to annotate, UD treebanks 

come manually tagged with part-of-speech information. Comparing the UD results with the 

targeted Wikipedia analysis allows for a more robust test of the efficiency hypothesis: do 

these trends extend beyond the handful of languages typically investigated in psycholinguistic 

experiments?

Part of Speech Analysis

Using the same logic as the Wikipedia query, I collected all the nouns and adjacent adjec-

tives. Nouns were again classified into one of four categories: not-modified, pre-nominally, 

post-nominally, and mixed modified. I excluded languages with zero adjectival modification 

(Tagalog and Classical Chinese), as well as languages with fewer than 1000 nouns in the 

search (14 languages total); these criteria yielded data from 74 languages.3 Using these 

counts, I then calculated the rate at which adjectives are used to modify nouns in each of 

the 74 languages by dividing the number of nouns with any adjectival modification by the 
3It is likely that the reason no adjectival modification appears in the data for Tagalog and Classical 

Chinese is that these languages commonly feature a linking particle between adjectives and the nouns they 
modify, and this linking particle breaks up the adjacency of adjectives and nouns (Scontras and Nicolae, 
2014) and (Shi and Scontras, 2020).

41



total number of nouns.

To test the efficiency hypothesis, I needed a way of characterizing a language as either pre- 

vs. post-nominal in its use of attributive adjectives. However, a quick look at the data 

revealed that languages rarely fit neatly into either category: although a language may favor 

pre-nominal modification, it is common for there to also be post-nominal uses, and vice-versa.

Rather than relying on a potentially-arbitrary binary classification of languages as pre- 

vs. post-nominal, I therefore characterized languages in terms of their propensity toward 

post-nominal adjectival modification: among the nouns with adjectival modification, what 

proportion of those nouns feature post-nominal adjectives? I calculated a language’s post-

nominal propensity by dividing the number of nouns with post-nominal adjectives (note that 

this number will include both nouns with strictly post-nominal adjectives, and mixed pre- 

and post-nominal adjectives, as in an ANA template common to languages like Spanish) by 

the number of nouns with any adjectives at all.4

Following the hypothesis of Rubio-Fernández (2016), and if the function of adjectives in 

writing is sufficiently similar to their function in visual-world-paradigm experiments, it is 

expected that languages with a higher post-nominal propensity feature fewer instances of 

adjectival modification. In Figure 2.6, I plot the results of my analysis, which shows that this 

prediction holds: as a language features more post-nominal modification, the proportion of 

modified nouns decreases; post-nominal propensity accounts for 18% of the variance in the 

proportion of noun modification (r2 = 0.18, 95% CI [0.054, 0.325], Spearman’s ρ = −0.41). 

Although the effect may be small, it is reliable. A mixed-effects linear regression predicting 

proportion of nouns with modification by proportion of nouns with post-nominal modification 

(i.e., post-nominal propensity), with random intercepts by language family confirmed this 

pattern (β = −0.12, t = −3.30, p < 0.01).
4I used an analogous ‘pre-nominal propensity’ measure and got nearly-identical quantitative results (i.e., 

a robust statistical correlation between pre-nominal propensity and modification rate).
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Figure 2.6: UD analysis results: proportion of nouns with any adjectival modification com-
pared with the proportion of modified nouns with post-nominal adjectives (r2 = 0.18; 95% 
CI [0.05, 0.32]).

One might worry that this trend is driven by the ten languages in the upper-left quad-

rant of Figure 2.6 with low post-nominal propensity and high modification rates; these lan-

guages (Hungarian, Czech, Upper Sorbian, Belarusian, Croatian, Serbian, Slovenian, Slovak, 

Ukrainian, and Russian) all have nominal modification rates above 0.33. Importantly, even 

if these ten potential outliers were excluded, the pattern persists, such that post-nominal 

propensity predicts nominal modification rates for the 64 languages that remain (r2 = 0.12, 

95% CI [0.008, 0.299], Spearman’s ρ = −0.40). Therefore, I find reliable support for the 

efficiency hypothesis.

43



Dependency Analysis

The adjacency-based analysis reported above relies on POS tags alone, considering only 

nouns and adjectives that appear directly next to each other. By limiting the search to adja-

cent words, the analysis may miscount adjectives that are attributed to nouns, and it ignores 

a rich source of information available in these corpora: dependency relation annotations. To 

address this, I extended the part-of-speech analysis to take advantage of the dependency 

relation annotations in the UD treebanks. I collected all nouns and the adjectives related to 

them regardless of whether they are adjacent. Whenever the adjective occurred before the 

noun, it was classified as pre-nominal; whenever it occurred after the noun, it was classified 

as post-nominal.

The dependency analysis provides a more accurate count of adjectival modification than 

the POS-based analysis, because many adjectives that appear adjacent to nouns and were 

counted as attributive modifiers are now correctly reclassified. Consider the phrase the box is 

brown: in English, the linking verb is identifies brown as a predicative adjective rather than 

an attributive one. However, many languages lack a copula, so the equivalent phrase surfaces 

as something closer to the box brown. In these languages, the adjective brown, which is not 

an attributive modifier, would be counted as one in the POS-based analysis; the dependency 

annotations in the UD treebanks correctly distinguish these cases.

The dependency-based analysis does not show the same effect as the POS-based analysis: 

the correlation is weaker and not significant (Spearman’s ρ = −0.16, p = 0.18). I plotted the 

correlation between post-nominal adjective use and overall adjective modification by taking 

the log probability of post-nominal adjective modification and plotting it against adjective 

modification overall (see Figure 2.7). As expected, many languages shifted downward and 

to the left in the dependency plot relative to the POS plot, indicating that a substantial 

number of adjectives had been miscounted in the adjacency-based analysis.
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Figure 2.7: UD dependency analysis results: rate of adjective modification compared with 
the log probability of post-noimnal adjectival modification (Spearman’s ρ = −0.16, p = 
0.18).

2.3.3 Color-size asymmetry in Arabic

This subsection is based on joint work with Judith Degen and Brandon Waldon presented at 

X-Prag 2022, 9th Experimental Pragmatics Conference (Degen et al., 2022). 

The corpus analyses reported above provide partial support for the prediction that post-

nominal languages use adjective modification at lower rates: The UD corpus analysis found 

that languages with higher post-nominal propensity tend to use adjective modification at 

lower overall rates, though the Wikipedia analysis of English, Spanish, and Arabic alone 

showed no reliable difference. However, these results cannot tell us whether Arabic speakers 

show the specific color overmodification patterns reported in experimental settings. Sim-

ilarly, they do not inform us about the color-size asymmetry observed experimentally in 

English and Spanish. We collected preliminary behavioral data on color and size overmod-
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ification in Arabic, extending the interactive referential communication paradigm reported 

in Degen et al. (2020) whose cross-linguistic predictions were modeled in Waldon and Degen 

(2021). In the original study, English speaker pairs played an online communication game 

in which a director saw a highlighted target object in a display of two to five everyday ob-

jects varying in color and size, and typed a referring expression in a chat box to allow a 

guesser, who saw the same objects but did not know which was the target, to identify it. 

The critical manipulation was scene variation: the proportion of distractors that shared the 

redundant property (color or size) with the target. Waldon and Degen (2021) predicted that 

English speakers should produce more redundant color adjectives than Spanish speakers. 

We adapted the experiment for Arabic speakers, translating the interface and instructions 

into Arabic. We recruited 26 Arabic-speaking participants (13 pairs of participants since 

the study was interactive) through personal networks and community connections. In the 

Arabic pilot, participants showed a clear color-size asymmetry: they produced redundant 

color adjectives at higher rates than redundant size adjectives, replicating the asymmetry 

documented in English and Spanish (see Figure 2.8). Notably, Arabic speakers appear to 

exhibit less redundant modification overall than English speakers, consistent with the predic-

tion of the efficiency hypothesis that speakers of post-nominal languages should overmodify 

at lower rates. However, the sample is small and further data collection is needed to confirm 

this pattern and to determine whether color overmodification increases with scene variation 

in Arabic as it does in English and Spanish.

2.3.4 Discussion

I performed an in-depth analysis on Spanish, English, and Arabic Wikipedia text and a 

large-scale corpus analysis on Universal Dependencies Treebanks, covering a wide range of 

languages. In the Wikipedia analysis, I failed to find a difference in the rates of adjective 

modification across the three languages, and thus no evidence to support the incremental 
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Figure 2.8: Tentative Arabic results on color-size asymmetry with scene variation.

efficiency hypothesis. When looking at the broader analysis of the UD treebanks, however, a 

robust trend consistent with the hypothesis is observed: the rates of post-nominal adjective 

modification predict the rates of noun modification overall.

The two POS analyses may look like they point in opposite directions: no obvious effect 

in Wikipedia, and a robust trend in UD. However, the apparent conflict dissolves on closer 

inspection. Spanish, English, and Arabic sit closer together in the UD data as well: the 

three languages the Wikipedia analysis happen to occupy only a narrow portion of the 

cross-linguistic range sampled in UD. Had I looked only at these three languages in the UD 

analysis, I would have failed to detect the relationship between post-nominal propensity and 

modification rate. By conducting a large-scale corpus analysis of dozens of languages, most 

of them under-studied in psycholinguistic research, I find that this relationship does in fact 

exist.

Taken together, the corpus analyses provide only qualified support for the efficiency hypoth-

esis, and the two analyses should be read as complementary rather than as a primary result 

with a secondary check. The dependency-based analysis is the more accurate measure of 

attributive modification, since it distinguishes genuine attributive modifiers from adjacent 

predicative adjectives, and it is the analysis I weight most heavily. It shows the predicted 
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negative direction (languages with higher post-nominal propensity tend toward lower overall 

modification rates) but the relationship is weak and does not reach statistical significance. 

The POS-based analysis shows the same direction more strongly and reaches significance, 

but it rests on a coarser adjacency heuristic that overcounts attributive modification. Given 

all this, I draw a deliberately cautious conclusion: the corpus data are consistent with the 

predicted relationship in their direction across both analyses, but they do not establish its 

magnitude, and the gradient correlation on its own is too fragile to carry the efficiency claim. 

The categorical pattern is more robust than the gradient one: no language in the sample 

combines heavy post-nominal modification with a high overall modification rate. In the 

POS analysis the upper-right quadrant is empty outright; in the dependency analysis the 

region remains sparse. I therefore treat the distributional gap, rather than the correlation 

coefficient, as the principal corpus-level evidence, with the behavioral pilot in 2.2.3 providing 

convergent experimental support of the kind corpus data cannot supply on their own.

The interpretation these converging patterns point toward is the following. languages with 

pre-nominal adjectives are more likely to overmodify nouns given the contribution adjec-

tives make to incremental reference resolution, and as a result, these languages have higher 

overall rates of adjective modification. This reasoning rests on an assumption: that pre- 

and post-nominal languages have comparable rates of adjectival modification in cases where 

adjectives are strictly necessary for successful communication. If this assumption holds, 

then the increases observed in pre-nominal languages arise from overmodification. Given 

that overmodification arises in referential contexts, my results suggest that the referential 

function of adjectives is not confined to controlled experiments but extends to spoken and 

written language more broadly.

One might worry that instances of referential language use (and overmodification specifi-

cally) are relatively rare in the corpora I analyzed, making it unlikely that the effect observed 

(greater adjective use in pre-nominal languages) is driven entirely by cases of overmodifica-
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tion. It is possible, however, that the more frequent use of pre-nominal adjectives in genuine 

contexts of overmodification bleeds over to the use of adjectives overall, such that pre-nominal 

adjectives are used across the board at a higher rate. For example, if speakers of pre-nominal 

languages habitually retrieve and slot in adjectives before nouns during overmodification (be-

cause doing so consistently aids the listener’s anticipatory referential search), they may come 

to produce adjectives more readily even when overmodification is not at stake. Moreover, 

small biases in production get amplified into robust categorical trends as language is passed 

from speakers to listeners and from one generation to another (Kirby, 2017). Over time, a 

small initial bias toward pre-nominal adjectives in overmodification contexts could grow into 

a broader pattern of higher adjective use across the language.

One might reasonably ask whether the incremental-efficiency prediction should apply to 

encyclopedic text at all, given that a Wikipedia author is not engaged in live referential 

communication with a reader. The prediction, however, is not that corpus writers perform 

online audience design; it is that the cumulative pressure of everyday referential communica-

tion leaves an imprint on a language’s conventional production preferences. (Hawkins (2004) 

point that grammars conventionalize performance preferences). On this view, register differ-

ences are themselves a prediction rather than a nuisance: if the pressure is communicative, 

its signature should strengthen in interactive registers and weaken in encyclopedic ones. This 

is precisely the motivation for extending the analysis to conversational dialectal data, and it 

parallels the register modulation observed within a single language in Chapter 4, where the 

predictability effect emerges in private chat but not in public broadcast.

This efficiency reading aligns with a prediction that has been advanced in the literature on 

multiple grounds. The cross-linguistic claim that speakers of post-nominal languages should 

produce redundant color adjectives at lower rates than speakers of pre-nominal languages 

was first proposed empirically by Rubio-Fernández (2016) as the incremental efficiency hy-

pothesis, and has been supported in subsequent behavioral and computational work (Wu 
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and Gibson, 2020; Rubio-Fernández et al., 2020; Cohn-Gordon et al., 2019; Rubio-Fernández 

et al., 2021; Waldon and Degen, 2021). Waldon and Degen (2021) make the most general 

version of the prediction: a lower overall rate of redundant modification in Spanish than in 

English, not just of redundant color adjectives as originally proposed by Rubio-Fernández 

(2016). This prediction is derived by aggregating across the size-sufficient and color-sufficient 

scene types of their experimental paradigm. What their model cannot establish is whether 

it generalizes beyond English and Spanish, beyond color, and beyond the visual-world task 

on which it was parameterized. The corpus analysis I conducted supplies that external test; 

my contribution is thus not to compete with their formal account but to extend the em-

pirical base it needs to be taken as a cross-linguistic claim rather than a two-language fit. 

A complementary extension that remains incomplete is the color-size paradigm in Arabic, 

with preliminary results pointing in the predicted direction (Figure 2.8). Together with the 

corpus data reported here, this ongoing work begins to broaden the empirical base of the 

Rubio-Fernández and Waldon and Degen accounts beyond the English-Spanish pair on which 

it was built.

Beyond the gradient relationship between post-nominal propensity and modification rate, a 

second, more categorical pattern in the UD results warrants attention: the absence of lan-

guages that are both heavily post-nominal and use adjectives heavily (the empty upper right 

quadrant in the UD results in Figure 2.6) is itself a typological generalization that needs 

explaining: No language in the sample combines a high rate of post-nominal adjectival mod-

ification with a high overall rate of adjective use. That is, the distributional gap corresponds 

exactly to what the efficiency hypothesis would lead us to expect. On a soft reading, the 

empty quadrant reflects a probabilistic pressure against high rates of adjective modification 

when adjectives do not aid incremental reference resolution, consistent with the efficiency 

account. On a hard reading, it reflects a near-universal upper bound on post-nominal mod-

ification rates that may be imposed by processing or production constraints independent of 

the efficiency mechanism Rubio-Fernández (2016) proposes. Such constraints could include 
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working memory limitations on integrating multiple modifiers after the head noun has been 

processed. The more modifiers a listener has to keep track of, the harder working memory 

has to work, and at some point there is likely a cap on how many can be held at once. In 

a language whose modification is heavily post-nominal, this per-phrase cap also caps overall 

modification rates, directly producing the empty upper-right quadrant observed in the UD 

analysis.

Distinguishing these readings would require follow-up work. In particular, within-language 

studies on post-nominal languages are needed to test whether the efficiency pressure we see 

across languages also holds within a single language. Such studies could take several forms. 

The first is a behavioral overmodification paradigm in Arabic. The preliminary results 

shown earlier in Figure 2.8 represent a first step in this direction, with results pointing in 

the predicted direction. A second form is a comparison within the diglossic Arabic situation, 

testing whether modification rates differ between spoken dialects (e.g., Egyptian, Levantine, 

or Gulf Arabic) and Modern Standard Arabic. MSA, as the formal written register, carries 

less direct face-to-face communicative pressure than the spoken dialects. If communicative 

pressure shapes modification, the dialects might show higher rates than MSA. I flag the 

empty quadrant here as a potentially stronger and more distinctive finding than the gradient 

correlation itself, and as a potential target for future typological and experimental work.

Alongside the tests the empty quadrant calls for, a second extension concerns the specificity 

of my findings to color adjectives. The analyses I conducted treated all adjectives uniformly, 

without distinguishing among types. This kept the method scalable across dozens of lan-

guages, but it leaves an obvious question unasked: the experimental production literature is 

almost entirely about color (Pechmann, 1989; Sedivy, 2003; Rubio-Fernández, 2016; Degen 

et al., 2020), and the English-Spanish asymmetry that motivated this work is specifically an 

asymmetry in redundant color. If resources permit, isolating the color subclass in each of 

the 74 UD treebanks and asking whether the cross-linguistic pattern concentrates in color 

51



or holds across adjective types would sharpen the claim that color carries distinctive com-

municative work.

More broadly, the findings reported in this chapter illustrate a connection between linguistic 

form and function. The rate at which speakers use adjectives is a communicative function 

that is governed by the position of adjectives relative to nouns in the language. The corpus 

results (especially the empty upper right quadrant result) show that these two are not in-

dependent: languages whose grammar places adjectives before the noun allows adjectives to 

serve an incremental referential function that post-nominal position may not.

2.3.5 Expanding the corpus analysis

One limitation of the Wikipedia and UD analyses is that the Arabic data come exclusively 

from Standard Arabic, a written register that lacks the direct communicative pressures of 

face-to-face interaction. To address this, I plan to expand the corpus analysis to include 

spoken Arabic dialects, which would provide a more representative picture of how Arabic 

speakers use adjective modification in everyday communication.

Compiling the Arabic dialects datasets

To build a dialectal Arabic corpus, I compiled several existing datasets that cover the ma-

jor dialect families. Arabic dialects are generally grouped into five broad families based on 

geographic region: Maghrebi (covering Libya, Tunisia, Algeria, Morocco, and Western Sa-

hara), Egyptian (spoken in Egypt and parts of Sudan), Levantine (spanning Palestine, Syria, 

Lebanon, and Jordan), Iraqi, and Gulf (including Qatar, Kuwait, Bahrain, the United Arab 

Emirates, Saudi Arabia, Oman, and Yemen) (Zbib et al., 2012). For Levantine dialect data, 

the SHAMI corpus (Kwaik et al., 2018) provides 66K lines from four countries (Lebanon, 
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Syria, Palestine, and Jordan). The MSDA dataset (Boujou et al., 2021) consists of 53K 

lines of user-generated social media content spanning five dialects from North Africa and 

the Middle East. The PADIC corpus (Meftouh et al., 2015) contributes 36K lines from a 

parallel corpus covering both Maghrebi dialects (two Algerian varieties and Tunisian) and 

Levantine dialects (Syrian and Palestinian). The Arabic Online Commentary (AOC) dataset 

(Zaidan and Callison-Burch, 2011) provides 20K lines drawn from reader commentary on an 

Arabic news website, with content in Gulf, Egyptian, and Levantine dialects. Two Twitter-

based datasets round out the collection: NADI (Abdul-Mageed et al., 2021), which provides 

26K tweets labeled by country of origin across the Arab world, and QADI (Abdelali et al., 

2021), which contains 3.5K tweets from 18 Arab countries. The GUMAR corpus (Khalifa 

et al., 2016), drawn from online forum novels, contributes 15K lines of Gulf Arabic. For 

the Tunisian dialect, the TSAC (Tunisian Sentiment Analysis Corpus) dataset (Medhaffar 

et al., 2017) contains 12K lines of Tunisian Arabic user comments from social media. An ad-

ditional Levantine dataset, the LET-MI corpus (Levantine Twitter dataset for Misogynistic 

language), contributes 5K lines of data. Finally, the DART corpus, drawn from the IADD 

(Zahir, 2022), contributes 1.8K lines of additional Gulf dialect data.

After standardizing the format and mapping dialect labels to the five dialect families de-

scribed above, plus MSA as a reference category, the compiled corpus contains approximately 

239,000 lines of text. The distribution of data by source is shown in Table 2.2, and the dialect 

distribution of the data is shown in Table 2.3

The remaining step is to run a POS tagger on the compiled data and apply the same 

adjacency-based noun modification analysis used in the Wikipedia and UD corpora. This 

would allow a direct comparison of adjective modification rates between Standard Arabic 

and spoken dialects. If the communicative pressures of social interaction shape modification 

rates, we might expect spoken dialects to differ from Standard Arabic in ways that align 

with the patterns observed in the UD analysis. I also plan to apply the same analysis to 
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Table 2.2: Data sources compiled for the dialectal Arabic corpus from ten different existing 
datasets.

 Source  Number of Lines 
 SHAMI  66,247 
 MSDA  53,403 
 PADIC  36,065 
 NADI (train and dev sets)  26,000 
 AOC  19,713 
 GUMAR  15,225 
 TSAC  11,998 
 LET-MI  5,240 
 QADI  3,503 
 DART  1,781 

 Total  239,175 

Table 2.3: Dialect distribution of the compiled Arabic corpus. The dialects are grouped into 
the common five dialect groups, in addition to MSA (Modern Standard Arabic).

 Dialect  Number of Lines 
 Levantine  111,467 
 Maghrebi  72,273 
 Gulf  30,612 
 Egyptian  18,336 
 Iraqi  3,787 
 MSA  2,700 

 Total  239,175 

comparable English and Spanish discussion forum data from the Linguistic Data Consortium, 

which contains more than 1190 discussion forums. This would extend the cross-linguistic 

comparison beyond the encyclopedia genre of Wikipedia and the genres in UD.

Tagging the data, analysis plan, and predictions

Prior to tagging, the compiled data will be pre-processed by removing special characters, 

punctuation, and non-Arabic tokens to ensure consistent input for the POS tagger. For 

Arabic, I plan to use CAMeL Tools, which provides dialect-specific BERT-based POS taggers 
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for Egyptian, Gulf, and Levantine Arabic, with an MSA model as fallback for Iraqi and 

Maghrebi (Obeid et al., 2020). For the English and Spanish comparison, I will use discussion 

forum data from the Linguistic Data Consortium and tag it with the StanfordCoreNLP POS 

tagger (Manning et al., 2014). Once tagged, the same method used in the Wikipedia and UD 

analyses will be applied to all three languages: nouns will be classified by whether they are 

modified pre-nominally, post-nominally, both, or not at all, and modification rates will be 

compared across dialects and languages using mixed-effects logistic regression. Because the 

compiled corpus is overwhelmingly dialectal with MSA representing only a small fraction of 

the data, the primary comparison will be across dialect families rather than between dialects 

and MSA. If the communicative pressures shape modification rates, we may observe variation 

across dialects that parallels the cross-linguistic observed in the UD analysis.

2.3.6 Behavioral experiments

The corpus analyses reported above test the efficiency hypothesis at the level of overall 

adjective modification rates, but they cannot disentangle the contextual factors that drive a 

speaker’s decision to include or omit a particular adjective in a given referential expression. 

Corpus data can reveal that one language or dialect modifies nouns more frequently than 

another, but it cannot tell us whether a given adjective was produced because a competitor 

object was present, because the property was perceptually salient, or simply because the 

speaker defaulted to a fuller description. Teasing apart these factors requires controlled 

experimental settings in which the visual context and the properties of the referent can 

be systematically manipulated. Indeed, much of the work on adjective modification and 

overspecification has relied on exactly this approach (Rubio-Fernández, 2016, 2019; Rubio-

Fernández et al., 2020; Wu and Gibson, 2020; Degen et al., 2020).

To complement the corpus work, I propose a set of referential communication experiments 
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that test whether Arabic speakers replicate the asymmetry in overmodification that has been 

documented in English and Spanish (Rubio-Fernández, 2016; Degen et al., 2020). Extending 

this paradigm to Arabic, a language that has not been tested in this literature, broadens the 

empirical base of the efficiency hypothesis.

The aim of this proposal is to collect behavioral data on the production of referring ex-

pressions in Arabic. Specifically, I ask whether the production of color adjectives in spoken 

Arabic dialects follows the pattern observed in previous behavioral work on post-nominal 

languages, or whether it follows the pattern observed in my corpus analysis of the general 

uses of adjectives in Standard Arabic (2.3.1 and 2.3.2). If Arabic speakers produce lower 

rates of redundant adjective modification than English speakers, this would provide direct 

evidence that adjective processing is incremental and efficient: speakers of a post-nominal 

language produce fewer redundant adjectives, consistent with the reduced incremental bene-

fit of post-nominal modification. If, on the other hand, Arabic and English speakers produce 

similar rates of adjective modification, the question becomes what communicative purpose 

these adjectives serve when they follow the noun and therefore cannot aid the listener’s in-

cremental referential search. The pilot data reported in 2.3.3 offers preliminary evidence for 

the first possibility; Arabic speakers showed suggestively lower overmodification rates under 

scene variation, but the sample was too small to be conclusive; the experiments proposed 

here are designed to test that pattern with adequate power. Both Arabic and English speak-

ers are expected to use adjectives efficiently, but when the adjective occurs after the noun in 

Arabic, it does not contribute to narrowing down the referent before the noun is processed 

(Rubio-Fernández et al., 2020). Producing a redundant adjective in that position may in-

stead reflect the salience of the property to the speaker, for instance because the color of the 

object is particularly distinctive or contrastive in the visual scene. Arabic is thus a particu-

larly informative test case for the efficiency hypothesis: if overmodification rates are lower in 

Arabic than in English, this would be consistent with the reduced communicative utility of 

post-nominal adjectives for incremental reference resolution, particularly if the asymmetry 
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is specific to post-nominal modifiers rather than reflecting a general reluctance to produce 

extra words.

To test this, I plan to extend the referential communication paradigm developed by Rubio-

Fernández (2016) and used in subsequent work by Rubio-Fernández et al. (2020). In the 

study by Rubio-Fernández et al. (2020), twenty-two participants from each of English and 

Spanish were recruited in person. Participants viewed visual displays containing colored 

geometric shapes arranged in a grid, with one shape marked as the target. The participant sat 

behind the experimenter, and each visual display was presented on the screen in front of the 

experimenter. Each participant had a printed sheet that showed a star on the position of the 

target item on the grid, and their task was to ask the experimenter to click on the target item 

in each trial. The experimenter did not know the target object in each trial, and they were 

presented with 20 visual displays. The critical manipulation was the number of competitor 

objects in each display. In a shape competitor display, another object of the same shape but 

a different color appeared alongside the target (e.g., a red triangle alongside a blue triangle 

target), making the color adjective necessary for disambiguation. In a color competitor 

display, another object of the same color but a different shape appeared (e.g., a blue star 

alongside a blue triangle target), so that shape alone was sufficient. In the no-competitor 

displays, no object shared either the color or the shape of the target, making any adjective 

redundant (see Figure 2.9). In their experiment, English speakers used color adjectives 

significantly more than Spanish speakers, consistent with the prediction that speakers of a 

pre-nominal language overmodify more because their adjectives contribute to incremental 

reference resolution. I will adapt this paradigm to an online format, with participants’ 

spoken responses recorded via their microphone. On each trial, the participant’s task will 

be to produce a referring expression (in their dialect or MSA) that allows a simulated online 

partner to identify the target.

Together, the expanded corpus analysis and the behavioral experiments proposed in this 
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Figure 2.9: Sample displays from the referential communication paradigm used in Rubio-
Fernández et al. (2020). Here, the target is the blue triangle (top left corner in all displays). 
In the shape competitor condition (A), color is necessary for disambiguation. In the color 
competitor condition (B), shape is sufficient for disambiguation. In the no competitor con-
ditions (C, D), both color and shape are redundant with difference in the size of competitor 
objects.

chapter address complementary gaps in the efficiency literature. The corpus work extends the 

cross-linguistic coverage of the modification rate analysis to Arabic dialects, testing whether 

the relationship between adjective position and modification frequency that holds across 

the UD treebank languages also holds within the diglossic Arabic situation. The behavioral 

work provides the controlled experimental conditions needed to isolate the contextual factors 

that corpus data alone cannot disentangle, testing directly whether Arabic speakers produce 

fewer redundant adjectives than English speakers in referential communication. Beyond 

the question of how frequently adjectives are used, the structure of multi-adjective strings 

raises a separate efficiency-related puzzle: if speakers are sensitive to the informational 

contribution of adjectives, this sensitivity may also shape the order in which adjectives 

appear. Chapter 3 takes up this question, turns to the phenomenon of adjective ordering 

preferences, examining whether the subjectivity-based ordering preferences documented in 

English extend to a language with post-nominal modification.
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Chapter 3

Adjective ordering in Arabic

3.1 Introduction

The use of adjectives in description and reference resolution sometimes extends to more 

than a single adjective per phrase (as we saw in the examples from Degen et al.’s use of 

size and color adjectives). How speakers order these adjectives relative to each other and 

to the modified noun is not arbitrary. Imagine, for example, that you come across a box 

that is small, brown, and made of wood. English-speaking adults prefer the order small 

brown wooden box over wooden brown small box; they are uncomfortable with the latter 

ordering, yet most are unable to articulate why (Sproat and Shih, 1991; Scontras et al., 

2017). This observation is not unique to English — speakers of many languages converge on 

specific orderings of multi-adjective strings, a phenomenon known as adjective ordering 

preferences.
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3.2 Background

3.2.1 Empirical observations of adjective ordering preferences

Adjective ordering preferences have received considerable attention from the linguistics com-

munity. The cross-linguistic robustness of these preferences evidences cognitive properties 

that shape language. Most of the research in this area arrives at the same core finding: in 

multi-adjective strings, some adjectives are systematically preferred closer to the modified 

noun than other adjectives, and this preference is not random.

Languages with pre-nominal modification

Adjective ordering preferences have been most extensively documented in languages with 

pre-nominal adjectives. Beyond English, similar preferences have been observed in other lan-

guages with pre-nominal adjectives like Hungarian (Uralic), Telugu (Dravidian), Mandarin 

Chinese, and Dutch, to name a few (Dixon, 1982; Hetzron, 1978; LaPolla and Huang, 2004; 

Sproat and Shih, 1991). Additionally, the tendency to order adjectives a certain way starts 

earlier in life. Evidence from English-speaking children as found in corpus data demonstrates 

adjective ordering preferences as young as four years old (Bar-Sever et al., 2018).

While these cross-linguistic observations establish the robustness of the phenomenon, the 

majority of experimental work on adjective ordering has focused on languages with pre-

nominal adjective modification, and on English in particular. Martin (1969) performed some 

of the first behavioral studies on adjective ordering in English, documenting that speakers 

exhibit reliable preferences. Since then, a growing body of work has confirmed that English 

ordering preferences are robust and gradient. Although orders like brown small box are 

not ungrammatical, speakers show a reliable tendency toward considering them dispreferred 

(Scontras et al., 2017).
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Explanations for where these preferences come from have taken a variety of forms. A null 

hypothesis posits that adjective ordering preferences merely reflect distributional learning: 

adults reproduce sequences such as the small brown box because they have previously en-

countered them in that form. However, this account fails to explain why speakers show 

consistent preferences for novel, previously unattested combinations, such as the tiny green 

magical mouse-riding gnomes (Bar-Sever et al., 2018). Moreover, if speakers simply repro-

duce the orderings they hear, the account offers no explanation for why those orderings are 

being produced in the first place. The productivity of adjective ordering preferences thus 

suggests that speakers draw on some underlying knowledge beyond the repetition of familiar 

sequences.

Languages with post-nominal modification

While most of the literature has focused on pre-nominal languages, a smaller but growing 

body of work has investigated adjective ordering in languages where adjectives follow the 

noun. Dixon (1982) notes that post-nominal adjectives surface in the mirror image of the 

pre-nominal order. The following English-Arabic pair illustrates the pattern:

(1) the small brown box

(2) al-ṣundūq 
the-box 

al-bonnī 
the-brown 

al-ṣaghīr 
the-small 

’the small brown box’

In these examples, the noun in Arabic comes first and the adjectives follow, displaying 

the reverse ordering of those in English. Indonesian was also reported to have mirror-

image adjective ordering preferences in the post-nominal position (Martin, 1969). More 
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recent investigations of post-nominal languages have yielded mixed results. Rosales Jr. 

and Scontras (2019) investigated ordering preferences in Spanish, a language with post-

nominal adjectives. Results revealed that Spanish speakers do not exhibit adjective ordering 

preferences. However, the multi-adjective strings tested featured conjunctions of adjectives 

similar to (3), which could be responsible for the lack of stable preferences, and indeed 

Scontras et al. (2020c) show that you get stable preferences in Spanish without conjunction.

(3) la caja pequeña y marrón

‘the small and brown box’

3.2.2 Proposed explanations of ordering preferences

The observations I have discussed so far document the ordering patterns that speakers ex-

hibit. I now turn to proposed explanations of where these preferences come from. These 

accounts have taken a variety of forms, ranging from syntactic accounts rooted in hierarchi-

cal structure to information-theoretic approaches grounded in efficiency. In surveying them, 

it is worth drawing a distinction that organizes the discussion to follow: between identifying 

a predictor of ordering preferences and explaining why that predictor should have the force 

it does. I survey these accounts in the next few subsections.

Syntactic and hierarchical explanations

Beyond distributional learning, several theoretical proposals have sought to identify the 

source of these preferences. A dominant line of research adopts a lexical-class approach, 

according to which adjectives are inherently organized into discrete semantic classes and 

patterned according to shared properties. On this view, adjectives denoting SIZE constitute 

one class, those denoting COLOR another, and so forth. Crucially, these classes are assumed 
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to stand in a hierarchical relation, such that certain semantic categories are systematically 

positioned closer to the modified noun than others. Dixon (1982) systematically classifies 

adjectives into semantic categories such as size, color, and quality, and proposes that these 

categories are ordered in a certain way with respect to the noun. Based on data from 17 

languages, Dixon arrives at the hierarchy in (4), where classes farther to the left are preferred 

farther from the noun.

(4) Quality > Size > Shape > Color > Nationality > Noun

Cinque (2010) suggests a different but closely preferred order (5). Cinque argues that ad-

jective classes are encoded in the syntax through a hierarchy of functional projections, each 

hosting a different class of adjectives. For example, a size adjective and a color adjective 

each occupy a designated position in the syntactic structure. Because these positions are 

fixed and hierarchically ordered, the result is a predictable linear order of adjectives across 

languages.

(5) V alue > Size > Shape > Color > Provenance > Noun

Although this hierarchy captures a robust generalization across linguistic data, it remains 

fundamentally descriptive. It does not explain why these preferences exist: why should the 

hierarchy be ordered as in (4) or (5), and not, say, in a different order? The need for a 

principled explanation of such observations has motivated earlier and subsequent research to 

explore the mechanisms underlying these preferences. Some approaches focus on the linear 

order in which the adjectives and nouns appear in language, while others investigate struc-

tural or relational proximity independent of linear sequencing. This distinction becomes 

especially salient in languages other than English with different positions for adjectival mod-

ification.
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If such a hierarchy is indeed fixed across languages, then the question arises of why this 

should be the case. Scott (2002) builds on Cinque’s approach and argues that the consistency 

of ordering preferences across languages reflects Universal Grammar. Speakers of different 

languages converge on similar orderings because the underlying syntactic structure is innate. 

This syntactic approach describes the ordering but does not offer an independent explanation 

for why certain classes of adjectives are consistently preferred closer to the noun than others.

Meaning-based explanations

Other approaches suggest a relation between preferred distance and the meaning of ad-

jectives. For example, Sweet (1898) suggests that the adjective most closely connected in 

meaning with the noun appears nearest to it. The idea is that some adjectives form a tighter 

conceptual unit with the noun than others. Consider the example the small brown box: a 

brown box picks out a recognizable kind of object (maybe a cardboard box), while small 

merely adds a property on top of that unit. On this view, brown appears closer to the noun 

than small because it is more closely connected to what the noun denotes. Whorf (1945) 

proposes a related distinction, splitting adjectives into two broad categories: those naming 

inherent properties of the noun and those naming non-inherent ones. Adjectives that name 

properties inherent to the noun generally appear closer to it. For example, a cardboard box 

is inherently brown while size is non-inherent: a box is not inherently small or large. Sproat 

and Shih (1991) propose a different but related notion, absoluteness: adjectives that hold 

absolute properties, properties that do not depend on a standard of comparison, occur closer 

to the noun. For example, a box is brown regardless of context, but whether it counts as 

small depends on what it is being compared to. On this account, absolute adjectives like 

color and shape adjectives appear closer to the noun, while relative adjectives like size and 

quality adjectives appear farther away. Although inherentness and absoluteness are different 

notions, what these proposals share is the intuition that the semantics of the adjective plays 
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a role in determining order.

Accessibility-based explanations

Accessibility-based approaches propose that the order in which adjectives appear is influenced 

by how easily they are retrieved during production. More accessible adjectives tend to appear 

earlier in the sequence because they come to mind more quickly. This is consistent with a 

broader observation in the production literature that easily accessible words are less costly 

to produce (Ferreira and Dell, 2000), and words that are highly frequent are considered to 

be readily accessible (Piantadosi et al., 2012). Indeed, Martin (1969) was among the first 

to show that more frequent adjectives tend to occur earlier in production. In languages 

with pre-nominal modification like English, if a speaker is producing the big brown box, the 

adjective that is easier to retrieve comes out first, which places it farther from the noun. 

Hetzron (1978) argues that adjective length also plays a role, with shorter adjectives tending 

to appear earlier; so more frequent or shorter adjectives end up farther from the noun in 

pre-nominal languages. The problem comes with post-nominal languages. In a language 

like Arabic or Spanish, the noun comes first and the adjectives follow. If accessibility is 

driving order, then the most accessible adjective should still come out first, but now “first” 

means closer to the noun, not farther from it. Accessibility would therefore predict the same 

linear order across languages with pre-nominal and post-nominal modification, rather than 

the mirror-image pattern that has been documented (Dixon, 1982). This limitation suggests 

that accessibility alone cannot account for the full range of ordering preferences observed 

cross-linguistically.
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Information-theoretic explanations

Communicative efficiency pressures extend to shape the way we prefer to order adjectives 

across languages. Speakers who decide to use more than one adjective in their phrases are in 

a real-time incremental decision-making process to order adjectives a certain way or another. 

Yet, the ordering preferences we see among speakers from a single language and the patterns 

we observe across languages are far from random: there is a systematic pattern that reflects 

a general need to be communicatively efficient, optimizing the cost-reward trade-off of the 

utterance.

A growing body of work proposes that adjective ordering preferences fall out from more 

general efficiency pressures inspired by information theory (Shannon, 1948). Information 

theory is concerned with optimizing digital communication codes while minimizing entropy. 

Entropy can be thought of as a measure of uncertainty over a probability distribution. When 

the distribution is concentrated over few outcomes, entropy is low; when outcomes are equally 

probable, entropy is high. In the context of language, we can think of outcomes as possible 

words that follow a given word. Consider the adjective-noun pair polar bear : upon hearing 

polar, the distribution over possible next words is sharply concentrated, and so entropy is 

low. In contrast, a word like nice could be followed by a wide range of nouns (nice day, nice 

person, nice idea), making the distribution much flatter and entropy considerably higher. 

Entropy relates to information content as quantified by surprisal: a high-probability word 

drawn from a low-entropy context is less surprising, and therefore less informative, than one 

drawn from a high-entropy context.

One of the main information-theoretic measures that predict adjective ordering preferences 

is point-wise mutual information (PMI), a measure of how much two words predict each 

others’ occurrences in a phrase (Futrell, 2017, 2019). While entropy captures uncertainty 

over an entire probability distribution, PMI zooms in on a particular word pair and asks how 
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much more likely they are to co-occur than we would expect by chance. Returning to the 

earlier example, polar and bear have high PMI because their joint probability far exceeds the 

product of their marginal probabilities. In other words, they co-occur far more frequently 

than their individual frequencies would predict. Under Futrell’s account, comprehension 

processing cost decreases when words that are highly predictive of one another, as measured 

by PMI, appear closer to each other in linear order. Given that comprehension happens under 

memory constraints from the listeners, placing high PMI adjectives nearer to the noun thus 

maximizes prediction accuracy and reduces processing cost. This principle assumes that 

contextual information degrades over distance due to memory noise, an assumption later 

formalized in Futrell et al. (2020b). Under this model, the listener’s internal representation 

of preceding context degrades as a function of linear distance, meaning that two highly 

associated elements may fail to facilitate each other’s processing if they are too far apart. 

An efficient language should minimize the linear distance between highly associated words, 

so that their mutual predictability is preserved. Adjective ordering preferences constitute 

one manifestation of this broader pressure.

Another information-theoretic measure of adjective ordering preferences is information gain 

which captures how much a word reduces a listener’s uncertainty about the speaker’s intended 

meaning (Dyer et al., 2021). In other words, as each adjective is encountered, it narrows the 

set of possible referents by partitioning them into those that have the relevant feature and 

those that do not. In pre-nominal languages, this process begins before the noun is known, 

so early adjectives reduce uncertainty about what the referent could be. In post-nominal 

languages, the noun is already known, and each subsequent adjective narrows the set of 

referents that match that noun. In both cases, the information gained by this narrowing 

determines the preferred ordering: adjectives that yield the greatest reduction in uncertainty 

tend to be placed linearly earlier. Dyer et al. (2021) test this prediction using corpora from 32 

typologically diverse languages, and across all three ordering templates: pre-nominal (AAN), 

post-nominal (NAA), and mixed (ANA), the latter order being particularly challenging for 
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distance-based measures like PMI, which rely on the linear proximity between adjective and 

noun. Information gain successfully predicts attested orderings in 29 of these languages, 

achieving above-chance accuracy across all three templates.

While measures like PMI and information gain effectively capture communicative efficiency 

in adjective ordering, a separate line of work has identified a single cognitive property that 

independently predicts ordering preferences: Subjectivity.

Subjectivity

In an attempt to explain why adjective preferences appear the way they do, Scontras et al. 

(2017) documented a robust empirical generalization concerning these preferences in English 

such that the order of adjectives in multi-adjective strings is predicted by subjectivity: less 

subjective adjectives occur closer to the modified noun. In the big blue box, blue is considered 

less subjective than big; two people are more likely to agree on whether the box is blue, but 

whether or not the box is big depends on each person’s experience with box sizes. That is, 

one person might consider a box big, because he or she is used to small-sized boxes, while 

the other person disagrees and considers it small.

Scontras et al. (2017) constructed two experiments to test their hypothesis. In the first 

experiment, they measured adjective ordering preferences using native English speakers’ 

judgments about multi-adjective strings; they asked participants to indicate their preferences 

on phrases like the small brown box vs. the brown small box. Then, in their second experiment, 

they established a behavioral measure to determine subjectivity. They presented participants 

with adjectives and asked them how “subjective” each was on a scale from “completely 

subjective” to “completely objective”. The authors then validated their subjectivity measure 

with a faultless disagreement task (Kölbel, 2004; Kennedy, 2013; Barker, 2013; MacFarlane, 

2014). In a faultless disagreement task, participants encounter a scenario in which two 
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people argue about whether an object has some property, for example whether a box is big 

or not. The participant has to determine if both people can be right or if one of them must 

be wrong. If the participant indicates that both people in the scenario can be right, this 

suggests a higher degree of subjectivity for that adjective.

The methodology of Scontras et al. (2017) has been extended to Tagalog (Samonte and Scon-

tras, 2019), Spanish (Rosales Jr. and Scontras, 2019), Mandarin Chinese Shi and Scontras 

(2020), Greek, Hebrew, and Vietnamese Scontras et al. (2021), and more recently Italian 

(Scontras et al., 2025). Spanish, a language with post-nominal adjectives where speakers 

prefer to use conjunction to form multi-adjective strings, does not exhibit adjective ordering 

preferences — at least not in multi-adjective strings formed with conjunction (cf. Scontras 

et al., 2020b).

The importance of subjectivity lies in the success of communicative efficiency: speakers aim 

to maximize their listeners’ understanding of their utterances, and thus they minimize the 

distance between the objective adjectives and the nouns these adjectives modify. In an at-

tempt to formalize this notion, recent work by Scontras et al. (2019) proposes that adjectives 

that are linearly closer to the noun are usually structurally closer, meaning they compose 

with the noun first. When adjectives are used to establish reference, having less subjec-

tive adjectives closer to the nouns aids in making that referent clear to the listener. This 

is because adjectives narrow down the set of possible referents incrementally: when more 

than one adjective modifies a noun, the adjective closest to the noun restricts the set first. 

A listener is more likely to correctly identify which boxes are brown than which boxes are 

small. By placing less subjective adjectives closest to the noun, speakers ensure that the 

most reliable restrictions happen first, reducing the overall chance of miscommunication. 

Franke et al. (2019) formalize this reasoning using simulated reference games, demonstrating 

that ordering adjectives with respect to decreasing subjectivity increases the probability of 

successful reference resolution. The logic follows from the structure of restrictive modifica-
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tion: each adjective restricts the set of potential referents identified by the noun, and less 

subjective adjectives, which restrict the set more reliably, should compose with the noun 

first in the hierarchical structure, operating over the largest set of potential referents and 

thereby minimizing opportunities for miscommunication.

Unlike the reference-resolution accounts discussed above, Hahn et al. (2018) assume that 

adjectives are used not to pick out a referent but to communicate the speaker’s judgments 

and attitudes about objects. In their model, listeners process language incrementally, and 

material heard earlier is more likely to be forgotten due to memory limitations. Placing 

more subjective adjectives farther from the noun means that if any adjective is lost from 

memory, it is more likely to be the subjective one. This is the less costly loss, because 

objective adjectives carry information that generalizes across speakers, making them more 

useful for the listener to retain. Therefore, integrated with a memory limitation model, 

ordering adjectives by decreasing subjectivity helps preserve the speaker’s intended meaning. 

In other words, it is a better strategy for sharing the speakers’ mental state and aiding in 

successful communication.

In an attempt to compare the predictive power of subjectivity to other measures like PMI, 

integration cost, and information gain, Futrell et al. (2020a) found that no single predictor 

accounts for the full range of ordering preferences. Their results suggest that adjective 

ordering reflects at least two broad factors operating in parallel: a semantic factor, captured 

by subjectivity, and a wordform-based factor captured by PMI. A model combining these two 

factors outperforms any individual predictor. Dyer et al. (2023) extend this comparison cross-

linguistically, evaluating eight cognitive predictors across 32 languages and all three ordering 

templates: pre-nominal (AAN) orderings, mixed (ANA) orderings, and post-nominal (NAA). 

They found that subjectivity measure performs best for AAN, adjective length for ANA, and 

PMI for NAA. While subjectivity may not be the strongest single predictor in post-nominal 

languages, it remains a significant factor across templates. However, the evidence from 
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Different predictors of adjective ordering preferences
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Figure 3.1: Summary of the different predictors of adjective ordering preferences discussed 
in this section. This figure was generated with the help of Claude.

post-nominal languages is based almost entirely on corpus data; behavioral investigations of 

ordering preferences in these languages remain scarce.

All of the predictors of adjective ordering preferences I discussed in this section are summa-

rized in Figure 3.1. While much of the work surveyed above has focused on English and other 

pre-nominal languages, the question of how well these predictors generalize to post-nominal 

languages remains underexplored. Scontras et al. (2025) for instance, find that Italian order-

ing preferences are strongest in the ANA template and that subjectivity predicts ordering 

most weakly in the NAA order, though subjectivity still offers a consistent cross-linguistic 

predictor. In what follows, I test adjective ordering preferences in Arabic, a language with 

post-nominal adjectives, and examine how well subjectivity predicts these preferences. If ad-

jective ordering in post-nominal languages mirrors the pre-nominal pattern, we would expect 

subjectivity to be a strong predictor; however, the findings reviewed above suggest this may 

not be the case. By collecting behavioral data from Arabic, I aim to contribute much-needed 

evidence from a post-nominal language to this line of work.
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3.3 Behavioral Experiments

This section provides exactly this behavioral data, investigating whether subjectivity pre-

dicts adjective ordering preferences in Arabic, a post-nominal language without obligatory 

conjunction in multi-adjective strings. Arabic consists of two varieties: Spoken Arabic, which 

consists of the different dialects spoken across the Arab world, and Standard Arabic (also 

referred to as Modern Standard Arabic, MSA, classical Arabic, or literary Arabic). The two 

varieties are used in different situations. Spoken Arabic is used in everyday communication, 

while Standard Arabic is used in schools, media, politics, speeches, academic research, and 

formal documents. In the written form, Standard Arabic remains almost exclusively the 

language of literacy across the Arabic-speaking world. Of relevance to the present study, 

adjectives in both Standard and Spoken Arabic attach to the noun post-nominally as the 

default. While it is the case that pre-nominal adjectives are possible (see example (6); Fehri, 

1999), these adjectives come with special syntactic properties and have their own interpreta-

tions in Arabic grammar. Post-nominal adjectives occur much more frequently (as discussed 

in Chapter 2), and they agree with the noun in definiteness, case, number, and gender. In 

this chapter, I only consider post-nominal adjectives.

(6) labis-tu jamīl-a al-thiyāb-i

wore-I beautiful.acc the-clothes-gen1

‘I wore the (most) beautiful (of) clothes.’

(7) al-kursiyy-u al-’azraq-u al-saghīr-u

the-chair-nom the-blue-nom the-small-nom

‘the small blue chair’

Although Standard Arabic is not the variety used in daily conversation, there are good 
1Abbreviations used: ACC = accusative, GEN = genitive, IND = indefinite, NOM = nominative.
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reasons to test in Standard Arabic. First, all the spoken dialects of Arabic are tied to 

Standard Arabic. That is, dialects have a considerable amount of shared vocabulary with 

Standard Arabic. The amount of vocabulary sharing varies from one dialect to another, but 

Standard Arabic is more broadly intelligible across dialect groups than any single dialect. 

Consistent with this, recent work by Abou-Ghazaleh et al. (2018) investigating the neural 

basis of the diglossic situation in Arabic using fMRI showed that there is no difference in 

brain activity between naming objects in Standard and Spoken Arabic. Given this, and since 

the experiments present stimuli in written form, I use Standard Arabic.

In terms of adjective ordering, a substantial body of research has been conducted on the 

adjectival system and adjective constructions in Arabic (Al-Sharifi and Sadler, 2009; Al-

Shurafa, 2006; Kremers, 2003), but very little research has studied the ordering of multiple 

adjectives within a single noun phrase. Sproat and Shih (1991) argue that Arabic adjectives 

are freely ordered when combined together, meaning that both possible orderings of a given 

adjective pair are equally acceptable. For example, they report that both (8) and (9) are 

acceptable in Arabic, and neither is preferred over the other, a claim that Shlonsky (2004) 

suggests is not confirmed in the Arabic literature.

(8) kalbu-n ahmaru-n kabiiru-n

dog-ind red-ind big-ind

‘a big red dog’

(9) kalbu-n kabiiru-n ahmaru-n

dog-ind big-ind red-ind

‘a big red dog’

Fehri (1999) proposes that post-nominal Arabic adjectives follow a mirror image order to 

languages with pre-nominal adjectives. For example, the Arabic equivalent of the big red 
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ball surfaces as (10) following the order: noun < size < quality. This mirror-image pattern 

has also been observed in Selepet, a language with post-nominal adjectives in which the 

pre-nominal English order is largely preserved in reverse (Dixon, 1982, p. 26).

(10) P-alQab-u bi-l-kurat-i l-èamraP-i l-kabirat-i

I-play with-the-ball-gen the-red-gen the-big-gen

‘I play with the big red ball.’

Panayidou (2014) reaches a similar conclusion for Cypriot Maronite Arabic, a dialect spoken 

by the Maronite community of Cyprus and highly influenced by Greek, arguing that adjective 

ordering in this variety is inflexible.

The picture that emerges from this literature is thus mixed: some authors predict free 

ordering in Arabic, while others argue for fixed, mirror-image preferences, and the evidence 

base for Arabic remains largely observational. Crucially, none of the existing work on Arabic 

adjectives has employed experimental preference tasks, nor does it offer an explanation for 

ordering preferences grounded in cognition. Furthermore, if pre-nominal and post-nominal 

languages share the same hierarchical structure but differ in linear order, then speakers who 

have both systems present an especially informative test case. Heritage speakers of Arabic 

who also speak a pre-nominal language like English have two competing linear orders, yet 

the underlying hierarchy is thought to be similar across both languages. Studying this 

population can shed light on how robust ordering preferences are under reduced input and 

cross-linguistic competition.

In this chapter, I use experimental data to address these gaps. I show that Arabic exhibits 

adjective ordering preferences that mirror those found in pre-nominal languages, consistent 

with the efficiency-based explanations discussed above. Specifically, subjectivity predicts 

these preferences, with less subjective adjectives preferred closer to the noun, just as in pre-
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nominal languages like English (Scontras et al., 2017). I then explore the robustness of these 

preferences by studying English-dominant heritage speakers of Arabic.

3.3.1 Experiment 1: Ordering preferences in native Arabic

Replicating the methodology of Scontras et al. (2017), I begin by measuring adjective order-

ing preferences in native speakers of Arabic.

Participants

135 participants were recruited via Amazon Mechanical Turk, a crowd sourcing service. Only 

24 participants were identified as native speakers of Arabic (Table 3.1 shows the dialect dis-

tribution of these speakers). To assess language status, participants were asked a series of 

demographic questions. For example, participants were asked what their first language is, 

and what language they use at home. I identified native speakers as those participants who 

indicated their first language as Arabic and who continue to speak Arabic as their dominant 

language today, and who lived in an Arabic-speaking country for more than five years before 

and after the age of eight. To ensure that the participants were not answering randomly, 

I appended three simple Arabic catch questions which contained phrases that required di-

agnosing gender agreement, and asked the participants to mark the correct phrase (see the 

examples in (11)). I only considered participants who marked all three catch questions 

correctly.

(11) a. al-baèr 
the-sea.M 

al-azraq 
the-blue.M 

al-waseQ 
the-wide.M 

‘the wide blue sea’

b. *al-bahr 
the-sea.M 

al-zarqāP 
the-blue.FEM 

al-waseQa 
the-wide.FEM 
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Table 3.1: Dialect distribution of participants in Experiment 1 (N=24).
 Dialect  Count
 Moroccan  10
 Levantine  6
 Egyptian  5
 Saudi  2
 Other  1

 Total  24

(intended: ‘the wide blue sea’)

Design

Participants were asked to indicate their preferences for multi-adjective strings. To do so, 

participants judged which order of a multi-adjective string was more natural. Multi-adjective 

strings were random combinations of 25 adjectives that came from 7 semantic classes (i.e., 

quality, age, texture, size, shape, color, and material adjectives; see Table ??), with the 

constraint that no description contained adjectives from the same semantic class. The ad-

jectives described nouns that were sampled randomly from a set of 10 nouns (see Table ??). 

Participants completed 26 trials each. For example, participants were presented with two 

phrases: the Arabic equivalents of the small brown chair and the brown small chair, and they 

were asked which order they preferred (Figure 3.2). Where possible, adjectives and nouns 

were direct translations of the materials from Scontras et al. (2017). The only exception 

was the adjective tiny, whose closest Arabic equivalent, ḍaPīl, is largely restricted to formal 

registers and is uncommon in everyday speech, making it unsuitable for a naturalness judg-

ment task. Participants answered by adjusting a continuous slider with endpoints labeled 

with the competing multi-adjective strings. The distance from the slider to each endpoint 

indexes the degree of preference.

I used the slider position to compute the naturalness score for each adjective, which cor-
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Table 3.2: The seven adjective classes used in the experiment, which are translations of the 
adjectives used in the original experiment by Scontras et al. (2017).

adjective pronunciation translation class

أحمر ʔaħmar red color
أصفر ʔasfar yellow color
أخضر ʔaxdar green color
أزرق ʔazraq blue color
بني bonnī brown color
بنفسجي banafsajī purple color

كبير kabīr big size
صغير saġīr small size
ضخم daxm huge size
قصير qasīr short size
طويل tawīl tall size

جيد jayyed good quality
سيئ sayyeʔ bad quality

فاسد fāsed rotten age
طازج tāzaj fresh age
جديد jadīd new age
قديم qadīm old age

مستدير mustadīr round shape
مربع murabbaʕ square shape

ناعم nāʕem soft texture
قاسي qāsī hard texture
أملس ʔamlas smooth texture

خشبي xašabī wooden material
بلاستيكي bilastīkī plastic material
حديدي ħadīdī metal material

responds to how far away from the noun the adjective is preferred. If a participant, for 

example, preferred the brown small chair, small would have a naturalness score close to 0 

since it is preferred closer to the noun, and brown would have a naturalness score closer to 

1 since it is preferred farther away from the noun.
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Table 3.3: The set of ten nouns from two different classes I adopted from Scontras et al. 
(2017) with their translations.

noun pronunciation translation class

تفاحة toffāħa apple food
موزة mawza banana food
جزرة jazara carrot food
جبن jobn cheese food
طماطم tamātim tomato food

كرسي korsī chair furniture
كنبة kanaba couch furniture
مروحة merwaħa fan furniture
تلفاز telfāz tv furniture
مكتب maktab desk furniture

Results

For each adjective, I computed a mean preferred distance measure, which ranges from 0 

(preferred closest to the noun) to 1 (preferred farthest from the noun), with 0.5 indicating 

chance, or the absence of stable preferences. Error bars in Figure 3.3 represent bootstrapped 

95% confidence intervals drawn from 10,000 samples of the data. The results show that 

Arabic does have stable ordering preferences, despite also having post-nominal adjectives. 

As shown in the figure, adjective classes pattern along a gradient: quality adjectives are 

Figure 3.2: An example trial from the ordering preferences experiment. On this trial, par-
ticipants were presented with two phrases: the brown small chair and the small brown chair. 
They were asked to adjust the slider towards the preferred phrase. To the right is the Arabic 
version of the experiment, and to the left is the original experiment by Scontras et al. (2017).

78



preferred farthest from the noun, followed by age, texture, and size, while shape, color, and 

material adjectives are preferred closer to the noun. The bootstrapped confidence intervals do 

not overlap with the chance line, indicating reliable preferences for these classes. This pattern 

is consistent with the class hierarchies proposed in the literature (Dixon, 1982; Cinque, 2010) 

and mirrors the qualitative pattern reported for English by Scontras et al. (2017).
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Figure 3.3: Native Arabic speakers’ mean preferred distance measures from the noun grouped 
by adjective semantic class. Values range from 0 (preferred closest to the noun) to 1 (preferred 
farthest from the noun). The dashed line indicates chance level, or the absence of stable 
preferences. Error bars represent bootstrapped 95% confidence intervals drawn from 10,000 
samples of the data.

3.3.2 Experiment 2: Assessing subjectivity

After obtaining measures for ordering preferences, I next measured whether these prefer-

ences are subjectivity-based. To do so, I measured adjective subjectivity using a faultless 

disagreement task.

Participants

135 participants who did not take part in the first experiment were recruited through Ama-

zon’s Mechanical Turk. All participants were compensated for their participation. Because 
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Arabic speakers represent a small proportion of the platform’s workforce, the same language 

background questionnaire and catch questions described in Experiment 1 were administered 

to verify their native speaker status. Of the 135 participants, only 16 were identified as 

native Arabic speakers (Table 3.4 shows the dialect distribution of these participants); the 

remaining participants were excluded from analysis.

Table 3.4: Dialect distribution of participants in Experiment 2 (N=16).
 Dialect  Count
 Egyptian  6
 Levantine  3
 Other  2
 Moroccan  2
 Iraqi  1
 Gulf  1
 Saudi  1

 Total  16

Design

Participants were given a scenario in which two speakers see the same object but they 

disagree about its description (see Figure 3.4). This task, known as a faultless disagreement 

task, has been shown to yield scores that are highly correlated with independent measures 

of subjectivity (Scontras et al., 2017): if two speakers can be right while they disagree 

on a description, then that adjective is subjective. For example, the extent to which two 

speakers can faultlessly disagree about whether a chair is brown indexes the subjectivity of 

the adjective brown. On each trial, participants adjusted a slider to indicate their judgment 

from 0 to 1: “No, somebody must be wrong” coded as 0, and “Yes, it’s a matter of opinion” 

coded as 1. Each participant completed 25 trials, one for each adjective (I used the same 

25 adjectives from Experiment 1), with nouns randomly selected for each trial. I averaged 

these scores across participants to obtain a single subjectivity measure for each adjective.
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Figure 3.4: An example trial from the faultless disagreement task.

Results

Comparing subjectivity scores with the ordering preferences from Experiment 1, I find 

that subjectivity is a strong predictor of adjective ordering in Arabic (r2 = 0.76, 95% CI 

[0.57, 0.88]; see Figure 3.5). That is, more subjective adjectives such as jayyed “good” and 

sayyeP “bad” are preferred farther from the noun than less subjective adjectives such as 

xašabī  “wooden” or Pazraq “blue”. Crucially, these preferences mirror those found in pre-

nominal languages, with less subjective adjectives closer to the noun, consistent with the 

cross-linguistic generalization documented for English by Scontras et al. (2017).

3.3.3 Experiment 3: Ordering preferences in heritage Arabic

After obtaining results from baseline native speakers, I investigated whether English-dominant 

heritage speakers of Arabic exhibit similar ordering preferences to the native baseline. Her-

itage speakers are unbalanced bilinguals who have experienced a shift in language use from 

their home language to the dominant language of their society. This shift often results in 

bilingualism unbalanced in favor of the dominant societal language, but research has shown 

that abilities of the heritage language persist (Scontras et al., 2015; Polinsky and Scontras, 

2020). In some cases, knowledge from the dominant language transfers to the heritage lan-
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Figure 3.5: Ordering preferences obtained in Experiment 1 plotted against subjectivity scores 
for each of the 25 adjectives tested. Subjectivity accounts for 76% of the variance in the 
ordering preferences (r2 = 0.76, 95% CI [0.57, 0.88]).

guage. In other cases, heritage speakers simply fail to acquire the relevant knowledge, owing 

to a lack of suitable input, or they acquire the knowledge and then lose it in the absence of 

proper maintenance (i.e., without sufficient use). By studying the behavior of heritage speak-

ers, we can understand how language functions in the mind of a bilingual. More specifically, 

we can examine how robust ordering preferences are to reduced input and maintenance.

Importantly, with adjective ordering, we have seen that both English and the Arabic base-

line order adjectives hierarchically with respect to decreasing subjectivity, so transfer from 

English would result in the same preferences. However, heritage speakers might transfer the 

linear order of adjectives from English to Arabic, rather than following hierarchical ordering 

preferences. If heritage speakers are attending to linear order and transferring that order 

from their dominant English, we should find heritage preferences that are the mirror image 

of baseline Arabic.
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Participants

I began by recruiting English-dominant heritage speakers of Arabic through Mechanical Turk 

but was unable to obtain a sufficiently large sample. I therefore recruited participants from 

the Arab-American community in Southern California using email chain and social media to 

reach out to different organizations and associations. Many potential participants from the 

younger generation raised in the U.S. either did not speak Arabic or could not read it, the 

latter being a requirement for the written experiment. I recruited 34 participants. English-

dominant heritage speakers were identified as those whose first language was Arabic and 

whose main language now is English; participants who lived in an Arabic-speaking country 

after the age of eight were excluded, as were participants who failed to answer all three catch 

questions correctly. Twelve participants were finally identified as heritage Arabic speakers, 

all of whom identified their dialect as Levantine.

Design

I measured heritage ordering preferences using a version of Experiment 1 adapted for her-

itage speakers with bilingual instructions to accommodate heritage speakers’ dominant En-

glish proficiency (see Figure 3.6). The instructions and interface prompts were presented in 

both Arabic and English to ensure heritage speakers understood the task, but the actual 

stimuli (the adjective-noun descriptions they were choosing between) remained in Arabic 

only, to avoid priming English ordering preferences. Participants indicated their preferences 

for multi-adjective strings by completing the same 26 trials using the same adjectives and 

nouns from Experiment 1.
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Figure 3.6: An example trial from the ordering preference task adapted for heritage speak-
ers. Instructions were presented bilingually in Arabic and English, while the adjective-noun 
descriptions were presented only in Arabic.

Results

Figure 3.7 plots results from heritage speakers grouped by semantic class. Although there is 

more variance overall compared to the native baseline (likely due both to the smaller number 

of participants and the heterogeneity inherent to heritage populations) we continue to see 

stable preferences: some classes are preferred closer to the noun, and others are preferred 

farther away. Moreover, we see a similar qualitative pattern of results between the native 

baseline and the heritage results, suggesting that both exhibit subjectivity-based preferences. 

The one point of qualitative deviation from the baseline involves material adjectives, which 

baseline native speakers prefer maximally close to the noun.

Comparing heritage ordering preferences with adjective subjectivity

To evaluate the predictive power of subjectivity in explaining the heritage ordering prefer-

ences, I used the subjectivity scores obtained from native speakers in Experiment 2. Figure 

3.8 plots the heritage ordering preferences against these subjectivity scores. While the her-

itage results are not nearly as robust as the native results, there is a positive correlation 

between the preferred distance of adjectives from the noun and the subjectivity of these 
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Figure 3.7: Naturalness ratings from Experiment 3 (heritage) grouped by adjective semantic 
class. Error bars represent bootstrapped 95% confidence intervals drawn from 10,000 samples 
of the data.

adjectives (r2 = 0.26). In other words, despite the dominant influence of English, a pre-

nominal language with the reverse linear order, heritage speakers do not simply transfer 

English linear preferences to Arabic. Instead, they maintain the same direction of ordering 

as native speakers, with less subjective adjectives preferred closer to the noun.

3.3.4 Discussion of Experimental Results

The results from Experiment 1 demonstrate that baseline native Arabic speakers do have 

stable adjective ordering preferences. Moreover, the results of Experiment 2 show that 

subjectivity is a reliable predictor of these preferences in Arabic: more subjective adjectives 

are preferred farther away from the noun. In Experiment 3, results from twelve English-

dominant heritage speakers of Arabic show that heritage speakers have adjective ordering 

preferences that, as in the baseline, are predicted by adjective subjectivity. Not only does 

Arabic have subjectivity-based ordering preferences, but those preferences are robust to the 

reduced input and language maintenance characteristic of heritage speakers.

While a qualitative pattern of preferences similar to the native baseline is observed in her-
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Figure 3.8: Heritage ordering preferences plotted against adjective subjectivity scores ob-
tained from baseline speakers in Experiment 2.

itage speakers, one group of adjectives stands out in the heritage data: material adjectives. 

Material adjectives are preferred closest to the noun in the native baseline, but fail to exhibit 

stable preferences in heritage speakers. Investigating the special status of material adjec-

tives in the heritage grammar is needed to explain this observation, along with looking at 

frequency, length, and age-of-acquisition, together with possible effects from the dominant 

English grammar. Also, note that the number of participants in the heritage experiment is 

half the number of participants in Experiment 1. Too few participants could lead to increased 

noise in the data, thereby obscuring the empirical picture.

Regarding heritage subjectivity, there is a clear correlation between the preferred distance 

from the noun and the subjectivity of the adjectives. However, this correlation is not very 

strong. The strength of the correlation suffers in part because of two sets of outliers. First 

are the adjectives ‘hard’ and ‘long’, which are preferred closer to the noun than we would 

expect given their subjectivity. The second group of outliers is material adjectives: ‘metal’, 

‘wooden’, and ‘plastic’, which are preferred farther from the noun than we would expect given 

their subjectivity. However, despite these outliers in the heritage results, native speakers 

86



subjectivity does correlate with heritage preferences. It remains to be seen whether heritage-

specific subjectivity estimates would reduce these deviations. Investigating this question is 

a natural next step, but will require recruiting a larger sample of heritage speakers — both 

to obtain reliable subjectivity estimates and to achieve greater statistical power in detecting 

ordering preferences.

These results situate Arabic adjective ordering within the broader communicative efficiency 

framework developed in Chapter 1. As discussed there, linguistic form is shaped by a trade-off 

between the cost of producing and processing utterances and the reward of successful com-

munication (Gibson et al., 2019). The finding that subjectivity predicts adjective ordering 

preferences in Arabic provides evidence that this trade-off extends beyond the pre-nominal 

languages where ordering preferences have been most extensively studied. According to 

Scontras et al. (2020a), subjectivity-based orderings maximize communicative success by 

ensuring that less subjective adjectives compose with the noun earlier.

Moreover, Hahn et al. (2018) suggest that placing more subjective adjectives farther from the 

noun preserves the speaker’s intended meaning against the pressure of incremental forgetting. 

Both accounts predict that ordering adjectives based on subjectivity is more efficient and 

applies cross-linguistically regardless of the position of the adjective relative to the noun. 

The Arabic results confirm this prediction: speakers order adjectives hierarchically with 

respect to subjectivity, with the linear order reversed to reflect the post-nominal position 

of adjectives. The fact that subjectivity accounts for Arabic ordering preferences suggests 

that the same communicative pressures are at work across typologically distinct languages. 

Accessibility-based explanations, on the other hand, tie ordering to ease of retrieval during 

production and predict the same linear order across pre-nominal and post-nominal languages. 

The latter prediction is not borne out by the mirror-image pattern we observe.

The consistency of subjectivity-based ordering preferences across both baseline native and 

heritage speakers suggests that these preferences reflect deep cognitive pressures rather than 
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a product of full language proficiency. Despite their unbalanced use of Arabic, heritage speak-

ers exhibit qualitatively similar ordering patterns to native speakers, pointing to a robust 

underlying mechanism that persists even under conditions of reduced input and maintenance. 

What the source of these preferences is remains an open question: they may reflect online 

communicative reasoning, learned distributional regularities, or some combination of both. 

Moreover, although subjectivity performs well as a predictor of ordering preferences in Ara-

bic, recent work on other post-nominal languages suggests that distributional measures such 

as PMI may be at least as strong a predictor in post-nominal configurations (Hahn et al., 

2018; Dyer et al., 2023). What is clear from the present results is that heritage speakers are 

not simply transferring the linear order of their dominant language, English, onto Arabic. 

Instead, they maintain ordering preferences that are qualitatively consistent with those of 

native speakers, suggesting that whatever drives these preferences is resilient to the reduced 

input conditions characteristic of heritage language development.

I turn in the next chapter to a different dimension of efficiency: the minimization of linguistic 

form in Romanized Arabic script.
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Chapter 4

Vowel Minimization in Arabizi

4.1 Introduction

In the previous two chapters, I explored the phenomenon of redundant adjective modification 

and adjective ordering preferences, and showed that both are shaped by pressures toward 

successful and efficient communication. In this chapter, I examine how speakers reduce 

linguistic form and show that this reduction, too, is shaped by communicative efficiency 

pressures. Specifically, I investigate vowel dropping in Arabizi, an emerging Romanized 

writing system for Arabic, as a case of word length minimization driven by efficiency.
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4.2 Background

4.2.1 Word length and predictability

Frequency and word length

A central prediction of the efficiency framework outlined in Chapter 1 is that speakers should 

prefer shorter linguistic forms when doing so does not compromise successful communica-

tion. One of the most influential formulations of this idea came from Zipf (1949), who 

observed that more frequently used words tend to be shorter, a regularity he attributed to 

the pressure to minimize production effort while maintaining comprehension ease for the 

listener, reflecting a balance between reducing cost and preserving information transfer. As 

discussed in Chapter 1, Arab grammarians arrived at a similar insight centuries earlier under 

the label al-takhfīf li kathrat al-istimal (reduction for frequent usage), noting that the most 

common elements of Arabic are systematically shorter and less morphologically complex 

(al Zamakhsharī, 1905). Hawkins (2004) generalizes this observation into the principle of 

minimizing forms, which states that linguistic forms are shaped to ease cognitive processing 

for both speaker and listener. This idea emerges from the concept that shorter, simpler 

forms are processed more quickly, and therefore reduce the cognitive effort required during 

communication. For example, English speakers routinely say lab instead of laboratory or 

phone instead of telephone; the shorter forms are easier to produce and, because they are 

so frequent, are immediately understood by the listener. Even when a shortened form is 

ambiguous, context typically disambiguates the intended meaning without additional effort 

from the listener. The word phone, for instance, is a clipped form of telephone, but it is also 

a technical term in linguistics referring to an individual speech sound. In everyday conver-

sation, a sentence like I left my phone at home is immediately understood as referring to the 

device; in a phonetics lecture, the phone was aspirated is just as unambiguous. The poly-
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semy of the short form does not impede communication, because the conversational context 

constrains interpretation, and the production advantages of the shorter form are preserved. 

Language, then, naturally gravitates toward shorter forms as a way of optimizing the balance 

between production cost and communicative success.

Hawkins’s principle could apply to duration of an utterance (Aylett and Turk, 2004; Seyfarth, 

2014), or the length of a word in written form (Piantadosi et al., 2011, 2012; Mahowald 

et al., 2013, 2018; Levshina, 2022b), which is where most research in this area has focused. 

Speakers naturally develop shorter descriptions for entities that are more accessible or more 

frequently used in language. This tendency is most commonly explained through frequency: 

words that occur more often face greater pressure toward brevity. The intuition is that 

speakers optimize their lexicon so that the forms they produce most often are the least 

costly to articulate and process. From an information-theoretic perspective, frequent words 

carry less surprisal, meaning they can afford to be shorter without risking miscommunication 

(Piantadosi et al., 2011). For example, the most frequent words in English are the, be, to, 

and, of, which are short, unambiguous, and easy to produce, serving as functional words 

in comprehension. Pronouns reflect a similar pressure: once a referent is established in 

discourse, speakers replace the full noun phrase with a shorter form, reducing production 

cost without sacrificing comprehension. Another example is when speakers create new verbs 

such as googled instead of searched on Google, where both production and comprehension 

effort are reduced while the meaning remains intact and easy to extract. However, while 

frequency has been the most prominent account of why common words tend to be shorter, 

more recent work suggests that it does not capture the full picture.

Predictability and information content

In information theory, the information content of a word reflects how surprising it is in 

context: a word that is highly expected carries little information, while an unexpected 
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word carries more. While Zipf’s account links word length to frequency, Piantadosi et al. 

(2011) build their framework on information theory and propose that the average information 

content is a better predictor of word length. Words with high average information content 

tend to be longer and less frequent, while words with low information content tend to be 

shorter and more frequent. To estimate information content, the authors use an n-gram 

model to calculate the surprisal of each word given its preceding context. This highlights 

the importance of predictability in determining the length of the next word: if the reader 

can predict the next word easily from the word before, then that word has low information 

content. However, if the word is not easily predicted, and hence is more surprising, then 

that word has higher information content.

However, whether informativity consistently outperforms frequency as a predictor of word 

length is not settled. Indeed, even before Piantadosi et al.’s proposal, Jurafsky et al. (2001) 

had argued along similar lines in the domain of speech production. Their Probabilistic 

Reduction Hypothesis states that word forms are reduced when they have a higher proba-

bility, where probability is conditioned on multiple aspects of context, including neighboring 

words, syntactic structure, and discourse factors. Studying conversational English, the au-

thors found that more predictable words are more likely to undergo vowel reduction and 

word duration shortening, suggesting that the pressure toward brevity operates not only on 

word length in the lexicon but also on the phonetic realization of words in context. Building 

on this work, Bell et al. (2009) demonstrated that frequency, contextual predictability, and 

repetition each make independent contributions to word duration in spontaneous English 

speech. Their analysis of the Switchboard corpus shows that even after controlling for word 

frequency, words in more predictable contexts are produced with shorter durations.

These findings, however, are largely based on English. Levshina (2022b) tested the relation-

ship between word length, frequency, and informativity across seven typologically diverse 

languages, including Arabic, and found that the results vary by language. In Arabic, infor-
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mativity given the previous word showed a negative correlation with word length, meaning 

that words that are highly predictable from the preceding context tend to be longer, not 

shorter. Levshina attributes this to the structure of Arabic definite noun phrases, in which 

post-nominal modifiers carry the definite article and derivational morphology, inflating their 

length despite their high predictability. Crucially, however, this analysis is based on stan-

dard Arabic orthography. Whether this pattern holds beyond standard Arabic orthography 

remains an open question, and one that I will address in this chapter.

Word form choice in context

Building on previous results from Piantadosi et al. (2011), Mahowald et al. (2013) in-

vestigated whether word length is affected by context, but zoomed in on a specific phe-

nomenon: word length reduction in words that have short and long variants. For example, 

English speakers alternate between forms like math/mathematics, exam/examinations, and 

chimps/chimpanzees. Mahowald et al. tested whether more predictable contexts favor the 

use of one form over the other in these word pairs: specifically, whether factors pertaining to 

efficiency shape this production choice, or whether alternating between variants is entirely 

arbitrary. The authors developed a behavioral experiment with a paradigm such that each 

pair had two contexts: a supportive context and a non-supportive (neutral) context. Partici-

pants had to choose between short and long variants of words such as math and mathematics 

in examples (1) and (2). In supportive contexts like (1), participants were expected to use 

the shorter variants of words.

(1) Susan was very bad at algebra, so she hated...

1. Math  2. Mathematics

In neutral contexts, however, no clues about the target word were provided. In information-
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theoretic terms, when the target word is less predictable given its context, it carries higher 

surprisal, and speakers compensate by using the longer form. Participants in these contexts 

were therefore expected to choose the longer variant of the word, as in (2).

(2) Susan introduced herself to me as someone who loved...

1. Math  2. Mathematics

The authors indeed found that shorter forms are more likely to be used in more predictable 

contexts. Moreover, Mahowald et al. computed surprisal values for each word using the n-

gram model from Piantadosi et al. (2011), and found that the mean surprisal for long forms 

is higher than that of the short forms. As Figure 4.1 shows, most of the surprisal differences 

between short and long forms fall above zero, indicating that the long form of a word carries 

more information on average than its shorter counterpart.

While these studies establish a clear link between predictability and word length reduction, 

the evidence is drawn almost entirely from English and other Indo-European languages. Al-

though recent work has provided strong empirical support for efficiency’s role across multiple 

levels of linguistic structure (Gibson et al., 2019; Jaeger and Tily, 2011; Pimentel et al., 2020; 

Piantadosi et al., 2012), experimental data from a wider set of languages remain limited, 

leaving open the question of how universal these patterns are. For instance, in a morpho-

logically rich language like Arabic, where information is packed into words through multiple 

morphemes and a root pattern morphology system, Levshina’s findings already suggest that 

Arabic departs from the patterns observed in English. However, that analysis was limited 

to standard Arabic orthography, leaving open the question of whether these patterns hold 

in other written forms of Arabic. One such form is Arabizi, a Romanized writing system 

for Arabic used in digital communication, where speakers routinely alternate between longer 

and shorter spellings of the same word through vowel dropping.
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Figure 4.1: Corpus results from Mahowald et al. (2013). The y-axis shows the difference in 
surprisal between long and short forms of 22 English word pairs, and the x-axis shows the 
combined count of both variants. Most differences fall above the y=0 line, indicating that 
short forms are more predictable given context.

4.2.2 Arabic, Arabizi, and vowel variation

Vowel Length in Arabic

Arabic has three vowels: /a/, /i/, and /u/, each of which may be long or short. The 

distinction between long and short vowels is phonemic, and changing vowel length can change 

the meaning of a word (Gordon, 2011). For example, the pair ḥasaba ‘he calculated’ and 

ḥaasaba ‘he held accountable’ differ only in the length of the initial vowel /a/, and naama ‘he 

slept’ and namaa ‘he grew’ differ in the position of the long and short vowels. These examples 

illustrate that vowel length is not merely a phonetic detail but a meaningful distinction that 

listeners rely on to differentiate words.
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In Arabic script, long vowels are represented as full letters: alif  ( @) for /aa/, waw (ð) for 

/uu/, and yaa (ø


) for /ii/. Short vowels, by contrast, are represented as small diacritical 

markers written above or below consonants: fatḥa ( �
H. ) for /a/, ḍamma ( �

H. ) for /u/, and 

kasra (H.� ) for /i/. To illustrate the difference, consider the word kitaab ‘book’.

(3) kitaab ‘book’

a. With diacritics: �
H. A

��
J»�

b. Without diacritics: H. A
�
J»

In (3a) the kasra beneath the first letter marks the short /i/, and the ḍamma above the 

final letter represents the nominative case vowel /u/. In (3b), these diacritics are omitted 

entirely, as is standard in everyday writing. The long vowel /aa/, represented by the letter 

( @), remains visible in both forms.

These omissions are not exceptional; they are the norm when writing in everyday Arabic. 

Short vowel diacritics are consistently used in religious texts, children’s educational materials, 

and texts where ambiguity must be avoided. In all other contexts, including newspapers, 

books, academic writing, and digital communication, diacritics are dropped and readers rely 

on context and morphological knowledge to recover the intended word. This means that 

Arab readers are already accustomed to reconstructing vowel information from incomplete 

orthographic input, a skill that makes vowel dropping in Arabizi a natural extension of 

existing reading practices rather than an entirely novel phenomenon.

Arabizi as a writing system

The rise of technological tools and digital communication in the early 1990s had a profound 

impact on language use worldwide. These technologies facilitated the global reach of English, 

but they also introduced a practical problem: early operating systems, mobile phones, and 
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messaging platforms did not support non-Roman scripts, leaving speakers of languages like 

Arabic without a way to write in their native script in digital spaces. In response, Arabic 

speakers developed a new writing system for informal digital communication: Arabizi. The 

name originates from a blend of “Arabic” and “Englizi” (the Arabic word for English), and 

the system represents spoken Arabic, primarily the various Arabic dialects, using Roman 

letters. Where Arabic has phonemes with no English equivalent, speakers substitute numer-

als that visually resemble the original Arabic letters. For example, the Arabic pharyngeal 

consonant ayn (¨) is replaced with the number 3, and the voiceless pharyngeal fricative ḥaa 

(h) is replaced with the number 7.

This emerging system for writing Arabic is mainly used on social media platforms and SMS 

messaging and is far from standardized. This lack of standardization reflects several factors. 

One major factor is that Arabizi is a written form of spoken dialects, and dialects differ 

widely across the Arab world. While many dialects are mutually intelligible, variation in 

pronunciation across and within dialects affects how speakers spell what they say. Another 

factor is which Roman-script language the speaker knows. For example, an individual who 

knows French as a second language will write phonemes differently from another individual 

who knows English as a second language. The sound /S/ would be written as 〈sh〉 by an 

English-influenced writer but as 〈ch〉 by a French-influenced one. Similarly, the long vowel 

/u:/ might be written as �oo� under English influence but as �ou� under French influence. 

Consider the following example from a Lebanese Arabic speaker, which illustrates several of 

these features:

(4) Kteer na3sene! Mesh adra rakez abadan lyoum

‘Very sleepy! I can’t focus at all today’

This single message illustrates several characteristic features of Arabizi: the numeral 3 stands 

in for the Arabic letter ayn in na3sene ‘sleepy’, and the spelling �ou� in lyoum ‘today’ reflects 
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French orthographic influence. An Egyptian speaker, by contrast, might say naharda instead, 

using an entirely different dialectal form. These factors mean there is no one-to-one mapping 

between Arabic and Roman letters. This variability, however, provides a natural testing 

ground for studying how efficiency shapes written forms.

Vowel representation in Arabizi

In Arabizi, the representation of vowels is considerably more variable than in Arabic script. 

Since there is no standard orthography, speakers represent the same vowel in multiple ways. 

For example, the long /ii/ vowel, (Yaa, ø


), could be written as 〈ee〉, 〈ii〉, 〈ea〉, 〈y〉 or shortened 

to 〈i〉, or 〈e〉, among other representations. Similarly, the short /i/ vowel, al-kasra, can be 

written as 〈e〉, 〈i〉, or dropped altogether. Consider the word kataba ‘to write’ in Standard 

Arabic, which has three short /a/ vowels. In Arabizi, it can be written as 〈katab〉, 〈ktb〉, 

〈katb〉, or 〈ktab〉. By contrast, the word kitaab ‘a book’, which has a long /aa/ vowel in 

the second syllable, can be written in Arabizi as 〈ktab〉 or 〈kteb〉 depending on the dialect. 

Notice that 〈ktab〉 could correspond to either kataba or kitaab, meaning that readers must 

rely on context to determine the intended word, much as they do when reading unvowelized 

Arabic script. This variability extends to all three vowel pairs.

The fact that a single consonant-only spelling can correspond to multiple Arabic words might 

seem problematic, but from an information-theoretic perspective, this ambiguity is expected. 

Piantadosi et al. (2012) argue that ambiguity is a functional property of any efficient com-

munication system. Because context is informative about meaning, an efficient system will 

not redundantly encode information that the context already supplies. As a result, linguistic 

forms that are ambiguous in isolation can be used without compromising comprehension, as 

long as context reliably disambiguates them. Moreover, ambiguity allows speakers to re-use 

forms that are short and easy to produce across multiple meanings, reducing overall produc-

tion effort. In Arabizi, consonant-only spellings serve precisely this function: they reduce 
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the number of keystrokes while relying on context to resolve which word is intended. The 

range of possible spellings for a single word highlights a key property of Arabizi: because 

the system is still emerging and has not yet been conventionalized, speakers have a choice 

about whether to include or drop vowels, making Arabizi a productive domain for studying 

how efficiency shaping written forms.

Vowel dropping in Arabizi

Much of the existing research on Arabizi has approached it from a computational perspec-

tive, building machine learning models to recognize Arabizi text (Tobaili et al., 2019; Shazal 

et al., 2020; Baert et al., 2020), or to create automatic translation systems between Arabizi 

and standard Arabic (Darwish, 2014; Bies et al., 2014) or between Arabizi and English (May 

et al., 2014). These studies have focused primarily on optimizing system performance, as 

Arabizi remains under-studied in the field of Natural Language Processing. While this com-

putational work has advanced the tools available for processing Arabizi, it has not addressed 

the linguistic question of why Arabizi takes the forms it does.

A smaller body of work has approached Arabizi from a sociolinguistic perspective, exam-

ining the linguistic features of this emerging writing system. Several of these studies have 

investigated vowel dropping, the tendency for speakers to omit vowels when writing in Ara-

bizi. Gordon (2011) explores the orthography of Arabizi in the written Levantine dialect 

and reports that short vowels are frequently dropped. Akbar (2019) investigates vowel and 

consonant deletion in Kuwaiti Arabizi using data collected from group e-conversations and 

private WhatsApp messages of 35 students, and finds that consonants are rarely deleted 

while short vowels are deleted more often. The authors also report that long vowels are 

slightly shortened. For example, the Kuwaiti Arabic word 〈7aalIch〉‘your situation’ has two 

vowels: a long /aa/ in the first syllable and a short /I/ in the second. Speakers deleted 

the short vowel in the second syllable and shortened the long vowel in the first, resulting in 
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the spelling 〈7alch〉. Sullivan (2017) explores orthographic variation in Lebanese Arabizi on 

Twitter and documents the range of spellings used for each Arabic letter in the data, finding 

that short vowels exhibited the most variability. Across dialects and platforms, these studies 

converge on a consistent finding: short vowels are the most variable and most frequently 

omitted element in Arabizi spelling.

Some of these studies offer explanations for the phenomenon of vowel dropping. One proposal 

is that Arabic speakers are carrying over the conventions of Arabic orthography when writing 

in Roman script. That is, since short vowels are represented as optional diacritics in Arabic 

script, speakers tend to omit them in Arabizi as well. However, this explanation does not 

account for the instances when speakers do write the short vowels in Arabizi. If vowel 

dropping were simply an orthographic transfer, we would expect short vowels to be dropped 

uniformly, yet the data show considerable variation. Crucially, an orthographic transfer 

account predicts when vowels should be dropped (always, for short vowels) but not why 

speakers sometimes retain them. An efficiency-based account, by contrast, can explain this 

variation.

4.2.3 Efficiency and Vowel dropping

None of the studies discussed above examine vowel dropping from an information-theoretic 

perspective or explain this phenomenon through the lens of communicative efficiency. Yet 

the pattern is well suited to such an analysis. As established in Section 4.2.1, Mahowald 

et al. (2013) showed that English speakers are more likely to use shorter word forms in more 

predictable contexts — contexts where the word carries less information and is therefore 

less costly to reduce. Vowel dropping in Arabizi presents a natural parallel: when a word is 

predictable given its context, the vowels contribute less information, and speakers can afford 

to drop them without compromising the reader’s ability to recover the intended meaning.
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Evidence from spoken language suggests that reduction driven by predictability is not limited 

to online processing but can become part of how words are represented. Seyfarth (2014) 

found that English words with low average informativity have shorter acoustic durations 

even when they occur in unpredictable contexts, which indicates that habitual reduction in 

predictable contexts leaves a trace in lexical representation. In other words, words that are 

frequently reduced come to be produced in their reduced form as a default. A similar process 

may be at work in Arabizi. If certain words are routinely spelled without vowels because 

they tend to appear in predictable contexts, the vowel-dropped spelling may become the 

conventional form for those words, used even when the context does not strongly predict 

them. This would mean that what begins as an efficiency-driven choice (such as dropping 

vowels when the context makes the meaning recoverable) could over time become a fixed 

spelling convention, independent of any particular context.

This rest of this chapter investigates whether the same efficiency pressures that shape word 

length reduction in English extend to vowel dropping in Arabizi. Specifically, I ask: does 

contextual predictability affect the length of the word form chosen? If efficiency is at play, 

we expect shorter spellings to occur in more predictable contexts, where the word carries less 

information and the reader can still recover the intended meaning from context alone. To 

test this, I follow Mahowald et al.’s methodology, calculating the surprisal of short and long 

spellings of Arabizi words as a measure of predictability. I also test the impact of frequency 

on the length of the words. That is, if a word is more frequent, are Arabic speakers more 

likely to drop the vowels when writing Arabizi?
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4.3 Methods

4.3.1 Choosing short and long forms of the words

Following the Mahowald et al. (2013) methodology, I compare the use of short and long 

pairs of Arabizi words with respect to predictability of the word in context. The data I 

used came from the Egyptian Arabic text chat conversations in the Arabic Treebank of the 

BOLT (Broad Operational Language Translation) project, obtained through the Linguistic 

Data Consortium (LDC). The data set consists of 157,569 lines and 694,910 tokens, of which 

120,129 are unique. The data are Egyptian Arabic written in both Arabic script and Arabizi, 

and was not annotated. Since the data was collected from SMS and chat messages, it reflects 

informal naturalistic digital communication — precisely the register in which Arabizi is most 

commonly used. I first pre-process the data into a usable format, then classified it into Arabic 

script and Arabizi. My classification technique was simple: I identified text written in Roman 

characters as Arabizi using a Unicode function in Python (encode().isalnum() function). 

This was possible because, based on the LDC documentation, Arabizi is the only Romanised 

script in the data. While the data may contain occasional English or French words embedded 

in otherwise Arabizi messages, the BOLT corpus was collected from Egyptian Arabic chat 

conversations, and participants were instructed to communicate in Arabic. The Roman-

character text therefore overwhelmingly represents Arabic written in Arabizi rather than a 

different language. The resulting Arabizi subset consists of 103,141 lines and 460,079 tokens, 

of which 81,857 are unique.

From the obtained subset, I generated a list of the most frequent words and manually chose 

13 pairs of words with short and long spellings (see Table 4.1). The short spelling in each 

pair reflects vowel dropping. For example, the first-person pronoun /ana:/ (‘I’ or ‘me’ in 

English) is written as <anaa> or might be alternatively written as <ana> in its reduced 

form, where the long vowel has been shortened. Because the most frequent words in the data 
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Table 4.1: Arabizi word pairs used in the analysis. The short variant reflects vowel dropping. 
Many pairs are function words such as pronouns and prepositions.

 short variant  long variant  translation

 ana  anaa  I, me
 msh  mesh  not, will not
 bs  bas  just, only, stop
 kda  keda  like this
 mn  min  from
 tyb  tayeb  okay
 3shan  3ashan  because
 y3ni  ya3ni  meaning that, that means
 knt  kont  I was
 m3  ma3  with
 hwa  howa  he
 tmam  tamam  perfect
 kman  kaman  also

set tend to be function words, many of the selected pairs are pronouns and prepositions.1 

Some of these words have additional spelling variants beyond the two considered here. For 

example, anaa could also be written as 〈ane〉, 〈ani〉, or other variants depending on the 

dialect. However, for the current study, I restrict the comparison to a single short-long 

pair per word in order to maintain a clear contrast between reduced and unreduced forms. 

To determine the longer spelling of some of these words, I consulted the MADAR lexicon 

(Bouamor et al., 2018), which provides dialectal variants of words as they are pronounced in 

different Arabic-speaking cities. I used the Cairo city pronunciations to match the Egyptian 

Arabic data in the BOLT corpus. For words whose MADAR spellings did not appear in the 

BOLT data set, I modified the spelling to the closest attested form in the data.

4.3.2 Training an n-gram model

After selecting the word pairs, I trained a neural language model on the BOLT Arabizi data 

set, using a single preceding word as context (equivalent to a bigram model). I first split 
1The list of pairs will be revisited in future extensions of this work
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the data into a training set (90%) and development set (10%). The split was performed at 

the conversation level, ensuring that messages from the same conversation did not appear in 

both sets. I trained the n-gram model using PyTorch, experimenting with different model 

architectures, learning rates, hyperparameters, and optimizers. The best-performing model 

was a bigram model, which estimates the probability of each word given the single word 

immediately preceding it, optimized with Adam with an initial learning rate of 1e-5. While 

larger context windows (such as a trigram model) might in principle capture richer contextual 

information, they require more data to estimate probabilities reliably, and in our case did not 

outperform the bigram model. During each epoch, the model trains on the entire training 

set, and attempts to minimize the loss. I evaluated the improvements of the model by 

calculating the loss on the DEV set. The loss function I used to measure model performance 

is negative log likelihood. Optimally, the DEV set loss should be as close to zero as possible, 

indicating that the model has learned to assign high probabilities to the words that actually 

occur in the data.

The model had a total of 18,758,181 trainable parameters (see Figure 4.2). I trained the 

model on a GPU for faster running time. Each epoch took an average of 38 seconds. I 

used the full vocabulary of the Arabizi data set (81,857 unique tokens) without applying 

any frequency cutoff or replacing rare words with an unknown token. I did not use any 

smoothing techniques for the model because it is implicitly smoothed. That is, the neural 

network model is unlikely to produce zero probabilities, but instead will produce extremely 

small probabilities.

One common issue with training models is overfitting: the model achieves a small loss on 

the training set, but does not perform as well on the DEV set. When this happens, it is 

an indication that the model has memorized patterns specific to the training data rather 

than learning generalizable patterns, and therefore does not generalize well to unseen data. 

To prevent overfitting, I monitored the development set loss at the end of each epoch. 
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Figure 4.2: Model architecture and parameter counts. The model has 18,758,181 trainable 
parameters, with an embedding dimension of 100 and a linear dimension of 128.

During experimentation, I found that the model started overfitting after the 11th epoch 

(the development loss began increasing even as the training loss continued to decrease), and 

therefore selected 11 as the optimal number of epochs (see Figure 4.3). I also trained a 

trigram model, which took more time to learn (16 epochs) but did not reach as low a loss 

as the bigram model.

Figure 4.3: Training and development loss across epochs. The development loss reaches 
its minimum at epoch 11 and begins increasing thereafter, indicating overfitting. Loss is 
computed as negative log likelihood divided by the number of bigrams, placing training and 
development losses on the same scale.
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4.3.3 Obtaining informativity measures

Using the bi-gram model, I calculated the average surprisal of each lexical item given its 

context. Since surprisal serves as a measure of informativity, a higher surprisal value for 

a given word, regardless of which spelling variant it appears in, indicates that it carries 

more information in that context. Consequently, words with higher surprisal values are less 

predictable from context alone. My hypothesis is that writers are more likely to use shorter 

spelling variants in more predictable contexts, where the additional orthographic material 

in the longer variant is less necessary for successful communication. To test this hypothesis, 

I measured the surprisal (and hence predictability) of the meaning of a word by combining 

the probability of that word occurring in either spelling in a given context. I calculated the 

average surprisal using the following equation:

−1/N
N∑︂
i=1

logP (W = w|C = ci) (4.1)

where N is the total frequency of a lexical item w across all contexts, and ci represents 

each context in which w actually occurs. Since the bi-gram model proved to be the most 

reliable (as discussed in the previous section), the context ci is the single word immediately 

preceding the target word w. In other words, this equation computes the average of the log 

probabilities of the word across all of its attested contexts: the higher this value, the more 

surprising (and thus more informative) the word is on average.

Crucially, because I am interested in the informativity of the meaning rather than of a specific 

spelling, I combine the probabilities of the two spelling variants before computing surprisal. 

That is, for each context ci, I sum the probability of the short form and the probability of 

the long form appearing in that context, and then take the log of this combined probability. 
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This ensures that the surprisal measure reflects how predictable the meaning is in a given 

context, regardless of which spelling variant was used. I then label each context according 

to which spelling variant actually appeared: if the long spelling occurred, the context is 

labeled as “long” and if the short spelling occurred, it is labeled as “short”. For each word 

pair, I computed the average surprisal, represented by the log-probabilities, over the long 

and the short spelling variants of the words. I then subtracted the average surprisal of the 

short spellings from that of the long spellings. Figure 4.4 shows these differences plotted 

against the combined log frequency of each word pair. The results show that for most word 

pairs, the surprisal difference lies above the y=0 line, which means that the long spelling 

variants tend to carry higher average surprisal than their short counterparts. If statistically 

significant, this pattern would suggest that the average predictability of a meaning across 

contexts influences which spelling of the word is used.

To test whether this pattern is statistically reliable, I ran a mixed-effects logistic regression 

predicting word form (short vs. long) by surprisal of the word meaning, with random in-

tercepts for word meaning. The average surprisal for the long spelling variants was 4.92, 

compared to 4.51 for the short variants. The mixed-effects model confirmed this difference 

(β = −0.111, z = −2.76, p < 0.01). This confirms that longer spelling variants tend to oc-

cur in less predictable contexts, consistent with the efficiency-based hypothesis that writers 

reserve additional orthographic material for contexts where the word meaning is harder to 

anticipate. A t-test comparing the average surprisal rates of all short versus all long spellings 

was also significant (t = 21.262, p < 0.001). These results further support the overall pat-

tern that the longer spellings of the words have higher information content than their shorter 

counterparts. I also performed t-tests for each word pair separately to see whether the sur-

prisal difference between short and long spellings was significant for each pair. None of these 

individual comparisons reached significance, likely because the data for any single word pair 

was too sparse to detect the effect reliably. Finally, Figure 4.4 is a visual assessment of the 

role of word frequency: the correlation between combined log frequency and the surprisal 
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difference was not significant (r2 = 0.29, Spearman’s ρ = −0.483, p= 0.097) suggesting 

that the overall frequency of a word pair does not reliably predict the surprisal differences 

between its long and short forms.

Figure 4.4: Difference in average surprisal between long and short spelling variants of lexical 
items plotted against log frequency of the word pairs combined. Most of the word pairs lie 
above the y = 0, indicating that longer spelling variants carry higher average surprisal (more 
informative) than their shorter counterparts.

After obtaining the informativity measures from the BOLT data, I ran the model on a 

separate set of data from Twitter2 that the model had not seen during training. I used the 

Twitter API to extract tweets containing the 13 pairs of spelling variants for which I had 

obtained informativity scores. To match the Egyptian Arabic dialect of the BOLT data, 

I restricted the search to tweets geo-located to Cairo, Egypt. The initial data consisted 
2The platform was renamed X in 2023. I retain the name Twitter throughout, since the data were 

collected under that name and via the Twitter API, and the platform’s affordances at the time of collection 
are what bear on the analysis.
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of approximately 6400 tweets. I filtered out bigrams in which the preceding word did not 

appear in the training vocabulary. Because the model had not encountered these context 

words during training, it could not provide reliable probability estimates for the target word. 

After filtering, 4,719 bi-grams remained. I then computed the difference in surprisal between 

the long and short spelling variants using the same procedure described above. The results 

are shown in Figure 4.5. I did not plot surprisal against frequency for this data set because the 

search query was designed to pull tweets containing each spelling variant, so the frequencies 

of the pairs are roughly comparable by construction. An alternative approach would be to 

use frequency estimates from an independent corpus such as BOLT, which I leave for future 

work. A t-test aggregating over all lexical items showed the expected effect: the long spelling 

variants carry higher surprisal than the short ones (t = 11.801, p < 0.001). However, the 

effect is not significant in a mixed-effects logistic regression with random intercepts for word 

meaning (β = −0.03628, z = −0.586, p = 0.558). Overall, 9 out of 13 lexical items showed 

the expected pattern, with the long spelling variant carrying higher average surprisal than 

the short variant. While the aggregate t-test confirms this overall trend, the mixed-effects 

regression suggests that the effect is not consistent enough across individual lexical items to 

reach significance.

4.3.4 Scaling up the Twitter analysis

The results from Section 4.5 showed that while the expected efficiency effect held in the 

private LDC chat data, it did not emerge clearly in the public Twitter data. One possible 

explanation is that the Twitter test set used in the previous analysis was relatively small 

(approximately 6,400 tweets yielding 4,719 usable bigrams), and the tweets were pulled using 

a simple API search targeting only the 13 word pairs. Additionally, the model used to obtain 

the informativity measures was trained on the private LDC data and tested on public Twitter 

data, introducing a potential domain mismatch between training and test sets. To address 
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Figure 4.5: Difference in surprisal between long and short spelling variants for each word in 
the Twitter data. Here, frequency of the spelling variants is assumed to be similar. Nine of 
the thirteen pairs fall above the y=0 line, showing the expected pattern. Unlike the BOLT 
chat data, some pairs pattern differently here; for example, the word 〈ana/anaa〉which was 
predominantly used in its short form in the private chats, appears more often in its longer 
form on Twitter.

these limitations, I conducted a more thorough investigation of the Twitter data, scaling up 

the data collection, refining the word pair selection, and training a new model directly on 

Twitter data.

Collecting a larger Twitter data set

Using the Twitter API Academic access, I collected over 10 million tweets written in Arabizi. 

Unlike the original data collection, which relied on a simple API search for the 13 word pairs, 

this larger-scale collection required a more involved pre-processing pipeline. The initial data 
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could not be easily separated into Arabizi and non-Arabizi text, as there was no built-in 

function to distinguish Arabizi from Arabic script, English, or French text. I therefore 

applied several preprocessing steps: I excluded tweets automatically detected as English, 

Arabic-script, or French, removed mentions, links, and hashtags, and filtered the remaining 

data using a distinctive feature of Arabizi writing, namely, the use of numerals within words 

(e.g., 3 for (¨) and 7 for h). Specifically, I compiled a list of approximately 35 words 

containing these distinctive numeral-letter substitutions and used them as seed terms to 

identify Arabizi-writing users. This yielded approximately 60,000 authors. I then collected 

all available tweets from these authors over the course of six months. After preprocessing, 

the data set consisted of approximately 3.5 million tweets.

Building an Egyptian Arabic classifier

Since Arabizi is used across a wide range of Arabic dialects, and the analysis targets Egyptian 

Arabic specifically (to remain consistent with the LDC data), I needed a method to filter 

out non-Egyptian tweets. I trained a binary classifier to identify Egyptian tweets. To build 

training data for the classifier, I manually labeled a subset of 1,000 lines as Egyptian (EG) 

or non-Egyptian, relying on my knowledge of Arabic dialects to identify dialect-specific 

lexical and phonological markers. I then trained a CatBoost classifier 3, a gradient boosting 

model, to distinguish Egyptian Arabizi from other dialects. The classification relied on 

several dialect-specific features, including lexical items unique to Egyptian Arabic (e.g., 

〈keda〉 for ‘like this’, 〈ezayak〉 for ‘how are you’), characteristic phonological patterns reflected 

in spelling (e.g., the use of 〈g〉 for the Egyptian pronunciation of h. , where other dialects 

would write 〈j〉), and other common Egyptian discourse markers. While the training set of 

1,000 lines is relatively small, it was sufficient to capture the most salient dialect distinctions, 

and the resulting classifier achieved 86% accuracy on a held-out test set. I then applied the 
3CatBoost (Prokhorenkova et al., 2018) is a gradient boosting algorithm designed for categorical data. 

I used it here because the features used for classification were primarily categorical.
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classifier to the full 3.5 million tweet data set, to obtain only Egyptian Twitter messages; this 

was data unseen to the classifier model. The resulting data set was approximately 850,000 

tweets, roughly eight times larger than the BOLT corpus used to train the original model 

and more than 100 times larger than the Twitter data set used in the previous analysis.

Training a new n-gram model on Twitter data

In the previous analysis, the n-gram model was trained on the private LDC chat data and 

tested on public Twitter data, introducing a potential confound: the model may not gen-

eralize well across these two registers. To eliminate this domain mismatch, I trained a new 

neural n-gram model directly on the Twitter data. Following the same procedure described 

in Section 4.3.2, I split the Twitter data into training and development sets (90% and 10%, 

respectively) and trained bigram, trigram, and unigram models using Pytorch. The best-

performing model, as measured by perplexity on the development set, was again a bigram 

model. I used the same surprisal equation (Equation 4.1) to obtain informativity measures, 

summing the log probabilities of the short and long forms of each word pair across all contexts 

in which they occurred.

Choosing a new set of word pairs

One limitation noted in the previous analysis was that the 13 word pairs used were predom-

inantly function words such as pronouns and prepositions (see Table 4.1). Function words 

tend to behave differently from content words in terms of their distribution and predictabil-

ity, and many of them frequently occur as the first word in a sentence or as standalone 

messages, limiting the available preceding context for the bigram model. To address this, I 

constructed a new set of 15 word pairs that includes both function words and content words. 

The new pairs are shown in Table 4.2. This new set was designed to include words whose 

112



Table 4.2: New Arabizi word pairs used in the scaled-up Twitter analysis. Unlike the original 
set (Table 4.1), these pairs include both function and content words.

 short variant  long variant  translation

 nas  naas  people
 yom  youm  day
 ayza  3ayza  I want feminine
 msh  mesh  not
 bgd  begad  seriously
 aktr  aktar  more
 gam3a  gama3a  group of people
 anam  anaam  I sleep
 nfsy  nefsy  I wish
 wahd  wahed  one
 y3ne  ya3ne  means
 kda  keda  like this
 hwa  howa  he
 3ayz  3ayez  I want masculine
 walahy  wallahy  I swear (used to mean seriously)

short and long variants differ specifically in whether a vowel is present or dropped, and to 

cover a broader range of word types than the original function-word-heavy list.

Results

I first tested the new Twitter-trained model using the original set of 13 function word pairs 

on held-out Twitter data. This analysis was based on 74,788 token instances across the 13 

word pairs, compared to ∼ 5,000 instances in the LDC data. The results showed no clear 

correlation between predictability and word length. Unlike the LDC results, where most of 

the average surprisal differences were above the y=0 line, suggesting that shorter forms tend 

to be more predictable, the Twitter results showed the differences clustering around zero 

with no consistent direction (see Figure 4.6). A mixed-effects logistic regression predicting 

form choice (long vs. short) from log probability, with random intercepts for word pair, 

found no significant effect of predictability (β = 0.003, z = 0.22, p = .83). The Spearman 

correlation between log frequency and the average surprisal difference across the 13 word 
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pairs was also not significant (ρ = 0.13, p = .67).

Figure 4.6: Difference in average surprisal between the long and short forms of the original 
word pairs, tested on held-out Twitter data using the Twitter-trained bi-gram model. Con-
text size is n=1.

One possible explanation for the null result is that a unigram context window is too narrow 

to capture meaningful predictability differences on Twitter data. To test this, I also trained 

bigram and trigram models and repeated the analysis. As shown in Figure 4.7, increasing 

the context size did not change the pattern of results. Mixed-effects logistic regressions 

confirmed that predictability did not significantly predict form choice at either context size 

(β = -0.02, z = -1.14, p = .25 for n=2; β = -0.001, z = 0.07, p = .94 for n=3). Increasing the 

context window naturally reduces the number of usable instances, since more surrounding 

words must appear in the model’s vocabulary (from 74,788 at n=1 to 60,715 at n=2 and 

50,044 at n=3). Despite this reduction, the sample sizes remain large, and the null pattern 

persists.

I then tested all three models on the expanded set of 15 word pairs, which included both 
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Figure 4.7: Difference in average surprisal between the long and short forms of the original 
word pairs, tested on held-out Twitter data using the Twitter-trained models. Context size 
on the left is n=2, and on the right n=3

function and content words. A mixed-effects logistic regression on the full 15 pairs revealed 

a significant effect of predictability on form choice, but in the opposite direction from what 

the efficiency hypothesis predicts: more predictable words were more likely to appear in their 

longer form (β = -0.11, z = -12.52, p < .001). This pattern was consistent across all three 

context sizes (β = -0.11, z = -10.79, p < .001 for n=2; β = -0.10, z = -7.95, p < .001 for 

n=3). However, this set includes two pairs whose short and long variants differ in consonant 

structure rather than vowel presence: walahy/wallahy, which involves consonant gemination, 

and ayza/3ayza, which involves deletion of the pharyngeal consonant ayn represented by the 

number 3. Excluding these two pairs did not change the pattern. However, the effect is 

largely driven by a single word pair, gam3a/gama3a (‘group of people’). Removing this pair 

reduces the effect to marginal significance (β = -0.02, z = -1.81, p = 0.07 for n=1) and 

eliminates it entirely at larger context sizes (p = 0.52 for n=2; p = 0.55 for n=3).

To rule out the possibility that the null result was an artifact of the neural n-gram archi-

tecture, I also trained a traditional count-based n-gram model on the same Twitter data. 

Mixed-effects logistic regressions on the count-based surprisal values yielded nominally sig-

nificant effects for both the original function word pairs (β = 0.002, z = 2.20, p = .03) and 
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(a) Context size n=1 (b) Context size n=2

(c) Context size n=3

Figure 4.8: Difference in average surprisal between the long and short forms of the expanded 
word pairs after excluding the outliers, tested on held-out Twitter data using models with 
increasing context sizes.

the updated list consisting of mostly content words (β = 0.002, z = 2.35, p = .02) (see Fig-

ure 4.9). However, the effect sizes are extremely small, so these results are best interpreted 

with caution. In summary, none of the analyses on the Twitter data robustly replicated 

the predictability-length correlation observed in the LDC chat data, regardless of context 

size, word pair selection, or model architecture. Table 4.3 summarizes the results across all 

analyses. The only analysis that yielded a significant effect in the predicted direction was 

the BOLT private chat data. On Twitter, the effect was either absent, driven by a single 

outlier word pair, or too small to interpret with confidence.
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(a) Function words (b) Content words

Figure 4.9: Difference in average surprisal between the long and short forms using a count-
based n-gram model on held-out Twitter data.

Table 4.3: Summary of mixed-effects logistic regression results across all analyses. ✓ = 
significant in the predicted direction; ✗ = not significant; ✗∗ = significant but in the op-
posite direction; ? = inconclusive. Updated content words list excludes three word pairs: 
walahy/wallahy, ayza/3ayza, and gam3a/gama3a; the latter was driving the effect in the 
opposite direction.

 Context size  n=1  n=2  n=3

 Neural BOLT function words  ✓  —  —
 Neural Twitter function words  ✗  ✗  ✗
 Neural Twitter content words (15 pairs)  ✗∗  ✗∗  ✗∗

 Neural Twitter updated content words (12 pairs)  ?  ✗  ✗
 Count-based function words  ?  —  —
 Count-based updated content words  ?  —  —

4.4 Discussion

The central question of this chapter was whether contextual predictability shapes vowel 

dropping in Arabizi, paralleling the efficiency-driven word length reduction documented in 

English by Mahowald et al. (2013) and the probabilistic reduction patterns reported by other 

literature (Jurafsky, 1996; Bell et al., 2009). The results I obtained present a mixed picture. 

In the BOLT private chat data, the efficiency prediction was confirmed: a mixed-effects 

logistic regression showed that longer spelling variants carry higher surprisal, and writers 
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are more likely to use shorter forms in more predictable contexts. In other words, when 

the surrounding context is informative enough to disambiguate a shorter form, Arabizi users 

forgo the less informative vowels for the sake of efficiency. This pattern holds even though 

I considered only one type of context: the single word immediately preceding the target, 

as captured by the bigram model. However, this effect did not replicate in the Twitter 

analysis. Across the original 13 function word pairs, predictability did not significantly 

predict form choice at any context size, regardless of whether the model was a neural n-gram 

or a traditional count-based model. This failure to replicate is robust: it holds across three 

context window sizes, two model architectures, and two sets of word pairs.

The divergence between the BOLT and Twitter results may appear contradictory, but on 

closer inspection, the two data sets differ drastically in communication setting. The BOLT 

data come from private chat conversations and SMS messages, where interlocutors may share 

background knowledge and can rely on that shared context to resolve ambiguity introduced 

by vowel dropping. Twitter, by contrast, is a public-facing platform where the intended audi-

ence is wider and less predictable. Writers posting publicly may tend toward fuller spellings 

to ensure comprehension of unknown readers. The broader view of efficiency is that it is 

sensitive to the demands of successful communication: when the cost of miscommunication 

is low (as in private chat), speakers reduce more freely; when it is higher (as in public 

Twitter posts), they tend to be more explicit. This could explain why the predictability-

length correlation that emerged in the BOLT data did not replicate in Twitter. In other 

words, the efficiency pressure toward shorter forms may be weakened in a public setting 

where writers cannot rely on shared context. This account makes a further, directly testable 

prediction: independent of contextual predictability, the overall rate of short-form (vowel-

dropped) spellings should be lower on Twitter than in the private BOLT data, since writers 

hedging against an unknown audience should favor fuller forms across the board. A direct 

comparison of aggregate short-form rates across the two corpora is a natural next step.
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The scaled-up Twitter analysis of content word pairs introduced a finding that warrants 

separate discussion. After excluding two pairs whose alternation involves consonant structure 

rather than vowel reduction (walahy/wallahy and ayza/3ayza), the remaining 13 content 

word pairs showed a significant effect of predictability on form choice, but in the opposite 

direction from what the efficiency hypothesis predicts: more predictable words were more 

likely to appear in their longer form. This reversed effect, however, is largely driven by a 

single word pair, gam3a/gama3a (‘group of people’). Removing this pair reduces the effect 

to marginal significance at n=1 (p = 0.07) and eliminates it at larger context sizes. This pair 

was subsequently excluded from the analysis for two reasons. First, the second vowel in the 

word gama3a is a long vowel and the other two vowels are short; this makes it unlikely that 

a writer would reduce this vowel while retaining the two short vowels, unlike the other pairs 

in the set where the alternation targets short vowels specifically. Second, the short spelling 

gam3a may correspond to two other meanings (‘gathering’ and ‘university’), potentially 

introducing ambiguity if used as a short spelling of gama3a. After excluding this pair, the 

effect of predictability on form choice was no longer significant at any context size. The 

reversed direction of the content word effect, even if driven by a single pair, is nonetheless 

worth situating in the broader literature. Levshina (2022b) found that in standard Arabic, 

informativity given the previous word shows a negative correlation with word length. That 

is, more predictable words tend to be longer, not shorter. So it could be that this feature 

bleeds over from the use of Standard Arabic to writing in Arabizi.

Taken together, the results from this chapter suggest that the efficiency pressures docu-

mented in English do extend to Arabizi as seen in the BOLT analysis, but their expression 

is modulated by the communicative setting (BOLT vs Twitter) and by properties of the 

words themselves. Social and communicative pressures toward explicitness in the public 

Twitter are particularly noteworthy given that neither the short nor the long spellings in 

Arabizi are standardized. Spelling choices can vary significantly from one writer to another 

and from one dialect to another. Despite this variability, we find at least partial evidence 
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for this efficiency-driven pattern in the Bolt data, and this emerging pattern in a writing 

system without fixed orthographic conventions speaks to the robustness of the underlying 

communicative pressure.

A couple of limitations of the current study should be noted. First, the word pairs ana-

lyzed here were restricted to two variants per lexical item, though Arabizi words often have 

multiple possible spellings. A more comprehensive analysis that considers the full range of 

attested variants for each word could reveal finer-grained patterns in how efficiency shapes 

spelling choices. Second, the most frequent words in the data set were mostly function words, 

including prepositions and pronouns such as 〈ana/anaa〉 ‘I’ or 〈tmam/tamam〉 ‘perfect’. This 

limited the choice of short/long spelling pairs, since many of these function words do not 

always appear with a preceding context in the data. For example, pronouns like 〈ana/anaa〉 

can occur as the first word in a sentence, and a word like 〈tmam/tamam〉 might stand alone 

as a complete chat message. While I tried to address this point in the reconstructed new 

set of pairs, number of instances of some words still posed a real problem. The new set of 

pairs still included words that could be used as function or content words such as bgd/begad 

(really) and kda/keda (like this). This could be addressed in future work by considering a 

different set of short/long pairs of strictly content words drawn from a larger data set which 

will provide more insight into how vowel dropping is influenced by efficiency beyond function 

words.

Finally, the finding that Arabizi users drop vowels in predictable contexts raises a question 

about whether this reduction is driven by online sensitivity to context or by convention. Sey-

farth (2014) found that English words with low average informativity have shorter acoustic 

durations even in unpredictable contexts, suggesting that habitual reduction in predictable 

contexts leaves a trace in the lexical representation itself. If a similar process operates in 

written language, words that are routinely spelled without vowels in Arabizi may come to 

be represented in their vowel-less form regardless of context.
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Chapter 5

General Conclusion and Future 

Directions

5.1 Connecting threads

This dissertation has examined the hypothesis that communicative efficiency shapes linguistic 

form and function, bringing evidence from Arabic and Arabizi. Across three chapters, I 

examined efficiency at different levels of linguistic structure: the rate at which speakers 

modify nouns with adjectives (Chapter 2), the ordering of multiple adjectives within a noun 

phrase (Chapter 3), and the reduction of word length through vowel dropping in Arabizi 

(Chapter 4). Each chapter operationalized cost and reward differently, but all three converge 

on a shared conclusion: the pressures toward successful and efficient communication that 

have been documented in English and other well-studied languages are also at work in Arabic. 

At the same time, studying a typologically distinct language sharpens our understanding of 

when and how these pressures operate.

The clearest convergence across the chapters is on the role of cost in shaping linguistic form. 
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In Chapter 2, cost is realized as the production of additional adjectives that do not contribute 

to incremental reference resolution; in Chapter 4, cost is the additional keystrokes required to 

spell out vowels that the context already makes recoverable. Chapter 3’s relationship to the 

efficiency framework is less direct: rather than testing a cost-reward trade-off, it establishes 

that Arabic adjective ordering follows the same subjectivity-based hierarchy documented in 

English, a pattern that has been argued to reflect pressures toward communicative success, 

whether through incremental restriction of the nominal denotation (Franke et al., 2019; 

Scontras et al., 2019, 2020a) or through preserving more informative content closer to the 

noun to reduce the risk of memory loss (Hahn et al., 2018).

In each chapter, the structural properties of Arabic offered a more direct test of the efficiency 

predictions that the literature suggests. In Chapter 2, the post-nominal position of adjectives 

in Arabic created a direct test of the incremental efficiency hypothesis: if pre-nominal adjec-

tives contribute to reference resolution earlier in the utterance, then post-nominal languages 

should show lower rates of redundant modification. A comparison of English, Spanish, and 

Arabic alone did not support this prediction: all three languages modified nouns at approx-

imately the same rate, and although the differences reached statistical significance given the 

large sample sizes, the effect sizes were negligible. The pattern only becomes visible across 

a larger sample: when I extended the analysis to 74 languages, the predicted relationship 

between post-nominal propensity and modification rate emerged.

The most striking pattern in the cross-linguistic data is the empty upper-right quadrant: no 

language in the sample combined a high proportion of post-nominal adjective use with a high 

overall modification rate. This distributional gap is consistent with the efficiency account. 

Using post-nominal adjectives may be more costly since it delays the incremental narrowing 

of referent candidates, and this bleeds over to the use of post-nominal modification overall. 

In other words, this gap could reflect a soft pressure that accumulates over generations of lan-

guage transmission through iterated learning, or a constraint of language processing. Slight 
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preferences against post-nominal modification, if consistently present, would be expected 

to leave a cumulative imprint on the grammar of a language over time. The dependency-

based reanalysis adds an important qualification. When modification is identified through 

syntactic dependency relations rather than adjacency of part-of-speech tags, the negative 

correlation weakens and is no longer statistically significant. This is likely because the POS-

based analysis overcounts attributive adjectives. The dependency approach offers a more 

precise model of the modification relationship, and future work with more consistently an-

notated treebanks will help clarify the true magnitude of the effect. Yet, when we zoom 

in on a specific adjective type, as in the pilot behavioral experiment, the results converge 

with the corpus findings: Arabic speakers replicated the color-size asymmetry documented 

in English, with suggestive evidence that they overmodify at lower overall rates, consistent 

with the prediction in the literature.

In Chapter 3, testing adjective ordering in Arabic was important because behavioral evi-

dence from post-nominal languages remains scarce (Dyer et al., 2023). The Arabic results 

confirmed that subjectivity predicts ordering preferences in a post-nominal language, and 

the mirror-image pattern with respect to English confirms that these preferences reflect hi-

erarchical structure such that less subjective adjectives compose first with the noun. This 

mirror-image pattern observation is important because if adjective ordering was driven by 

the ease with which different properties come to mind during production, the most accessi-

ble adjective should be produced first in both English and Arabic. Instead, Arabic speakers 

reverse the English order, placing the same adjective classes closest to the noun. The her-

itage speaker results add a further dimension. Heritage Arabic speakers who grew up in 

English-dominant environments showed ordering preferences in the same direction as native 

speakers, suggesting that they acquire enough input to establish the mirror-image pattern, 

strengthening the hierarchical structure story.

In Chapter 4, my initial intuition was that the absence of short vowel diacritics in stan-
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dard Arabic orthography means that Arabic speakers are already accustomed to reading 

incomplete orthographic input, making Arabizi vowel dropping a natural extension of exist-

ing literacy practices. However, the picture turned out to be more complicated. If vowel 

dropping were simply a transfer of Arabic orthographic conventions, we would expect short 

vowels to be dropped uniformly, yet the BOLT results showed that speakers are selective 

about when they drop vowels, and that their choice to include or drop a vowel is partly 

shaped by the predictability of the word in context. Part of the difficulty is that Arabizi is 

still an emerging system without fixed orthographic conventions. Unlike established writing 

systems, where spelling is largely settled, Arabizi writers make active choices about how 

to represent each word, and those choices vary considerably across individuals. A speaker’s 

dialect, their familiarity with French or English orthography, and the social context of the in-

teraction all shape how they spell. Isolating the role of predictability against this background 

of individual and social variation proved more difficult than I initially expected.

The results from Chapters 2 and 3, along with the BOLT analysis in Chapter 4, align with 

the general efficiency framework outlined in Chapter 1 (Zipf, 1949; Hawkins, 2004; Gibson 

et al., 2019). But the failure of the Twitter analysis to replicate the BOLT pattern suggests 

that efficiency is not a single pressure that applies equally in all contexts. If it were, the 

predictability-length correlation observed in private chat should have replicated on Twitter. 

The observation that it did not suggests that the balance between cost and reward shifts 

with the communicative context. In private chat, shared background increases the likelihood 

of successful communication even when forms are maximally reduced. On Twitter, where 

the audience is diffuse and unpredictable, the cost of being misunderstood may outweigh the 

production savings of vowel dropping, leading writers to adopt fuller spellings as a hedge 

against ambiguity. This interpretation aligns with Gibson et al.’s formulation of efficiency as 

the transmission of information through a noisy channel: as the noise increases, the speaker 

might invest more in redundancy to preserve the signal.
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5.2 Chapter conclusions and future directions

Chapter 2 took up the question of whether overmodification patterns established in pre-

nominal languages like English hold when the adjective follows the noun. I performed an 

in-depth analysis of English, Spanish, and Arabic Wikipedia text and a large-scale corpus 

analysis on Universal Dependencies Treebanks covering 74 languages. In the Wikipedia 

analysis, I failed to find a difference in the rates of adjective modification across the three 

languages. However, the broader UD analysis told a different story: as a language features 

more post-nominal modification, the proportion of modified nouns decreases. I also collected 

preliminary behavioral data confirming that Arabic speakers show the color-size asymmetry 

documented in English, with suggestive evidence of lower overmodification rates overall.

The dialectal Arabic data I collected opens a direction for examining how modification 

patterns may vary across different Arab countries and would provide a strong empirical 

evidence for this literature. Unlike Wikipedia, which is encyclopedic and relatively formal, 

dialectal data reflect the kind of spontaneous, conversational language in which efficiency 

pressures are most likely to shape production. Comparing modification rates across dialects 

would test whether the patterns observed in the UD treebanks hold. More broadly, the 

corpus I assembled (spanning five major dialect families and over 239,000 lines of naturalistic 

text) represents a resource that could extend the modification analysis in several directions. 

First, it opens the possibility of bridging the gap between the large-scale typological analysis 

and the behavioral experiments: corpus-derived modification rates from dialectal Arabic 

could serve as a baseline against which experimental overmodification rates are compared, 

grounding the behavioral predictions in naturalistic usage data. Second, it could also provide 

insight into modification rates within a single language family where dialects vary in their 

degree of contact with other languages, literacy traditions, and communicative norms.

Chapter 3 turned to cross-linguistic variation in word order, asking whether post-nominal 
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Arabic exhibits the adjective ordering preferences documented for pre-nominal languages like 

English. I found that native Arabic speakers show reliable ordering preferences, and that 

these preferences are well predicted by adjective subjectivity. I also tested heritage Arabic 

speakers and found that they show weaker but still significant preferences.

Several directions could extend this work. One direction is testing adjective ordering in spe-

cific Arabic syntactic constructions. In the idafa (construct state), the head noun enters a 

tight syntactic relationship with a following noun, and adjectives modifying the head noun 

must appear after the entire construct. This displacement creates a configuration in which 

the adjective is structurally further from its head noun than in simple post-nominal modifi-

cation, and it would be informative to test whether subjectivity-based ordering preferences 

persist, weaken, or shift in this environment. Another extension is through a production 

study in which speakers describe objects in contexts that elicit multi-adjective descriptions 

naturally, rather than choosing between pre-set orders. Moreover, the corpora already assem-

bled for the adjective modification analysis in Chapter 2 (both the Wikipedia data and the 

dialectal Arabic corpus) could be repurposed to examine how adjectives are ordered in nat-

urally occurring text. This would complement the experimental findings with corpus-based 

evidence, testing whether the subjectivity-based ordering preferences observed in the experi-

ment are reflected in spontaneous speech and in written production across different registers. 

A corpus approach would also make it possible to estimate noun-adjective co-occurrence 

statistics and obtain PMI-based measures of ordering preferences in Arabic, complementing 

the subjectivity-based measures from the experimental data.

Chapter 4 shifted to the lexicon, investigating vowel dropping in Arabizi and testing whether 

contextual predictability shapes whether a word is written in its long or short form. In the 

BOLT private chat data, I found support for the efficiency prediction: writers are more likely 

to use shorter, vowel-dropped spellings in more predictable contexts. However, this pattern 

did not replicate when I scaled up the analysis to a substantially larger Twitter data set, 
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trained a new model directly on Twitter data, and tested across multiple context window 

sizes and word pair selections. The divergence between the two data sets points to the role 

of communicative setting: in private chat, where interlocutors share background knowledge, 

speakers can afford to reduce more freely, while on a public platform like Twitter, where the 

audience is more widespread, the cost of being misunderstood may outweigh the production 

savings of dropping vowels.

Several extensions of this work could sharpen the picture. First, a character-level analysis 

could test whether the informativity of individual phonemes predicts vowel dropping: train-

ing an n-gram model at the character level and obtaining the surprisal of each phoneme 

given the preceding phonemes would reveal whether vowels are more likely to be retained 

when they are less predictable given the surrounding consonant sequence (Bell et al., 2009; 

Seyfarth, 2014). Second, the analyses in this dissertation relied entirely on forward pre-

dictability — the predictability of a word given its preceding context. However, work on 

spoken production has found that predictability from the future context can be a stronger 

predictor of reduction than past context predictability (Bell et al., 2009). Training a back-

ward language model on Arabizi text would test whether the same asymmetry holds for 

written vowel dropping. Third, the current analysis paired each word with a single short 

form and a single long form, but Arabizi words often have many attested spellings. A model 

that clusters all orthographic variants of the same underlying word (grouping them by rel-

ative length rather than selecting two representative forms) would capture a fuller range of 

orthographic variation and provide a more sensitive test of whether writers draw from the 

shorter end of a word’s spelling distribution in more predictable contexts.

Finally, the three studies in this dissertation show that Arabic, with its post-nominal adjec-

tives, rich morphology, and diglossic variation, follow the efficiency pressures documented in 

English and other well-studied languages. The results suggest that speakers and writers are 

sensitive to production cost across different levels of linguistic structure, but that this sensi-
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tivity is modulated by the communicative context in which language is used. Understanding 

when efficiency pressures prevail and when they are overridden by other factors remains an 

open and productive line of inquiry.
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