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She smiled innocuously – at variance with her words.  
At this point he could not discern her degree of seriousness.  

A topic of world-shaking importance, yet dealt with facetiously;  
an android trait, possibly, he thought.  

No emotional awareness, no feeling-sense of the actual meaning of what she said.  
Only the hollow, formal, intellectual definitions of the separate terms. 

 
Philip Dick “Do Androids Dream of Electric Sheep?” (1968) 
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ABSTRACT 

Computational tools, such as word embeddings or Large Language Models (LLMs), have been 

shown to align with humans in certain linguistic behaviors, suggesting that they can offer a novel 

perspective in tackling open issues in linguistics and cognitive science.  In this thesis, I present five 

studies that employed computational tools to investigate different aspects of metaphor processing, 

namely the change over time of processing demands and the operations underlying 

electrophysiological components. Beyond the theoretical questions, the role that computational 

tools can take in metaphor research was explored by employing them as participants and models. 

Study 1 tested the validity and reliability of LLMs in providing ratings for metaphorical expressions 

along a series of dimensions (familiarity, comprehensibility, and imageability) for Italian and 

English. Our results showed that machine-generated ratings can approximate human ones and 

validly substitute them in statistical analysis predicting behavioral and neural responses. Moreover, 

LLMs' ratings seem to be highly reliable, as they were stable across independent prompting 

sessions. Some weaknesses emerged when generating ratings of metaphors requiring the 

integration of sensorimotor knowledge to be interpreted and when rating metaphors for their 

imageability. These results suggested that LLMs can capture at least some aspects of human 

metaphorical competence, making them suitable for augmenting human data as artificial 

participants. 

Study 2 employed temporal word embeddings to simulate how the costs associated with metaphor 

processing changed over time. Specifically, semantic similarity between topics and vehicles of a set 

of 515 Italian literary metaphors was taken as a proxy of its processing demands and was computed 

in 19th-century and 21st-century vector space models, extending previous distributional approaches 

to the semantic shift of single words. Within each epoch, we also separately considered literary and 

nonliterary texts to test if the change in processing demands was also influenced by the textual 

genre. We found that literary metaphors followed the general pattern of the Italian language. While 
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metaphors were associated with equal processing demand in literary and nonliterary texts of the 

19th century (when the two genres did not differ for stylistic features), they become more difficult 

in 21st-century literary texts (where the plain style of modern literature makes the metaphor more 

striking) and less difficult in 21st-century nonliterary texts (where the creative use of language makes 

less demanding to connect metaphor’s conceptual domains). In Study 3, this method was extended 

to English literary metaphors, demonstrating its cross-linguistic applicability and revealing 

language-specific patterns. Here, metaphors were shown to differ in processing demands only 

based on genre, with no diachronic effect, as the English language underwent very little change in 

the past two centuries compared to Italian. 

In Study 4, the interest shifted to using different computational models to disentangle the different 

theoretical accounts used to support the functional interpretation of electrophysiological 

components associated with metaphor processing. In particular, three computational approaches 

were employed, namely semantic similarity from word embeddings, surprisal from LLMs, and a 

novel Bayesian pragmatic measure inspired by the Rational Speech Acts (RSA) framework, taken 

to model three different theoretical views, linked respectively to semantic, context-based 

prediction, and inferential mechanisms. Results revealed that the N400 is mainly affected by 

surprisal, supporting the predictive nature of this component, while the P600 is influenced by both 

surprisal and the Bayesian pragmatic measure, suggesting that this component, while tied to 

contextual prediction, also incorporates the signature of pragmatic inferences.  

Finally, Study 5 reported the preliminary results of a systematic review and meta-analysis 

investigating, with an innovative approach based on figure digitalization, the robustness of 

electrophysiological components reported for figurative language across metaphor, irony, and 

idioms. This study showed that the N400 is deeply linked to pragmatic processing, emphasizing 

the role of context in deriving all types of figurative meaning, and that the pragmatic P600 emerged 
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as a function of type of pragmatic phenomenon and its conventionality, being highly robust for 

irony (92%) but more transient for metaphor (2% overall, but 88% for novel metaphors). 

Overall, these studies highlight the fertile integration of computational tools in metaphor research 

and characterize metaphor processing as a dynamic interplay of prediction and inference, deeply 

linked to the broad contextual and stylistic features of the language. 
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INTRODUCTION 

 

1. Metaphors 

Language is rich in implicit meanings. Resolving what is implicated in texts and conversational 

exchanges goes far beyond the compositional combination of the meanings of the single words in 

the utterance. On the contrary, we are required to combine the semantics of the sentence with a 

series of additional knowledge we have about context, about the world, about the speaker, and 

what we think she may want to communicate.  

One fascinating case of implicit meaning is represented by metaphors. Metaphors are a distinctive 

feature of all human languages and are used in conversations, newspapers, as well as in the 

literature (Steen et al., 2010). Yet they are far more than a mere linguistic ornament. As suggested 

by Lakoff & Johnson (1980) in the field of Cognitive Linguistics, metaphors represent a 

fundamental cognitive mechanism, which allows us to conceptualize complex abstract concepts in 

terms of more accessible concrete ones (for example, LIFE in terms of JOURNEY).  

From this first cognitive shift, which brought metaphors from the domain of literary and rhetorical 

studies to that of cognitive science and linguistics, many theoretical accounts have proposed their 

own definition of metaphors. In the theoretical framework provided by the post-Gricean account 

of Relevance Theory (Sperber & Wilson, 1986), the gap between the literal and the intended meaning 

is said to be resolved through the inferential process, a cognitive operation that allows the 

derivation of the implicature, namely the part of meaning which is implicated (Allott, 2010). In this 

framework, metaphors such as “Jane is a computer”, are one example of nonliteral and loose use 

of language (together with hyperboles and approximations, for instance) where the term used 

metaphorically (in this example, “computer”, the so-called “vehicle” of the metaphor) undergoes 

a process of lexical adjustment, by narrowing and/or broadening its literal sense (Sperber & 

Wilson, 2012; Wilson & Carston, 2007). Thus, from the lexically encoded meaning of “computer”, 
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an ad-hoc concept is derived, in which some features of the concept are promoted (for example, “it 

is precise”, “lacks emotions”), while some others are discarded (for example, “it has a keyboard”). 

The context in which the sentence is embedded can facilitate and guide the interpretation. For 

instance, if we are talking about Jane’s ability to complete a complex task, the interpretation 

“precise” will be preferred, while if we are talking about Jane’s behavior with her friends, the 

interpretation “lacks emotion” will be more salient.  

Metaphors can vary across a number of dimensions that deeply impact the way they are processed, 

such as imageability (how easily they can evoke a mental image), meaningfulness (how interpretable 

the sense of the expression is), and familiarity (how familiar the association between terms sounds). 

Along this last dimension, some metaphors, due to the frequency of use – their “career” (Bowdle 

& Gentner, 2005) - became conventionalized and are considered easier to process. On the other 

side of the familiarity spectrum, unique and creative metaphors lie, such as literary metaphors, which 

will be examined in two studies of this thesis. Written by novelists and poets within the context of 

literary texts, these metaphors do not point toward a unique and clear interpretation, but they are 

reported to elicit a wide array of weak implicatures. For instance, a metaphor such as “fog of 

melancholy” can evoke many interpretations in the mind of the reader, and the cost of exploring 

them and keeping them in memory is what elicits the poetic effect (Pilkington, 2000).  

 

1.1. Metaphor processing 

How the metaphorical meaning is derived, the effort compared to the derivation of literal 

sentences, and the role of the literal meaning in metaphor interpretation have been extensively 

studied with a variety of empirical approaches. These encompass reaction times (Bambini et al., 

2013), eye-tracking (Columbus et al., 2015; Werkmann Horvat et al., 2023), magnetic resonance 

imaging (Bambini et al., 2011; Rapp et al., 2004), and neurophysiological methods, such as Event-

Related Potential (ERP) approaches (Bambini et al., 2016; Lai & Curran, 2013). These diverse 
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methodologies have yielded converging evidence about the time course and neural substrates of 

metaphor comprehension, though debates remain about whether metaphor processing requires 

additional cognitive effort compared to literal language processing (Giora, 2003) and whether the 

literal meaning must be accessed before the metaphorical interpretation can be derived 

(Gernsbacher et al., 2001). 

The electroencephalography (EEG) has been particularly popular in psycho/neurolinguistic 

approaches to metaphor, as it offers a high-temporal-resolution window into the distinct stages of 

metaphor comprehension (Coulson, 2008). From ERP studies, one primary component has been 

consistently reported and emerged as crucial in metaphor processing (the N400), a negative-going 

deflection peaking around 400ms post-stimulus onset that is thought to index semantic integration 

difficulty or violations of semantic expectancy (Kutas & Federmeier, 2011). The following time 

window has been variously characterized by either a Late Positivity (P600/LPC) or a sustained 

negativity (Baiocco et al., 2026; Canal & Bambini, 2023), both less precisely characterized in 

functional terms and reported less consistently.  

 

1.2. Metaphors and machines 

Since the first descriptions of the linguistic behavior of machines, researchers have noticed that 

metaphorical uses of language (e.g., “The car drank gasoline”) represented a violation of selectional 

preference, difficult to incorporate into the semantic representation of machines, which were based 

on strict rules to assess the well-formedness of sentences (Fass & Wilks, 1983). Consequently, 

much work has been devoted to developing computer programs able to deal with figurative aspects 

of language, for instance by correctly identifying and interpreting metaphors (Fass, 1991; Martin, 

1992). In these first phases, the idea was to install a metaphorical competence in machines by 

adding more rules that could include these apparently ambiguous uses of language. For instance, 

allowing an inanimate entity (e.g., “car”) to be the agent of a verb like “drink”, typically associated 
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with animate agents. After the manual definition of the new metaphorical rules, subsequent 

approaches have relied on Distributional Semantics (Reid & Katz, 2018). Based on the 

Distributional Hypothesis (Harris, 1954), namely that similar words tend to occur in similar 

contexts, computational models such as Latent Semantic Analysis (Landauer & Dumais, 1997) or 

word2vec (Mikolov et al., 2013), represented words as high-dimensional vectors (word 

embeddings) in the semantic space (Lenci, 2018). In this framework, metaphors have often been 

modeled as the semantic distance between the topic and the vehicle composing them. This strand 

of research has benefited from theoretical insights and from what was known about metaphors in 

human minds and brains (Tong et al., 2021), moving mostly from theory to machine 

implementation. For instance, methods of automatic metaphor identification have been inspired 

by Conceptual Metaphor Theory (Ge et al., 2022) or by the Metaphor Identification Procedure 

elaborated by the Pragglejaz Group, 2007 (Mao et al., 2019), or relied on semantic distance 

thresholds.  

Nowadays, with the development of Large Language Models (LLMs), namely massive models of 

language trained on billions of tokens to learn word co-occurrences, metaphorical competence 

seems to emerge from the statistical semantic representation of these models without explicit 

instructions. For instance, LLMs reported great accuracy both in metaphor identification (Fuoli et 

al., 2025) and interpretation (Barattieri di San Pietro et al., 2023; Ichien et al., 2024), without any 

phase of specific metaphorical fine-tuning. 

The impressive performance of LLMs on language tasks, despite some weaknesses, for instance 

related to the sensorimotor aspects of language (Borghi et al., 2023; Chemero, 2023), have yielded 

a deep debate on how fruitful the employment of computational tools can be for the advancement 

of scientific practice in general (Binz et al., 2025; Birhane et al., 2023) and for what we know about 

human linguistic and cognitive skills (Abdurahman et al., 2024; Wulff & Mata, 2025). On one side, 

some scientists claimed that LLMs can be of little help in answering questions on the nature of 
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language and its processing and acquisition, because they show only superficial similarities with 

human language but with completely different underlying mechanisms (Birhane & McGann, 2024; 

Bolhuis et al., 2024; Cuskley et al., 2024). On the other side, it has been claimed that LLMs solve 

long-standing questions about language (Contreras Kallens et al., 2023; Piantadosi, 2024). On an 

intermediate position, some researchers, while acknowledging their limitations, highlighted their 

potential implications for several aspects of language science. For instance, LLMs can inform the 

debate on the learnability of language, or quantify aspects, such as surprisal, namely the 

predictability of a word given its context (Slaats & Martin, 2025; Smith & Levy, 2013), which 

predict behavioral and neural responses, and provide data annotation that can be used to answer 

theoretical questions (M. C. Frank & Goodman, 2025; Levy et al., 2025).  

The potential of computational tools and LLMs to explain human metaphorical abilities has been 

only partially explored. A pivotal approach was the Predication Algorithm proposed by Kintsch 

(2000), which employed LSA (Landauer & Dumais, 1997) to simulate how the human mind selects 

context-relevant features and inhibits irrelevant ones, and test whether his view on activation of 

word meaning (Kintsch, 1988) is supported by the LSA mathematical process. An extension of 

this approach was carried out by Utsumi (2011), which contrasted three theories on metaphor 

processing (Bowdle & Gentner, 2005; Glucksberg & Haught, 2006; Utsumi, 2007), simulating their 

interpretation via LSA. Only recently, surprisal has entered the field, acting as a relevant metric also 

in metaphor research (Momen et al., 2026). 

In this work, while recognizing that LLMs do not provide a comprehensive model of language as 

it is in human brains and minds and that alignment does not imply cognitive plausibility, I tried to 

explore this other direction of the relationship between metaphors and machines, namely, not how 

we can make machines better metaphorical agents using theoretical and psycholinguistic evidence 

but which insights we can derive for human processing from the (emergent and incomplete) 

representation that machines have of metaphorical expressions. 
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2. Aims and thesis 

This thesis develops along two main paths.  

The first path is a methodological one and aims at integrating computational tools in metaphor 

research by considering them as “models” and “participants”. By models, I mean quantity estimation 

tools (Hu, 2023) that can allow us to quantitatively define certain features of metaphors to test a 

certain theoretical hypothesis. For example, from distributional semantics, we can derive the 

semantic similarity between the two terms of a metaphor, and from LLMs, we can derive the 

predictability of the vehicle of a metaphor given the preceding metaphorical context. Manipulating 

these measures, we can see which role the similarity of conceptual domains or the predictability of 

association can have in metaphor processing. By participants, I mean the possibility of 

approximating human behavior with the aim of either probing processing in participants that we 

can no longer access, such as readers of past epochs, or augmenting datasets of human responses 

to accelerate the creation and the norming of experimental stimuli.  

The second path is a theoretical one and aims at examining metaphor processing from different 

perspectives. One perspective explores how the overlap of cultural and linguistic references 

between the person who produces the metaphor and the person who experiences it can influence 

the processing demands of metaphors. Another perspective is how metaphors are processed in 

the brain: which are the operations behind the neural signatures that emerged from 

electrophysiological studies, and how stable these signatures are across studies and figurative 

language phenomena.  

The thesis is articulated in five studies, exploring the role of computational tools in disentangling 

the theoretical issues of metaphor processing. 

• Study 1 investigated the validity and reliability of LLM-generated norms for 

metaphorical stimuli. Different GPT models were prompted to produce ratings of 
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familiarity, comprehensibility, and imageability for Italian and English metaphors, with 

distinct prompting settings. We tested whether the LLM-generated ratings approximated 

human ones and whether they yielded the same results when used in statistical analysis 

predicting EEG responses and reaction times. 

• Study 2 investigated how the processing demands of Italian literary metaphors 

changed from the time in which they were created to the present day, when they are 

experienced by contemporary readers. We operationalized the processing demands as the 

semantic similarity between the topic and the vehicle of a metaphor, and we tested the 

diachronic evolution by training temporal word embeddings on corpora of different 

epochs. 

• Study 3 expanded the previous study by testing the cross-linguistic applicability of 

the methodology to examine the evolution of processing demands of literary metaphors. 

Here, we investigated the temporal trajectories of English literary metaphors to see 

whether the language-specific patterns could emerge when taking another language into 

consideration. 

• Study 4 employed different computational models to explore the operations 

underlying two EEG components typically associated with metaphor processing, namely 

the N400 and the P600. The three models operationalized distinct theoretical approaches, 

focusing on semantic, inferential, and context-based predictive mechanisms, respectively. 

Our results pointed toward a functional distinction of the two components, with N400 

being modulated by the predictive measure and the P600 associated with both predictive 

and inferential measures. 

• Study 5 reported preliminary results of a meta-analysis assessing the robustness of 

ERP components related to figurative language, from metaphor to irony. Although many 

technical issues related to the nature of EEG studies have so far prevented a systematic 

meta-analysis of the literature, we developed a novel methodology based on figure 
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digitalization that enabled us to overcome these issues and re-analyze the N400 and P600 

components across multiple studies, pragmatic phenomena, and experimental settings. 
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STUDY ONE 

CAN GPT REPLACE HUMAN RATERS? VALIDITY AND RELIABILITY OF 

MACHINE-GENERATED NORMS FOR METAPHORS1 

Abstract 

As Large Language Models (LLMs) are increasingly being used in scientific research, the issue of 

their trustworthiness becomes crucial. In psycholinguistics, LLMs have been recently employed in 

automatically augmenting human-rated datasets, with promising results obtained by generating 

ratings for single words. Yet, performance for ratings of complex items, i.e., metaphors, is still 

unexplored.  

Here, we present the first assessment of the validity and reliability of ratings of metaphors on 

familiarity, comprehensibility, and imageability, generated by three GPT models for a total of 687 

items gathered from the Italian Figurative Archive and three English studies. We performed a 

thorough validation in terms of both alignment with human data and ability to predict behavioral 

and electrophysiological responses.  

We found that machine-generated ratings positively correlated with human-generated ones. 

Familiarity ratings reached moderate-to-strong correlations for both English and Italian 

metaphors, although correlations weakened for metaphors with high sensorimotor load. 

Imageability showed moderate correlations in English and moderate-to-strong in Italian. 

Comprehensibility for English metaphors exhibited the strongest correlations. Overall, larger 

models outperformed smaller ones and greater human-model misalignment emerged with 

familiarity and imageability. Machine-generated ratings significantly predicted response times and 

 
1 This chapter is a manuscript currently submitted and under review as Mangiaterra, V., Al-Azary, H., Barattieri di 

San Pietro, C., Canal, P. & Bambini, V., Can GPT replace human raters? Validity and reliability of machine-generated norms for 
metaphors” to Humanities and Social Science Communications. 
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the EEG amplitude, with a strength comparable to human ratings. Moreover, GPT ratings 

obtained across independent sessions were highly stable.  

We conclude that GPT, especially larger models, can validly and reliably replace – or augment - 

human subjects in rating metaphor properties. Yet, LLMs align worse with humans when dealing 

with conventionality and multimodal aspects of metaphorical meaning, calling for careful 

consideration of the nature of stimuli.  
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1.1. Introduction 

Large Language Models (LLMs) have gained popularity in the last few years, especially after the 

release of ChatGPT. Their outstanding abilities in producing language in a human-like way led to 

a number of new research questions within the psycholinguistic community, concerning the impact 

that LLMs could have on the study of the nature of language. While the more theoretical debate 

on LLMs’ validity as models of human cognition is still ongoing (Bolhuis et al., 2024; Cuskley et 

al., 2024; M. C. Frank & Goodman, 2025), a more practical aspect worth exploring is LLMs' role 

as research tools in the experimental pipeline. A recent survey reported that up to 80% of 

researchers across diverse fields of study have used LLM-based tools in their research (Liao et al., 

2024), calling for a thorough evaluation of the benefits and risks associated with each phase of this 

integration (Binz et al., 2025; Charness et al., 2025; Messeri & Crockett, 2024). 

In language sciences and psycholinguistics, integrating LLMs has often resulted in their use to 

generate ratings for experimental stimuli (Conde, Grandury, et al., 2025; Guenther & Cassani, 

2025). Collecting ratings from human participants is time and resource-consuming (with large-

scale datasets requiring from 800 to 2000 participants and from 6 to 15 weeks of data collection, 

see Kuperman et al. 2012; Warriner et al. 2013; Brysbaert et al. 2014), yet nonetheless essential. 

Indeed, as demonstrated by various psycholinguistic experiments, the speed and accuracy of word 

recognition is affected by several linguistic properties. A frequent word like cat is processed faster 

than a less frequent word like opal (Brysbaert et al., 2018), and a concrete word like bookcase is 

processed faster than an abstract word like knowledge (Barber et al., 2013). Consequently, many 

normed datasets of words along a variety of dimensions were created (Stadthagen-Gonzalez and 

Davis 2006; Brysbaert et al. 2014; Scott et al. 2019; Lynott et al. 2020), allowing the scientific 

community to rely on pre-collected norms, with benefits from the perspective of reproducibility 

and reuse of existing resources. With the advent of LLMs, researchers explored the possibility of 

automatically generating ratings by directly prompting the models using natural language (Trott 
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2024a; Martínez et al. 2024b, a; Brysbaert et al. 2024; Xu et al. 2025; Kewenig et al. 2025). These 

studies prompted LLMs to provide ratings for single words or multi-word expressions for 

dimensions such as concreteness, arousal, and familiarity, and compared them to commonly used 

human-rated datasets. LLMs, despite exhibiting some biases, overall reported good validity. 

The effect of psycholinguistic features on language processing becomes even more complex when 

moving from the study of single words to multi-word expressions. In this case, we see the effect 

not only of the characteristics of individual words, but also of the entire expression (Arnon and 

Snider 2010), with relevant features such as syntactic complexity and cloze probability. For 

figurative expressions, such as metaphors, other additional features come into play, such as 

familiarity or imageability. Focusing on metaphors (e.g., expressions such as Lawyers are sharks), 

they are a paradigmatic case of non-literal use of language, where interpretation needs to 

incorporate contextual aspects to go beyond the literally encoded meaning to derive the intended 

figurative meaning (Wilson and Carston 2007). The role of psycholinguistic features in metaphor 

processing has been widely explored across a variety of empirical approaches. One of the most 

consequential variables is metaphor familiarity, which has been reported to influence 

comprehension speed, with more familiar metaphors leading to shorter response times (Blasko 

and Briihl 1997). Also, familiarity was shown to affect brain activity, as shown by studies using 

both Event-Related Potentials, or ERPs (Canal & Bambini, 2023; Coulson, 2008) and functional 

neuroimaging (Schmidt and Seger 2009; Bambini et al. 2011). For instance, familiar metaphors 

show a reduced negative deflection of ERPs around 400 ms after stimulus presentation - the so-

called N400 time window, which reflects early semantic processing (Lai et al. 2009). Another 

relevant dimension is the involvement of sensorimotor properties, which are known to be activated 

when processing novel metaphorical meanings (Al-Azary and Katz 2021), with more concrete 

metaphors eliciting a more negative peak in the N400 window (Canal et al. 2022).  
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To allow researchers to investigate the patterns of these effects in metaphor processing, several 

datasets in many languages have been developed (Katz et al. 1988; Bambini et al. 2014; Campbell 

and Raney 2016; Cardillo et al. 2017; Citron et al. 2020; Huang et al. 2024; Milenković et al. 2024; 

Bressler et al. 2026), providing up to 1,000 metaphorical expressions, as in the recent Italian 

Figurative Archive (Bressler et al., 2026). However, besides being time consuming (with a number of 

participants ranging from 60 to 600 subjects, see Katz et al. 1988; Cardillo et al. 2010; Bambini et 

al. 2014), these datasets remain limited in terms of the number of items compared to the wide 

range of possible metaphorical sentences, the high variety of syntactic structures in which 

metaphors can appear (nominal predicative, e.g., The lawyer is a shark, predicate, e.g., He runs away 

from his problems, adjectival, e.g., silky sunsets), and the many contexts in which they can be embedded. 

Therefore, it is particularly relevant to explore automatic approaches to generate ratings, which 

would allow researchers to efficiently and rapidly extract norms for new stimuli suitable for their 

specific research questions. 

Due to their contextualized representations, LLMs have shown good capacity for capturing the 

context-dependent meaning of figurative expressions, as indicated by their high accuracy (e.g., 

78%, reported by Barattieri di San Pietro et al., 2023) when prompted to interpret metaphors 

(Barattieri di San Pietro et al. 2023; Ichien et al. 2024). This evidence suggests that LLMs could 

demonstrate acceptable metaphor ratings. Notably, previous studies employed LLMs to generate 

creativity scores for metaphors and reported strong performance, yet only through fine-tuned 

models rather than prompting alone (DiStefano et al. 2024). It remains unexplored whether these 

models can generate ratings via simple prompts in natural language, which is the most accessible 

means for researchers. Furthermore, a previous study demonstrated that LLMs do not rely on 

sensorimotor features when producing metaphors (Mangiaterra et al. 2025), highlighting a 

weakness of models in representing embodied aspects of language, which was also found in 

metaphor interpretation (Barattieri di San Pietro et al. 2023). Hence, in addition to the question on 

the accuracy of model performance via simple prompting, it is unclear how LLMs can deal with 
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certain properties of metaphors, particularly with sensorimotor aspects, given that the integration 

of multimodal sources of information still represents a challenge for AI models (Barattieri di San 

Pietro et al. 2023; Chakrabarty et al. 2024). 

In this work, we aimed to extend the study of LLMs as rating generators from the domain of single 

words to metaphors, testing the accuracy of the models as a tool to complement or substitute 

human ratings in generating norms for metaphorical stimuli. In particular, we tested validity, 

intended as the capacity to approximate human performance, and test-retest reliability, defined as 

the stability of the results over time, of psycholinguistic ratings generated by three recent GPT 

models (GPT3.5-turbo, GPT4o-mini, and GPT4o - Achiam et al., 2024) via prompting. We also 

tested the relation of machine-generated ratings with human behavioral and electrophysiological 

responses, which, to the best of our knowledge, is an unexplored domain within the field of LLMs’ 

ratings, both for single words and more complex expressions. Furthermore, we conducted a 

separate analysis on the familiarity ratings obtained for subsets of metaphors displaying different 

embodiment features. 

Given LLMs' promising performance for single-word ratings, we expect good validity of machine-

generated ratings for metaphors as well. However, we expect shortcomings to emerge for 

metaphors with high sensorimotor load and for the imageability dimension, as these aspects of 

language are still challenging for LLMs, both for single words and metaphors (Barattieri di San 

Pietro et al. 2023; Mangiaterra et al. 2025; Xu et al. 2025). Also, we expected poor test-retest 

reliability, as GPT models have shown patterns of inconsistency in their responses (Khademi 2023, 

but see Hackl et al., 2023) for more positive results), with high sensitivity to small changes in 

prompts (Zhuo et al. 2024).  
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1.2. Methods 

1.2.1.  Material (human ratings) 

As a benchmark for machine-generated ratings, we extracted human ratings for three dimensions 

(familiarity, imageability, and comprehensibility) for 687 metaphors, of which 469 are in Italian 

from the Figurative Archive (Bressler et al., 2026), originally employed in five studies (Bambini et al. 

2013, 2014, 2024; Canal et al. 2022; Bressler et al. 2026), and 218 are in English from three original 

studies (Campbell and Raney 2016; Al-Azary and Buchanan 2017; Cardillo et al. 2017). We also 

retrieved ratings for 48 anomalous and 168 literal statements in English and for 48 anomalous and 

48 literal statements in Italian. All rating studies were acquired from samples of university students, 

native speakers of the language under consideration. Familiarity ratings were available for seven 

studies (639 metaphors), imageability ratings for two studies (178 metaphors), and 

comprehensibility ratings for one study (48 metaphors). Most of the studies collected ratings on a 

7-point Likert scale, while Bambini et al. (2013; 2014) employed a 5-point Likert scale and Al-

Azary & Buchanan (2017) a 6-point Likert scale. When needed to compute the overall correlations, 

ratings were standardized to a 7-point Likert scale. A summary of the material is reported in Table 

1.1, with a specification of which datasets (items and ratings) were available online before GPT 

models’ knowledge cutoff (October 2023). More information on the participants in each study can 

be found in Appendix A, Supplementary Table 1.1.  
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Table 1.1. Summary of the datasets used in the study. 

Note: Items and ratings from studies marked with * were available online before GPT models’ knowledge cutoff.  

 

Among metaphors rated for familiarity, 308 could be split into different subsets according to their 

sensorimotor properties and were used to compare the performance of LLMs for metaphors with 

varying embodiment features. Specifically, these included 62 metaphors classified as mental, i.e., 

where the relation between the concepts is based on psychological characteristics, e.g., I genitori 

sono scudi (Eng. Tr.: “Parents are shields”) and 62 metaphors classified as physical, i.e., where the 

relation is based on physical characteristics, e.g., Certi cantanti sono usignoli (Eng. Tr.: “Some singers 

are nightingales”), from Canal et al. 2022); 60 metaphors based on motion words, e.g., His thoughts 

Measure Definition Language Studies N° item Form 

Familiarity 

Frequency of 

experience of the 

expression 

English 

Campbell & Raney 

(2016)* 

Cardillo et al. (2017)* 

170 metaphors 

120 literals 

(adj) X is (adj) Y 

The incriminating files were a 

poison arrow. 

Italian 

Figurative Archive, 

originally Bambini et al. 

(2013*, 2014*, 2024); 

Canal et al. (2022); 

Bressler et al. (2026) 

469 metaphors 

46 anomalous 

46 literals 

X is Y(Bambini et al. 2013; 

Canal et al. 2022; Bressler 

et al. 2026) 

Actors are masks 

X – Y(Bambini et al. 2024) 

Language - bridge 

X of Y(Bambini et al. 

2014) 

Fog of melancholy 

Imageability 

Ease with which 

each expression 

evoked a visual 

mental image 

English 
Campbell & Raney 

(2016)* 
50 metaphors 

X is Y 

Wound is a fjord 

Italian 

Figurative Archive, 

originally Bambini et al. 

(2024) 

128 metaphors 
X – Y 

Language - bridge 

Comprehensibility 

How suitable or 

natural the 

expression is 

English 
Al-Azary & Buchanan 

(2017) 

48 metaphors 

48 anomalous 

48 literals 

X is Y 

Sarcasm is a knife 
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were a pendulum, and 60 metaphors based on auditory words, e.g., Her chores were a sad tune from 

Cardillo et al. (2017); 32 metaphors with topics referring to body parts, e.g., Quei bicipiti sono sassi 

(Eng. Tr.: “Those biceps are stones”) and 32 metaphors describing objects, e.g., Quella casa è un 

gioiello (Eng. Tr.: “That house is a jewel”) from the IUSS NEPLab MetaBody study (Bressler et al., 

2026). 

Moreover, we retrieved behavioral responses (response times) for 64 metaphors from the IUSS 

NEPLab MetaBody study and electrophysiological responses (EEG) for 252 metaphors from 

Canal et al. (2022) and Bambini et al. (2024), to investigate the validity of machine-generated ratings 

with respect to human cognitive and neural processing measures. Canal et al. (2022) and Bambini 

et al. (2024) explored metaphor processing through Event Related Potentials and included mean 

EEG amplitudes for each metaphor in the N400 time window for frontal and centro-parietal 

electrodes. The IUSS NEPLab MetaBody study (Bressler et al., 2026) investigated metaphor 

processing through a sensicality task (participants were asked to say whether the expression made 

sense in a time-constrained setting) and included response times (RTs) for each metaphor. 

 

1.2.2. Models 

We prompted three GPT models (GPT3.5-turbo; GPT4o-mini; GPT4o - OpenAI et al. 2024) 

through the API and one GPT model (GPT4o-mini, as it was the only one freely accessible at the 

time of data collection) through the ChatGPT interface. Models were prompted in June 2025. 

While acknowledging the limitations of using closed-source LLMs (Manchanda et al., 2025; Ravelli 

& Bolognesi, 2024), our choice was motivated by their extensive use in studies concerning both 

pragmatic abilities in LLMs (Hu et al. 2022; Barattieri di San Pietro et al. 2023) and the integration 

of LLMs in scientific pipelines as raters (Gilardi et al. 2023; Trott 2024a; Martínez et al. 2024b; 
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Brysbaert et al. 2024), as well as for their superior performance, compared to other LLMs, on 

rating tasks and metaphor applications (Fuoli et al., 2025; Q. Xu et al., 2025).  

1.2.3. Prompting Procedure 

To generate ratings, we prompted the models with the same instructions given to human 

participants in each original study, with minimal adaptation. Slight modifications with respect to 

the original instructions were introduced to remove any text referring to practical aspects of the 

experiments (such as the key to press to continue) and to add the specification to limit the answer 

to the rating value, given the tendency of the models to provide verbose answers. Building upon 

previous studies (Gilardi et al. 2023; Trott 2024a), we intentionally avoided using any prompt-

engineering techniques tailored specifically to GPT models to ensure both the comparability of 

responses between GPT models and human participants and the reproducibility of findings for 

psycholinguistic research. An example of a prompt is provided in Appendix A, Supplementary 

Table 1.2. The prompting procedure was performed through both the API and the ChatGPT web 

interface, in two independent sessions for each model. 

 

1.2.3.1. API parameters 

Parameters were set to optimize performance, following previous work. Temperature, the 

parameter modulating the degree of determinism in models’ behavior, was set at 0 to reduce 

randomness in the output and ensure consistent responses (Binz and Schulz 2023; Kosinski 2024; 

Xu et al. 2025). In addition to the instructions in the prompt to answer with only the rating value, 

to further limit verbosity, the maximum token number was set at 1. The number of top-k most 

likely tokens to return was set at 3. This was done with the aim of computing an overall rating, 

resulting from the combination of the rating token and the token probability. The overall rating, 

in addition to providing a more precise estimate (Martínez et al. 2024b), could mirror the 
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continuous nature of human ratings, which were obtained by averaging across participants. So, 

exploiting the API’s possibility to extract the associated log probabilities for the most likely tokens 

(Hill and Abadkat 2023), we derived the overall rating by weighing each of the three most likely 

ratings for their log probabilities. For example, for the metaphor “Evolution is a lottery”, GPT3.5-

turbo provided the top three most likely outputs “2”, “3”, and “1” with log probabilities of 0.768, 

0.195, and 0.037, respectively, resulting in an overall rating of 2.158. 

 

1.2.4. Statistical Analysis 

To assess the validity of machine-generated ratings, namely the possibility of approximating the 

human gold standard, we computed a correlation analysis and a substitution analysis.  

First, we computed Spearman correlations between human-generated ratings and machine-

generated ratings for all items (687 metaphors, 214 literal statements and 94 anomalous statements) 

separately for each dimension (familiarity, imageability, and comprehensibility) and for the two 

languages. Then, we computed separate Spearman correlations for each of the subsets of 

metaphors characterized by different sensorimotor load: mental and physical in Canal et al. (2022), 

auditory and motion in Cardillo et al. (2017), and body-related and object-related in the IUSS 

NEPLab MetaBody study (Bressler et al., 2026).  

Second, we tested whether machine-generated metaphor ratings hold the same explanatory power 

as human-generated ratings in predicting human behavioral and ERP responses as recorded in the 

three studies with RT and ERP measures. To do so, in line with Trott (2024a), we replicated the 

statistical analysis of the three original studies (Canal et al. 2022; Bambini et al. 2024; Bressler et al. 

2026) and substituted human-generated ratings with machine-generated ratings. Finally, we 

compared the models’ goodness-of-fit in terms of Akaike Information Criterion (Bozdogan 1987) 

and R squared. 
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Specifically, to replicate the analysis predicting response times in the IUSS NEPLab MetaBody 

study (Bressler et al., 2026), we fitted separate Linear Mixed-Effects Models using lme4 and lmerTest 

packages (Bates et al. 2015) for each of the GPT models and for human familiarity ratings, 

considering human response times from the original study as the dependent variable and GPT or 

human-generated ratings of familiarity as continuous predictors. Then, we also considered 

familiarity ratings for the two subsets of metaphors (body-related and object-related) separately.  

To replicate the analysis predicting the N400 amplitude in Bambini et al. (2024), we first fitted 

separate Linear Mixed-Effects Models using lme4 and lmerTest packages (Bates et al. 2015) for each 

of the GPT models and human familiarity and imageability ratings, considering the ERP response 

(both in frontal and centro-parietal electrodes) in the N400 window as the dependent variable and 

human and GPT-generated metaphor ratings of familiarity and imageability as continuous 

predictors. Then, we substituted GPT-generated familiarity and imageability separately in a more 

complex Linear Mixed-Effects Model, used in the original study, which also included a series of 

other human ratings (i.e., metaphoricity, semantic distance, number and strength of metaphorical 

interpretation). 

To replicate the analysis predicting the N400 amplitude in Canal et al. (2022), we first assessed the 

effect of metaphor familiarity on the ERP response, by fitting separate Linear Mixed-Effects 

Models using lme4 and lmerTest packages (Bates et al. 2015) for each of the GPT models and human 

familiarity ratings, with EEG amplitude as dependent variable and ratings of familiarity as 

continuous predictor. Then, we substituted GPT-generated familiarity in the Linear Mixed-Effects 

Models from the original study, which included a series of other ratings and subjects’ task scores 

(i.e., word frequency and subjects’ score at two Theory of Mind tasks). 

To assess the reliability of machine-generated metaphor ratings, we computed Spearman 

correlations between machine-generated ratings obtained in two independent sessions (each 

following the same prompting procedure described in Section 2.3.). 
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Finally, in line with Trott (2024), we conducted an exploratory analysis to examine where models 

differ most from human ratings, operationalized as absolute error between human and GPT 

ratings. We fitted a Linear Mixed-Effects Model using lme4 and lmerTest packages (Bates et al. 2015), 

with absolute error as the dependent variable and the original human ratings as a predictor in 

interaction with dimension (familiarity, imageability, and comprehensibility) and GPT model 

(GPT3.5-turbo, GPT4o-mini, GPT4o), to investigate if the GPT models report larger errors for 

high (or low) human ratings on a certain dimension, and the potential impact of the model used 

to elicit the ratings. 

All analyses were performed in R (R Core Team 2025). 

 

1.3. Results 

1.3.1. Correlation analysis 

For metaphor familiarity ratings, we found positive correlations, with coefficients ranging from 

0.50 to 0.64 for English and from 0.20 to 0.65 for Italian. The larger model (GPT4o) showed the 

best performance compared to the other two, exhibiting a strong correlation with humans both 

for Italian and English metaphors. Results obtained with smaller models (GPT3.5-turbo and 

GPT4o-mini) were comparable to GPT4o for English, with moderate-to-strong correlations, while 

falling behind the larger model for Italian, with weak-to-moderate correlations.  

In the imageability dimension, moderate correlations were obtained for English metaphors, with 

coefficients ranging from 0.37 to 0.56, while moderate-to-strong correlations were obtained for 

Italian metaphors, with coefficients ranging from 0.38 to 0.65.  

For comprehensibility ratings, which were available for English metaphors only, we found strong 

positive correlations between human-generated and machine-generated ones, with coefficients 

ranging from 0.69 to 0.79. 
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Table 1.2 displays all correlations between human and machine-generated ratings for the three 

dimensions for metaphors (for more details on the results for the single studies, see Appendix A, 

Supplementary Table 1.3). 

To better contextualize these results and provide an upper bound on achievable model 

performance, we report the reliability of the human ratings from Cardillo et al. (2017), which were 

the only dataset reporting this measure. They reported high inter-rater reliability across dimensions, 

with intraclass correlation coefficients (ICCs) ranging from .857 to .975. These values indicate that 

the measures are highly consistent across participants and therefore impose only a limited 

constraint on the maximum attainable model–data correspondence. 

 

Table 1.2. Correlations between human and machine-generated metaphor ratings for the three dimensions and the two languages. 

 

All models strongly aligned with humans when rating English literal and anomalous statements for 

comprehensibility (all rs > 0.96) and Italian literal and anomalous statements for familiarity (rs 

ranging from 0.82 to 0.92), and they moderately aligned when rating English literal statements for 

familiarity (rs ranging from 0.53 to 0.63). A complete report of correlations for literal and 

anomalous statements can be found in Appendix A, Supplementary Table 1.4. 

The distribution of machine-generated and human-generated ratings across studies is displayed in 

Figure 1.1 (see Appendix A, Supplementary Figure 1.1 for density plots of single studies).  

Measure Language 
GPT3.5-

turbo 

GPT4o-mini 

(API) 

GPT4o-mini 

(ChatGPT) 
GPT4o 

Comprehensibility English 0.69*** 0.74*** 0.78*** 0.79*** 

Imageability 

English 0.39** 0.42** 0.56*** 0.37** 

Italian 0.38*** 0.46*** 0.45*** 0.65*** 

Familiarity 

English 0.64*** 0.56***   0.50* 0.61***   

Italian 0.20*** 0.42*** 0.20** 0.65*** 
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Figure 1.1. Distribution of metaphor ratings. The figure shows the relationship between GPT ratings (y-axis) and 

human ratings (x-axis) across three dimensions: Imageability (blue panel), Comprehensibility (purple panel), and 

Familiarity (green panel), for English and Italian metaphors, with marginal density plots illustrating rating distributions. 

Regression lines are color-coded by model: GPT3.5-turbo (red), GPT-4o-mini (teal), and GPT-4o (orange). 

 

3.3.1.4. Correlations between familiarity ratings for metaphors characterized for sensorimotor properties 

Correlation analysis (Figure 1.2) comparing human and machine-generated ratings of familiarity 

for subsets of metaphors characterized by different sensorimotor properties showed that, for 

English, ratings for motion metaphors reported strong correlations (GPT3.5: r = 0.67; GPT4o-

mini: r = 0.72; GPT4o: r = 0.71), while ratings of auditory metaphors reported moderate to strong 
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correlations (GPT3.5: r = 0.61; GPT4o-mini: r = 0.55; GPT4o: r = 0.56). For Italian, GPT4o-mini 

and GPT4o showed moderate-to-strong correlations when generating familiarity ratings for 

object-related metaphors (GPT3.5: r = 0.09 (ns); GPT4o-mini: r = 0.51; GPT4o: r = 0.71) and 

weak-to-strong correlations when rating body-related metaphors (GPT3.5: r = -0.16; GPT4o-mini: 

r = 0.37; GPT4o: r = 0.65). Familiarity ratings for mental metaphors spanned from weak to strong 

correlations (GPT3.5: r = 0.24; GPT4o-mini: r = 0.60; GPT4o: r = 0.77), while physical metaphors 

reported weak-to-moderate performance (GPT3.5: r = 0.29; GPT4o-mini: r = 0.54; GPT4o: r = 

0.60). Overall, numerically higher correlations were obtained by metaphors based on motion 

words, object-related metaphors, and mental metaphors, rather than metaphors based on auditory 

words, body-related metaphors, and physical metaphors. 

 

Figure 1.2. Correlation between human and GPT ratings of familiarity for metaphors characterized by sensorimotor load. 

Results of the correlation analysis between human-generated and machine-generated familiarity ratings for subsets of metaphors 

with different types of sensorimotor load (mental and physical from Canal et al. (2022); motion and auditory from Cardillo et al. 

(2017); object-related and body-related from IUSS NEPLab MetaBody study) for the three GPT models (GPT3.5-turbo, GPT4o-

mini, GPT4o). 
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1.3.2. Substitution analysis 

1.3.2.1. Response Times 

Linear Mixed-Effects Models testing the effect of familiarity on response times (data from the 

IUSS NEPLab MetaBody study) showed a significant effect of machine-generated ratings for both 

GPT4o-mini prompted through the API (β = -0.044, t = -5.46, p < .001) and GPT4o (β = -0.038, 

t = -6.92, p < .001), with higher values of familiarity associated with shorter reaction times. This 

pattern mirrored what we observed in the statistical model with human-generated ratings (β = -

0.046, t = -7.09, p < .001). Explained variance was comparable across models (R2 = 0.30), yet the 

model with human familiarity had the best goodness of fit (Human: AIC = 1329, GPT4o: AIC = 

1331, GPT4o-mini: AIC = 1347). No effect was found for GPT3.5-turbo and GPT4o-mini 

prompted through the ChatGPT interface (Figure 1.3a).  

Looking at the two subsets of metaphors (body-related and object-related) available in the original 

study (Bressler et al., 2026), we found that human familiarity and GPT4o familiarity predicted RTs 

both for body-related (Human: β = -0.051, t = -4.58, p < .001; GPT4o: β = -0.044, t = -4.50, p < 

.001) and object-related metaphors (Human: β = -0.041, t = -3.34, p = .002; GPT4o: β = -0.056, t 

= -4.03, p < .001), while GPT4o-mini familiarity only predicted RTs for object-related metaphors 

(β = -0.040, t = -3.79, p < .001). Again, no effect was found for GPT3.5-turbo and GPT4o-mini 

prompted through the ChatGPT interface. 

 

3.3.2.2. EEG response 

The Linear Mixed-Effects Models examining the effect of familiarity on the N400 amplitude in 

centro-parietal electrodes (data from Bambini et al., 2024) showed a significant effect of machine-

generated ratings (Figure 1.3b) for GPT3.5-turbo (β = 0.55, t = 2.84, p = .005), GPT4o-mini 

prompted through the API (β = 0.40, t = 2.06, p = .041) and GPT4o (β = 0.57, t = 3.03, p = .003). 
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No effect was found for GPT4o-mini prompted through the ChatGPT interface (p = .098). We 

found that more familiar metaphors were associated with reduced negativity, as observed for 

human-generated familiarity (β = 0.95, t = 3.72, p < .001) in the original study (Bambini et al. 2024). 

All models explained a comparable portion of variance (R2 = 0.13), and AIC comparison indicated 

that the model with human familiarity provided the best fit (AIC = 9698.41), although differences 

in AIC across models were relatively modest (GPT4o: AIC = 9702.48).  

Human familiarity significantly predicted EEG amplitude in frontal electrodes as well; however, 

we did not find an effect of machine-generated familiarity for those scalp locations.  

The Linear Mixed-Effects Models examining the effect of imageability on EEG amplitude showed 

no significant effect of machine-generated ratings in the N400 window for either centro-parietal 

and frontal electrodes, contrasting with a significant effect of human familiarity in both areas 

(frontal: β = 0.66, t = 2.06, p =.04; centro-parietal: β = 0.74, t = 2.66, p < .01) in the original study 

(Bambini et al. 2024).  

When considering the more complex Linear Mixed-Effects Models used in the original study 

(Bambini et al. 2024), we found an effect of familiarity for GPT3.5-turbo (β = 0.42, t = 2.53, p = 

.013) and GPT4o (β = 0.38, t = 1.99, p = .049) in the same direction as the human-generated 

familiarity (β = 0.83, t = 2.28, p = .024), again for centro-parietal electrodes only. All models 

explained a comparable portion of variance (R2 = 0.14), and the model with familiarity by GPT3.5-

turbo had the best goodness of fit (AIC = 19714), yet close to the other models (Human: AIC = 

19715; GPT4o: AIC = 19716). Familiarity generated with GPT4o-mini did not significantly predict 

EEG response in this more complex statistical model. Following Trott (2024a), we checked the 

direction of the effect for this model, and, even if not significant, machine-generated familiarity 

showed the same direction as human-generated familiarity. Neither human nor machine-generated 

imageability reached significance in the more complex statistical model. 
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For the metaphors from Canal et al. (2022), human familiarity did not significantly predict the 

EEG amplitude in the N400 window in the original study, and, in line with that, we did not find 

an effect of machine-generated familiarity as well. 

To sum up, machine-generated familiarity ratings, especially from GPT4o, can predict N400 

amplitude in centro-parietal electrodes, aligning with human ratings, while no machine-generated 

imageability ratings reported a significant effect, despite human imageability ratings being 

predictive. 

 

 

Figure 1.3. Results of the substitution analyses. Panel A shows the effect of metaphor familiarity ratings generated by GPT3.5-

turbo, GPT4o-mini, prompted through the API and ChatGPT, GPT4o, and human participants on Response Times (RTs). Panel 

B shows the effect of human and machine-generated (GPT3.5-turbo, GPT4o-mini through the API and ChatGPT interface, and 

GPT4o) metaphor familiarity ratings on the amplitude of the EEG response in the N400 window for centro-parietal electrodes. 
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3.3. 3. Reliability 

The correlations between machine-generated metaphor ratings from two independent sessions 

showed very high reliability for the three models prompted through the API in all studies, with all 

correlation coefficients above 0.90 (Table 3). Ratings collected through the ChatGPT interface 

reported moderate to high reliability, with correlation coefficients ranging from 0.66 (for 

imageability ratings of English metaphors) to 0.91 (for comprehensibility ratings of English). 

 

Table 1.3. Correlations between GPT-generated metaphor ratings obtained in two independent sessions for the three dimensions. 

 

A visual comparison between the reliability of the two prompting methods is shown in Figure 1.4. 

For more details on the results for the single studies, see Appendix A, Supplementary Table 1.5. 

 

Measure Language GPT3.5-turbo 
GPT4o-mini 

(API) 

GPT4o-mini 

(Interface) 
GPT4o 

Familiarity 

English 0.99*** 0.99*** 0.68*** 0.98*** 

Italian 0.98*** 0.99*** 0.83*** 0.98*** 

Imageability 

English 0.99*** 0.98*** 0.66*** 0.97*** 

Italian 0.99*** 0.99*** 0.67*** 0.98*** 

Comprehensibility English 0.99*** 0.99*** 0.91*** 0.99*** 
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Figure 1.4. Reliability comparison between ChatGPT interface and API. Visual comparison of the reliability of machine-

generated metaphor ratings obtained from GPT4o-mini prompted through the API or the ChatGPT interface. 

 

1.3.4. Exploratory source of error analysis 

The exploratory analysis of systematic sources of error aimed at testing where human and machine-

generated ratings differ. It revealed a main effect of the original human ratings for the metaphors 

on the absolute error between human and GPT ratings (β = 0.37, t = 13.11, p < .001), with 

metaphors rated higher by humans associated with higher error. Both the GPT models used to 

generate ratings and the psycholinguistic dimensions moderated the effect of the original ratings. 

Specifically, we observed significant interactions between original human ratings and GPT model 

(GPT4o: β = –0.14, t = -4.28, p < .001; GPT4o-mini: β = –0.31, t = -9.46, p < .001), suggesting 

that while GPT3.5-turbo aligned less with humans when generating ratings for more familiar, 

imageable and comprehensible metaphors, more advanced GPT models are less impacted by the 

original ratings of the metaphor. Trend analyses using the emmeans package further supported this 
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finding: the slope of the relationship between human ratings and error was steepest for GPT3.5-

turbo (β = 0.37) and significantly flatter for GPT4o (β = 0.23) and GPT4o-mini (β = 0.06).  

We also found that the relationship between human ratings and error varied depending on the 

psycholinguistic dimension, as emerged from the significant interactions between original human 

ratings and both familiarity (β = 0.15, t = 2.72, p < .01) and imageability (β = 0.22, t = 3.52, p < 

.001). Estimated slopes showed that the error increased more steeply with human ratings in the 

imageability dimension (β = 0.33), followed by familiarity (β = 0.25), and was the weakest for 

comprehensibility (β = 0.10). Pairwise comparisons confirmed that the slope for comprehensibility 

was significantly smaller than both familiarity (Δ = –0.15, p = .018) and imageability (Δ = –0.22, p 

= .001), whereas familiarity and imageability did not significantly differ (Δ = –0.08, p = .24). The 

GPT models (and especially GPT3.5-turbo) showed lower alignment with humans when 

generating ratings for high imageable and high familiar metaphors (Figure 1.5).  
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Figure 1.5. Absolute error between GPT and human metaphor ratings. Panel A shows the distribution of errors for each 

linguistic feature (Familiarity, Imageability, and Comprehensibility) and each model (GPT-3.5, GPT-4o-mini, GPT-4o). Black 

points indicate the mean error. Panel B shows absolute error between GPT and human metaphor ratings as a function of original 

human ratings. Each subpanel shows one dimension (Comprehensibility, Familiarity, Imageability), and each line represents a 

different GPT model (GPT3.5-turbo, GPT4o, GPT4o-mini). 

 

1.4 Discussion 

The increasing employment of LLMs as annotators or research assistants in the experimental 

pipeline calls for a systematic assessment of their trustworthiness to build guidelines for researchers 

that highlight the benefits as well as the potential risks associated with their integration in research. 

In this study, we extended the line of research investigating the viability of LLMs as raters for 

norming stimuli in psycholinguistic studies, examining the case of complex figurative expressions 

such as metaphors. Specifically, we evaluated the validity and reliability of machine-generated 
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ratings across three psycholinguistic dimensions, namely familiarity, imageability, and 

comprehensibility for metaphorical expressions in English and Italian. To generate ratings, we 

prompted three GPT models (GPT3.5-turbo, GPT4o-mini, and GPT4o) with the original 

instructions given to human participants. Models were prompted through both the API and the 

ChatGPT web interface, allowing for a comparison of prompting settings. To assess performance, 

we checked whether machine-generated ratings correlate with human ratings and whether they 

hold the same explanatory power as human ratings in predicting human behavioral and 

electrophysiological responses. Given the non-converging evidence on the consistency of LLMs’ 

output (Khademi 2023; Hackl et al. 2023), we also examined the stability of ratings across separate 

sessions. 

Our results showed that machine-generated ratings can largely approximate human ratings of 

metaphors, with high positive correlations emerging for all three dimensions. The larger and most 

recent model GPT4o reported the highest validity, both for Italian and English, obtaining a strong 

alignment with human ratings in both languages. Smaller models (GPT3.5-turbo and GPT4o-mini) 

showed good performance in rating English metaphors, but a sparser pattern of results emerged 

for Italian metaphors, with two datasets not reporting any association between machine and 

human ratings. The lower performance of GPT3.5-turbo on Italian is in line with similar findings 

observed for languages other than English for less recent models, whose training sets were heavily 

based on English (Rathje et al. 2024).  

One issue to be considered when reporting these results is data contamination (Conde, Grandury, 

et al., 2025; Ravelli & Bolognesi, 2024), namely, whether the good performance obtained by GPT 

models is linked to the presence of the datasets under consideration in their training set. Given 

that GPT models’ training data has not been released, we could not conclude that some of the 

datasets in our study could be part of it. However, four out of eight datasets (364 metaphors out 

of 687) were not available online before the models’ knowledge cutoff and GPT-generated ratings 
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from these datasets consistently reported comparable, when not superior, alignment with human 

participants then datasets publicly available before the models’ knowledge cutoff (see 

Supplementary Table 1.3). This supports the soundness of our results despite the possible data 

contamination issue for a portion of our materials. 

The validity of GPT-generated metaphor ratings is further supported by the substitution analyses. 

Indeed, when put in relation to human behavioral and electrophysiological responses, machine-

generated familiarity (except ratings obtained through the ChatGPT web interface) predicted 

response times and EEG amplitude comparable to human-generated familiarity ratings, 

demonstrating the possibility of substituting human ratings also in complex statistical analyses to 

model processing patterns. In the literature, many studies reported significant associations of the 

measure of lexical probability (or surprisal) from LLMs with neural and behavioral measures of 

processing costs (de Varda et al. 2023; Michaelov et al. 2024). Even if measures generated via 

prompting are known to be less reliable than measures derived by accessing internal states of 

LLMs, such as lexical probability (Hu and Levy 2023), our results support the validity of GPT-

generated ratings in terms of ability to capture processing mechanisms, opening the possibility to 

model behavioral and brain data based on a series of other relevant dimensions – figurative 

familiarity and comprehensibility - rather than only widely used lexical surprisal.  

Contrary to our predictions, machine-generated metaphor ratings reported excellent reliability for 

models prompted through the API. However, the model prompted through the ChatGPT 

interface showed a sparser pattern of reliability, highlighting the importance of controlling 

parameters, such as temperature, to ensure a more stable and deterministic behavior, a step 

possible only when prompting the models through the API. 

While these results confirm the promising use of LLMs as raters reported for single words (Trott 

2024a; Brysbaert et al. 2024) and fixed multi-word expressions (Martínez et al. 2024b), a number 

of weaknesses emerged that deserve special consideration. First, as highlighted by the error 
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analysis, higher misalignment between humans and machines emerged for more familiar 

metaphors. While humans spanned across all the values in the scale and assigned high ratings to 

conventional metaphors by treating them as fully acceptable expressions, models assigned lower 

values to conventional figurative expressions, maintaining a clearer boundary between 

metaphorical and literal language. This might suggest that models adopt a more rigid distinction 

between literal and figurative, being less sensitive than humans to the shades of this continuum as 

a function of conventionality (Bowdle and Gentner 2005; Mashal and Faust 2009; Sperber and 

Wilson 2012) and more to regularization (Ilievski et al. 2025). The excellent performance obtained 

by the models for literal and anomalous statements is in harmony with this view, indicating the 

models’ ability in recognizing the two extremes of the scale of sense. Future research could further 

test this speculation by assessing, for instance, the validity of LLM-generated ratings for highly 

conventional yet figurative expressions such as idioms (for initial evidence, see O’Reilly et al., 

2025).  

Perhaps the most relevant limitation of LLMs as metaphor raters regards their ability to capture 

the embodied aspects of meaning. This emerged both in the analysis on the subset of metaphors 

with different sensorimotor features and in the error analysis. In the former case, models showed 

strong performance in rating familiarity for mental metaphors but only moderate performance for 

physical metaphors, suggesting a lack of perceptual experience hampers a closely human-like 

representation of meaning. Within concrete metaphors, the models showed strong performance 

for the motion and the object-related items and moderate-to-strong performance for the auditory 

and body-related items, showing that when the perceptual features are more represented in the 

lexicon (see Winter et al., 2018 for the greater prevalence of vision words in the lexicon compared 

to auditory), models can align better to human representations. In the error analysis, models exhibit 

low alignment with humans when providing ratings for imageability, where greater error between 

humans and machines was reported for highly imageable metaphors. Overall, these results are in 

line with evidence from multiple studies, which found that LLMs have impoverished 
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representations of sensorimotor aspects of language (Conde et al. 2025a; Xu et al. 2025), as they 

rely on linguistic more than sensorimotor features of words (Mangiaterra et al. 2025; Lee et al. 

2025) and provide more accurate interpretations of metaphorical expressions that do not require 

embodied simulations (Barattieri di San Pietro et al. 2023, but see Wicke, 2023 for diverging 

evidence). This experimental evidence aligns with theoretical claims that identify the lack of 

grounding as one of the major points of distance between humans and LLMs (Borghi et al. 2023; 

Chemero 2023, but see Pavlick, 2023 for an alternative perspective).  

Beyond these aspects, some other limitations should be considered when using LLMs to generate 

ratings. First, even if we can simulate the continuous nature of the ratings with an ad-hoc setting of 

hyperparameters, LLMs at this point can only approximate an average human participant, or the 

wisdom of the crowd (Trott 2024b). This does not allow for focus on individual variability, for which 

the recruitment of human participants is still essential (Qiu et al. 2025). Second, the average human 

participant that LLMs mimic is representative of the perspective of only a certain demographic. 

Casola et al. (2024) found that LLMs align with the perspective of young participants, while 

Martínez et al. (2024a) reported that LLMs align less with children's and extra-European 

participants' ratings. Given that this is a limitation of existing human-normed datasets as well, as 

most participants of rating studies were university students (Bressler et al., 2026), our results 

indicate that on the one hand, LLMs can approximate existing datasets by aligning with their 

predominant demographic, but on the other hand, continue to overrepresent certain groups to the 

disadvantage of less investigated samples of participants (Wang et al. 2025). Following promising 

results showing that LLMs could mirror different demographics when prompted to impersonate 

different types of participants (Puccetti et al., 2025), future directions could include the evaluation 

of machine-generated ratings mimicking children or older adults’ ratings.  



36 
 

Given the limitations above, and capitalizing on the experience gained in this study, in Table 1.4 

we provide a summary of recommendations to guide psycholinguists towards a careful and 

evidence-based integration of LLMs into their experimental pipelines. 

Table 1.4. Summary of recommendations for the use of LLMs to generate metaphor ratings. 

 

 

1.5.  Conclusion 

The integration of large language models (LLMs) into psycholinguistic research, and cognitive 

science more broadly, has generated considerable debate (Dillion et al. 2023; Abdurahman et al. 

2024; Bisbee et al. 2024; Harding et al. 2024) regarding the extent to which human data can be 

Models and 

parameters 

- Prefer larger LLMs, such as GPT4o. 

- Access LLMs through APIs, carefully setting hyperparameters to 

ensure reliability (e.g., temperature set at 0). 

- Compute overall scores by incorporating log probabilities to 

obtain continuous ratings. 

- Check the performance of LLMs in the language of interest (e.g., 

check that training data contained text in that language). 

Type of stimuli 

- Prefer non-conventional items. 

- Prefer items with low sensorimotor load. 

- If available, generate ratings for anomalous and literal statements 

as benchmarks. 

Type of linguistic 

features 

- Prefer dimensions based on occurrence, such as familiarity and 

comprehensibility, rather than embodiment, such as imageability. 

Prompt 
- Use a prompt as close as possible to human instructions. 

- Limit models’ verbosity by requiring only the rating as output. 
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replaced or augmented by artificial intelligence. Following the question posed by Dillion et al. 

(2023), “Can AI models replace human participants?”, we argue that while humans must remain 

the primary subjects of investigation when studying how metaphorical expression are processed, 

LLMs can serve as valuable tools to augment human data, particularly in those stages of the 

experimental pipeline that precede analyses of human processing, such as collecting ratings for 

stimuli. This could enable the creation of larger and more diverse materials, including in languages 

beyond English, allowed by larger and multilingual models, and supporting further research on 

metaphor and human language processing. 
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Appendix A. 

These supplementary materials contain: 

i) Information about participants of each rating study 

ii) Examples of prompt provided to GPT models 

iii) Validity of GPT-generated metaphor ratings presented separately for each study  

iv) Validity of GPT-generated ratings for anomalous and literal statements  

v) Reliability of GPT-generated metaphor ratings presented separately for each study 
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  Supplementary Table 1.1. The table shows demographic information on the sample of raters for each study. 

 

 

Study Participants 

Al-Azary & Buchanan (2017) 52 fluent speakers of English (age > 18) 

Bambini et al. (2013) 
85 native speakers of Italian (42F; age: M = 26.85, SD = 3.80; education in years: M = 18.02, SD = 
2.04) 

 

Bambini et al. (2014) 105 native speakers of Italian (83F; age: M = 23.00, SD = 4.31) 

Bambini et al. (2024) 122 native speakers of Italian (68F, age: M = 24.34, SD = 1.97) 

Campbell & Raney (2016) 90 fluent speakers of English 

Canal et al. (2022) 
53 native speakers of Italian (40F; age: M = 23.91, range: 21–32; education in years: M = 15.83, range: 

13–18) 

Cardillo et al. (2017) 40 native speakers of English (21F; age: M = 21.3, education in years: M = 15.25) 

IUSS NEPLab MetaBody study 
49 native speakers of Italian (27F; age: M = 27.35, SD = 3.55; education in years: M = 15.82, SD = 

2.76) 
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Supplementary Table 1.2. Example of prompt provided to models compared to human instructions.  

 

Note: Changes are highlighted in bold.

Instructions to human participants Prompt to Large Language Models 

Your task will be to rate how suitable or natural a series of 

statements are.  

The statements will either be nonsensical, literal, or 

figurative.  

For example, “A Sheep is a Hill” is a nonsensical 

statement; “A Circle is a Shape” is a literal statement; 

“Love is a Journey” is a figurative statement.  

Use the number pad to indicate your rating from 1 to 6 

(1 being very unsuitable/unnatural and 6 being very 

natural/suitable).  

Please read the statements carefully before making a 

response. Press the space bar to begin. There will be 

three practice trials followed by the rest of the 

experiment. When you are finished, a thank-you 

message will appear. Afterward, you may exit the 

room. 

Your task will be to rate how suitable or natural a series of 

statements are. 

The statements will either be nonsensical, literal, or 

figurative. 

For example, “A Sheep is a Hill” is a nonsensical 

statement; “A Circle is a Shape” is a literal statement; 

“Love is a Journey” is a figurative statement.  

Answer with your rating from 1 to 6 (1 being very 

unsuitable/unnatural and 6 being very natural/suitable). 

Answer with only the number from 1 to 6, do not add 

more. 
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Supplementary Table 1.3. Validity of GPT-generated metaphor ratings for each study. Correlations between human-generated ratings and ratings generated by GPT3.5-turbo, 

GPT4o-mini (prompted through API and ChatGPT interface), and GPT4o for the three dimensions (comprehensibility, imageability, and familiarity). 

Measure Language Study GPT3.5-turbo GPT4o-mini GPT4o ChatGPT 

Comprehensibility English Al-Azary & Buchanan (2017) 0.69*** 0.74*** 0.79*** 0.78*** 

Imageability 

English Campbell & Raney (2016) 0.39** 0.42** 0.36** 0.56*** 

Italian Bambini et al. (2024) 0.38*** 0.46*** 0.65*** 0.45*** 

Familiarity 

Italian Bambini et al. (2013) 0.02 0.37** 0.56*** 0.31* 

Italian Bambini et al. (2014) 0.50*** 0.55*** 0.61*** 0.29** 

Italian Bambini et al. (2024) 0.49*** 0.57*** 0.64*** 0.45*** 

English Campbell & Raney (2016) 0.65*** 0.67*** 0.62*** 0.73*** 

Italian Canal et al. (2022) 0.32*** 0.54*** 0.70*** -0.09 

English Cardillo et al. (2017) 0.65*** 0.62*** 0.63*** 0.39*** 

Italian IUSS NEPLab MetaBody study -0.02 0.47*** 0.68*** -0.11 
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Supplementary Figure 1.1. Scatter plots showing the relationship between GPT ratings (y-axis) and human ratings (x-axis) across 

three dimensions: Imageability (blue panel), Comprehensibility (purple panel), and Familiarity (green panel), in Italian or English, 

with marginal density plots illustrating rating distributions. Regression lines are color-coded by model: GPT-3.5 (red), GPT-4o-

mini (teal), and GPT-4o (orange) 
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Supplementary Table 1.4. Validity of GPT ratings for literal and anomalous statements. Correlations between human-

generated ratings and ratings generated by GPT3.5-turbo, GPT4o-mini (prompted through API and ChatGPT interface), and 

GPT4o 

 

 

Supplementary Table 1.5. Reliability for each study. Correlations between ratings generated by GPT3.5-turbo, GPT4o-mini 

(prompted through API and ChatGPT interface), and GPT4o obtained in two independent sessions for the three dimensions 

(comprehensibility, imageability, and familiarity). 

 

  

Measure Study Items Language 
GPT3.5-

turbo 

GPT4o-mini 

(API) 

GPT4o-mini 

(Interface) 
GPT4o 

Familiarity 

Cardillo et al. 

(2017) 
Literal English 0.53*** 0.58*** 0.58*** 0.61*** 

Bambini et al. 

(2013) 

Anomalous and 

literal 
Italian 0.83*** 0.82*** 0.90*** 0.93*** 

Comprehensibility 
Al-Azary & 

Buchanan (2017) 

Anomalous and 

literal 
English 0.97*** 0.98*** 0.98*** 0.96*** 

Measure Language Study GPT3.5-turbo GPT4o-mini GPT4o ChatGPT 

Comprehensibility English Al-Azary & Buchanan (2017) 0.99*** 0.99*** 0.99*** 0.91*** 

Imageability 

English Campbell & Raney (2016) 0.99*** 0.98*** 0.97*** 0.66*** 

Italian Bambini et al. (2024) 0.99*** 0.99*** 0.98*** 0.67*** 

Familiarity 

Italian Bambini et al. (2013) 0.98*** 0.99*** 0.96*** 0.67*** 

Italian Bambini et al. (2014) 0.97*** 0.99*** 0.96*** 0.88*** 

Italian Bambini et al. (2024) 0.98*** 0.99*** 0.99*** 0.87*** 

English Campbell & Raney (2016) 0.98*** 0.99*** 0.99*** 0.86*** 

Italian Canal et al. (2022) 0.97*** 0.99*** 0.99*** 0.74*** 

English Cardillo et al. (2017) 0.98*** 0.99*** 0.98*** 0.63*** 

Italian IUSS NEPLab MetaBody study 0.93*** 0.99*** 0.98*** 0.47*** 
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STUDY TWO 

METAPHORS’ JOURNEYS ACROSS TIME AND GENRE: TRACKING THE 

EVOLUTION OF LITERARY METAPHORS WITH TEMPORAL EMBEDDINGS2 

Abstract 

Metaphors are a distinctive feature of literary language, yet they remain less studied experimentally than 

everyday metaphors. Moreover, previous psycholinguistic and computational approaches overlooked the 

temporal dimension, although many literary metaphors were coined centuries apart from contemporary 

readers. This study innovatively applies tools from diachronic distributional semantics to assess whether 

the processing costs of literary metaphors varied over time and genre. Specifically, we trained word 

embeddings on literary and nonliterary Italian corpora from the 19th and 21st centuries, for a total of 124 

million tokens, and modelled changes in the semantic similarity between topics and vehicles of 515 19th-

century literary metaphors, taking this measure as a proxy of metaphor processing demands. Overall, 

semantic similarity, and hence metaphor processing demands, remained stable over time. However, genre 

played a key role: metaphors appeared more difficult (i.e., lower topic-vehicle similarity) in modern literary 

contexts than in 19th-century literature, but easier (i.e., higher topic-vehicle similarity) in today’s 

nonliterary language (e.g., the Web) than in 19th-century nonliterary texts. This pattern was further shaped 

by semantic features of metaphors’ individual terms, such as vector coherence and semantic 

neighborhood density. Collectively, these findings align with broader linguistic changes in Italian, such as 

the stylistic simplification of modern literature, which may have increased metaphor processing demands, 

and the high creativity of the Web’s language, which seems to render metaphor more accessible. 

 

 

 
2 This chapter is a manuscript in preparation for submission to a peer-review journal as “Mangiaterra, V., Barattieri di San 
Pietro, C., Canal, P., & Bambini, V. “Metaphors’ Journeys Across Time and Genre: Tracking the Evolution of Literary 
Metaphors with Temporal Embeddings”. 
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2.1. Introduction 

Research on metaphors, both from the perspective of cognitive linguistics (Lakoff & Johnson, 1980) and 

pragmatics (Sperber & Wilson, 2012), has largely contributed to depicting metaphors as a pervasive 

phenomenon in language and cognition, rather than just a tool for poets. Similarly, empirical research as 

pursued within Experimental Pragmatics, psycholinguistics, and neurolinguistics has focused on everyday 

manifestations of metaphors. Nonetheless, metaphor remains a stylistic hallmark of poetic and narrative 

language (Steen et al., 2010). Understanding the mechanisms through which we comprehend metaphors 

in literature captures, therefore, a relevant aspect of metaphor processing. To date, however, experimental 

research on literary metaphors remains a niche. 

Theoretically, literary metaphors hold a special status compared to everyday metaphors. According to 

Relevance Theory, while everyday metaphors point toward a straightforward interpretation (e.g., ‘That 

lawyer is a shark’, meaning ‘The lawyer is aggressive’), literary metaphors are held to generate a wide range 

of weak implicatures (e.g., the metaphor ‘His ink is pale’ by Gustave Flaubert, meaning that ‘His writing 

lacks contrast, may fade, will not last’3). Processing this wide range of assumptions is supposed to require 

an additional cognitive effort that generates the so-called poetic effect of literary metaphors (Pilkington, 

2000). On the quantitative side, corpus-linguistics studies found that metaphors are well represented in 

fiction, where they constitute 11% of the words (Steen et al., 2010), and that metaphors in literary texts 

are, more frequently than in other genres, non-lexicalized, i.e., with a novel association between topic and 

vehicle (Goatly, 1997). 

From the experimental point of view, the few available studies on literary metaphors led to heterogeneous 

results. Katz et al. (1988) collected ratings from human participants for literary and everyday metaphors, 

finding no difference along ten psycholinguistic dimensions and suggesting that they do not differ in 

nature. Conversely, other studies reported that literary metaphors are less familiar, more open-ended, and 

more difficult to understand than journalistic metaphors (Semino & Steen, 2008; Steen, 1994). In 

 
3 Example from Pilkington (2000).  
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addition, Bambini et al. (2014) found that ratings are modulated by context, and specifically that when 

literary metaphors are presented together with their context, people tend to consider them more 

meaningful and less concrete, less difficult, and less familiar, compared to when presented without 

context. Consistently, electrophysiological evidence showed that literary metaphors trigger a sustained 

brain response, possibly linked to the manipulation of multiple meanings (Bambini et al., 2019), 

supporting the theoretical claims that literary metaphors evoke multiple weak implicatures and require a 

greater cognitive effort compared to non-literary metaphors.  

 A less considered factor in the study of literary metaphors is the temporal dimension: literary metaphors 

used in empirical studies were created by authors who lived well before the participants who took part in 

the experiments investigating the processing of these expressions. Whether this temporal gap between 

the time of production of literary metaphors and the time of their processing contributes to the cognitive 

effort involved in interpreting metaphors, and whether readers today need an additional effort compared 

to readers contemporary to the time of metaphor production, has never been investigated. A preliminary 

answer may come from the replication of the Katz et al. (1988) study by Campbell & Raney (2016). They 

recollected ratings for the same metaphors used in Katz et al. twenty-five years later, and found that 

judgments were consistent over time. However, twenty-five years is a limited time span, while the time 

in which metaphors were created and contemporary readers might be centuries apart.  

The issue of the temporal gap becomes particularly relevant when we consider that both language and 

society have deeply changed over the last two centuries, potentially modifying the conceptual and 

contextual factors underlying metaphor interpretation. Focusing on Italian, studies on the history of 

language noted that in the 19th century, written language was still an élite product. Despite some 

innovative thrusts, Italian was characterized by a style close to the courtly and illustrious tradition both 

in literature (Beccaria, 1993; Serianni, 1993) and in journalistic and nonfiction language (Marazzini, 2002; 

Masini, 1977). In the 21st century, instead, language has evolved, particularly in literary contexts, toward 

a strong shift to oral and informal styles (Coletti, 2022). Moreover, in the 21st century, much of the 

exposure to written language occurs on the Web, as highlighted, for instance, by recent reports on news 
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consumption that indicate that web-based sources are used by 68% of the Italian sample, compared to 

12% for print media (Newman et al., 2025). The language of the web, or netspeak (Crystal, 2006), has its 

own specificities: it is based on informal speech, combining terms from different registers and neologisms 

(Cerruti & Onesti, 2013), and allows users to experiment with new forms of language creatively 

(Fiorentino, 2018; Goddard, 2015). 

 

2.1.1. A distributional approach to metaphor evolution 

To understand how literary metaphors were perceived at the time of their creation, distributional 

semantics techniques be of into help, as they allow us to construct representations of meaning mimicking 

the semantic networks of readers of different epochs and to compare the status of the metaphors in the 

two representations. Two key features of these techniques make them suitable for answering our research 

question: i) their ability to approximate human representation of meaning and ii) the possibility to build 

models starting from historical corpora and therefore represent meaning in specific time points. 

Distributional semantics is based on the theoretical intuition, the so-called distributional hypothesis (Harris, 

1954), that states that words occurring in similar contexts have similar meanings. Implementing this 

hypothesis, Vector Space Models (VSMs) can be trained on large text corpora to learn co-occurrences of 

words. In VSMs, words are represented as vectors, whose coordinates are derived from their co-

occurrences in the corpora. Words whose vectors are closer in the VSM tend to be closer in meaning. In 

these models, the semantic similarity between two words can be operationalized as the cosine of the angle 

between the vector of word1 (𝑣𝑤1) and the vector of word2 (𝑣𝑤2), as defined by the following formula: 

 

𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = cos(𝑣𝑤1, 𝑣𝑤2) =  
𝑣𝑤1. 𝑣𝑤2

‖𝑣𝑤1‖ . ‖𝑣𝑤2‖
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2.1.1.1. Applications of distributional semantics to psycholinguistic and metaphor research 

Since their inception, distributional semantic approaches have been closely tied to psychological and 

psycholinguistic research, given that VSMs can model various dimensions of human semantic knowledge, 

capturing how word meaning is acquired, processed, and stored in the brain (Bhatia et al., 2019; Günther 

et al., 2016; M. N. Jones et al., 2015). Distributional semantics tools can be a valid application to quantify 

also aspects of figurative language processing (Reid & Katz, 2018). In these applications, a widely studied 

measure is the semantic similarity between the two terms of a metaphor. Well before the diffusion of 

computational tools, the relation between topic, namely the subject of the metaphor (e.g., lawyer in ‘That 

lawyer is a shark’), and vehicle, namely the term used metaphorically (e.g., shark), was recognized as crucial 

to metaphor comprehension and appreciation, with rating-based semantic similarity being linked to a 

number of dimensions, such as metaphoricity, ease of interpretation, and goodness of nonliterary and 

literary metaphors (Katz et al., 1985; Marschark et al., 1983). The computational operationalization of 

semantic similarity via word embeddings has been largely applied to metaphor research (Bolognesi & 

Aina, 2019; Brglez & Vintar, 2025; Utsumi, 2011). Applications ranged from automatic metaphor 

identification (based on defining a cosine similarity threshold below which expressions are considered 

metaphorical, see Mao et al., 2018; Shutova, 2015; Su et al., 2017) to modeling metaphor processing costs 

(where cosine similarity is considered an approximation of human judgments). For instance, McGregor 

et al. (2019) found that contextual embeddings, i.e., dynamic representation of words based on 

surrounding contexts, can efficiently model human ratings of metaphoricity, meaningfulness, and familiarity, 

and Winter & Strik-Lievers (2023) showed that semantic similarity between the topic and the vehicle of 

synesthetic metaphors mirrors their degree of metaphoricity and creativity. Converging evidence comes from 

the Figurative Archive (Bressler et al., 2026), a recent resource collecting approximately 1,000 metaphors 

together with human ratings, where significant correlations between semantic distance and both 

familiarity and metaphoricity were reported. In particular metaphors with less semantically similar topics 

and vehicles are considered less familiar and more difficult to process.  
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From word embeddings, other measures relevant for language and metaphor processing can be derived. 

Among those, Semantic Neighborhood Density (SND), i.e., the number of words that are similar to the target 

one in terms of meaning, was shown to play a role in language processing, being able to predict 

performances on psycholinguistic tasks, such as lexical decision and word naming (Buchanan et al., 2001). 

In metaphor research, metaphors composed of low-SND words were considered more comprehensible 

than metaphors with high-SND words (Al-Azary & Buchanan, 2017). Moreover, the SND of the vehicle 

allows to discriminate between different types of metaphors: literary metaphors have vehicles with higher 

SND compared to nonliterary metaphors (Reid et al., 2023).  

 

2.1.1.2. Applications of distributional semantics to semantic change 

Semantic similarity has found applications in historical linguistics and semantic change research. The 

distributional hypothesis can indeed be adapted to the diachronic perspective: changes in a word’s co-

occurrences reflect changes in its meaning (Hilpert, 2008a). Hence, by looking at how word co-

occurrences change through time, it is possible to track the evolution of meaning in time. Operationally, 

to create time-characterized word embeddings, i.e., embeddings representing the word's meaning at each 

specific time point, it is necessary to train VSMs on corpora of different epochs. However, given the 

stochastic nature of VSMs, every time a training process is initialized, different spatial coordinates are 

used, making it impossible to compare word vectors across spaces. For the VSMs to be comparable, they 

need to have the same spatial coordinates, i.e., to be aligned. Different procedures (Gulordava & Baroni, 

2011; Kulkarni et al., 2015) have been proposed to train aligned VSMs, among which the Temporally aligned 

Word Embeddings with a Compass (TWEC) model (Di Carlo et al., 2019).  

By employing aligned time-locked semantic representations of a word, it is possible to track its semantic 

shift over time by computing the cosine similarity between the embedding at time1 (𝑣𝑤𝑡1) and at time2 

(𝑣𝑤𝑡2), a measure called vector coherence (Cassani et al., 2021; Hamilton et al., 2016). As a result, a word 

whose meaning has shifted over time would exhibit a lower semantic similarity between 𝑣𝑤𝑡1 and 𝑣𝑤𝑡2 
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(i.e., lower vector coherence) compared to a word whose meaning has remained consistent, which would 

exhibit a higher semantic similarity between 𝑣𝑤𝑡1 and 𝑣𝑤𝑡2 (higher vector coherence). To date, most 

studies in diachronic distributional semantics have focused on identifying semantic changes of single 

words (Cain & Ryskin, 2025; Charlesworth et al., 2022; Garg et al., 2018; Hamilton et al., 2016; Xu & 

Kemp, 2015), by examining variations in vector coherence across epochs. Only recently these approaches 

have been applied to investigate how the relation between different words changes over time (Jenkins et 

al., 2025), a perspective that is crucial for tracing the evolution of complex expressions, such as 

metaphors.  

 

2.1.2. The present study  

In this study, we aimed to explore whether Italian literary metaphors are associated with different 

processing demands for today’s readers compared to 19th-century readers, contemporary to the time of 

metaphors’ original creation. To do so, we innovatively extended diachronic VSMs from word-level to 

the case of multi-word expressions, namely metaphors. Specifically, we trained VSMs on historical 

corpora from the 19th century and on contemporary corpora, mimicking the linguistic input available to 

present and past readers. Given that (i) the evolution of Italian is closely intertwined with textual genres, 

and (ii) different interpretative attitudes and processing modes may be activated depending on the 

literariness of a text (Steen, 1989), we incorporated the genre dimension by training separate models for 

literary and nonliterary corpora within each epoch. Then, we compared the semantic similarity between 

topics and vehicles of a set of literary metaphors in each diachronic VSM, taking this measure as a proxy 

of the evolution of metaphors’ processing demands. Moreover, we examined whether metaphors’ 

evolution is further shaped by lexical-semantic features of individual topics and vehicles, such as their 

stability over time (vector coherence), their semantic neighborhood density, and their frequency.  
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We expected that the temporal dimension, when assessed over a sufficiently long span of time, would 

significantly influence the processing costs of metaphors. In particular, we hypothesized that metaphors 

would yield higher elaboration demands in present-day readers than in readers of the past, who shared 

the conceptual and contextual environment in which the metaphors were originally created. Also, given 

that in the past both literary and nonliterary texts were intended for educated readerships and exhibited 

similar stylistic features (Aprile, 2014), we expected no difference across genres in the past. In the 21st 

century, instead, literary language and web-based language constitute distinct varieties of Italian, which 

led us to expect differences between the two genres in the processing demands of metaphors. 

 

2.2. Methods 

2.2.1. Metaphor dataset 

A set of 19th-century Italian literary texts was retrieved from Project Gutenberg 

(https://www.gutenberg.org/), an initiative started in the 1970s, intending to collect digital versions of 

books that have never been copyrighted or whose copyright has lapsed. From the selected texts, “A di 

B” (Eng. “A of B”) strings were extracted. Using the spaCy package (Honnibal & Montani, 2017), we 

performed a Part-Of-Speech (POS) tagging, and all the “NOUN of NOUN” strings were selected. Even 

though metaphors come in many shapes and forms, we chose to focus on the “NOUN of NOUN” 

structure to avoid any possible confounding factors due to differences in the number and type of their 

constituting elements. Following (Hanks, 2006), a set of keywords from semantic classes that are 

considered productive sources of metaphors, such as natural events and locations (river, storm, rain) and 

emotions (anger, joy), was then employed to filter the resulting list, yielding a set of N = 400 metaphors. 

The dataset was further enriched by adding an existing collection of “A of B”4 metaphors (Bambini et 

al., 2014). The final dataset included a total of N = 515 metaphors in the form of “A of B” (e.g., “Capelli 

 
4 Thirty-seven of these metaphors displayed a definite artile in the propositional phrase, i.e., “A of the B” (e.g., “Abbraccio 
del sonno”, Eng. “Embrace of the sleep”). 

https://www.gutenberg.org/
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di fiamma”, Eng.“Hair of flame”) and is fully available in the Literary Metaphors module of the Figurative 

Archive . While metaphors can come in different syntactic constructions, we chose the genitive one 

because it clearly displayed the two terms (topic and vehicle) of the metaphors. The order of the terms 

can vary, with some metaphors displaying a topic-vehicle (TV) order, with the first term being the topic 

and second one being the vehicle, e.g., “Capelli di fiamma” (Eng. “Hair of flame”), and others displaying 

a vehicle-topic (VT) order, with the first term being the vehicle and the second one being the topic, e.g., 

“Grumo di nuvole” (Eng. “Clump of clouds”). Table 2.1 reports four examples of the metaphors 

included in the dataset, together with metadata regarding author, source, year of publication, topic, vehicle 

and their order. 

 

Table 2.1. Examples of literary metaphors included in the final dataset of the study. 

Metaphor Author Source/Book Year Topic Vehicle Order  

Cielo di perla  

(Eng. sky of pearl) 

Giovanni Pascoli Myricae 1891 Cielo (Eng. Sky) Perla (Eng. Pearl) TV 

Grumo di nuvole 

(Eng. clump of clouds) 

Federico De 

Roberto 

L'Illusione 1891 Nuvole (Eng. Clouds) Grumo (Eng. Clump) VT 

Capelli di fiamma (Eng. 

hair of flame) 

Sibilla Aleramo Il Passaggio 1919 Capelli (Eng. Hair) Fiamma (Eng. Flame) TV 

Nebbia di malinconia 

(Eng. Fog of 

melancholy) 

Federico De 

Roberto 

Documenti 

Umani 

1888 Malinconia (Eng. 

Melancholy) 

Nebbia (Eng. Fog) VT 

Note. T = Topic, V = Vehicle. 

 

2.2.2. Training sets 

To examine the diachronic evolution of metaphors, considering also the possible effect of textual genre, 

we collected a set of Italian corpora, for a total of 124 millions tokens, composed of literary and 
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nonliterary texts written in the 19th and the 21st century. Table 2.2 reports a summary of the characteristics 

of the collected corpora. 

 

Table 2.2. The composition of the literary and nonliterary sections of 19th-century and 21st-century corpora. 

Corpus Size Description Genre 

21st Century 
   

Itwac 42 M Web-crawled corpus (Baroni et al., 2009). Nonliterary 

Contemporary Literature 20 M Literary texts published between 2000 and 2020, used in 

accordance with the “fair use” principle of copyright law. 

Literary 

19th century 
   

Gutenberg Nonliterary 

(GNL) 

10 M Nonliterary texts downloaded from Project Gutenberg on 

topics such as botany, agriculture, and science. 

Nonliterary 

Lessico dell’Italiano 

Scritto (LIS) 

6 M Diachronic corpus of written Italian texts from 1850 to 1940 

(Accademia della Crusca, 2013). 

Nonliterary 

ChronicItaly (CI) 16 M Corpus of Italian immigrant newspapers published in the 

United States between 1898 and 1920 (Viola, 2021). 

Nonliterary 

Gutenberg Literary  30 M Literary texts downloaded from Project Gutenberg, both prose 

and poetry. 

Literary 

Note. Size is in millions of tokens. 

 

From the corpora, four training sets were built: 19th-Century Literary training set, 19th-Century 

Nonliterary training set, 21st-Century Literary training set, 21st-Century Nonliterary training set. The 

training sets included from 20 to 42 million tokens (19th century literary: 30 M; 19th century nonliterary: 
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32 M; 21st century literary 20 M; 21st century nonliterary: 42 M), in line with the mean size of large corpora 

employed by Di Carlo et al. (2019). The internal diversity of these datasets was designed to provide a 

proxy for the linguistic input accessible to the readers in each respective epoch. In the 19th-century 

training set, we included prose and poetry texts for the literary section and texts from technical manuals, 

newspapers, and diaries for the non-literary section. In the 21st-century training set, we included prose 

and poetry for the literary section and a collection of texts taken from the web, such as newspaper sites, 

blogs, and educational sites, for the non-literary section. 

 

2.2.3. Training Aligned Spaces 

Employing the Temporally aligned Word Embeddings with a Compass (TWEC) model (Di Carlo et al., 2019), 

we trained four sets of word embeddings on the four training sets previously outlined. The word 

embeddings provide a semantic representation of words in the Italian language that differs by epoch (19th 

and 21st centuries) and genre (Literary and Nonliterary). 

The TWEC model exploits the dual representation of words derived from a word2vec model (Mikolov 

et al., 2013) based on a Continuous Bag of Words (CBOW) architecture, a feed-forward neural network 

trained to predict a target word given its context, relying on the theoretical assumption that most words 

do not change over time, and that words with a shifted meaning will appear in the context of words that 

did not change. This theoretical assumption is reflected in the creation of an atemporal VSM, called 

compass, based on which the spatial coordinates of all the other temporal VSMs are then subsequenttly 

defined. In other words, a compass model is first trained on the entire corpus, providing the semantic 

representation of words independently of time. After that, the compass's context matrix is used to initialize 

the training of a time- and genre-specific target matrix on each corpus, which allows us to extract the 

temporal word embeddings.  

Operationally, we trained the model on the whole training set (resulting from the combination of all 

training sets), and we extracted the resulting two atemporal matrixes, an input-weight Context matrix (C) 
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and an output-weight Target matrix (U).  The target matrix U was used as “a compass”, i.e., it served as a 

reference to initialize all the other VSMs along the same coordinate system. We hence trained a set of 

context matrices Ci on each slice of the training set (namely, 19th-century Literary training set, 19th-Century 

Nonliterary training set, 21st-Century Literary training set, 21st-Century Nonliterary training set). As a 

result, the context embeddings can differ according to the co-occurrence frequencies that are specific to 

a given temporal period. Each of the four resulting sets of word embeddings provides a representation 

of word meaning in the 19th century, in the 21st century, and in the literary and nonliterary sections of the 

training sets.  

2.2.4.  Measures of Diachronic Change 

To semantically characterize the metaphors across time, we computed four measures of interest using 

the obtained sets of word embeddings, one at the metaphor level (Cosine Similarity between topic and 

vehicle - CS) and three at the word level, for each term of the metaphor (Semantic Neighborhood Density 

– SND, Vector Coherence – VC, and Frequency – Freq, see Table 2.3). Each measure was computed, 

for each metaphor, in all time and genre slices, to obtain a semantic characterization of the metaphor and 

its terms in each epoch and each textual genre. A graphical representation of the approach, including 

corpora collection, VSM training, and features computation, is depicted in Figure 2.1.  
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Table 2.3. Measures of metaphor change, with corresponding formula and interpretation. 

Level Measures Formula Description Interpretation 

Metaphor Cosine Similarity 

between topic and 

vehicle (CS) 

 

𝐶𝑆(𝑡𝑣) = cos(𝑣𝑡
𝑡𝑛, 𝑣𝑣

𝑡𝑛) 

Cosine Similarity between the vector of 

the metaphor’s Topic (𝑣𝑡) and the 

vector of the metaphor’s Vehicle (𝑣𝑣) 

in all time and genre slices (𝑡𝑛). 

CS can be considered as a proxy of the processing costs of the 

metaphor; from a diachronic perspective, it can be used to 

describe the temporal trajectories of the metaphors’ demands. 

 

Word Semantic 

Neighborhood Density 

(SND) 

 

𝑆𝑁𝐷𝑡 =  
∑ cos(𝑣𝑡

𝑡𝑛, 𝑣𝑖
𝑡𝑛

 
)𝑛=500

𝑖=1

𝑛
 

 

𝑆𝑁𝐷𝑣 =  
∑ cos(𝑣𝑣

𝑡𝑛, 𝑣𝑖
𝑡𝑛

 
)𝑛=500

𝑖=1

𝑛
 

 

Semantic Neighborhood Density of 

the Topic (𝑣𝑡) and the Vehicle (𝑣𝑣) in 

all the slices (𝑡𝑛) was computed as the 

average of the cosine similarities 

between the word and its n closest 

neighbors. 

SND refers to the average proximity of a word vector to its 

closest neighbors as computed using a language model. It 

provides a measure of the word's position in VSMs relative to its 

nearest neighbors. A word with many close neighbors is 

considered semantically denser than a word with fewer close 

neighbors. Metaphors with denser vehicles are considered less 

comprehensible (Al-Azary & Buchanan, 2017). 

  

Vector Coherence (VC) 𝑉𝐶𝑡 = cos(𝑣𝑡
𝑡1, 𝑣𝑡

𝑡2) 

 

𝑉𝐶𝑣 = cos(𝑣𝑣
𝑡1, 𝑣𝑣

𝑡2) 

Vector Coherence of the Topic and the 

Vehicle was obtained by computing the 

cosine similarity between a word vector 

in the 19th century (𝑣𝑤
𝑡1) and its vector 

in the 21st century (𝑣𝑤
𝑡2). 

VC is a measure of the stability of word meaning over time. A 

word with high VC has maintained a stable meaning because the 

word vector at 𝑡1 is very close to the word vector at 𝑡2. A word 

with low VC has changed meaning because the word vector at 𝑡1 

is quite far from the word vector at 𝑡2. 

 

Frequency (Freq) 𝐹𝑟𝑒𝑞𝑡

= log ( 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑠 𝑡𝑜𝑝𝑖𝑐 

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑜𝑘𝑒𝑛 
 ) 

 

𝐹𝑟𝑒𝑞𝑣

= log ( 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒𝑠 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑜𝑘𝑒𝑛 
 ) 

 

Logarithmic Relative Frequency of the 

Topic (𝐹𝑟𝑒𝑞𝑡) and the Vehicle (𝐹𝑟𝑒𝑞𝑣) 

in all slices. 

 

Word Frequency is a key measure both in psycholinguistics and 

in diachronic semantic shift research (Baumann et al., 2023). 

Regarding word processing, higher-frequency words are 

elaborated faster than lower-frequency ones (Brysbaert et al., 

2018). In diachrony, frequent words show the tendency to 

change more slowly (Hamilton et al., 2016).  

Note. The value of n was set to 500, as in previous computational approaches to metaphors (Kintsch, 2000). 
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Figure 2.1.  Workflow for the Diachronic Analysis of Italian Literary Metaphors. The process begins with the collection of Italian corpora stratified by epoch (19th vs. 21st century) and genre (literary vs. 

non-literary). From the 19th-century literary corpus, 515 metaphors (e.g., Hair of flame) were extracted. Then, the corpora were used to train aligned temporal embeddings (using the TWEC methodology). 

Diachronic change is then quantified using a metaphor-level measures (Cosine Similarity) and single-word measures, including Frequency, Semantic Neighborhood Density (SND), and Vector Coherence (VC).



58 
 

2.2.5. Statistical analyses 

To understand the relationship between word- and metaphor-level measures, we computed a set of 

Pearson correlations between CS, SND, VC, and Freq, corrected for multiple comparisons. 

To test the hypothesis that CS varied through time and across different genres, we fitted a Linear Mixed-

Effects Model (LMM – Pinheiro & Bates, 2000) using the lme4 package (Bates et al., 2015), considering 

CS as a continuous dependent variable, and genre and epoch as interacting categorical predictors. Then, 

to explore whether the evolution of metaphors is further shaped by different word-level variables, we 

fitted a series of LMMs using again the lme4 package, considering CS as a continuous dependent variable, 

genre and epoch as interacting categorical predictors, and word-level variables as continuous predictors. 

Specifically, to define the final statistical model, we incrementally added the word-level variables (i.e., first 

topic and vehicle SND, Freq and VC separately, then pairs of topic and vehicle features and finally all 

the variables), and we tested if the addition of variables contributed to explaining the data variance by 

comparing the models’ goodness-of-fit in terms of Akaike Information Criterion (AIC), Bayesian 

Information Criteria (BIC), and Log-likelihood (Bozdogan, 1987; Neath & Cavanaugh, 2012). All models 

included a random intercept to account for the variability of individual metaphors. All analyses were 

performed in R (R Core Team, 2025).  

 

2.3. Results 

2.3.1. Descriptive statistics 

Table 2.4 reports descriptive statistics of the measures of interest as computed in the four corpora and 

sets of embeddings. The distribution of each variable is displayed in Figure 2.2. While measures like CS, 

SND and Freq maintain relatively normal distributions with consistent peaks across both centuries, VC 

exhibits a significant departure from normality. Specifically, in the literary genre, both topics and vehicles 
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demonstrate high VC (approaching 1.0), suggesting that words in literary texts did not report drastic 

changes in meaning. Conversely, the words in the nonliterary genres show a great semantic shift. 

 

Table 2.4. Descriptive statistics of word-level and metaphor-level measures reported as Mean (SD). 

 19th Lit 21st Lit 19th NonLit 21st NonLit 

CS 0.31 (0.21) 0.27 (0.21) 0.30 (0.22) 0.33 (0.20) 

SND Topic 0.69 (0.05) 0.69 (0.05) 0.68 (0.05) 0.71 (0.05) 

SND Vehicle 0.71 (0.05) 0.69 (0.05) 0.70 (0.05) 0.72 (0.05) 

VC Topic 0.85 (0.1) -0.08 (0.17) 

VC Vehicle 0.84 (0.12) -0.12 (0.18) 

Freq Topic -9.62 (1.45) -9.90 (1.67) -10.16 (1.47) -10.69 (1.58) 

Freq Vehicle -10.53 (1.45) -10.68 (1.49) -11.09 (1.56) -11.57 (1.51) 

Note: CS = Cosine Similarity, computed between the Topic and the Vehicle of the metaphor; SND = Semantic Neighborhood Density, 

computed as average cosine similarity between the word and its 500 closest neighbors; VC = Vector Coherence, computed as cosine 

similarity between the word at t1 and the word at t2; Freq = Frequency, computed as the logarithm of the relative frequency of the word. 
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Figure 2.2. Density plots of metaphor and single-word variables. The plots show the density distribution of the metaphor feature (cosine similarity) and single-word features (semantic neighborhood 

density, vector coherence, and frequency) for both topic and vehicle across time and genre. Note: SND = Semantic Neighborhood Density, VC = Vector Coherence, Freq = Frequency.
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2.3.2. Correlation analysis 

Results of the correlation analyses between single-word and metaphor-level measures are reported in 

Figure 2.3.  

CS, SND, and Freq showed overall strong positive correlations across genre and epoch, as highlighted 

by the black triangles on the diagonal. VC, however, reported low correlations confirming the different 

patterns of semantic change between literary and nonliterary genres. 

Regarding word-level variables, SND and Freq of both topics and vehicles were negatively correlated in 

all slices (see the blue squares), indicating that less frequent words tend to be more semantically dense 

across time and genre. A positive correlation emerged between Freq and VC (see the light blue 

rectangles), especially in literary corpora, indicating that more frequent words have a more stable meaning. 

Moreover, SND positively correlated with VC (see the purple rectangle), suggesting that denser words 

have a more stable meaning. 

Regarding the relations between word-level variables and CS (see green rectangles), we found that the 

latter was positively correlated with topic VC in literary corpora, suggesting that when the meaning of 

the topics tends to change over time, metaphors are characterized by more semantically distant terms. 

Moreover, in nonliterary corpora, we found a positive correlation between both topic and vehicle SND 

and CS, indicating that when metaphors are constituted by high-density terms, they tend to have a greater 

topic-vehicle similarity.



62 
 

 

 

Figure 2.3. Correlations between word-level measures and metaphor-level measures. Positive correlations are displayed in red and negative correlations in blue. The color intensity is proportional to the 

correlation coefficients. Non-significant correlations are marked with a cross. All corrections are corrected for multiple comparisons. 
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2.3.3. Linear Mixed-Effects Models 

The simple LMM including epoch and genre as interacting predictors revealed an effect of Genre (β = -

0.03, t = -6.85, p < 0.001), with metaphors reporting a lower semantic similarity in Literary corpora 

compared to Nonliterary ones, further qualified by its interaction with Epoch (β = -0.07, t = -7.82, p < 

0.001). No main effect of Epoch was reported (p = 0.35). A diverging trend emerged: metaphors’ terms 

become increasingly distant in literary texts going from the 19th century to the 21st century, while in 

nonliterary texts, metaphors’ terms showed an increasing semantic similarity (Table 2.6, Figure 2.4).  

 

 

Figure 2.4. Effects of epoch and genre on cosine similarity between the topics and vehicles of metaphors. Panel A shows the 

effects of epoch and genre as emerged from the LMM. Panel B shows a graphical representation of how the relationship between topic and 

vehicle of a representative metaphor (“Capelli di fiamma”, Eng. “Hair of flame”) changed. 

 

Moving to the investigation of how the diachronic evolution of metaphors is further shaped by lexical-

semantic features of topic and vehicle, the comparison of AIC, BIC, and Log-likelihood showed that the 

best fit to the data is obtained by adding both topic and vehicle SND and to the simple model (see Table 

2.5). 
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Table 2.5. Summary statistics of LMMs presenting AIC, BIC, and Log-Likelihood. 

Model df AIC BIC LogLik 

Epoch * Genre 6 -2,185.8 -2,152.1 1,098.9 

Epoch * Genre * (SND topic + SND vehicle) 14 -2,321.5 -2,242.8 1,174.8 

Epoch * Genre * (Freq topic + Freq vehicle) 14 -2,212.3 -2,133.5 1,120.1 

Epoch * Genre * (VC topic + VC vehicle) 14 -2,231.3 -2,152.6 1,129.7 

Epoch * Genre * (VC topic + VC vehicle + SND topic + SND vehicle) 22 -2,357.1 -2,233.4 1,200.5 

Epoch * Genre * (VC topic + VC vehicle + Freq topic + Freq vehicle) 22 -2,245.3 -2,121.6 1,144.7 

Epoch * Genre * (SND topic + SND vehicle + Freq topic + Freq vehicle) 22 -2,328.0 -2,204.3 1,186.0 

Epoch * Genre * (VC topic + VC vehicle + SND topic + SND vehicle + 

Freq topic + Freq vehicle) 
30 -2,349.8 -2,181.2 1,204.9 

Note: AIC = Akaike's information criterion; BIC = Bayesian Information Criterion; Freq = word Frequency; LogLik = Log-Likelihood; 

SND = Semantic Neighborhood Density; VC = Vector Coherence. 

 

The LMM showed a significant three-way interaction between topic VC, Genre, and Epoch (β = 0.225, 

t = 3.15, p = 0.002), suggesting that the coherence of the topic influenced metaphor CS in contemporary 

literary texts but not in the other slices (Table 2.6, Figure 2.5a). Moreover, the model showed a significant 

interaction between vehicle SND, Genre, and Epoch (β = -0.602, t = -3.25, p = 0.001), in addition to the 

main effect of vehicle SND (β = 0.58, t = 7.90, p < 0.001). While the main effect indicated that higher 

SND generally predicts higher CS, this relationship became stronger specifically in 21st century nonliterary 

texts (Table 2.6, Figure 2.5b).  
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Table 2.6. Outputs of the base LMM model and the best LMM model with Single-Word Features on CS. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: SND = Semantic Neighborhood Density; VC = Vector Coherence. 

 Base Model Model with Single-Word Predictors 

Predictors Estimates Statistic p Estimates Statistic p 

Epoch -0.00 -0.93 0.353 -0.28 -2.99 0.003 

Genre -0.03 -6.85 <0.001 0.15 1.55 0.121 

Epoch*Genre -0.07 -7.82 <0.001 0.11 0.59 0.552 

SND Topic    0.57 7.63 <0.001 

SND Vehicle    0.58 7.90 <0.001 

VC Topic    0.04 1.92 0.056 

VC Vehicle    -0.04 -2.12 0.034 

Epoch*SND Topic    0.02 0.24 0.811 

Epoch* SND Vehicle    0.23 2.48 0.013 

Epoch * VC Topic    0.12 3.30 0.001 

Epoch * VC Vehicle    -0.04 -1.44 0.150 

Genre * SND Topic    -0.25 -2.63 0.008 

Genre * SND Vehicle    -0.16 -1.72 0.086 

Genre * VC Topic    0.23 4.35 <0.001 

Genre * VC Vehicle    0.08 1.76 0.079 

Epoch * Genre * SND Topic    0.18 0.99 0.321 

Epoch * Genre * SND Vehicle    -0.60 -3.25 0.001 

Epoch * Genre * VC Topic    0.23 3.15 0.002 

Epoch * Genre * VC Vehicle    0.02 0.33 0.740 
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Figure 2.5. Significant effects of lexical-semantic features of topic and vehicle. Panel A illustrates the effect of Vector 

Coherence (VC) of the topic on Cosine Similarity (CS) across Epoch and Genre. Panel B shows the effect of Semantic 

Neighborhood Density (SND) of the vehicle on CS across Epoch and Genre. 

 

2.4. Discussion 

In the present study, we investigated whether the processing demands of Italian literary metaphors 

changed over time and as a function of textual genres and lexical-semantic features of the topic 

and vehicle. To do so, we collected 19th-century and 21st-century corpora (composed of literary 

and nonliterary texts), taken to reflect the linguistic input of today’s and past readers. Then, we 

used the corpora to train different temporal vector space models, obtaining representations of 

word meanings in the two time points. Then, we examined how the semantic similarity between 

topics and vehicles of a set of 515 Italian metaphors, extracted from literary texts of the 19th 

century, varied. Crucially, we took semantic similarity as a proxy of metaphor processing difficulty, 

thereby associating metaphors with semantically closer terms to lower processing demands. 

Importantly, we did not limit the analysis to semantic similarity across epochs and genres, but we 
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also included three single-word variables relevant in historical and metaphor research. Specifically, 

we considered i) a measure of the stability of word meaning over time (vector coherence; Cassani et 

al., 2021; Hamilton et al., 2016b; Rodda et al., 2017); ii) word frequency, as it affects both semantic 

shift (Englhardt et al., 2020; Feltgen et al., 2017; Sagi et al., 2009) and metaphor processing 

(Littlemore et al., 2018); iii) Semantic Neighborhood Density (SND), which has been shown to 

impact metaphor processing, with high density hindering metaphor comprehensibility (Al-Azary 

& Buchanan, 2017; Reid et al., 2023). Given the significant stylistic change and simplification of 

Italian over the past two centuries (Coletti, 2022), we expected that today’s readers may experience 

classical literary metaphor differently from the readers of the 19th century. In particular, we 

assumed that today’s readers do not share the cultural background of the authors of classical 

literary metaphors, and, as such, we expected that metaphors could entail greater processing costs 

for contemporary readers. 

Our analysis partially confirmed our predictions. Overall, the semantic relationship between topics 

and vehicles of metaphors did not change from the 19th century to today, suggesting that the 

processing of metaphors has not become more costly as we moved away from the time these 

metaphors were originally written. However, a different representation of the metaphors across 

time emerges depending on the genre (literary or non-literary). Indeed, the significant interaction 

between Epoch and Genre indicates that the semantic relationship between topic and vehicle 

followed a genre-depending diverging trajectory over time. Starting from an equivalent semantic 

representation in 19th-century literary and nonliterary VSMs, metaphors’ terms in the 21st-century 

became increasingly distant (less similar) in literary texts, while they showed an increasing semantic 

similarity in nonliterary texts. This interaction suggests that the effort required to process these 

metaphors has actually decreased in modern nonliterary contexts; conversely, in the literary 

domain, these metaphors have become more semantically distant over time. 
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This result can be linked to the nature of the corpora considered as literary and nonliterary texts. 

The modern nonliterary corpus consisted of web-crawled texts (Baroni et al., 2009), a linguistic 

variety that differs substantially from literature (Pistolesi, 2014). Scholars have noted the language 

of the Web is characterized by greater variability, brevity, fragmentation, fluidity, and loose use of 

language with an open, hybrid, and changeable nature (Santini, 2007), while modern Italian 

literature is marked by a loss of literariness and a shift toward orality, highlighted by lexicon and 

discursive signals specific to a standardized spoken language (Dardano, 2014). In the modern 

nonliterary corpus, the vectors of topics and vehicles tend to be closer, indicating more entrenched 

associations and easier connections between distant concepts. In the literary modern corpus, by 

contrast, the vectors tend to be more distant, suggesting that novel associations are less frequent 

and therefore more striking. We can conclude that in contemporary nonliterary language, novel 

metaphorical associations required reduced processing demand due to increased frequency of 

novel associations between words, while in literary language, they remain marked and, hence, 

cognitively demanding. 

It is noteworthy that, while in the 21st century the status of metaphors is quite distinct across 

genres, in line with the marked stylistic differences between literary and nonliterary texts reported 

for modern Italian (Aprile, 2014), this distinction was not present in the 19th century texts. Indeed, 

the interaction effect suggests that in the 19th century, metaphors were processed similarly 

regardless of the textual genre. This can be linked to the shared stylistic features of 19th-century 

literary and nonliterary texts. Texts from both genres were cultural products designed for the 

educated portion of the population and therefore characterized by high-register language, with 

echoes of the classical tradition (Aprile, 2014). Although elements of stylistic innovation can be 

found starting from the 19th century, language essays, manuals, and newspaper texts, which 

compose our nonliterary training sets, continue the expressive heritage of earlier prose and poetry 

(Masini, 1994). 
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 Interestingly, in a proof-of-concept study applying the same methodology to English 

literary metaphors (Mangiaterra et al., 2024), we found a different pattern of results. English 

metaphors were associated with higher processing costs in nonliterary text compared to literary 

ones, irrespective of the epoch, confirming the stable nature of the English language – and its 

stylistic remarks, such as metaphors – in the last two centuries. These cross-linguistic differences 

suggest that the patterns emerging from this kind of analysis are language-specific and that 

metaphor evolution follows the broader stylistic trajectories of the language in which they are 

embedded. 

 

2.4.1. Single-word features and their impact on metaphor evolution 

The claim that metaphor evolution is embedded in the broader temporal changes of the language 

at stake is further strengthened when we consider the role of single-word variables. First, it is 

important to note that single-word variables showed known patterns of relationships, confirming 

the validity of our vector space models. In particular, vector coherence was associated with word 

frequency, consistent with the findings that frequent words change less over time (Hamilton et al., 

2016b), and with semantic neighborhood density, consistent with the findings that words change 

more in the sparse portions of the semantic network (Ryskina et al., 2020). We also found that 

word frequency was negatively correlated with SND (consistent with Buchanan et al., 2001), 

suggesting that highly frequent words tend to occur in a variety of contexts and develop more 

loosely related relationships with their neighbors (less dense meaning), while low-frequency words 

tend to develop a higher level of specificity and tigher relationship with their neighbors (more 

dense meaning, see Rambelli & Bolognesi, 2024). 

 Moving to the analysis of the contribution of lexical-semantic features of topics and 

vehicles in shaping the diachronic evolution of metaphors, both the correlation analysis and the 

linear mixed models highlighted the centrality of the vehicle semantic neighborhood density and 
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the topic vector coherence. Semantic neighborhood density of the vehicle had an overall effect, 

which appeared stronger in 21st century nonliterary text, as denser vehicles were associated with 

metaphors with semantically closer terms. As suggested by Al-Azary & Buchanan (2017), when a 

word has many close semantic neighbors, it lacks the flexibility to acquire new metaphorical 

associations. Instead, a vehicle with low SND, with its looser semantic association, may evoke the 

wide array of weak implicatures characteristic of literary metaphors, which resulted in greater 

appreciation (Reid et al., 2023), but also higher processing costs, as suggested by our results. In the 

21st century nonliterary text, high SND pulls the terms together into the entrenched, easily 

processed associations reflected in our high similarity results, such as in the highly dense vehicle 

“flour” in the metaphor “sky of flour”, as compared to sparser vehicle “inebriation” in the 

metaphor “inebriation of light”.  

Moreover, we found that in 21st-century literary texts, where metaphors are associated with higher 

processing costs, these demands seem to be driven by the vector coherence of the topic. In 

deriving the meaning of a metaphor, the function of the topic is to help promote the salient 

features of the vehicle necessary to reach the intended interpretation. Topics whose meanings have 

changed greatly over time have probably acquired a sparser set of semantic relationships and are 

considered less concrete (Azarbonyad et al., 2017) and acquired later (Cassani et al., 2021). All 

these features contribute to making the shifted meaning of these topics less accessible and less 

prone to providing the straightforward contextual constraints necessary to guide the reader 

through the process of meaning derivation of complex literary metaphors. An example of this 

process can be provided by the metaphor “vento di lode” (Eng. “wind of praise”). The topic 

“lode” (Eng. “praise”) shifted greatly between literary texts of the 19th-century (where the meaning 

was in the semantic domain of “kindness”, “gratitude”, “appreciation”) and 21st-century (where 

the meaning is in the semantic domain of “report card”, “degree”, “graduated”, given the 

prominence of the use in the expression “con lode” – Eng. “cum laude), and therefore represented 
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a less clear guide for the selection of the appropriate meaning of the metaphor, increasing its 

processing demands. 

Overall, it emerged that the topic should have a stable meaning to guide the derivation of metaphor 

interpretation over time and reduce processing costs, and, at the same time, the vehicle should 

have a flexible meaning to allow the metaphor to emerge.  

 

2.5. Conclusions 

This study examined the evolution of processing costs of literary metaphors in terms of semantic 

similarity between topics and vehicles, expanding the diachronic application of word embeddings 

to the analysis of complex expressions such as metaphors. Our results showed that, while overall 

the processing demands of metaphors did not change from the past to today, they vary in relation 

to different textual genres, following the broader patterns of stylistic evolution in the Italian 

language. We can therefore argue that since literary and nonliterary language were very similar in 

the 19th century, readers did not process metaphors with different levels of effort depending on 

genre. Today’s readers, however, have to make a greater effort to process metaphors in current 

literary texts, which have a plainer and simplified language, while they can more easily activate the 

connection between distant concepts in the creative nonliterary language of the Web. Possibly, 

this distinction may also hint at the effect of different linguistic exposure and its impact of 

processing in contemporary speakers with different backgrounds.  

Methodologically, this work confirms the possibility of applying temporal embeddings to examine 

the evolution of multi-word expressions (Jenkins et al., 2025), extending their scope to figurative 

expressions. Regarding metaphor processing, our results empirically highlight the need to account 

for the textual context in which metaphors are embedded, which could determine different 

processes of elaboration (Steen, 1989). The point of optimal distance between topics and vehicles, 
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which “should be sufficiently distant to emphasize differences but sufficiently close to maintain 

similarities” (Katz, 1989), seems to be the result of a complex balance, modulated by the nature of 

the words composing the metaphors but also sensitive to the broader stylistic features of the 

language. Ultimately, this study demonstrates that what makes a metaphor difficult to process is 

not an inherent property, but a dynamic process influenced by diachronic genre-based shifts and 

by the structure of single-word semantic networks.  

Data availability statement 

Temporal vector space models and metaphor datasets used in the study are available at 

10.5281/zenodo.18523747.

https://doi.org/10.5281/zenodo.18523747
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STUDY THREE 

TEMPORAL WORD EMBEDDINGS IN THE STUDY OF METAPHOR CHANGE OVER 

TIME AND ACROSS GENRES: A PROOF-OF-CONCEPT STUDY ON ENGLISH5 

 

Abstract 

Temporal word embeddings have been successfully employed in semantic change research to identify 

and trace shifts in the meaning of words. In a previous work, we developed an approach to study the 

diachrony of complex expressions, namely literary metaphors. Capitalizing on the evidence that measures 

of semantic similarity between the two terms of a metaphor approximate human judgments of the 

difficulty of the expression, we used time-locked measures of similarity to reconstruct the evolution of 

processing costs of literary metaphors over the past two centuries. In this work, we extend this approach 

previously used on Italian literary metaphors and we present a proof-of-concept study testing its 

crosslinguistic applicability on a set of 19th-century English literary metaphors. Our results show that the 

processing costs of metaphors changed as a function of textual genre but not of epoch: cosine similarity 

between the two terms of literary metaphors is higher in literary compared to nonliterary texts, and this 

difference is stable across epochs. Furthermore, we show that, depending on the metaphor structure, the 

difference between genres is affected by word-level variables, such as the frequency of the metaphor’s 

vehicle and the stability of the meaning of both topic and vehicle. In a broader perspective, general 

considerations can be drawn about the history of literary and nonliterary English language and the 

semantic change of words. 

 

 

 
5 This chapter has been published as Mangiaterra, V., Barattieri di San Pietro, C. & Bambini, V., Temporal word embeddings in the 

study of metaphor change over time and across genres: a proof-of-concept study on English in Proceedings of the Tenth Italian Conference 
on Computational Linguistics (CLiC-it 2024), pages 548–555, Pisa, Italy. CEUR Workshop Proceedings. 
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3.1. Introduction 

Does the metaphor “The wind is a wrestler” convey the same feeling today, as it did in the 1888 when 

Gerard Manley Hopkins used it in the poem “That nature is a Heraclitean Fire and of the comfort of the 

Resurrection” (Gardner & MacKenzie, 1967)? The answer to this question is not trivial: human languages 

evolve constantly, alongside with the society in which they are used, so much so that the concepts 

associated with each word, as well as their semantic associations with other words, have changed to 

different degrees (Hamilton et al., 2016). 

Studies on lexical semantic change have a long tradition (Fortson, 2017; Traugott & Dasher, 2001) but, 

with the increasing availability of historical language data and the development of new digital tools, they 

radically opened up to new approaches coming from computational linguistics and distributional 

semantics (Kutuzov et al., 2018; Tahmasebi et al., 2019; Tang, 2018). In the diachronic declination of the 

Distributional Hypothesis (Harris, 1954), it is said that changes in the contexts in which a word occurs 

over time may reveal a change in meaning (Hilpert, 2008b). Operatively, this means that by training vector 

space models on historical text corpora from different epochs, it is possible to create time-locked 

representations of words: if the meaning of a word changed over time, its vectorial representation at 𝑡1 

will be different from its vectorial representation at time 𝑡2; conversely, if the two vectors of the same 

word at 𝑡1 and 𝑡2 are in close proximity, the meaning of the word has remained stable. Comparing words 

vectors diachronically, however, is not effortless and requires the temporal vector space models to be 

aligned. Alignment is a crucial step in diachronic distributional semantics and it has been tackled by 

different approaches (Di Carlo et al., 2019; Gulordava & Baroni, 2011; Kulkarni et al., 2015). Previous 

studies employing temporal embeddings have found that more frequent words change slower than less 

frequent words, and that polysemous words change faster than monosemous words (Hamilton et al., 

2016), while synonyms tend to change meaning comparably (Y. Xu & Kemp, 2015). However, temporal 

word embeddings have been mostly applied to the study of the semantic change of single words and only 

marginally to complex linguistic expressions leaving the field with a knowledge gap on the evolution of 

meaning of a widespread linguistic and textual phenomenon such as, for instance, metaphors. 
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Within the theoretical framework of Relevance Theory (Wilson & Carston, 2007), metaphors are non-

literal uses of language involving a conceptual adjustment described as context-driven broadening of 

lexically denoted meaning of words. In terms of linguistic structure, metaphors normally involve two 

terms, the topic and the vehicle: for example, in the metaphor ‘Sally is a chameleon’, the topic Sally is 

described by the broadened vehicle chameleon, to indicate a person who changes attitude/behavior to 

fit their surroundings. While metaphors are broadly used in everyday communication, they are certainly 

a distinctive feature of literary texts, as long evidenced in stylistics (Fludernik et al., 1999). Past studies on 

literary metaphors, however, report mixed results. The rating study by Katz et al. (1988) found no 

difference between literary and everyday metaphors, while other studies showed that the former type is 

less familiar and more open-ended than the latter (Semino & Steen, 2008), but literary metaphors are 

rated as less difficult and more familiar when presented together with their original context (Bambini et 

al., 2014). Moreover, the processing of literary metaphors seems to be particularly effortful, given the 

multitude of possible meanings they evoke (Bambini et al., 2019). Therefore, open questions remain 

regarding how literary metaphors are processed. It must be also underlined that the literary metaphors 

used in previous studies were written tens or hundreds of years ago. Yet, the effect of this diachronic 

dimension on their processing costs, as well as its interplay with textual genre in which metaphors are 

embedded, remains an open question. 

In addition to its diachronic application, the use of vector space models can help characterize metaphors 

thanks to the ability of these models to approximate human performance in psycholinguistic tasks. 

Measures derived from vector space models were shown to be able to approximate how humans process 

word meaning (Bhatia et al., 2019; Günther et al., 2016; M. N. Jones et al., 2015) and, more specifically 

to correlate with how humans perceive metaphorical expressions in terms of metaphoricity, difficulty, 

and other psycholinguistic dimensions (McGregor et al., 2019; Reid et al., 2023; Winter & Strik-Lievers, 

2023). In particular, semantic similarity, operationalized in vector space models as cosine similarity (CS) 

between topic and vehicle, has long been considered relevant for metaphor studies (Katz et al., 1985) 

and, more recently, for automatic metaphor identification (Shutova, 2015).  
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In a previous study on Italian (Mangiaterra et al., in preparation, see §Study 1), we developed a novel 

method, employing the Temporal Word Embeddings with a Compass (TWEC) model (Di Carlo et al., 

2019) as training procedure, to capture the temporal dynamics of literary metaphors. This method 

combines the computational models’ abilities to approximate human judgments and their diachronic 

applications, allowing to track the diachronic evolution of how literary metaphors are perceived by 

readers over the course of 200 years. In the present proof-of-concept study, we apply this approach to 

English, to test its crosslinguistic applicability and whether it can provide language-specific insights into 

the evolution of metaphors. We take the similarity between the topic and vehicle of a metaphor as a 

proxy for its difficulty, and we analyze how it varies across time and textual genres. We also consider the 

role of word frequency (WF) and vector coherence (VC), two widely used measures in the study of 

semantic change (Englhardt et al., 2020; Feltgen et al., 2017), as well as semantic neighborhood density 

(SND) in shaping the difficulty of the expression. WF and VC were considered to assess the effect of the 

semantic change of the single word on the evolution of whole metaphor understanding, while SND was 

considered to analyze the impact of a measure known to synchronically impacts metaphor understanding 

(Al-Azary & Katz, 2023; Reid et al., 2023) on its diachronic unfolding. 

 

3.2. Methods 

3.2.1. Dataset of metaphors 

The study focuses on “classic” literary metaphors (i.e., metaphors found in 19th-century literary texts). 

In terms of metaphor structure, we focused on metaphors in the form of ‘A is B’ (e.g. “Stars are dancers”) 

and ‘A of B’ (e.g., “Clouds of melancholy”), as they clearly display the two metaphorical elements (topic 

and vehicle) and allow to avoid possible confounding factors (length of expression, intervening words, 

etc.). Twenty- four (24) ‘A is B’ metaphors were taken from the dataset in Katz et al. (1988) and 115 

metaphors in the form ‘A of B’ were retrieved from a collection of literary texts of the 19th century. These 

latter were identified by PoS-tagging a corpus of literary texts from the 19th century (see below) with 
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spaCy (Honnibal & Montani, 2017), and then extracting only the ‘NOUN of NOUN’ constructions. The 

resulting list was then further reduced by manually searching for words belonging to known sources of 

metaphors, such as atmospheric events (e.g., ‘rain’) or physical locations (e.g., ‘river’) (Hanks, 2006), 

following the methodology in Bambini et al. (2014). 

 

3.2.2. Corpora and training 

To test whether the processing costs of metaphors changed as a function of epoch, we collected corpora 

from the 19th century and from the 21st century. We also included different textual genres (literary vs. 

nonliterary) of the corpora, to examine whether the difficulty of the figurative expression is modulated 

by the stylistic features of different types of language. Following previous work (Bambini & Trevisan, 

2012), the corpora were built so as to be representative of the language to which speakers of the two 

epochs were exposed, and specifically by combining literary, nonfiction, and journalistic language for the 

19th century, and literary and web language (which includes sections of newspapers, blogs, and other text 

types that can be found on the Internet) for the 21st century. Specifically, we trained four diachronic 

vector space models on four corpora: 

• 19th-century literary corpus (32M tokens), consisting of a collection of literary texts (both narratives 

and poetry) retrieved from the Gutenberg project (gutenberg.org); 

• a 19th-century nonliterary corpus (25M tokens), consisting of nonliterary texts, such as magazines or 

scientific essays, from the same online resource (gutenberg.org) 

• a 21st-century literary corpus (16M tokens), collected from literary texts available on the web, employed 

without violating the “fair use” principle of copyright law; 

• a 21st-century nonliterary corpus (46M tokens), collected from portions of the UMBC web- Base corpus 

(Han et al., 2013). 
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To train aligned temporal vector space models, we followed the procedure by (Di Carlo et al., 2019). The 

TWEC model is implemented on top of a Continuous Bag of Words (CBOW) architecture (Mikolov et 

al., 2013). The TWEC model exploits the double representation learned by the CBOW model: the target 

matrix and the context matrix. First, a model, the so-called “compass”, is trained on the whole corpus, 

creating time-independent word embeddings. The context matrix of the compass is then maintained fixed 

to train on each corpus a time- and genre-specific target matrix from which we derive the temporal word 

embeddings. The four sets of embeddings obtained for the four corpora will represent the meaning of 

words in each time slice for the two genres. To validate our models, following previous studies (Hamilton 

et al., 2016), we computed the synchronic (within time period) accuracy of each vector space model 

against the MEN dataset (Bruni et al., 2012), which contains 3,000 pairs of words together with a semantic 

similarity score provided by humans. Finally, we tested whether our measure of metaphor difficulty 

(cosine similarity between topic and vehicle) correlated with the measure of difficulty in Katz et al., 1988a 

dataset. 

3.2.3. Measures of interest and analyses 

For each metaphor, we collected four measures of interest, at the metaphor- and word-level. 

• Cosine similarity (CS): the similarity between the two terms of the metaphor (topic and vehicle). It is 

computed as the cosine of the angle between the vectorial representations of the two words. CS is here 

considered as a proxy value of difficulty of the metaphors. 

• Semantic neighborhood density (SND): a measure of the density of the semantic space around a word. 

Words with many closely related words have a higher semantic density while words whose neighbors are 

more distant and are sparsely distributed have a lower density. It is computed as the mean cosine similarity 

between the target word and its 500 closest neighbors (standard size from previous work, see Kintsch, 

2000). 

• Vector coherence (VC): a measure of the stability of a word’s meaning, computed as the cosine similarity 

between the target word at 𝑡1 the target word at 𝑡2. Words with a high vector coherence are considered 
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to have stable meaning through time, while a low vector coherence means that the word’s meaning has 

changed. 

• Word frequency (WF): computed as the logarithm of the frequency of the target word in the reference 

corpus. 

Each measure was collected for all the temporal slices, extracted from the temporal vector space models 

(CS, SND, and VC) or corpora (WF). To analyze how the understanding of metaphors changed over 

time and if it was affected by genre and word-level variables, we fitted a set of Linear Mixed Models 

(LMMs) using the R package lme4 (Bates et al., 2015). The two metaphorical structures were treated 

separately, fitting distinct models for ‘A is B’ and ‘A of B’ metaphors. The linear mixed model considers 

CS as dependent variable and the interaction between epoch and genre and word-level variables as 

predictors. In all models Items (metaphors) were added as random variables. The resulting formula was: 

lmer(cosine ∼ epoch * genre * (VC-topic + VC-vehicle + SND-topic + SND-vehicle + WF-topic + 

WF-vehicle) + (1|Item). 

Alpha level was set at .05. 

 

3.3. Results 

First, to test the validity of the meaning representation in the vector space models, we correlated the 

human scores of relatedness and the semantic similarity derived from our word embedding for each pair 

of words in the MEN dataset (Bruni et al., 2012) (Table 3.1). These results show strong correlations, 

comparable to the results obtained by Hamilton et al. (2016), indicating that the models accurately mimic 

humans’ representation of maning (i.e., they have a good synchronic accuracy). 
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Table 3.1. Results of correlation between models’ semantic similarity scores and MEN dataset’s semantic similarity scores. 

19th Literary  19th Nonliterary 21st Literary 21st Nonliterary 

.55  .58 .61 .59 

Note: All the correlations have a p < .001. 

 

Secondly, we tested whether cosine similarity between the two terms of a metaphor correlated with the 

measure of difficulty from the dataset by Katz et al. (1988). Results showed a moderate correlation (r(26) 

= .49, p < .05): metaphors with higher semantic similarity between topic and vehicle were rated with 

lower values of difficulty by participants, coherently with previous studies. 

Thirdly, we explored whether the change in the semantic similarity between the topics and the vehicles 

of literary metaphors is driven by the interaction between the Epoch, Genre and single-word variables. 

The results of our predictors of interest are reported below. Concerning the ‘A of B’ metaphors’ mixed 

model, results showed a main effect of genre (𝛽 = 0.81, t = 2.44, p = .01) and a significant three-way 

interaction between epoch, genre and vector coherence, both of the topic (𝛽 = 0.34, t = 2.018, p = .04) 

and of the vehicle (𝛽 = -1.715, t = -4.954, p < .001). These results indicate that the cosine similarity of 

literary metaphors’ terms did not change over time, but it changed as a function of textual genres, 

resulting in greater difficulty (lower cosine similarity) in nonliterary texts than in literary (Figure 3.1). 
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Figure 3.1. Effects of epoch and genre in defining the cosine similarity between the topic and vehicle of ‘A of B’ 

metaphors 

 

As shown by the three-way interaction between Epoch and Genre and the single-word variables in Figure 

3.2, the effect of VC acted differently in the two time points and in the two genres. VC of the vehicle did 

not affect CS in literary and non- literary texts in the past; conversely, more stable vehicles significantly 

lowered CS in present literary texts and increased CS in present nonliterary texts. A similar trend can be 

observed for VC of the topic, where its stability did not affect CS in the past, regardless of the literary 

genres. Conversely, stability of the topic contributed to significantly increase CS in present literary texts, 

but less so in nonliterary texts. 
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Figure 3.2. Effects of topic and vehicle VC in defining the cosine similarity between the topic and vehicle of ‘A of 

B’ metaphors 

 

For ‘A is B’, the model revealed a significant three-way interaction between epoch, genre, and the 

frequency of the vehicle (𝛽 = 0.06, t = 2.077, p = .04), but no main effects. The effect of WF of the 

vehicle showed different patterns in the two time points and in the two genres (Figure 3.3): while WF of 

the vehicle did not affect CS in literary texts, both in the past and in the present, more frequent vehicles 

significantly increased CS in past nonliterary texts and lowered CS in present nonliterary texts. 
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Figure 3.3. Effects of vehicle WF in defining the cosine similarity between the topic and vehicle of ‘A is B’ metaphors 

 

3.4. Discussion 

In this proof-of-concept study, we characterized the temporal dynamics of a set of English literary 

metaphors to understand whether their processing costs changed over time. We also explored whether 

this change was affected by the genre of the texts, as well as by the semantic properties of the constituting 

elements of the metaphors (topic and vehicle). By leveraging on the diachronic applications of 

distributional semantics and extending a method already applied to the study of Italian literary metaphors 

(Mangiaterra et al., in preparation, see §Study 1), we created a series of time-locked semantic representations 

of 139 English metaphors, from which we derived a measure of the cosine similarity between their terms 

(CS), taken as a proxy of their difficulty, together with semantic neighborhood density (SND), stability 

over time (VC), and, from four diachronic corpora, frequency (WF) of their topics and vehicles. 

Results showed no effect of epoch for either ‘A is B’ or ‘A of B’ literary metaphors. Thus, no noticeable 

change in CS over time was revealed, suggesting that these metaphors come with similar processing costs 

for contemporary readers and for readers of the epoch in which the metaphors were created. The absence 

of an effect of epoch can be better understood by considering the historical evolution of the English 
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language, and specifically its early standardization. As stated by Wyld (1936), literary writing as early as 

the 18th century was considered ‘English of our own age in all its essentials’. In line with this 

consideration, our results point to the stability of the main stylistic features of the English language in 

the last two centuries, including those related to metaphors. 

While literary metaphors are not processed differently based on the epoch, the influence of the textual 

genre is noticeable. This factor emerged both as a main effect and in different interaction patterns with 

single-word variables, varying according to the type of metaphor. 

For ‘A of B’ metaphors, results revealed that the difficulty of these metaphors changed as a function of 

the genre. In particular, they are perceived as less difficult when found in literary contexts, compared to 

when encountered in nonliterary texts. Hence, the difficulty of these metaphors is sensitive to the style 

of the text in which metaphors are found: when read in a text that has a literary style and aesthetic intent, 

the metaphor is less striking than the same metaphor in a nonliterary text. 

Moreover, we found a strong effect of the stability of the meaning of the vehicle in interaction with epoch 

and genre. This suggests that ‘A of B’ metaphors with more unstable vehicles are perceived as less difficult 

than ‘A of B’ metaphors with vehicles whose meanings remained stable over time. We interpreted this 

result in light of Traugott (2017)’s theory of metaphorization, according to which the metaphorical use 

of a word can become one of its stable meanings. In the context of the present study, words that changed 

the most could have done so by incorporating meanings derived from their metaphorical uses. As a result, 

when these unstable and broadened vehicles are used, metaphors appear less difficult. The reader does 

not need to broaden the concept expressed by the vehicle to interpret the metaphor, because the 

metaphorical nuances have entered the standard meaning of the word. From a qualitative observation of 

the data, we can notice, for instance, that a metaphor such as “Wave of horror”, where the vehicle wave 

incorporated the meaning of ‘sudden increase in a particular phenomenon’, is perceived as less 

metaphorical than “Clouds of doubt”, whose vehicle “clouds” has maintained its original meaning. 
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For ‘A is B’ metaphors, instead, the statistical model highlighted an effect of the frequency of the vehicle 

in interaction with epoch and genre. In nonliterary texts, the perceived difficulty of ‘A is B’ metaphors 

differed as a function of the WF of their vehicle, to the point that metaphors showed opposite patterns 

in the past and in the present: in the past, the less frequent the vehicle, the more metaphorical the whole 

metaphorical expression; in the present, the less frequent the vehicle, the less metaphorical the metaphor. 

The pattern found in the 19th-century space model is in line with previous studies (Littlemore et al., 

2018) that found that metaphors with less frequent vehicles are regarded as more metaphorical than those 

with highly frequent vehicles, indicating that the most metaphorical metaphors are those in which the 

vehicle communicates something new about the topic. Going back to Hopkins’ metaphor "The wind is 

a wrestler", the vehicle wrestler, as a particularly low frequency word in the 19th century, was indeed 

communicating something new about the topic “wind”. As such, the metaphors might have been 

perceived as more difficult and “more metaphorical”, leading to the creation of a new concept. The very 

same metaphor is nowadays perceived differently, because the frequency of the vehicle has changed: 

wrestler has become more frequent, and the whole expression has lost some of its metaphoricity for the 

21st-century readers. 

Overall, our results suggest that for the English language, metaphor processing costs are not affected by 

the temporal distance between the creation of metaphors, which occurred in the 19th century, and their 

processing by today’s readers. Instead, the key factor modulating metaphor processing costs seems to be 

the textual genre in which they appear. This modulation, however, occurs to a different extent depending 

on the syntactic structure of the metaphors and in interaction with single-word measures. Indeed, we 

observe that in defining what drives the difficulty of metaphors, different patterns emerged for the ‘A of 

B’ and ‘A is B’ structures. While for the former, in addition to the main effect of genre, we found the 

effect of vector coherence in interaction with epoch and genre, for the latter, the diachronic evolution of 

metaphor processing costs is related to the interaction of word frequency with epoch and genre. 

While these differences might reflect genuine effects of the syntactic structure and how it impacts 

metaphorical predication (Bambini et al., 2013; Carston & Yan, 2023; Tonini et al., 2023), we must 
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acknowledge that the numerosity of the two sets of items varies, and this might obscure some of the 

effects in the less represented type (A is B). Future studies are needed to further explore the whole range 

of diachronic changes in processing related to structural differences. 

In conclusion, this proof-of-concept study proposed an adaptation from Italian to English of a method 

employing temporal word embeddings to study the evolution of metaphors. Thanks to this approach, we 

could elucidate that the processing costs of English literary metaphors are stable over time (differently 

from Italian) but are dynamically affected by stylistic features of texts and by single-word measures. The 

proposed method seems to be sensitive to the specificities of the language under investigation, supporting 

its crosslinguistic applicability. 
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STUDY FOUR 

BEYOND SURPRISAL: CAPTURING N400 AND P600 EFFECTS FOR METAPHOR VIA 

SEMANTIC, PRAGMATIC, AND PREDICTIVE COMPUTATIONAL MODELS6 

Abstract 

Accounts of metaphor processing have proposed different mechanisms underlying metaphor 

comprehension, variously emphasizing semantic integration, pragmatic inference, or, within broader 

theories of language processing, context-based prediction. These theoretical positions have guided the 

still-debated functional interpretation of the electrophysiological response to metaphor, typically 

characterized by an N400 often followed by later effects.  

Here, we leveraged computational modeling to determine whether quantitative measures can clarify the 

operations underlying the different metaphor-triggered ERP components and account for individual 

differences. For a set of metaphor and literal sentences, we computed semantic similarity from word 

embeddings, surprisal from Large Language Models (LLMs), and a Bayesian pragmatic measure (BPM) 

inspired by the Rational Speech Acts framework, indexing semantic, predictive, and inferential processes, 

respectively. We then compared the modeling power of these measures on the N400 and P600 

components, based on data from 55 participants. 

We found a biphasic pattern of EEG response, with metaphors reporting an N400 followed by a P600. 

Among computational measures, surprisal had a strong overall effect on EEG amplitude, both N400 and 

P600. BPM, instead, emerged in the later window, with utterances with a greater pragmatic load eliciting 

more positive responses. 

 
6 This chapter is a manuscript in preparation for submission to a peer-review journal as “Mangiaterra, V., Canal, P., 
Barattieri di San Pietro, C., Vanooteghem, M., di Paola, S., Ricci, I., & Bambini, V. Beyond surprisal: Capturing N400 and 
P600 effects for metaphor via semantic, pragmatic, and predictive computational models” 



 

88 
 

These results suggest that, while predictive mechanisms have a general role throughout the time course 

of metaphor understanding, there is something more than context-based predictions. Specifically, 

pragmatic inference seems to emerge at a later stage, capturing the effort to derive the intended meaning. 
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4.1. Introduction 

Metaphor processing has been explained through a range of theoretical accounts, differing in their 

assumptions about how the metaphorical meaning is represented and derived. Three main families of 

approaches can be distinguished. One family is represented by semantic approaches, including, for instance, 

structure-mapping theory (Bowdle & Gentner, 2005) and conceptual blending theory (Fauconnier & 

Turner, 1998). These accounts proposed that metaphor comprehension relies on aligning relational 

structure or integration of conceptual spaces, mapping aspects of the source onto the target to generate 

meaning. Instead, pragmatic approaches place emphasis on context-driven inferential processes. Early work 

by Grice (1975) placed metaphors among cases of flouting the Maxim of Quality (“Do not say what you 

believe to be false”), requiring the listener to derive an implicature to understand the intended meaning. 

This view has been further developed within the post-Gricean Relevance Theory framework, which 

posits that metaphor comprehension involves the construction of an ad hoc concept, derived inferentially 

through context-based modulation of the linguistically encoded concept via processes of narrowing 

and/or broadening (Sperber & Wilson, 2012; Wilson & Carston, 2007). Concurrently, predictive mechanisms 

are increasingly recognized in psycho-neurolinguistics. In this framework, language processing is seen as 

continuous prediction, where upcoming input is probabilistically anticipated based on context, and 

processing difficulty arises when predictions are violated (Kuperberg & Jaeger, 2016; Nour Eddine et al., 

2024). Within the domain of figurative language, predictive mechanisms are reported to play a role in 

modulating the processing of idioms and metaphors. Behavioral research indicates that when idiomatic 

expressions are predictable, the literal interpretation can be bypassed in favor of faster figurative access 

(Cacciari & Tabossi, 1988). This is further supported by electrophysiological evidence showing a shift 

from general probabilistic anticipation to the recognition of stored idiomatic templates (Vespignani et al., 

2010). Similarly, Lago et al. (2024) found that linguistic expectations are at work in metaphor processing 

as well, supported by a network of core language regions, including the temporoparietal junctions, which 

help coordinate the brain's readiness to process non-literal input. 
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Insights from these different accounts have been variously used to explain the electrophysiological 

pattern observed for metaphor processing, an area that remains debated. Indeed, the functional 

interpretation of the Event-Related Potential (ERP) components associated with metaphor processing is 

far from being resolved, with scholars linking them to the inferential mechanisms (Bambini et al., 2016) 

and others interpreting them in terms of conceptual mapping and semantic blending (Coulson & Van 

Petten, 2002; Lai & Curran, 2013; Yang et al., 2013). Typically, metaphors are associated with a negative 

deflection reaching a maximum at 400 ms (the so-called N400 component), followed by either a positive 

component after 600 ms (P600 or Late Positive Component, LPC) or a sustained negative response. 

Traditionally, the N400 has been linked to the retrieval of conceptual knowledge from semantic memory 

and its integration with the current mental model of the sentence (Kutas & Federmeier, 2011), with 

competing accounts either emphasizing the effort of semantic integration of a word in the preceding 

context or context-driven predictive mechanisms (Lau et al., 2008). A similar divide is observed in 

metaphor research. Some authors emphasize the semantic nature of the N400 and its role in retrieving 

the stored conceptual knowledge (Goldstein et al., 2012), with a concurrent effects of semantic 

relatedness, familiarity and meaningfulness (Arzouan et al., 2007), while others highlight that context can 

facilitate or hinder the retrieval of semantic information, thereby modulating N400 amplitude to words 

that are more or less likely to continue a metaphorical expression (Canal & Bambini, 2023; Lago et al., 

2024). The P600, originally reported for syntactic anomalies (Hagoort et al., 1993), was later found also 

for semantic anomalies (Kuperberg et al., 2003) and for well-formed but pragmatically complex 

expressions, such as irony and humor (Canal et al., 2019; Spotorno et al., 2013). Within metaphor 

research, some scholars linked the P600 to pragmatic inference and context-guided (re)interpretation of 

the sentence (Bambini et al., 2016; De Grauwe et al., 2010), while others highlighted the role of active 

semantic retrieval (Coulson & Van Petten, 2002). Studies that reported a sustained negative response in 

this later window, especially linked to novel metaphors, such as scientific or literary figurative expressions 

(Bambini et al., 2019; Rutter et al., 2012; Tang et al., 2017), associated it with the prolonged effort to 

integrate meaning and manipulate the multiple possible interpretations.  
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In this study, we propose a computational modeling approach to provide insights for the functional 

interpretation of metaphor processing dynamics, in line with a rich literature aiming to model accounts 

of language processing, and specifically, the cognitive processing behind ERP components (Brouwer et 

al., 2017; Frank et al., 2015; Rabovsky et al., 2018; Rabovsky & McRae, 2014). To do so, we will employ 

three distinct computational measures, derived from three complementary modeling traditions, as indices 

of the accounts presented above, namely, semantic, inferential, and predictive.  

As concerns semantic accounts, we capitalized on distributional semantics, an influential computational 

approach to meaning based on the distributional hypothesis (Harris, 1954), which claims that words 

occurring in similar contexts tend to have similar meanings. Operationalizations of this hypothesis 

through word embeddings (Landauer & Dumais, 1997; Mikolov et al., 2013) have been able to capture 

many aspects of human language processing, such as word associations and priming effects (Cassani et 

al., 2023; Ettinger & Linzen, 2016; Mandera et al., 2017). While the literature is sparser compared to 

behavioral modeling, attempts to relate ERP components to semantic similarity have yielded interesting 

insights for language processing, revealing N400 behaviors not entirely explained by context-based 

predictability (Dudschig et al., 2025; Ettinger et al., 2016). Insights from this approach have also been 

applied to metaphor research, from the seminal work by Kintsch (2000), who introduced the predication 

algorithm to derive metaphor interpretations, to more recent approaches relating semantic similarity from 

word embeddings to metaphor features (Mangiaterra et al., 2024; McGregor et al., 2019).  

When it comes to modeling pragmatic operations, one prominent account is the Bayesian pragmatics or 

Rational Speech Acts (RSA) framework. The RSA framework (Degen, 2023; M. C. Frank & Goodman, 

2012) describes communication as a process of recursive social reasoning between interlocutors (Scontras 

et al., 2021). Specifically, its basic implementation assumes three main levels of inference, represented as 

a literal listener, a pragmatic speaker, and a pragmatic listener. The literal listener interprets sentences 

based only on the sentence’s semantics and updates her prior expectations, considering the utterance as 

true. The pragmatic speaker, reasoning about the literal listener, chooses his utterances based on their 

utility, maximizing the probability that the literal listener understands the conveyed meaning. Finally, the 
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pragmatic listener interprets the utterance by reasoning about the choices of the pragmatic speaker and 

updates her prior beliefs based on the likelihood that the pragmatic speaker produced that utterance to 

convey a certain meaning. Starting from these layers of inference, many pragmatic phenomena have been 

modeled, including hyperbole (Kao et al., 2014), vague quantifiers (van Tiel et al., 2021), referring 

expressions (Degen et al., 2020), and metaphors (Carenini et al., 2023; Kao, Bergen, et al., 2014; Mayn & 

Demberg, 2022). Most RSA approaches to metaphors focused on their interpretation. For instance, given 

a metaphor such as Workers are ants, based on human typicality judgements of how typical certain features 

are (e.g., organized) for the two terms of a metaphor (the topic workers and the vehicle ants), Carenini et al. 

derived RSA-based metaphor interpretations, which showed a high degree of overlap with human ones. 

Recent developments have extended the framework to quantify the pragmatic load, expanding the 

application of RSA to EEG research (Werning et al., 2019; Werning & Cosentino, 2017). Werning et al. 

proposed a Bayesian pragmatic model, by integrating semantic similarity (as a prior) with context-driven 

relevance (as a likelihood), to model the N400 amplitude in response to agentive verbs in standard vs 

new contexts. They found that the Bayesian Pragmatic model better explained the EEG response, 

compared to the semantic similarity and relevance considered alone.  

Finally, language models, and recently transformer-based LLMs, have played a crucial role in 

computational modeling, as their predictive nature allows testing the role of listeners’ context-driven 

predictions in online language processing. Language models can estimate the probability of a word given 

its context and compute the information-theoretical measure of surprisal (Slaats & Martin, 2025). Brought 

into the spotlight by the so-called surprisal theory (Hale, 2001; Levy, 2008), this measure, computed as 

the negative log-transformation of word probability, has been linked to the processing effort, with less 

predictable words (i.e., words with higher surprisal) requiring a greater effort to be comprehended. 

Experimentally, surprisal has been shown to explain both behavioral responses and brain activity 

(Aurnhammer & Frank, 2019; Caucheteux et al., 2021; Smith & Levy, 2013; Wilcox et al., 2023) and 

within EEG research, it has been linked to N400 modulations, with more surprising sentences eliciting 

greater negative components (de Varda et al., 2023; Frank & Aumeistere, 2024; J. Michaelov & Bergen, 
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2020; H. Xu et al., 2024). The relation between surprisal and metaphor has only started to be explored, 

with recent results pointing toward a convergence between surprisal and metaphor novelty (Momen et 

al., 2026). 

In order to test the contribution of semantic, inferential, and predictive mechanisms in metaphor 

processing, here we tested three measures in a single study. Following approaches that compared 

computational models indexing competing account of language processing, for instance contrasting 

contextual similarity with predictability (J. A. Michaelov et al., 2024), lexical with semantic prediction 

error (Lopopolo & Rabovsky, 2024) and context-based with world knowledge expectation (Venhuizen 

et al., 2019), we employed Large Language Models, distributional semantics, and RSA, to gain a deeper 

understanding of the processes occurring at the two main time windows associated with metaphor 

processing (around 400ms and around 600ms). 

Specifically, we collected electrophysiological responses to metaphorical and literal statements and 

compared three computational measures (surprisal from LLMs, semantic similarity from word vectors, and 

an RSA-inspired Bayesian pragmatic measure) in modeling the resulting ERP components. A greater effect 

of semantic similarity would support the semantic account, where the processing effort indexed by the ERP 

components reflects the process of semantic retrieval and integration, while a greater effect of surprisal 

would go in the direction of predictive coding accounts, supporting a hindered lexical access for 

metaphors due to their unpredictability. Finally, a prominent role of the Bayesian pragmatic measure would 

favor the involvement of inferential mechanisms, as in the pragmatic accounts of metaphor 

comprehension. Based on the literature, we derived the following hypotheses. First, we expect to find a 

biphasic electrophysiological pattern, with metaphors associated with a greater negativity in the N400 

window and a greater positivity in the P600 window. Second, we predict a combined effect of surprisal 

and Bayesian pragmatic measures in modulating ERPs amplitude, drawing on recent evidence that, while 

prediction does play a role, it does not provide a complete explanation of the operations at work for 

metaphor processing (Lago et al., 2024).  
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4.2. Methods 

4.2.1 Participants 

Fifty-five participants took part in the experiment (mean age = 25,01; SD = 3,96; age range: 19-35; mean 

education (in years) = 14.44; SD = 4.14; 27 F). They were right-handed (scores > 85 according to the 

Edinburgh Handedness Inventory; Oldfield, 1971) native speakers of Italian, with normal or corrected-

to-normal vision, no reading difficulties, and no history of neurological/ psychiatric disorders.  

The study was approved by the local Research Ethics Committee (Comitato Etico Area Vasta Nord 

Ovest, Azienda Ospedaliero-Universitaria Pisana). Written informed consent was obtained from every 

participant before the beginning of the experiment. Participants received monetary compensation for 

their participation. 

 

4.2.2 Stimuli 

In the ERP paradigm, the experimental material was composed of a set of 80 pairs of not-lexicalized 

metaphorical sentences and literal counterparts (160 sentences in total) and a set of 160 filler sentences 

in Italian. All metaphors were given in the X(s) is/are Y(s) nominal predicative form, embedded in a one-

sentence context (e.g., “In hard times hopes are stars that light the soul up”; original Italian: “Nei 

momenti difficili le speranze sono stelle che illuminano l’anima”). The corresponding literal expressions 

were created by maintaining the vehicle and manipulating the topic of the metaphor and the context such 

that a literal interpretation was obtained (e.g., “Those lights in the night sky are stars of distant galaxies”; 

original Italian: “Quelle luci nel cielo notturno sono stelle di galassie lontane”). 42 metaphor-literal pairs 

were adapted from (Bambini et al., 2013), and 38 pairs were created ex novo. Filler sentences were literal 

sentences with the same syntactic structure as the experimental items. 

Materials from Bambini et al. (2013) were already rated for meaningfulness, difficulty, and familiarity. For 

the de novo created metaphors, we conducted a new rating study assessing the same psycholinguistic 
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variables. The questionnaire was administered online to 49 participants (mean age = 21.69; SD = 1.38), 

who were asked to rate on a 1-to-5 Likert scale the meaningfulness (i.e., how meaningful the sentence 

was), difficulty (i.e., how difficult it was to judge the meaningfulness of the sentence), and familiarity (i.e., 

how familiar the expression was to them/ frequency of experience) of the sentences. The newly rated 

items had the same characteristics of the previous ones and overall metaphors were less familiar 

(metaphor mean = 2.81, literal mean = 3.41, p < 0.001), less meaningful (metaphor mean = 3.59, literal 

mean = 4.00, p < 0.001), and more difficult (metaphor mean = 1.89, literal mean = 1.69, p =  0.002) than 

their literal counterparts. Finally, the mean (SD) length of the overall set of materials was 11.17(1.53) 

number of words.  

Sentences and relative rating can be retrieved from the Figurative Archive (Bressler et al., 2026) either by 

consulting the Zenodo repository at the following link: https://doi.org/10.5281/zenodo.14924804, 

selecting the “Dataset_MetaEducation.xlsx” file, or by accessing the dedicated shinyapp (link: 

https://neplab.shinyapps.io/FigurativeArchive/), by selecting the “Everyday metaphors” section and 

flagging “Yes” in the “IUSS NEPLab MetaEducation Study” column. 

 

4.2.3 EEG Procedure and Assessment 

The EEG recording session lasted about 45/50 minutes, during which participants sat in a comfortable 

chair in a dimly lit room at 100 cm from a 19in computer screen. To ensure participants’ attention, on 

1/3 of the stimuli, at the end of the trial, participants were asked to perform a word matching task in 

which they indicated by button press which word out of two best matched the previous sentence. The 

two alternatives consisted of one related word, depicting a feature of the target word relevant for the 

interpretation of the statement, and one unrelated alternative (e.g., glare vs. switch for the metaphorical 

item “In hard times hopes are stars that light the soul up”). 

The EEG session started with the presentation of written instructions followed by a short training phase 

that familiarized participants with the experimental procedure and the task. Each trial started with a 
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750ms fixation cross displayed at the center of the screen, followed by the experimental sentence 

presented word-by-word with a 600ms ISI and a 200ms blank screen. ERPs were time-locked to target 

words, corresponding to metaphors’ vehicles and to their literal equivalents (e.g., “stars” in “In hard times 

hopes are stars that light the soul up” and “Those lights in the night sky are stars of distant galaxies”). 

The presentation of trials was randomized. Then, the two lexical alternatives of the word matching task 

were displayed on the left and right of the screen for a maximum time window of 3000ms. If participants’ 

responses exceeded this time window, a new trial started. The position in the screen (i.e., right/left) of 

the related and unrelated word was randomized across trials. Both response times and accuracy were 

measured. 

Participants were randomly assigned to one of two lists such that the same subject reads only one version 

of the 80 sentence pairs (i.e., either metaphoric or literal). Each list was composed of 40 metaphorical, 

40 literal, and 80 non-metaphorical filler items. Participants were given two scheduled breaks and were 

asked to refrain from blinking and moving their eyes during the word-by-word presentation of the 

sentences. 

 

4.2.4. EEG Recording and Data Pre-processing 

The EEG was recorded from the scalp using 60 electrodes mounted in an appropriately sized cap 

(EasyCap Brain Products) according to the 10-20 International System: Fpz, Fp1/Fp2, Af3/Af4, 

Af7/Af8, Fz, F1/F2, F3/F4, F5/F6, F7/F8, Fc1/Fc2, Fc3/Fc4, Fc5/Fc6, Ft7/Ft8, Cz, C1/C2, C3/C4, 

C5/C6, T7/T8, Cpz, Cp1/Cp2, Cp3/Cp4, Cp5/Cp6, Tp7/Tp8, Tp9/Tp10, Pz, P1/P2, P3/P4, P5/P6, 

P7/P8, Poz, Po3/Po4, Po7/Po8, Oz, O1.   

Horizontal eye movements were monitored using one electrode placed at the outer canthus of each eye. 

Vertical eye movements were monitored using two electrodes placed respectively over and beneath the 

right eye. Scalp electrode impedances were kept below 5 kΩ. Data from all scalp electrodes were 

referenced online to an electrode placed close to the vertex, and later offline referenced to the 
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mathematical average of the left and right mastoids. The raw EEG signal was collected in AC current 

with a low cut-off filter (time constant 10s) at a sampling rate of 500 Hz and was amplified using Brain 

Amp® passive amplifiers (Brain Products GmbH, Gilching, DE). 

EEG data processing was performed using the EEGLAB and FieldTrip toolboxes for MATLAB. The 

continuous EEG signal was bandpass filtered between 0.1 and 40 Hz using a fourth-order Butterworth 

filter. Non-biological artifacts (e.g., pauses between trials) were removed, and noisy channels were 

automatically identified and rejected using the clean_rawdata plugin. Independent Component Analysis 

(ICA) was applied to the continuous data to correct for ocular artifacts. Components related to eye blinks 

and horizontal eye movements were identified using the ICLabel algorithm and subtracted from the data. 

Following ICA, the rejected channels were interpolated, and the signal was re-referenced to the average 

of the mastoids. The data were then segmented into epochs time-locked to the onset of the target word. 

Artifact rejection was performed using a semi-automatic procedure: epochs with amplitude fluctuations 

exceeding ±150 µV were flagged for rejection, and the remaining trials were visually inspected to remove 

any residual artifacts. The average trial rejection rate was 6%. Five participants were excluded from the 

final analysis due to a rejection rate exceeding 40%, and eight additional participants were excluded due 

to technical failures. Finally, ERPs were computed for a 2000 ms window relative to a 200 ms pre-

stimulus baseline.  

The EEG data were pre-processed using BrainVision Analyzer 2.0.3 (Brain Products GmbH). For each 

participant, epochs (from -600 to 1500ms) time-locked to the onset of the target word in the metaphorical 

and literal conditions were extracted. An independent component analysis (e.g., Groppe et al., 2009; 

Mennes et al., 2010) was carried out on the obtained epochs to identify and remove artifacts due to blinks 

and horizontal eye movements. The independent component analysis was conducted in a semi-automatic 

modality: the maximum amplitude range allowed in each epoch was fixed at 150 µV; the remaining epochs 

were visually inspected and corrected when contaminated by artifacts. After ICA correction, artifact 

inspection was conducted again to identify any residual artifacts, and the affected epochs were rejected. 

The average rejection rate was 6%. Participants with more than 40% rejection rate were excluded from 
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final data analyses. Based on this criterion, 5 participants were excluded from statistical analyses. Eight 

additional participants were excluded due to technical failure. ERPs were computed for 1450ms after the 

onset of the target word relative to a -200ms stimulus baseline.  

4.2.5. Computational measures 

For each metaphorical and literal expression, we computed three measures: semantic similarity from word 

embeddings, a Bayesian pragmatic measure, and surprisal from a set of Large Language Models. x 

4.2.5.1. Semantic similarity 

Semantic similarity was computed as the cosine of the angle between the word embedding of the target 

word (namely, the vehicle of the metaphor or the corresponding word in the literal statement, e.g., 

“stars”) and the mean vector obtained by averaging across the word embeddings of its preceding context 

(e.g., “In hard times hopes are” or “Those lights in the night sky are”). Word embeddings were extracted 

from the Italian pre-trained semantic space by FastText (Grave et al., 2018), trained with a CBOW 

architecture on Common Crawl and Wikipedia. A higher semantic similarity corresponds to a closer 

semantic relationship between the target word and the preceding context. 

4.2.5.2. Bayesian pragmatic measure 

The Bayesian pragmatic measure was adapted from a previous study by Werning et al. (2019). Adjusted 

to our stimuli, the measure corresponds to the pragmatic load of updating the prior belief of the pragmatic 

listeners, based on the semantics of the metaphorical terms, with the likelihood of using a certain 

metaphor to communicate a certain characteristic of the topic. The prior belief was operationalized as a 

monotonic function of the semantic similarity between the vehicle of the metaphor and its preceding 

context, representing the lexical representation of the expression. The likelihood, corresponding to the 

informativeness of the utterance, was operationalized using familiarity ratings collected for the study 

(available within the Figurative Archive, Bressler et al., 2026). Following previous Bayesian and rational 
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modeling approaches (e.g., Scontras et al., 2021), the Bayesian pragmatic measure (BPM) was defined as 

a posterior score, computed as the product of exponentiated prior and likelihood terms: 

BPM = f(Semantic Similarity (v, c) * g(familarity) ∝ exp (semantic similarity) * exp (familiarity) 

To ensure numerical stability and to prevent extreme values from disproportionately influencing model 

estimates, both semantic similarity and familiarity were rescaled to the [0, 1] interval before 

exponentiation. A higher BPM was associated with lower pragmatic inferential load needed, while a lower 

BPM was associated with a greater pragmatic load. 

4.2.5.3. Surprisal 

Surprisal, defined as the log probability of the target word (namely, the vehicle of the metaphor or the 

corresponding word in the literal statement, e.g. “stars”) given its preceding context (e.g., “In hard times 

hopes are” or “Those lights in the night sky are”), was estimated from four large language models: mGPT 

(Shliazhko et al., 2024), GPT2 adapted for the Italian language (de Vries & Nissim, 2021), Minerva 1B 

(Orlando et al., 2024) and Llama 3.2 (Meta AI, 2024). All models were available in Hugging Face and 

were accessed through the package transformers (Wolf et al., 2020). Criteria for models’ choice included i) 

they are open access, ii) can be run on a standard portable computer, and iii) were trained, or adapted, on 

corpora that include Italian text. Multi-token words, which represent a large portion of Italian words, 

were handled by summing the log probabilities of each sub-word token, as stated by the chain rule. Code 

to estimate surprisal was adapted from (de Varda et al., 2023). A higher surprisal corresponds to a less 

predictable target word given the preceding context. 

 

4.2.6. Statistical Analysis 

ERPs were analyzed with Linear Mixed-effects Models (LMM; Pinheiro & Bates, 2000) in R (R Core 

Team, 2025) using lme4 and lmerTest (Bates et al., 2015) packages. For the N400 window (300-500 ms), we 

considered a subset of centro-parietal electrodes (CPz, CP1, CP2, CP4, P1, Pz, P2, P4, PO3, PO4, POz), 
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while for the later time window (600-800 ms), we considered a cluster of frontal electrodes (AF7, AF8, 

AF3, AF4, Fz, F1, F3, F5, F7, F4, F6, F8). The time windows were chosen based on the most common 

ones employed in the literature (see §Study 5), while the choice of the clusters of electrodes was based 

on visual inspection. 

We carried out two sets of analyses for each time window. The first analysis aimed to assess the effect of 

the condition (metaphors vs. literal statements) on the EEG amplitude. The categorical variable of 

condition was effect coded, and the random structure included random intercepts for items, subjects, 

and channel, and random slopes for condition by both subjects and items. The resulting formula was 

lmer(EEG amplitude ~ condition + (1+ condition |subj) + (1+ condition |item) + (1|ch).  

The second analysis focused on the contribution of the three computational measures (surprisal, semantic 

similarity, and the Bayesian pragmatic measure). The computational measures were centered on the mean, 

and the random structure included random intercepts for items, subjects, and channels, and random 

slopes for the computational measures by subjects. The resulting formula was lmer(EEG amplitude ~ 

surprisal + BPM+ sim + (1+ surprisal + BPM + sim |subj) + (1 |trial) + (1|ch). To assess whether the effect 

of the three computational measures was present within each condition, we also fitted the same Linear 

Mixed-effects Model independently for the two subsets of metaphors and literal statements.  

A schematic representation of the approach is reported in Figure 4.1.  
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Figure 4.1. Rationale of the study. The study aims at modeling the EEG amplitude in the N400 and P600 windows, via three 

computational measures: surprisal, semantic similarity, and a Bayesian pragmatic measure. 

 

4.3. Results 

4.3.1. Computational measures 

In Table 4.1, we report the descriptives of the computational measures across conditions. Overall, the 

two-tailed t-tests revealed significant differences across all measures (all ps < .001), with metaphors being 

associated with higher surprisal, lower semantic similarity, and lower BPM than literal statements (see 

also Figure 4.2B).  

Moreover, correlation analysis reported expected patterns of relationship within measures. Surprisal 

values from distinct LLMs were positively correlated, while they negatively correlated with both semantic 

similarity and Bayesian pragmatic measures, with more surprising sentences being associated with lower 

similarity between the target word and its context, and lower pragmatic load (Figure 4.2A).  
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Note: For each measure, we report the mean (SD) and t-test between the literal and metaphorical conditions. *p<.05, **p<.01, ***p<.001

Measure Literal Metaphors t-test  

Surprisal GPT2 17.63 (6.13) 20.79 (5.56) -3.42 *** 

Surprisal Llama 3.2 15.96 (3.34) 19.85 (3.93) -6.75 *** 

Surprisal Minerva 36.01 (3.56) 40.36 (4.12) -7.16 *** 

Surprisal mGPT 15.43 (3.38) 20.75 (4.10) -8.96 *** 

Semantic similarity 0.46 (0.09) 0.28 (0.09) 12.97 *** 

BPM 3.50 (0.80) 2.22 (0.55) 11.88 *** 
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Figure 4.2. Computational measures for literal and metaphorical expressions. Panel A shows the correlation matrix between Bayesian Pragmatic Measure (BPM), surprisal values from various Large Language Models 

(GPT2, Llama 3.2, mGPT, Minerva), and semantic similarity. All correlations are corrected for multiple comparisons. Panel B shows the violin plots illustrating the distribution of these measures across literal (in green) and 

metaphorical (in orange) conditions. Asterisks indicate significant differences (*p<.05, **p<.01, ***p<.001).  
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4.3.2. Behavioural Results 

The mean accuracy of correctly selecting the related-word option during the behavioural task was 93.15% 

and 93.31% in the metaphoric and literal conditions, respectively. Mean response times were 1.42 (SD = 

0.47) and 1.41(SD = 0.68) in the metaphoric and literal conditions, respectively, with no significant 

difference across conditions (t = 0.25, p = 0.80). Overall, these results suggest that all participants paid 

attention to the presented stimuli while their EEG was recorded, obtaining a good task accuracy. 

4.3.3. ERP results 

Waveforms from 15 representative electrodes are shown in Figure 4.3. Visual inspection revealed 

differences in the brainwaves across conditions. Metaphors showed a negative peak around 400 ms and 

a positive trend around 600 ms, compared to their literal counterparts. The N400 peak emerged 

specifically in centro-parietal electrodes, while the P600 effect had a more frontal distribution. A complete 

summary of the results is reported in Figure 4.4, while the summaries of the models for Analysis 1 and 2 

are reported in Table 4.2 for the N400 window and in Table 4.3 for the P600 window.



 

105 
 

 

Figure 4.3. ERP Grand Averages. The figure depicts the ERPs from a set of 15 representative electrodes. Voltage amplitudes are displayed from −200 to 1200 ms from the onset of the target word. Orange 

lines represent metaphors, while green lines represent literal statements. Negative is plotted upward.
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4.3.3.1 ERP Analysis 1: Condition  

In the first time window (ranging from 300 to 500 ms), we examined ERPs across the subset of centro-

parietal electrodes. The Linear Mixed-Effects Model revealed a main effect of Condition (-0.84 µV, t = -

3.39, p = 0.001), indicating that metaphors elicited significantly greater N400 compared to literal 

statements. In the later time window (ranging from 600 to 800 ms), we considered ERPs across the subset 

of frontal electrodes. We found a main effect of Condition (0.68 µV, t = 2.70, p = .007), with metaphors 

associated with greater P600 compared to literal statements.  

4.3.3.2. Analysis 2: Computational measures 

In the N400 time window, we observed a main effect of surprisal7 (-0.38 µV, t = -2.81, p = 0.005), 

indicating that items with higher surprisal, namely, target words that were less predictable given the 

preceding context, are associated with more negative deflection. On the contrary, no significant effect 

emerged for semantic similarity (p = 0.97) and BPM (p = 0.16). Looking at the two subsets based on 

condition, we found that none of the three computational variables has an effect on the difference in 

EEG amplitude, either within metaphors or within literal statements. 

In the later window, we observed a reverse pattern of results with respect to surprisal: this measure 

significantly predicted the ERPs amplitude (0.38 µV, t = 3.13, p = .002), with more surprising items (less 

predictable given the context) being associated with more positive responses. Additionally, we found a 

significant effect of BPM in this later window (β = -0.34 µV, t = 2.28, p = 0.023), suggesting that stimuli 

with greater pragmatic load (namely, a lower BPM) elicited more positive ERPs. No effect of semantic 

similarity was reported (p = 0.11).  Looking at the two subsets based on condition, we found that, also in 

this later window, none of the three computational variables influences the difference in EEG amplitude, 

either within metaphors or within literal statements. 

 

 
7 While surprisal from all four LLMs showed the same pattern of results, in the Results section we included only surprisal 
from mGPT, which showed the best goodness of fit (see Supplementary Table 4.1). 
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Table 4.2. Outputs of the Linear Mixed-effects Models in the N400 window (centro-parietal electrodes) 

  Analysis 1 Analysis 2 Analysis 2: Metaphors Analysis 2: Literals 

Predictors Estimates Statistic p Estimates Statistic p Estimates Statistic p Estimates Statistic p 

Intercept -1.01 -3.74 <0.001 -1.01 -3.77 <0.001 -1.30 -3.28 0.001 -0.96 -2.94 0.003 

Condition -0.84 -3.39 0.001 
         

Surprisal mGPT 
   

-0.38 -2.81 0.005 -0.19 -0.86 0.388 -0.51 -1.72 0.085 

BPM 
   

0.26 1.40 0.162 0.38 0.97 0.332 -0.09 -0.28 0.776 

Semantic Similarity 
   

0.01 0.03 0.973 -0.30 -1.04 0.300 0.21 0.50 0.618 
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Table 4.3. Outputs of the Linear Mixed-effects Models in the P600 window (frontal electrodes) 

  Analysis 1 Analysis 2 Analysis 2: Metaphors Analysis 2: Literals 

Predictors Estimates Statistic p Estimates Statistic p Estimates Statistic p Estimates Statistic p 

Intercept 1.15 5.44 <0.001 1.15 5.57 <0.001 1.50 4.32 <0.001 0.90 2.93 0.003 

Condition 0.68 2.70 0.007 
         

Surprisal mGPT 
   

0.38 3.13 0.002 0.36 1.57 0.115 0.35 1.23 0.218 

BPM 
   

-0.34 -2.28 0.023 0.13 0.34 0.731 -0.32 -1.16 0.246 

Semantic Similarity 
   

0.26 1.58 0.114 0.21 0.65 0.515 0.45 1.21 0.227 
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Figure 4.4. Electrophysiological patterns and role of computational measures in metaphor processing. Panel A shows the grand-average ERP waveforms at electrode Fz for literal (green) and metaphorical (orange) 

conditions, in the N400 (300–500 ms) and P600 (600–800 ms) windows. Panel B shows the topographical maps reporting the distribution of the difference (Metaphor minus Literal) for each window. Panel B shows the mean 

amplitude differences (Metaphors minus Literals) across analysis windows. Each point represents a participant, and the black dots represent the means of the sample. Scatter plots in Panel D illustrate the predictive power 

of computational measures on EEG amplitude: surprisal in the N400 window (top), and surprisal (bottom left) and Bayesian Pragmatic Measure (BPM, bottom right) in the P600 window.
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4.4. Discussion 

The aim of this work was to model electrophysiological responses to metaphorical expressions by 

comparing three complementary theoretical accounts that have guided the functional interpretation of 

ERP components in metaphor and language processing more broadly. These accounts have variously 

highlighted, as main processes underlying electrophysiological components, semantic operations of 

conceptual alignment and mapping, pragmatic inference, and predictive mechanisms. Operationally, we 

implemented these different accounts via three computational measures: semantic similarity from word 

embeddings, as an index of the pragmatic account, a Bayesian pragmatic measure based on the RSA 

framework, as an index of pragmatic inference, and surprisal from LLMs, as an index of the predictive 

approach.  

Visual and statistical inspection of EEG data showed that metaphors were associated with a greater N400 

component, distributed across a cluster of centro-parietal electrodes, and greater positivity in the 

subsequent time window, across a cluster of frontal electrodes. These results are in line with a biphasic 

pattern of metaphor processing, previously reported in the literature (Baiocco et al., 2025; Bambini et al., 

2016; Coulson & Van Petten, 2002; De Grauwe et al., 2010).  

Considering the modeling power of computational measures, we found that surprisal strongly accounted 

for the difference in the waveforms between metaphors and literal statements in both time windows. 

Metaphors are typically associated with higher surprisal values than literal statements, and this difference 

predicted with great accuracy both the greater negativity for metaphors in the N400 window and their 

greater positivity in the P600 window. As reported for the comparisons between literal and anomalous 

sentences or jokes (J. A. Michaelov et al., 2024; H. Xu et al., 2024), the predictability of an expression 

indexed by surprisal seems to be a main driver in the electrophysiological response. Thus, these results 

support the role of a general predictive mechanism distinguishing metaphor processing from the 

comprehension of literal statements and the predictive accounts of the N400, according to which early 

processing reflects the detection of violations of contextual expectations (Kuperberg & Jaeger, 2016; Van 

Petten & Luka, 2012). 
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In the P600 window, we found that, in addition to surprisal, the effect of the Bayesian pragmatic measure 

emerged. Specifically, lower BPM values, which indicated increased inferential pragmatic demands, were 

associated with greater positivity. Metaphors reported higher pragmatic inferential load than literal 

statements, which led to a greater re-analysis effort indexed by the greater late positivity. So, unlike the 

N400, which responds to violation of linguistic expectations, the P600 also appears to index the cognitive 

effort of inferring communicative intent beyond literal semantic content. This suggests that pragmatic 

inference plays a role in a later stage of metaphor processing, supporting the view of P600 as an index of 

pragmatic operations showed both in metaphor (Bambini et al., 2016) and irony processing (Regel et al., 

2014; Spotorno et al., 2013). 

Notably, while our measures distinguished metaphors from literal statements, we did not observe a 

graded effect within the metaphorical or literal sets. This is a limit previously highlighted for surprisal, 

which showed difficulty in capturing subtle graded effects (Krieger et al., 2025), but also possibly due to 

the intra-condition balance of our stimuli. 

From a theoretical standpoint, what emerged clearly is a crucial role of context and expectations, declined 

in the N400 as context-based expectations, with a focus on predictions created by the purely linguistic 

context, and in the P600 as expectations about what the speaker wants to communicate and how, 

presuming that their semantic choices are guided by their utility to convey a certain meaning. 

So, while metaphorical and literal statements are significantly different across all measures, their 

difference in terms of electrophysiological response is explained mostly by a different degree of 

predictability in the N400 window and by a combination of predictability and pragmatic load in the P600 

window. These results point towards two main conclusions. First, we confirmed that predictive 

mechanisms strongly guide language processing, shaping the neural signature associated with metaphors 

yet representing only one facet of the process (Lago et al., 2024). After recognizing metaphors as 

unpredictable utterances, inferential operations take place, leading the subjects to reason not only on 

context-based expectations but also on their expectation about the communicative intent of the speaker, 

thereby inferring the intended meaning. Second, these results help us understand the debated nature of 
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the P600, variously linked to semantic retrieval or more pragmatic operations, providing evidence in favor 

of the latter.  

While computational modeling could help us shed light on the mechanisms underlying ERP components, 

some limitations of our approach should be highlighted. On a more technical side, as surprisal from 

different LLMs showed different degrees of fit to the data, further research should include semantic 

similarities from semantic spaces other than FastText to allow a similar comparison. Moreover, it must 

be noted that not all computational models are comparable in terms of training data. For instance, while 

FastText and mGPT, which entered the final analysis, were both trained on Wikipedia and Common 

Crawl data and the amount of Italian token was comparable (in the order of tens of billions), mGPT is 

also trained on much more data in other 22 languages and that could drive the higher predictive power 

on human data (but see Oh & Linzen, 2025 for evidence that larger models do not necessarily align better 

with human brain data). On a more theoretical side, it is important to acknowledge that good predictive 

performance alone does not ensure cognitive or neural plausibility. Computational systems such as LLMs 

are trained to learn statistical regularities in large corpora, and their internal representations and learning 

mechanisms may differ substantially from those implemented in the human brain. Consequently, even 

when model-derived measures such as surprisal align well with electrophysiological data, this 

correspondence should be interpreted as descriptive evidence regarding underlying cognitive processes 

(Shah & Varma, 2025). 

4.5. Conclusions 

Taken together, the present findings support a temporally differentiated account of metaphor 

comprehension in which predictive and pragmatic mechanisms contribute at distinct stages of processing. 

Across both time windows, surprisal emerged as the most robust predictor distinguishing metaphors 

from literal statements, indicating that metaphorical expressions are primarily processed as globally less 

predictable inputs. This effect dominated the N400 window, consistent with predictive accounts, while 

in the later P600 window, the role of BPM became relevant as well. This suggested that, after recording 

a prediction error, inferential mechanisms are engaged to derive the intended meaning.  
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Together, these results reconcile competing interpretations of ERP components in metaphor research 

by showing that early effects primarily reflect predictive mechanisms, whereas later effects incorporate 

also more specific pragmatic operation. Rather than alternatives, distinct theoretical accounts, such as the 

general predictive model and post-Gricean views, seem to anchor different stages in metaphor 

processing. 

 

Appendix A 

Supplementary Table 4.1. AIC comparison between Linear Mixed-effects Models with surprisal from different LLMs. 

 

 

 

  

Predictor df AIC 

N400   

Surprisal mGPT 6 219045.3 

Surprisal Minerva 6 219077.8 

Surprisal GPT2 6 219109.4 

Surprisal Llama 3.2 6 219153.8 

P600   

Surprisal mGPT 6 238701.3 

Surprisal Minerva 6 238728.4 

Surprisal GPT2 6 238744.7 

Surprisal Llama 3.2 6 238760.0 
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STUDY FIVE 

ELECTROPHYSIOLOGICAL SIGNATURES OF FIGURATIVE 

LANGUAGE: PRELIMINARY FINDINGS FROM A SYSTEMATIC REVIEW 

AND DIGITALIZATION-BASED META-ANALYSIS8 

Abstract 

Figurative language processing has been associated, in Event Related Potential (ERP) studies, with two 

main components, namely the N400 and the P600. Particularly, the latter has not been consistently 

reported across studies, leaving open the question of whether we can talk of a pragmatic P600. However, 

many issues arising for meta-analytical approaches to ERP data, such as the multiple time windows 

employed or the lack of reference to effect sizes, have hindered the possibility of providing an answer. 

In this work, by employing a novel methodology based on figure digitalization, we present the first 

quantitative meta-analysis of ERP data for figurative language. Our results suggest that the N400 strongly 

emerges as a key response to figurative language, tightly linking pragmatics to the manipulation of 

context. The P600 is confirmed as a more nuanced component, deeply influenced by the specific 

phenomenon and its novelty.

 
8 This chapter is a manuscript in preparation for submission to a peer-review journal as “Canal, P., Vespignani, F., 
Mangiaterra, V., Luciani, F., Frau, F., Bischetti, L., & Bambini, V. Electrophysiological signatures of figurative language: a 
systematic review and digitalization-based meta-analysis” 
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5.1. Introduction 

Saying “What a beautiful day!” during a storm, using the word “shark” to describe a lawyer, or asking 

someone to “spill the beans” means communicating something that goes beyond the compositional 

meaning of the words in the utterances. All these sentences are different instances of non-literal uses of 

language, showing a gap between the literal meaning conveyed by the single words and the intended 

meaning, which can be derived through inferential processes. Among non-literal expressions, we find 

irony, a figure of speech aiming at communicating the opposite meaning of what is said, metaphors, 

describing one thing in terms of another to highlight a shared quality, and idioms, namely non-

compositional expressions with a highly conventional meaning and recurrent structure. 

Various models have been proposed to explain how listeners derive the interpretation of figurative 

language and the time course of this process (R. Gibbs & Colston, 2012). Some argued in favor of indirect 

access to the figurative meaning, after that the literal meaning has been processed and rejected (Grice, 

1975), while others claimed that the figurative meaning can be directly accessed without a first literal stage 

(R. Gibbs, 1994). One methodology that allowed to shed light on neuro-chronometry of language 

elaboration in general, and also on the processing of nonliteral expressions, is electroencephalography 

(EEG). Electrophysiological studies have highlighted the role of two Event-Related Potentials (ERP) 

components for figurative language processing: the N400 and the P600. 

The N400 is a negative deflection between 200 and 600 ms peaking at 400 ms after stimulus presentation, 

associated with the retrieval of conceptual knowledge and typically reported for semantically anomalous 

or unpredictable words in sentences (Kutas & Federmeier, 2011). In figurative language processing, it is 

usually reported for metaphors and metonymy, with amplitudes correlating to the novelty of the 

expression (Bambini et al., 2016; Lai & Curran, 2013; Weiland et al., 2014). The P600 has a more 

undefined nature. Originally, it was characterized as the Syntactic Positive Shift (SPS) due to its 

association with a number of syntactic violations (Hagoort et al., 1993), such as tense (Osterhout & Nicol, 

1999) and agreement violations (Coulson et al., 1998). However, later it was associated with other types 

of semantic violations that did not elicit an N400, such as theme assignment violations, suggesting that 

P600’s nature is not purely syntactic. Focusing on figurative expressions, the P600 has been variously 

attested for all the previous types of nonliteral language, even if not consistently (De Grauwe et al., 2010; 

Schumacher, 2011; Spotorno et al., 2013; Vespignani et al., 2010).  

ERP researchers have attempted to relate their findings to the theoretical accounts of metaphor 

processing, yet many issues emerged. First, as noted by Bambini & Resta (2012), the same pattern (for 

instance, the biphasic pattern N400-P600) has been interpreted by Pynte et al. (1996) as evidence for the 

direct-access hypothesis, while De Grauwe et al. (2010) claimed that it supported the indirect-access view. 

Moreover, the electrophysiological response associated with pragmatic phenomena is not homogeneous. 
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The case of metaphor is paradigmatic of the inconsistency of results; as documented by Baiocco et al. 

(2026) some studies reported a biphasic pattern, others a sustained negativity after the N400, and in 

certain cases, the later window is not considered in the statistical analysis. 

The variability of ERP findings in the literature mainly concerns the P600 effects. Thus, the current study 

aims at i) assessing the size and consistency of the N400 effects, and ii) evaluating the existence of a 

pragmatic P600, looking at ERP effects across studies on figurative language processing, namely those 

focusing on metaphor, metonymy, irony, idioms, and proverbs. To do this, we conducted a systematic 

review of the literature on figurative language processing with ERPs and a meta-analysis. 

Quantitative meta-analyses of ERP studies are associated with a series of issues, which do not make it 

feasible to apply the standard meta-analytic approach. First of all, ERP data analysis is typically carried 

out on time windows selected by the authors, which may greatly change from study to study. Secondly, 

our main component of interest (i.e., the P600) may not always be the focus of ERP studies on figurative 

language processing, and effects at later windows may not be tested at all in the original paper. Third, 

researchers may have considered the topographic factors in different ways, for example, focusing on 

different subsets of electrodes, which could hinder the comparison of results across studies. Lastly, 

measures of effect size are rarely reported, and, when available, they are also dependent on the choice of 

the time window previously mentioned. These limitations have historically prevented ERP researchers 

from conducting the kind of quantitative meta-analyses that have become standard practice in fMRI 

research 

In the present study, we applied a novel methodology developed by Vespignani (2020), which allowed us 

to overcome the issues previously outlined. This methodology, similar to the Great Grand Average 

approach proposed by Sambrook & Goslin (2015) and advocated by Moran et al. (2017), consists of 

digitizing the ERP waveforms depicted in the figures of eligible papers. From the digitized figure, it is 

possible to extract the coordinates of each waveform and coherently re-analyse the ERP data of all eligible 

studies with a uniform approach.  

Based on the literature, we expected that figurative language would be strongly associated with the N400 

response and that a more nuanced pattern would emerge for the P600. 

 

5.2. Methods 

5.2.1. Paper search and selection 

Paper search was first performed in PubMed, Scopus, and Google Scholar databases in June 2024. An 

updated search was then carried out in September 2025 on PubMed and Scopus only. 
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The string was composed of ‘ERP keywords’ AND ‘pragmatic phenomena keywords’, resulting in 

("ERP" OR "ERPs" OR "event-related potential*") AND ((("figurative" OR "nonliteral") AND 

("language" OR "expression*")) OR "idiom*" OR "proverb*" OR "metaphor*" OR "metonym*" OR 

"irony" OR "ironic" OR "sarcasm" OR "sarcastic"). A slightly simplified version was adopted for Google 

Scholar, which does not allow combinations of keywords. For searches on PubMed and Scopus, search 

terms were applied to title, abstract, and keywords, without constraints to year of publication. Google 

Scholar, from which we retrieved the articles using the Publish or Perish software (Hazing, 2007) restraining 

year of publication between 2020 and 2024, does not permit the restriction of the fields to which the 

search terms are applied, resulting in a larger, but often less relevant, number of articles being retrieved.  

Inclusion criteria for eligibility were: 

• Study must be on language comprehension, in written (word-by-word) or auditory modality, with 

analyses focused on a specific target word. Paradigms that are far from reading or listening tasks 

(e.g., priming, hemifield presentation) should be excluded.  

• Study must be carried out on a sample of healthy adults (between 16 and 60), all L1 subjects. 

• The paper must have at least one ERP plot of a single channel along the midline (Oz, Pz, CPz, 

Cz, FCz, Fz...), or a cluster of channels including one midline electrode (excluding Occipital and 

Frontal). 

• Plot(s) must show a pre-stimulus interval (baseline) ≥ 100ms. 

• Plot(s) must show a post-stimulus activity ≥ 800ms. 

• A literal control condition is needed.  

• Data must be re-referenced to mastoids, ear lobes, or nearby sites, or Average. We will exclude 

unusual references (e.g., tip of the nose).  

Exclusion criteria were: 

• The paper was written in languages other than English or other languages known by the authors 

(Italian). 

• The paper was not an original peer-reviewed research article (thus leaving out reviews, conference 

papers, book chapters, not-peer-reviewed preprints, etc.). 
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5.2.2. Coding procedures 

Each paper was annotated following a coding scheme developed by two authors (PC, VM) as a JSON 

schema. The coding scheme aimed at collecting the main features of the papers across four domains: 

EEG recordings (online and offline reference, filters, sampling rate, epoch rejection, epoch segmentation, 

electrodes, hardware and laboratory environment), subjects characteristics (age, language spoken, 

handedness, n° of females), procedure (language, item characteristics – part-of-speech, context in which 

are embedded, type of manipulation, design, word duration, potential linguistic features collected) and 

statistical analysis (N400 and P600 window, subset of electrodes, statistic, degrees of freedom and 

reported amplitude). The annotation was carried out by three annotators (PC, FL, VM), and for the 

purposes of inter-annotator agreement, 10 papers were annotated independently by all three annotators.  

5.2.3. Digitalization 

For each paper, electronic copies of figures complying with the inclusion criteria at Section 2.2 were 

retrieved and uploaded to Web Plot Digitized (Rohatgi, 2025). The first phase of digitalization consisted 

of axis calibration, by marking two points on the X axis and two points in Y axis with a mouse click to 

define the coordinates of the figures (Figure 1A). When more than one graph is shown in the same figure, 

this procedure is repeated for each pair of axes, and each calibration is named as the electrode or cluster 

of electrodes shown in the graph. The second phase consisted of extracting the coordinates of each 

waveform by laying points along each line (Figure 1B). When the resolution of the image and the color-

coding of conditions allowed it, the extraction was automatically performed using the dedicated tool on 

Web Plot Digitized that lays a point every 5 or 10 pixels, followed by a phase of manual adjustment. 

Otherwise, when the resolution was too low, or all the conditions were shown in the same colors with 

different types of dashing, which made the automatic procedure impractical, extraction was entirely 

manual. Each waveform was referred to the axis calibration of the corresponding electrode and named 

as the name of the electrode or cluster of electrodes, followed by the name of the condition represented 

by that waveform. For each figure, a JSON file reporting the axis calibrations and the coordinates of each 

waveform was created.  

From the digitized coordinates, we linearly interpolated voltage between the digitalization sampling 

points. 
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Figure 5.1. The process of ERP waveforms digitalization. Panel A shows the first phase of digitalization, namely axis calibration. Panel 

B shows the digitalization of the waveforms of each condition. Panel C shows the extraction of the waveforms' coordinates from the 

digitization. 

 

5.2.4. Statistical analysis 

To prepare the data for analysis, we first filtered the data into discrete spatial Regions of Interest (ROI). 

Each electrode location was moved to a common 10-05 (Oostenveld & Praamstra, 2001)bidimensional 



 

120 
 

space. A Frontal ROI was defined to occupy between 10 and 30% of y axis, and the posterior occupied 

between y < -0.1 and y >-.90), while restricting the lateral spread (∣x∣<0.75) to focus on mid-line activity.  

Since ERP studies lacked a consistent effect size description, we accounted for the relative uncertainty 

of each study based on participant and item sample size, in particular we computed a composite weight 

to be used in modeling corresponding to the multiplication of the number of subjects by the square root 

of the number of items. 

To test how phenomena influence EEG amplitude across the ROI regions in the N400 and P600 

windows, we fitted Bayesian multilevel robust regression models using the brms package (Bürkner, 2017). 

Metonymy and proverbs were excluded from the analysis, given the limited number of eligible papers 

investigating those phenomena. For each Experiment in each Paper, we used the average voltage of all 

channels falling in the two ROIs to compute the voltage difference between figurative and literal 

conditions that served as the dependent variable (DV). The DV was weighed by the composite weight 

and tested against two factors: ROI and Phenomenon, allowing us to assess whether the spatial 

distribution of the ERP effect changes depending on the specific figurative language type. For metaphor 

studies, we fitted a Bayesian multilevel robust regression model distinguishing between the nature of the 

metaphorical stimuli (when reported in the original study), namely, conventional or novel expressions. 

To account for the hierarchical structure of the meta-analytic data, we included nested random intercepts 

for individual experiments within their respective papers. We defined weakly informative, symmetric 

robust priors, which do not assume a specific polarity but constrain the effect to a plausible range 

(approximately ±6μV).  

 

5.3. Results 

5.3.1. Systematic review 

The literature search returned 2667 records (PubMed: 250; Scopus: 291; Google Scholar: 1726), of which 

316 were automatically excluded as duplicates, not original research articles, and not written in English 

or Italian.  Screening for eligibility was then performed by VM (Figure 5.2) and yielded 66 papers. Some 

descriptives of the studies, as resulted from the annotation, are reported in Table 5.1 and in the 

Supplementary Materials. 
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Figure 5.2. Steps of the systematic review.  The figure reports the flowchart of paper selection for inclusion into the systematic review. 
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Table 5.1. Results of the systematic review. The table shows the main characteristics of eligible papers. 

Papers Phenomena N° Subjects Language Modality Context Word Type 

Abraham et al. (2021) Metaphor 40 German Written 
Single Sentence - 

Minimal <8 Words 
Verb 

Aldunate et al. (2019) Metaphor 18 Spanish Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Arzouan et al. (2007a) Metaphor 29 Hebrew Written Two-Words Paradigm Mix 

Arzouan et al. (2007b) Metaphors 15 Hebrew Written 
Single Sentence - 

Minimal <8 Words 
Mix 

Baiocco et al. (2025) Metaphor 39 English Written 
Single Sentence - Non 

Minimal >8 Words 
Mix 

Bambini et al. (2016) Metaphor 13 Italian Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Bambini et al. (2019) Metaphor 22 Italian Written Naturalistic Noun 

Bambini et al. (2024) Metaphor 32 Italian Written Two-Words Paradigm Noun 

Besson et al. (1997) Proverbs 9 French Written 
Single Sentence - 

Minimal <8 Words 
Mix 

Bonnaud et al. (2002) Metaphor 10 French Written Two-Words Paradigm Noun 

Caillies et al. (2019) Irony 49 French Spoken 
Single Sentence - 

Minimal <8 Words 
Adjective 

Canal et al. (2017) Idioms 42 Italian Written 
Single Sentence - Non 

Minimal >8 Words 
Noun 

Champagne-Lavau et al. (2023) Irony 24 French Written Mini-Discourse Adjective 

Coopmans et al. (2022) Idioms 40 Dutch Spoken 
Single Sentence - Non 

Minimal >8 Words 
Verb 
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Cornejo et al. (2007) Irony 20 Spanish Written Mini-Discourse Noun 

Coulson & Van Petten, 2002) Metaphor 21 English Written 
Single Sentence - Non 

Minimal >8 Words 
Noun 

De Grauwe et al. (2010) Metaphor 24 English Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Ferretti et al. (2007) Proverb 24 English Written Mini-Discourse Mix 

Filik et al. (2014) Irony 32 English Spoken Dialogue Adjective 

Fondevila et al. (2016) Metaphor 24 Spanish Written 
Single Sentence - 

Minimal <8 Words 
Mix 

Forgács et al. (2015) Metaphor 42 English Written Two-Words Paradigm Noun 

Gold et al. (2010) Metaphor 16 Hebrew Written Two-Words Paradigm Mix 

Goldstein et al. (2012) Metaphor 28 Hebrew Written Two-Words Paradigm Mix 

Hubbard et al. (2023) Idioms 24 English Written 
Single Sentence - Non 

Minimal >8 Words 
Noun 

Iakimova et al. (2005) Metaphor 20 French Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Jankowiak et al. (2021) Metaphor 31 Polish Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Ji et al. (2020) Metaphor 25 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Verb 

Jończyk et al. (2020) Metaphor 43 English Written 
Single Sentence - 

Minimal <8 Words 
Verb 

Kazmerski et al. (2003) Metaphor 48 English Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Lai et al. (2009) Metaphor 29 English Written 
Single Sentence - 

Minimal <8 Words 
Mix 

Lai & Curran (2013) Metaphor 28 English Written 
Single Sentence - 

Minimal <8 Words 
Mix 
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Lai et al. (2019) Metaphor 28 English Written Dialogue Mix 

Laurent et al. (2006)  24 English Written Dialogue Mix 

Li et al. (2020) Metaphor 28 English Written 
Single Sentence - 

Minimal <8 Words 
Mix 

Li et al. (2022) Metaphor 34 English Written 
Single Sentence - 

Minimal <8 Words 
Verb 

Mauchand et al. (2021) Idioms 30 French Other 
Single Sentence - 

Minimal <8 Words 
Mix 

Obert et al. (2018) Irony 28 Finnish Spoken Mini-Discourse Adjective 

Pfeifer & Lai (2021) Irony 44 English Written Mini-Discourse Mix 

Pfeifer et al. (2025) Irony 44 English Written Two-Words Paradigm Adjective 

Proverbio et al. (2009) Idiom 15 Italian Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Pynte et al. (1996) Metaphor 12 French Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Regel et al. (2011) Irony 44 English Written Mini-Discourse Mix 

Regel et al. (2010) Irony 44 English Written Two-Words Paradigm Adjective 

Regel et al. (2014) Idiom 15 Italian Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Schmidt-Snoek et al. (2015) Metaphor 12 French Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Schneider et al. (2014) Metaphor 26 German Written Dialogue Mix 

Schneider et al. (2015) Metaphor 22 German Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Schumacher, 2013) Metonymy 24 German Written Dialogue Mix 

Shen et al. (2015) Metaphor 26 Mandarin Chinese Written 
Single Sentence - Non 

Minimal >8 Words 
Verb 
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Shen et al. (2022) Metaphor -23 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Shi & Li (2022) Irony 33 Chinese Written Mini-Discourse Adjective 

Spotorno et al. (2013) Irony 20 French Written Mini-Discourse Mix 

Sun et al. (2022) Metaphor 48 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Tang, Qi, Wang, et al. (2017) Metaphor 25 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Tang, Qi, Jia, et al. (2017) Metaphor 20 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Tang et al. (2022) Metaphor 20 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Tang et al. (2025) Metaphor 31 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Tartter et al. (2002) Metaphor 7 English Written 
Single Sentence - Non 

Minimal >8 Words 
Noun 

Vespignani et al. (2010) Idiom 50 Italian Written 
Single Sentence - 

Minimal <8 Words 
Verb 

Wang et al. (2019) Metaphor 40 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Noun 

Wang et al. (2021) Metaphor 30 Chinese Written Two-Words Paradigm Noun 

Wang et al. (2023) Metaphor 60 Chinese Other 
Single Sentence - 

Minimal <8 Words 
Noun 

Weiland et al. (2014) Metaphor 27 German Spoken 
Single Sentence - Non 

Minimal >8 Words 
Noun 

Weiland-Breckle & Schumacher 

(2017) 
Metonymy 24 German Written Dialogue Verb 

Zhang et al. (2013) Idioms 18 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Mix 
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Zhang et al. (2024) Metaphor 25 Chinese Written 
Single Sentence - 

Minimal <8 Words 
Verb 
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5.3.2 Bayesian regressions 

The model in the N400 window suggested that metaphors have a 100% probability of eliciting a negative 

response both in the frontal (mean = -0.678, CI [-1.05, -0.31]) and in the posterior ROI (mean = -0.89,  

CI [-1.27, -0.53]).  Irony showed a lower probability of displaying the N400 effects (frontal ROI 73%; 

posterior ROI 76%), yet a negativity emerged in both ROIs (frontal mean = -0.21,  CI [-0.87, 0.43]; 

posterior mean = -0.24, CI [-0.90, 0.39] ). Results for idioms are less straightforward, as the model 

suggested a 63% posterior probability of displaying a N400 response in the posterior ROI (mean = -0.16, 

CI [-1.11, 0.73]) and a 23% probability of displaying a positive response in the frontal ROI (mean = 0.35, 

CI [-0.58, 1.25]). The conditional means are shown in Figure 5.3, while the posterior probabilities are 

reported in Figure 5.4. 

 

Figure 5.3. Forest plot in the N400 window. 
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Figure 5.4. Posterior probabilities in the N400 window. The probability of reporting the effect is depicted in blue. 

 

The model in the P600 window suggested that irony has a 99% probability of showing a positive peak in 

the posterior ROI (mean = 0.68, CI [0.14, 1.22]) and a 95% probability in the frontal ROI (mean = 0.45, 

CI [-0.08, 0.99]). Idioms showed a similar pattern with a 92% probability in the frontal ROI (mean = 

0.52, CI [-0.22, 1.29]) and an 82% probability in the posterior ROI (mean = 0.34, CI [-0.40, 1.11]) of 

eliciting a P600. The pattern for metaphors was less conclusive, with a 2% probability of showing a 

negative response in posterior electrodes (mean -0.29, CI [-0.61, 0.01]) and a 31% probability of reporting 

a tiny negativity (mean = 0.07, CI [-0.38, 0.22]). The conditional means are shown in Figure 5.5, while 

the posterior probabilities are reported in Figure 5.6. 
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Figure 5.5. Forest plot in the P600 window. 

 

Figure 5.6. Posterior probabilities in the P600 window. The probability of reporting the effect is depicted in red. 

The model investigating the role of the nature of the metaphorical stimulus (novel vs. conventional) 

suggested that novel metaphors have an 88% probability of reporting a P600 in the frontal ROI (mean 

= 0.15, CI [-0.10, 0.39]), while conventional metaphors have a 60% probability (mean = 0.03, CI [-0.21, 

0.27]). Metaphors that were not labeled either as novel or conventional (labeled “Intermediate” in the 
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figures) had low probabilities (< 6%) of reporting an effect in the P600 time window. The conditional 

means are shown in Figure 5.7, while the posterior probabilities are reported in Figure 5.8. 

 

Figure 5.7. Forest plot of different types of metaphors in the P600 window.  

 

Figure 5.8. Posterior probability of different types of metaphors in the P600 window. The probability of reporting the effect is 

depicted in red. 
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5.4. Discussion 

In this study, we presented the first study that, via a systematic review and a novel meta-analytic approach, 

provided a quantitative analysis of the time course of figurative language. In particular, we aimed to assess 

the robustness of ERP components typically associated with figurative expressions and whether we can 

talk of a pragmatic P600. The novel meta-analytic approach allowed us to overcome limitations associated 

with meta-analysis of ERP studies and to re-analyze EEG data across studies on figurative language 

processing. Specifically, we digitized the waveforms of figures in the papers retrieved during the 

systematic review to reconstruct ERP data via interpolation and analyze it with consistent time windows 

and regions of interest. 

Preliminary results showed that metaphor consistently reported a strong N400 effect, both in frontal and 

posterior clusters of electrodes. The negativity in this time window was reported for irony and idioms as 

well, even if with a lower amplitude and probability, suggesting the semantic and contextual operations 

indexed by the N400 component are less strong for this type of figurative expression.  

Regarding the P600, the effect did not emerge clearly across phenomena. While it is strongly elicited by 

ironic and idiomatic statements, it seemed not to be consistently reported for metaphors. The P600 effect 

for metaphors was, however, present in specific subsets, such as novel metaphors, and presented a more 

frontal distribution. 

The present work allowed us to shed light on a number of issues in figurative language electrophysiology. 

First, N400 is the most robust electrophysiological response associated with pragmatic phenomena, while 

the P600 is confirmed as a more transient component. Assuming that N400 is mostly an index of context-

based predictions (Lau et al., 2008), our results confirmed that pragmatics is strictly related to context 

and that semantic processes and context-guided adaptations underlie the processing of all pragmatic 

phenomena. However, many differences arose between the types of figurative language. For instance, 

irony is characterized by a strong P600 response and a less consistent N400, while the opposite is true 

for metaphors, emphasizing also the existence of phenomenon-specific mechanisms. Thus, the P600 

emerged as a component linked to the re-analysis of the linguistic stimulus in a broader sense, extending 

far beyond the original scope as revision of the syntactic structure. This component seems to be linked 

to a high-level revision, which can take the form of an inference, of the stimulus, triggered not by explicit 

lexical markers, but by the necessity of integrating the socio-communicative intent. To answer our main 

research question—whether a pragmatic P600 exists—our results suggest that we can indeed speak of a 

pragmatic P600, but one that is deeply influenced by many factors, such as the specific phenomenon and 

its conventionality. Ultimately, the neural signature of pragmatics is distributed and multifaceted, 

representing a shift from purely linguistic processing to a broader, inference- and context-based 

reconstruction of intended meaning. 



 

 

Appendix A 

 

 

Supplementary Figure 5.1. Hardware distribution by study. 
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Supplementary Figure 5.2. Distribution of study characteristics across the dataset. Panel A shows the distribution of 

languages used in the studies. Panel B shows the distribution of task type. Panel C shows the distribution of the types of context 

in which metaphors are embedded. Panel D shows the distribution of the type of counterbalancing. 
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Supplementary Figure 5.3. Time windows employed across studies. 

 



 

 

CONCLUSIONS 

This thesis aimed to explore questions related to two domains of metaphor processing: i) how the 

processing demands of metaphorical expressions coined centuries ago changed as a function of 

the time elapsed between their creation and the time they are experienced, as well as of the textual 

genre within which they appear, ii) how the processing of metaphors unfolds in the brain, namely 

which operations are indexed by the Event-Related Potential (ERP) components that are typically 

reported in the literature, and how we can quantify metaphor features that influence the processing. 

To answer these questions, the present work capitalized on the rising potential of computational 

tools such as word embeddings derived from Vector Space Models (Lenci, 2018) and the recent 

Large Language Models (LLMs, see Naveed et al., 2025), bringing both theoretical issues about 

metaphor processing as well as some methodological concerns about the validity and 

trustworthiness of these tools when applied to the study of human language. In particular, I 

explored two roles that computational tools can have in cognitive and language sciences: that of 

“participants”, approximating human behavior on a certain task regardless of the mechanisms that 

lead to that outcome, and that of “models”, providing a quantitative measure of a certain 

theoretical prediction.  

In the following paragraphs, I will outline the main findings that emerged from the studies in this 

thesis, addressing first the theoretical inquiries into metaphor processing and then the 

methodological implications of using computational tools. 

 

1. Metaphor processing in diachrony 

The roles of the context and of the knowledge about the world in interpreting metaphors have 

been extensively investigated (Bambini et al., 2016; Briner et al., 2018; Jończyk et al., 2020; Shinjo 

& Myers, 1987). However, the combined effects of time and of semantic change in modifying the 
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shared coordinates of cultural context and world knowledge necessary to interpret metaphors 

written many centuries ago have never been tackled. Study 2 and Study 3 addressed this issue in 

two languages (Italian and English) to probe whether language-specific patterns influence the cost 

associated with metaphor processing and their changes in time. Our results suggested that 

metaphor processing is a dynamic operation, influenced by the broader diachronic changes 

happening in the language tout court. In Italian, the influence of time emerged based on the textual 

genre. Since literary language and everyday language were very similar in the past, metaphors were 

not processed with different efforts depending on genre (Steen, 1989). Today, however, readers 

have to make a greater effort to process metaphors in literary texts, which have a plainer and 

simpler language, while they are able to more easily activate the connection between distant 

concepts in the creative nonliterary language of the Web. English, on the other hand, achieved 

stability well before Italian, as did the distinction between genres, which remains the only factor 

driving a different processing demand for metaphors. 

 

2. Metaphor processing in the brain 

The study of the electrophysiology of metaphor processing started thirty years ago with the seminal 

work by Pynte et al. (1996). Since then, several studies have explored the time course of metaphor 

processing, with converging results and less consistent ones. (Bambini et al., 2019; Coulson & Van 

Petten, 2002; De Grauwe et al., 2010; Tang et al., 2017). Study 4 and Study 5 tried to shed some 

light on the existing literature via computational modeling and a novel meta-analystic approach. 

Specifically, in Study 4 I modeled EEG data with three computational models (surprisal from 

LLMs, semantic similarity from word embeddings and a Bayesian pragmatic measure inspired by 

the Rational Speech Acts framework) implementing the most common views on the operations 

taking place during metaphor processing, namely predictive, semantic and inferential ones. In 
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Study 5, we conducted a systematic review of the literature and via digitalization we extracted 

EEG data from the original papers to provide a systematic re-analysis of accumulated EEG data.  

Study 5 emphasized the stable role of the N400 component, which seems to be consistently 

elicited by metaphorical statements. Study 4 linked it to context-based predictive operations, more 

than semantic or purely inferential ones, in line with predictive coding accounts (Nour Eddine et 

al., 2024) and confirming previous modeling studies relating surprisal to the N400 in other types 

of sentences (Frank et al., 2015; Michaelov & Bergen, 2020; Xu et al., 2024). 

Regarding the P600, Study 5 confirmed its unstable nature for metaphors (while it is more 

consistently elicited by other pragmatic phenomena, such as irony and idioms), possibly linked to 

the novelty of the expression, which enhances the probability to observe the late positivity. Its 

functional nature, however, seems to be associated not simply with context-based prediction, but 

also with pragmatic inferential processes, as the pragmatic measure emerged as a key predictor in 

this time window, alongside the stable predictive model (Study 4). 

As a final remark, insights from Study 1 suggest that collecting ratings to control for stimuli 

variability (a critical stage at the beginning of every EEG experiment) can be at least partially 

delegated to artificial agents, making it easier and faster to construct stimuli, thus giving further 

impetus to the study of ERP related to metaphor in new contexts and with new experimental 

manipulations. 

 

3. Computational tools as participants 

The possibility of using an artificial agent to augment or replace human participants is quite novel, 

and it emerged when it was possible to prompt chatbots directly in natural language, without the 

need to specifically train or fine-tune the models. The emergence of this possibility has generated 

much debate in the scientific community, with researchers emphasizing the alignment between 
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humans and models and others highlighting their lack of human-like errors and individual 

variability (Dillion et al., 2023; Harding et al., 2024; Wang et al., 2025). At the same time, the great 

accuracy obtained in single-word rating tasks (Brysbaert et al., 2024; Martínez, Conde, et al., 2024; 

Trott, 2024a) warrants the investigation of its validity for multifaceted expressions, such as 

metaphors. From the perspective of this thesis, the role of LLMs as participants is essentially 

utility-based. It does not aim to simulate how participants achieve a certain output, but simply to 

verify whether it is possible to replicate that output artificially. The results of Study 1 supported 

the use of LLMs as artificial participants, given that machine-generated ratings closely approximate 

human ratings, also when included in statistical models predicting behavioral and 

electrophysiological responses. Limitations have emerged, as models align less with humans when 

they have to generate ratings on dimensions related to imaginability or for metaphors, particularly 

related to the sensorimotor domain, confirming that the lack of embodiment is one of the main 

domains of misalignment between humans and models (Borghi et al., 2023; Chemero, 2023). 

Therefore, LLMs can indeed be used as participants, but as participants without body and 

sensorimotor experiences, as ratings related to the latter (such as imageability) do not seem to 

emerge as reliably as for other dimensions.  

 

4. Computational tools as models 

In a recent paper by van Rooij et al. (2024), the Authors cite an extract from Boden (2008): 

“Computers as such are in principle less crucial for cognitive science than computational concepts 

are”. In this thesis, my approach to LLMs as models has tried to follow this kind of perspective. 

LLMs do not “make cognition” computationally; their emergent metaphorical abilities, per se tells 

us little about human metaphorical abilities. However, we can decompose our theoretical 

assumptions about metaphors in human minds in computationally feasible steps and probe this 

against the data. In Study 4, by operationalizing semantic, inferential, and predictive mechanisms, 
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we avoided the claim that the brain processed metaphors as an LLM or as a Vector Space Model 

and instead used these tools as quantity estimation devices to test the explanatory scope of 

different theories. What emerged from the experiment further confirms this stance: the 

predictability as computed with LLMs can capture a large part of the human electrophysiological 

patterns of metaphor processing, but leaves room to other processes, such as the inferential ones. 

 

5. Cautionary remarks 

While the results presented in the studies provide some positive evidence for the integration of 

LLMs in metaphor research, some caveats need to be highlighted.  First, at the current stage of 

development, LLMs cannot be treated as a homogeneous or stable class of scientific objects. 

Consequently, the claims advanced in this thesis should be restricted to the specific models 

examined in each study, as generalization to LLMs as a whole is not warranted given the substantial 

variability in performance observed across models. Specifically, these findings should be 

interpreted as evidence for the conditional usefulness of LLMs as research participants, limited 

both to the specific tasks and the specific models under investigation , rather than as a general 

validation of their role as substitutes for human participants, which should continue to be 

investigated to provide data-driven recommendations and to avoid acritical, hype-drive adoption 

(Bender & Hanna, 2025). 

Moreover, the limitations identified in relation to sensorimotor experience do not exhaust the 

potential sources of misalignment between human cognition and model behavior. Other forms of 

divergence may also be relevant to metaphor processing and warrant further investigation. For 

instance, abstraction and generalizability processes, which are related to the construction of 

metaphorical meanings (Bolognesi et al., 2020; Reijnierse et al., 2019), appear to be implemented 

differently in humans and artificial systems (Collacciani et al., 2024; Rambelli et al., 2024). This 

suggests again that a similar surface behavior (for instance, human-like accuracy in interpretation) 
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may be driven by different underlying mechanisms (Bender & Koller, 2020; Lake et al., 2017), 

thereby supporting descriptive rather than explanatory applications of these tools. 

 

6. Final remarks 

In this thesis, I attempted to provide some new insights into the complex interplay of factors 

underlying metaphor processing. In particular, metaphors emerged as a dynamic object, shaped by 

the broader cultural context, and consistent with a concurrent process of prediction and inference. 

Moreover, the results supported the implementation of (at least some) LLMs within metaphor 

research, not as substitutes for human participants, which remain the reference in the study of 

processing, but as potential “quantifiers” of human behavior and theoretical assumptions. 

However, the pitfalls reported in the studies should be taken into consideration when integrating 

insights from LLMs into psycholinguistics approaches. Interestingly, these divergences from 

human patterns, for instance in the management of sensorimotor aspects of language and 

inferential processes revealed maybe even more about human abilities than when they successfully 

approximate human behaviors.  
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