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LLMs replicate metaphor norms
based on word co-occurrence
but struggle with topic-vehicle
mappings
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Normed linguistic stimuli are fundamental in psycholinguistics because they
capture lexical and semantic properties that influence comprehension. However,
generating these norms at scale is challenging, often leading researchers to
rely on ad hoc norms collected from small samples, which can introduce
inconsistencies and limit cross-study comparisons. In the present study, we
investigated how large language models (LLMs) can support psycholinguistic
research by prompting eight current LLMs to norm 300 English two-word
metaphor combinations, such as sharp mind. We selected the dimensions of
familiarity, aptness, concreteness, metaphoricity, and constituency, as these tap
distinct cognitive processes and may provide insight into which aspects LLMs
capture accurately and which they do not. We varied stimulus presentation
(in context vs. in isolation) and response format (categorical vs. numerical) to
examine which manipulation yields norms most closely aligned with human
ratings. We then assessed the reliability and validity of model responses and
used them to replicate existing analyses of metaphor comprehension. Overall,
LLM-generated norms aligned best with familiarity and metaphoricity, which rely
on word co-occurrence. In contrast, aptness, concreteness, and constituency—
which require reasoning about the relationship between the topic (e.g., mind)
and the vehicle (e.g., sharp)—proved more challenging for LLMs.

KEYWORDS

aptness, concreteness, constituency, familiarity, large language models, metaphoricity,
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1 Introduction

Research in psycholinguistics relies heavily on normed linguistic stimuli. Such
norms often involve lexical properties (e.g., frequency, length, constituency) as well as
human judgments about semantic properties (e.g., familiarity, aptness, concreteness)
known to affect comprehension. These datasets are therefore essential for norming
experimental materials and for identifying and controlling factors that may influence
participants’ responses.

However, building such normed datasets at scale is time-consuming and costly,
often leading researchers to create their own ad hoc datasets with a smaller number of
participants. This approach can result in inconsistencies, as different judges may apply
different standards, and comparisons across studies become difficult when each researcher
relies on an independently normed dataset.
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To address these limitations, we investigated how large
language models (LLMs) can be used to norm stimuli for
psycholinguistic research. We focused on a recently released
metaphor dataset (Pissani and de Almeida, 2026) comprising 300
two-word English metaphor combinations rated on familiarity,
aptness, concreteness, metaphoricity, and constituency, and further
validated our results on a second dataset (Cardillo et al., 2010).

Metaphors provide an ideal test case for evaluating LLMs’
capabilities, as understanding metaphors requires not only retrieval
of linguistic information but also the integration of pragmatic and
contextual knowledge (Levorato and Cacciari, 2002). Metaphors
reflect mappings between two seemingly unrelated domains, in
which a topic is described in terms of a source domain, also
called vehicle. For instance, the source domain of colors can
convey warning signals (e.g., red flag, green flag); temperature can
describe personality traits (e.g., cold heart, hot temper); animals can
characterize human behavior (e.g., night owl, busy bee); and light
can convey mental states (e.g., bright idea, dark thoughts).

Metaphor has been a topic of scholarly interest since Aristotle’s
Rhetoric, and research on it continues to grow in the fields
of linguistics, psychology, and philosophy (e.g., Grice, 1975;
Clark and Lucy, 1975; Searle, 1979; Lakoff and Johnson, 1980; see
Genovesi, 2020, 2023 for a review). More recently, two-word
metaphors have been employed to investigate the time course
and mechanisms of metaphor processing (Al-Azary et al., 2021;
Forgács et al., 2015; Park et al., 2021; Pissani and de Almeida, 2022,
2023), properties of the expressions that influence comprehension
(Gagné, 2002; Pissani et al., 2026a), individual differences in
comprehension (Pissani et al., 2026b), the neural correlates of
metaphor comprehension (Arzouan et al., 2007; Goldstein et al.,
2012), and hemispheric contributions to processing (Briner et al.,
2018; Kavé et al., 2014).

2 Related work

The recent integration of LLMs into psycholinguistic research
has introduced a paradigm shift in how linguistic norms
are collected and validated. Addressing the scalability issues
inherent in human data collection, Trott (2024) demonstrated
that models such as GPT-4 can generate norms for semantic
dimensions like concreteness, valence, and arousal that correlate
strongly (r > .80) with human “gold standards,” effectively
acting as synthetic subjects for lexical norming. This finding is
supported by Dillion et al. (2023), who proposed the “number
needed to beat” framework, suggesting that while LLMs can
serve as cost-effective proxies for human participants, their
utility varies significantly by task complexity and requires
rigorous validation against human baselines. Further extending
this methodology to multi-word expressions, recent work has
shown that LLMs can capture the nuances of contextualized
meaning (Martínez et al., 2025), a critical capability for metaphor
research where the intended meaning is highly dependent on the
surrounding phrase.

In the specific domain of figurative language, LLMs have
demonstrated emergent capabilities that go beyond simple lexical
retrieval. Ichien et al. (2024) found that GPT-4 could interpret

novel literary metaphors with a level of sophistication that
human judges rated as superior to that of university students,
exhibiting sensitivity to Gricean pragmatic principles such as the
“restorative” interpretation of reversed metaphors. Complementing
this interpretive capacity, DiStefano et al. (2025) showed that
fine-tuned LLMs (e.g., RoBERTa, GPT-2) could predict human
creativity ratings for metaphors with high reliability (r ≈ 0.72),
significantly outperforming traditional semantic distance metrics.
Similarly, Hu et al. (2023) found that larger LLMs (e.g., Flan-T5
(XL) and text-davinci-002) performed near human level when
interpreting expressions requiring the integration of pragmatic
knowledge, with metaphor interpretation showing the closest
alignment with human judgments, suggesting that, like humans,
LLMs are sensitive to contextual information that favors figurative
over literal interpretation.

However, the use of LLMs as autonomous evaluators remains
contentious. Bavaresco et al. (2025), in their JUDGE-BENCH study
across 20 NLP tasks, reported substantial variance in model
reliability and a tendency for LLMs to align more closely with non-
expert crowd workers than with domain experts. This underscores
the necessity of the current study’s approach: leveraging LLMs
not as replacement participants, but as sources of normative data
requiring careful psycholinguistic validation.

3 The current study

This study examines the integration of large language models
(LLMs) into psycholinguistic research by prompting eight current
LLMs to rate 300 two-word metaphors on familiarity, aptness,
concreteness, metaphoricity, and constituency. We extend previous
work by manipulating (1) the presentation of stimuli (in context
vs. in isolation) to examine whether LLMs benefit from context
when evaluating metaphors; (2) the type of output generated
(categorical vs. numerical) to examine whether LLMs perform
better when assigning categories rather than ratings; and (3) the
inclusion of metaphor-specific dimensions to assess how models
generate ratings for dimensions based on frequency of use (e.g.,
familiarity) vs. dimensions that rely more on relational mapping
(e.g., aptness), sensory or physical experience (e.g., concreteness),
contextual information (e.g., metaphoricity), or structural analysis
(e.g., constituency).

The study has three main objectives. First, to determine
whether and when LLM-generated norms are reliable and align
with human norms. Second, to assess whether they replicate
previously observed effects in studies of metaphor comprehension
and can therefore be used in psycholinguistic research. Third, to
provide best-practice recommendations for generating and using
LLM-generated norms. To this end, we measured the internal
consistency of model responses across random seeds and computed
correlations with human ratings for all dimensions. We then
conducted three substitution analyses to examine whether LLM-
generated ratings replicate patterns observed in the metaphor
dataset, reproduce effects reported in online studies using a subset
of items from the dataset, and generalize to other types of
metaphor stimuli.
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4 Methods

4.1 The metaphor dataset

We used the metaphor dataset from a recent norming study
(Pissani and de Almeida, 2026), which provides semantic and
lexical properties for 300 two-word metaphors, judged by 164
native English speakers. The metaphors are of the form YX and
include two grammatical combinations: adjective + noun (e.g., early
bird) and noun + noun (e.g., night owl). Each expression involves a
“vehicle," the word carrying most of the metaphorical content (e.g.,
sharp), and a “topic," the constituent that is predicated on (e.g.,
mind). Most expressions were drawn from everyday conversations,
streaming services, and social media to capture widely used
metaphors (e.g., bright side, cold feet). Others were more technical
(e.g., pie chart, cheese writing), and some were adapted from poetry
(e.g., nodding leaves, unkempt afternoon). The dataset was designed
to cover a broad range of metaphors that vary in these properties
to facilitate the investigation of how features of the expressions or
individual differences among participants inform the interpretation
and semantic composition of two-word metaphors.

This metaphor dataset is particularly valuable because
it includes five dimensions that differ in the cognitive
processes required to assign their ratings. Familiarity involves
recalling prior exposure and frequency of use, sometimes
approximated using frequency counts or Google searches (e.g.,
Roncero and de Almeida, 2014). Aptness requires identifying
the topic and vehicle of a metaphor, and whether the vehicle
captures important features that can be predicated on the topic
(Roncero and de Almeida, 2015). Concreteness requires assessing
the degree to which the referent of the vehicle is perceptible
through human sensory or physical experience. Metaphoricity
involves recognizing that some expressions can be interpreted
literally or figuratively, depending on context. Finally, constituency
is unique to two-word metaphors and requires identifying whether
both words are metaphorical or whether one word is metaphorical
and the other remains literal. Examining these dimensions may
provide insight into which cognitive processes LLMs perform well
and which they perform less successfully.

In the following sections, we describe the five dimensions. All
were rated on a seven-point scale, with seven indicating higher
values, except for constituency, which used a transformed scale
from —3 to 3 to make the ratings more intuitive for participants.

4.1.1 Familiarity

Familiarity ratings reflect the extent to which participants
had previously encountered the expressions, either by hearing
or reading them. More familiar metaphors are often easier
to retrieve from memory, and processed faster than less
familiar expressions (Bowdle and Gentner, 2005; Giora, 1997;
Blasko and Connine, 1993). Familiarity was collected both in
context (e.g., She was left with a BROKEN HEART after the split
with her partner) and in isolation (e.g., broken heart). In the
metaphor dataset, expressions presented in context received higher
familiarity ratings.

4.1.2 Aptness

Aptness ratings reflect the quality of the metaphorical mapping,
specifically whether the vehicle of the metaphor (e.g., butter in
butter fingers) effectively conveys salient features of the topic (e.g.,
fingers that are slippery). Aptness has been shown to modulate
the retrieval of metaphorical content (Blasko and Connine, 1993),
to influence whether a mapping is preferred in metaphor or
simile form (Chiappe et al., 2003; Chiappe and Kennedy, 1999),
and to facilitate metaphor interpretation in clinical populations
(Roncero and de Almeida, 2014). Aptness ratings were also
collected both in context and in isolation. However, unlike
familiarity, these ratings did not show a significant effect of context
in the metaphor dataset.

4.1.3 Concreteness

Concreteness ratings reflect the extent to which the meaning
conveyed by a metaphorical vehicle can be perceived through
the senses or actions. For example, cloud nine conveys a state of
extreme happiness, which is difficult to perceive and received a low
rating (2.00). Concreteness has been shown to influence metaphor
processing in neuroimaging studies (Lai et al., 2009; Canal et al.,
2022; Forgács et al., 2015). For instance, Lai et al. (2009) found that
action verbs used metaphorically (e.g., bending a rule) elicited larger
N400 amplitudes, associated with increased semantic processing
difficulty, than the same verbs used literally (e.g., bending a rod).

4.1.4 Metaphoricity

Metaphoricity ratings reflect the extent to which an expression
is perceived as metaphorical rather than literal. For example, fan
brush received a low rating (1.48), as it can be interpreted either
literally (a brush used to fan) or metaphorically (a brush shaped
like a fan but not used for fanning). In contrast, couch potato
received a high rating (6.32), as it is consistently interpreted
metaphorically, regardless of context. In the metaphor dataset,
metaphoricity was influenced by other dimensions, with higher
familiarity increasing metaphoricity ratings and higher aptness and
concreteness decreasing them.

4.1.5 Constituency

Constituency ratings reflect how the metaphorical content is
distributed across the two words of an expression. This dimension
was measured numerically and categorically. On the numerical
scale (–3 to 3), ratings closer to –3 indicate that the metaphorical
content is primarily in the first word (e.g., brilliant student), ratings
near 0 indicate that it is equally distributed across both words (e.g.,
smoking gun), and ratings closer to 3 indicate that it is primarily in
the second word (e.g., early bird). The categorical version of this
dimension (first, both, or second) was annotated by the researchers
and labeled vehicle position. In the metaphor dataset, expressions
with metaphorical content in either the first or second word were
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perceived as more concrete, whereas expressions with content
distributed across both words were perceived as less concrete.

4.2 Models

We evaluated eight contemporary LLMs that differ in size,
pretraining data, and post-training methods (see Table 1). Medium-
sized models include Apriel-1.5-15B-Thinker (Radhakrishna et al.,
2025), Mistral-Small-3.2-24B-Instruct-2506 (Mistral AI Team,
2025), and Qwen3-32B (Qwen Team, 2025), all ranging between
15–32B parameters. Larger models include Apertus-70B-Instruct-
2509 (Hernández-Cano et al., 2025), Llama-3.3-70B-Instruct
(Grattafiori et al., 2024), Qwen3-Next-80B-A3B-Thinking
(Qwen Team, 2025), gpt-oss-120B (OpenAI Team, 2025),
and DeepSeek-V3.2-Exp (DeepSeek-AI et al., 2024), all ranging
between 70–685B parameters. All models are either instruction-
tuned or “thinking” variants designed to follow natural language
prompts and generate step-by-step justifications. Thinking models
were chosen because the metaphor dimensions evaluated here
often involve mapping relations from a source domain to a target
domain—a process that relies on analogical reasoning (Gentner,
1983; Holyoak, 2013). Tasks of this type may particularly benefit
from Chain-of-Thought prompting, as it encourages explicit
multi-step reasoning that can facilitate cross-domain mappings.
We accommodated this by allowing models to output reasoning
traces within specific blocks before providing the final rating.
For elaborate explanation on the “thinking” paradigm, refer to
DeepSeek-AI et al. (2024). By spanning a wide parameter range
and including multiple model families, our selection allows us to
examine how model size and architecture affect alignment with
human metaphor norms.

We hosted all the models locally (except for DeepSeek-V3.2-
Exp) using vLLM and queried them via API without any additional
fine-tuning. Each item was submitted independently to obtain the
final ratings without appending past responses, eliminating the
possibility of anchoring effects from prior items in the dataset. For
each model, we utilized the default hyperparameters, including
temperature and top-p, as recommended by the providers on
their Hugging Face pages (see Table 6 in Appendix for exact
values).1 All LLMs received the same few-shot prompts, presenting
items exactly as they were shown to humans with the target
expression in uppercase to ensure fidelity to the human task
(e.g., Learning a new language requires BABY STEPS at first.).
The prompts differed only in the experimental manipulations
described above (in context vs. in isolation and numerical vs.
categorical output), requesting numbers for ratings and words
for categorical judgments. To ensure valid data extraction,

1 While varying temperatures can introduce variability, recent research

(Pavlovic and Poesio, 2024) demonstrates that temperatures above zero

are actually advantageous for subjective language tasks because they

better approximate diverse human opinion distributions. As shown in

Table 6 in Appendix, we also use a temperature > 0, as suggested by

Pavlovic and Poesio (2024). Furthermore, our robust assessment of intraclass

correlation coefficients across three random seeds confirms that these

settings maintain strong internal consistency without compromising the

overall stability of the outputs.

we instructed models to wrap their final answer in XML-
style tags (e.g., <constituency>4</constituency>
or <aptness>high</aptness>), which we parsed
programmatically. To assess robustness, we sampled three
independent outputs for each item by varying the random seed,
and averaged these responses to obtain a single rating per item and
model. This design enables a direct comparison of models both to
one another and to human judgments, while also allowing us to
quantify internal consistency across generations.

5 Results

We first evaluated the reliability and validity of LLM outputs
in replicating human judgments by assessing their internal
consistency and alignment with human ratings across several
dimensions: familiarity in context (FAMc) and in isolation (FAMi);
aptness in context (APTc) and in isolation (APTi); concreteness
(CON); metaphoricity (MET); constituency (CONS); and vehicle
position (vehicle). These analyses were conducted for both the full
set of 300 metaphors and a subset of 24 metaphors, which was
used in an online study of metaphor comprehension, to evaluate
whether substitution analyses based on the subset would produce
statistically reliable and valid results.

Next, we conducted substitution analyses to assess whether
LLM-generated norms replicated the findings reported in the
metaphor norming study (Pissani and de Almeida, 2026) and the
online comprehension study (Pissani et al., 2026a).

Finally, to evaluate the external validity of the LLM-generated
norms, we applied the prompts used to generate familiarity
ratings to a separate set of metaphors from an offline study
(Stamenković et al., 2019), which normed their materials using
familiarity ratings from Cardillo et al. (2010).

5.1 Reliability

For numerical data, we assessed the reliability of model ratings
using the intraclass correlation coefficient (ICC), computed with
the psych package in R (Revelle, 2025) for both the full set and
the subset.

For human data, the ICC reflects interrater reliability (i.e.,
variability among raters), whereas for model data it reflects
intrarater reliability (i.e., variability in outputs generated by the
same model across three random seeds). We report ICCs based on
mean ratings, consistency, and two-way mixed-effects models (ICC
3, k) in Table 2. In the norming study, ICCs were computed from
mean ratings aggregated across approximately 25 participants per
dimension and 10 participants for constituency, and are reported
here as a human baseline. Higher ICCs indicate greater internal
consistency and, consequently, greater stability of the ratings.
Following the guidelines of Koo and Li (2016), values above 0.50
indicate moderate reliability, above 0.75 good reliability, and above
0.90 excellent reliability.

For the full set, all models achieved good to excellent
reliability in familiarity, aptness, concreteness, metaphoricity, and
constituency, except for Apertus-70B-Instruct-2509, which showed
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TABLE 1 Models tested in our studies.

Model # parameters Pretraining data # Post-training datapoints

Apriel-1.5-15B-Thinker 15B Pixtral-12B > 2M text SFT samples

Mistral-Small-3.2-24B-Instruct-2506 24B ∼10T NA

Qwen3-32B 32B 36T ∼300K CoT examples (Stage 1)

Apertus-70B-Instruct-2509 70B 15T (1811 langs) ≈3.8M SFT examples

Llama-3.3-70B-Instruct 70B 15T >25M synthetic examples

Qwen3-Next-80B-A3B-Thinking 80B 15T (subset of 36T) NA

gpt-oss-120b 120B ∼15T NA

DeepSeek-V3.2-Exp (thinking) 685B 14.8T + 943B NA

moderate reliability (ICC = 0.51) in the constituency dimension.
In particular, gpt-oss-120b and DeepSeek-V3.2-Exp demonstrated
excellent reliability across all dimensions, exceeding that of human
raters. For the subset, all models exhibited good to excellent
reliability on familiarity and metaphoricity, while substantial
variability was observed in the other dimensions. Notably, gpt-oss-
120b, DeepSeek-V3.2-Exp, and Mistral-Small-3.2-24B-Instruct-
2506 consistently showed good to excellent reliability across all
dimensions. For the dimension of aptness, ICC was reported as zero
for Apriel-1.5-15B-Thinker, Llama-3.3-70B-Instruct, and Qwen3-
Next-80B-A3B-Thinking, as these models assigned the same value
to all items in the subset, resulting in insufficient variance for
reliability estimation.

For categorical data, reliability was measured using
Krippendorff ’s alpha. Table 2 reports alpha values comparing
variability in responses produced by the same model across three
seeds for vehicle position (i.e., whether the metaphorical content
is in the first, second, or both words of the expression). Following
the interpretation guidelines of Marzi et al. (2024), values near 0
indicate no agreement, values below 0.67 indicate poor agreement,
values between 0.67 and 0.79 indicate moderate agreement, values
above 0.80 indicate good agreement, and values approaching 1
indicate nearly perfect agreement. Overall, reliability values were
variable and inconsistent, with no systematic relationship to model
size. Roughly half of the models showed poor reliability, while
the remainder showed moderate reliability. Only Apertus-70B-
Instruct-2509 and DeepSeek-V3.2-Exp (Thinking) reached the
threshold for good internal consistency for both the full set and
the subset, while Mistral-Small-3.2-24B-Instruct-2506 and Apertus
70B Instruct 2509 achieved perfect reliability for the subset.

5.2 Validity

For numerical data, we assessed validity by computing
Spearman rank correlations between model and human ratings
across all dimensions (Table 3). Human ratings were averaged per
item as reported in the norming study Pissani and de Almeida
(2026), whereas model ratings were averaged per item across the
three seeds, separately for the full set (300 items) and the subset
(24 items). For the full set, correlations were moderate to strong
for familiarity and metaphoricity, moderate for concreteness, and
weak to moderate for aptness, with substantial variability for

constituency. For the subset, correlations remained moderate to
strong for metaphoricity, but for familiarity, only half of the models
reached significance. None of the correlations for aptness were
significant. For concreteness, only Apriel-1.5-15B-Thinker and gpt-
oss-120b showed a significant correlation, while correlations for
constituency remained variable. Overall, there was no consistent
relationship between model size and alignment with human ratings.

For categorical responses, validity was assessed using Cohen’s
kappa, computed with the irr package in R (Gamer et al.,
2012). We compared model responses from the first seed with
responses annotated by human raters for vehicle position reported
in the norming study. Following the interpretation guidelines
of McHugh (2012), values above 0.40 indicate weak agreement,
values above 0.60 indicate moderate agreement, values above 0.80
indicate strong agreement, and values above 0.90 indicate almost
perfect agreement. Only Apriel-1.5-15B-Thinker reached moderate
agreement for both the full set and the subset. Qwen3-32B and gpt-
oss-120b showed weak agreement for the full set. All other models
showed little to no agreement with human annotations in either set.

5.3 Substitution analysis

We first performed a substitution analysis on the full set
of metaphors to determine whether the relationships among
dimensions followed the same patterns observed in the metaphor
dataset.2 We then performed a second substitution analysis on
a subset of expressions used in an online study of metaphor
processing to examine whether LLM-generated ratings replicated
the observed effects. Finally, we performed a third substitution
analysis on a separate set of metaphors from an offline study
of metaphor comprehension to evaluate the external validity of
our results.

5.3.1 Findings from the norming study

We examined whether the full set of LLM-generated
ratings replicated the relationships among dimensions

2 The categorical variable vehicle position showed poor reliability (see

Table 2) and was therefore excluded from substitution analyses.
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TABLE 2 Reliability values across three seeds for each model.

Full set Subset

Model FAMc FAMi APTc APTi CON MET CONS Vehicle FAMc FAMi APTc APTi CON MET CONS Vehicle

Metaphor dataset 0.88 0.88 0.78 0.70 0.87 0.94 0.93 — 0.74 0.75 0.65 0.50 0.80 0.93 0.95 —

Apriel-1.5-15B-Thinker 0.94 0.94 0.84 0.89 0.87 0.84 0.96 0.73 0.91 0.95 0.00 0.00 0.71 0.79 0.99 0.55

Mistral-Small-3.2-24B-Instruct-2506 0.99 0.99 0.91 0.99 0.97 0.96 0.87 0.00 0.98 0.98 0.85 0.99 0.97 0.92 0.75 1.00

Qwen3-32B 0.91 0.92 0.78 0.83 0.82 0.93 0.84 0.66 0.91 0.91 0.53 0.38 0.59 0.82 0.79 0.36

Apertus-70B-Instruct-2509 0.93 0.94 0.92 0.91 0.82 0.95 0.51 0.76 0.87 0.95 0.89 0.96 0.84 0.94 0.68 1.00

Llama-3.3-70B-Instruct 0.96 0.95 0.96 0.88 0.92 0.94 0.79 0.73 0.92 0.92 0.90 0.00 0.94 0.89 0.70 0.49

Qwen3-Next-80B-A3B-Thinking 0.97 0.97 0.89 0.92 0.88 0.92 0.98 0.61 0.97 0.96 0.00 0.00 0.08 0.89 0.93 0.65

gpt-oss-120b 0.97 0.96 0.92 0.94 0.91 0.90 0.96 0.82 0.97 0.97 0.85 0.86 0.84 0.81 0.95 0.64

DeepSeek-V3.2-Exp (Thinking) 0.99 0.99 0.92 0.92 0.94 0.97 0.95 0.69 0.85 0.95 0.89 0.78 0.90 0.95 0.94 0.68

FAMc: familiarity in context; FAMi: familiarity in isolation; APTc: aptness in context; APTi: aptness in isolation; CON: concreteness; MET: metaphoricity; CONS: constituency; vehicle: vehicle position.
Intraclass correlation coefficient (FAMc–CONS): values below 0.50 are shown in gray. Krippendorff ’s alpha (Vehicle): values below 0.67 are shown in gray.

TABLE 3 Alignment between model and human responses.

Full set Subset

Model FAMc FAMi APTc APTi CON MET CONS Vehicle FAMc FAMi APTc APTi CON MET CONS Vehicle

Apriel-1.5-15B-Thinker 0.70* 0.57* 0.36* 0.29* 0.58* 0.61* 0.80* 0.71 0.58· 0.36 0.01 -0.32 0.51· 0.30 0.80* 0.67

Mistral-Small-3.2-24B-Instruct-2506 0.65* 0.55* 0.24* 0.33* 0.48* 0.56* 0.07 0.00 0.32 0.18 –0.09 –0.16 0.06 0.60* 0.00 0.00

Qwen3-32B 0.77* 0.67* 0.41* 0.39* 0.59* 0.67* 0.69* 0.51 0.55* 0.38 0.13 0.24 0.24 0.59* 0.47· 0.10

Apertus-70B-Instruct-2509 0.58* 0.47* 0.29* 0.28* 0.44* 0.45* 0.05 –0.01 0.35 0.15 0.07 0.00 0.29 0.55* 0.06 –0.08

Llama-3.3-70B-Instruct 0.71* 0.61* 0.36* 0.47* 0.49* 0.55* 0.45* 0.38 0.10 0.12 0.01 0.08 0.17 0.59* 0.47· 0.23

Qwen3-Next-80B-A3B-Thinking 0.76* 0.66* 0.46* 0.47* 0.51* 0.61* 0.81* 0.07 0.65* 0.24 0.29 0.04 0.08 0.72* 0.78* –0.01

gpt-oss-120b 0.74* 0.55* 0.44* 0.46* 0.60* 0.60* 0.79* 0.52 0.63* 0.36 0.01 –0.03 0.59* 0.56* 0.63* 0.31

DeepSeek-V3.2-Exp (Thinking) 0.70* 0.64* 0.41* 0.46* 0.45* 0.64* 0.78* 0.29 0.36 0.44· 0.03 –0.09 0.14 0.45· 0.65* 0.14

Spearman rank correlations (FAMc–CONS): asterisks (*) indicate p < 0.01, dots (·) indicate p < 0.05, and nonsignificant values are shown in gray. Cohen’s kappa (Vehicle): values below 0.40 are shown in gray.

Fro
n

tie
rs

in
Lan

g
u

ag
e

Scie
n

ce
s

0
6

fro
n

tie
rsin

.o
rg

https://doi.org/10.3389/flang.2026.1756514
https://www.frontiersin.org/journals/language-sciences
https://www.frontiersin.org


Pissani et al. 10.3389/flang.2026.1756514

observed in the metaphor dataset. First, in the norming study
(Pissani and de Almeida, 2026), familiarity ratings3 and COCA
frequency scores were moderately positively correlated (r = 0.43;
Finding 1). Second, familiarity and aptness ratings were highly
positively correlated (r = 0.75; Finding 2). Third, metaphoricity
and concreteness ratings were moderately negatively correlated
(r = −0.40; Finding 3).

As shown in Table 4, all models replicated the positive
relationships between familiarity and frequency (Finding 1), as well
as between familiarity and aptness (Finding 2). Likewise, all models
except DeepSeek-V3.2-Exp (Thinking) replicated the negative
relationship between metaphoricity and concreteness (Finding 3).
Figure 1 presents the plots for Findings 1–3 for the metaphor
data set (first row) and the best-performing models (Mistral-Small-
3.2-24B-Instruct-2506, Qwen3-32B, and Qwen3-Next-80B-A3B-
Thinking). Although all dimensions exhibit the same correlation
patterns observed in human data, the LLMs appear to be
more categorical and dispersed, favoring extreme values at
both ends—particularly Qwen3-Next-80B-A3B-Thinking—unlike
humans, whose ratings are more evenly distributed.

5.3.2 Findings from the online study

We examined whether the subset of LLM-generated ratings
replicated results from an online study of metaphor comprehension
that used 24 metaphors from the metaphor dataset. In a maze
task, participants read metaphors embedded in sentences (e.g., John
is an early bird so he can. . . ) and were slower and less likely to
select the target continuation (e.g., attend) when it was paired with
a distractor related to the literal meaning of the metaphor (e.g.,
fly) than with an unrelated distractor (e.g., cry). These findings
suggest that the literal meaning of metaphors is accessed during
comprehension and can be “awakened” by a subsequent literal cue
(Pissani and de Almeida, 2022, 2023; Pissani et al., 2026b).

In a follow-up study, the magnitude of the awakening effect
was found to vary with aptness and concreteness (Pissani et al.,
2026a).4 Aptness increased accuracy [β = 0.86, 95% CRI (0.17,
1.56); Finding 4] and decreased response time in the related-
distractor condition [β = −0.06, 95% CRI (–0.12, –0.01); Finding
5], suggesting a reduced activation of the literal meaning. By
contrast, concreteness increased response time in the related-
distractor condition [β = 0.05, 95% CRI (0.01, 0.09); Finding 6],
suggesting that the literal meaning is enhanced by concreteness
during sentence comprehension.

Table 4 shows that the effect of aptness on accuracy (Finding
4) was replicated only by Apertus-70B-Instruct-2509. The effect of
aptness on response time (Finding 5) was observed in Apriel-1.5-
15B-Thinker, Qwen3-32B, and Qwen3-Next-80B-A3B-Thinking.
The effect of concreteness on response time (Finding 6) was not
replicated by any of the models. Given the weak alignment between

3 Since familiarity in context (FAMc) and in isolation (FAMi), as well as

aptness in context (APTc) and in isolation (APTi), are highly correlated, we

used the versions in context (FAMc, APTc) for this and all subsequent analyses

involving familiarity or aptness.

4 Data for this project, including datasets, analysis scripts, and figures are

available at https://osf.io/d2pna.

model ratings and human norms for aptness and concreteness in
the subset, the limited replication of these effects is not unexpected.

5.3.3 Findings from the offline study

We assessed the external validity of LLM-generated ratings
for the most reliable dimension, familiarity. Given the limited
empirical data available for two-word metaphor combinations
like those normed in the metaphor dataset, we extended our
analysis to predicate metaphors. Predicate metaphors occur in
sentence form, with the metaphorical content primarily conveyed
by the verb (e.g., The violent image RATTLED in her head).
Although predicate metaphors differ in structure and complexity
from two-word metaphors, the dimension of familiarity is defined
consistently—that is, the extent to which an expression has been
read or used previously. We therefore expected that models
demonstrating reliability and validity in familiarity ratings for two-
word metaphors would also yield robust familiarity ratings for
predicate metaphors.

In the offline study, Stamenković et al. (2019)5 examined
whether familiarity influenced comprehension difficulty in a
multiple-choice task, in which participants selected the best
metaphorical interpretation of predicate metaphors from three
options. Results showed that participants were more likely to select
the correct choice for high-familiarity expressions than for low-
familiarity expressions [β = 0.29, 95% CRI (0.03, 0.56)]. Although
their study also included individual differences as predictors of
metaphor comprehension, those analyses are beyond the scope of
the present work.

Each model generated familiarity ratings for the 24 predicate
metaphors used in Stamenković et al. (2019) study. For the
substitution analysis, we selected six LLMs based on reliability (ICC
≥ 0.75) and validity (Spearman’s ρ ≥ 0.40, p < 0.05). The selected
models were Mistral-Small-3.2-24B-Instruct-2506, Qwen3-32B,
Apertus-70B-Instruct-2509, Llama-3.3-70B-Instruct, Qwen3-Next-
80B-A3B-Thinking, and DeepSeek-V3.2-Exp (Thinking). Models
excluded due to low or nonsignificant correlations were Apriel-1.5-
15B-Thinker and gpt-oss-120b (see Table 5).

Results indicated that only Qwen3-32B [β = 0.43, 95% CRI (–
0.09, 0.94)] and Qwen3-Next-80B-A3B-Thinking [β = 0.15, 95%
CRI (–0.15, 0.45)] showed familiarity effects similar in direction
to those observed with Cardillo et al. (2010) ratings (see Figure 2).
Although the 95% credible intervals for both models include zero,
the posterior probabilities of a positive effect were relatively high
[Qwen3-32B: p(β̂ > 0) = 0.95; Qwen3-Next-80B-A3B-Thinking:
p(β̂ > 0) = 0.84], suggesting that familiarity trends in these models
broadly align with human judgments.

5 In Stamenković et al. (2019), 24 predicate metaphors were selected from

Cardillo et al. (2010), with 12 low familiarity items and 12 high familiarity

items, treating familiarity as a categorical predictor. In our analyses, we use

numerical familiarity ratings, so this variable is treated continuously. Because

of that, we re-ran their analysis using numerical familiarity and replicated

the reported effects, which we compare with results from LLM-generated

familiarity ratings.
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TABLE 4 Summary of substitution analyses.

The norming study The online study

Model Finding 1 Finding 2 Finding 3 Finding 4 Finding 5 Finding 6

Metaphor dataset 0.43* 0.75* –0.40* 0.86 [0.17, 1.56] –0.06 [–0.12, –0.01] 0.05 [0.01, 0.09]

Apriel 0.43* 0.52* –0.15· 0.73 [–0.83, 2.27] –0.17 [–0.31, –0.04] 0.00 [ –0.01, 0.02]

Mistral 0.36* 0.58* –0.23* –0.62 [–1.54, 0.31] –0.04 [–0.11, 0.03] –0.02 [–0.05, 0.00]

Qwen3 0.47* 0.55* –0.22* 0.10 [–1.32, 1.52] –0.11 [–0.20, –0.01] –0.04 [–0.06, –0.01]

Apertus 0.34* 0.56* –0.56* 0.95 [0.24, 1.68] –0.04 [–0.08, 0.00] 0.00 [–0.02, 0.02]

Llama3 0.36* 0.53* –0.13· 1.31 [–0.23, 2.86] –0.07 [–0.20, 0.06] –0.01 [–0.03, 0.00]

Qwen3–Next 0.36* 0.61* –0.39* 0.56 [–1.23, 2.35] –0.20 [–0.37, –0.03] –0.05 [–0.10, 0.00]

gpt–oss 0.37* 0.69* –0.13· 0.11 [–0.90, 1.14] –0.04 [–0.12, 0.04] 0.01 [–0.01, 0.02]

DeepSeek 0.30* 0.66* 0.07 –0.26 [–0.81, 0.31] –0.01 [–0.04, 0.02] –0.01 [–0.03, 0.01]

Findings 1-3: Pearson correlations marked with asterisks (*) indicate p < 0.01, dots (·) indicate p < 0.05. Findings 4-6: CRIs including zero are shown in gray.

6 Discussion

We evaluated whether LLM-generated norms can serve as
reliable and valid resources for psycholinguistic research, with a
particular focus on metaphor comprehension. To this end, eight
current LLMs produced ratings for 300 two-word metaphors on
five dimensions—familiarity, aptness, concreteness, metaphoricity,
and constituency—from a recently released metaphor dataset.
These dimensions were selected because they tap distinct cognitive
processes, allowing us to assess which aspects of metaphor
comprehension are captured accurately by LLMs and which
are not.

Reliability was assessed by measuring internal consistency
across three random seeds for each model and dimension. Validity
was assessed by comparing LLM-generated ratings against human
“gold standard” norms from the metaphor dataset. Finally, to
evaluate the utility of LLM-generated ratings as substitutes for
human norms in psycholinguistic research, we replaced them
into existing analyses of metaphor comprehension and examined
whether they reproduced previously observed effects.

Norms collected for single words, whose meanings can vary
substantially depending on context (e.g., wooden table vs. data
table), may benefit from contextualized presentation (Trott, 2024).
In contrast, norms collected for two-word metaphors appear to
vary minimally as a function of context (Pissani and de Almeida,
2026). This may be because many metaphors can only be
interpreted figuratively (e.g., bright student). Even when a literal
interpretation is possible, the figurative sense tends to be more
salient (e.g., cold turkey); whereas for expressions in which
literal and figurative interpretations are equally salient (e.g.,
hot water), task instructions may further constrain figurative
interpretation. We manipulated stimulus presentation to identify
conditions in which model responses align most closely with
human judgments. However, LLM-generated ratings of familiarity
and aptness did not vary systematically with context presentation.
Although familiarity ratings in context had a numerically higher
correlation coefficient than ratings in isolation for the full set,
both remained within the same correlation threshold. For the
subset, only four models (Apriel-1.5-15B-Thinker, Qwen3-32B,

Qwen3-Next-80B-A3B-Thinking, and gpt-oss-120b) showed a
substantial improvement in familiarity alignment when metaphors
were presented in context rather than in isolation—all other
differences were small and inconsistent.

Response format was evaluated by measuring the same
construct using numerical responses (constituency) and categorical
responses (vehicle position). For numerical responses, reliability
ranged from moderate to excellent in both the full set and the
subset, whereas alignment with human norms was moderate to
strong for most models. This relatively high alignment may reflect
the use of mean ratings averaged across random seeds, which likely
yields more precise estimates than individual seed outputs. Two
models—Mistral-Small-3.2-24B-Instruct-2506 and Apertus-70B-
Instruct-2509—were exceptions, showing very weak alignment. For
categorical responses, roughly half of the models showed moderate
to strong reliability, but of these, only Apriel-1.5-15B-Thinker and
gpt-oss-120b were aligned with human judgments, indicating that
some models were consistent yet inaccurate. Given the consistent
reliability on the numerical scale, models appear to be more reliable
when using numerical rather than categorical responses for the
same construct. However, because alignment for the numerical
scale was inconsistent, conclusions about the categorical scale
remain limited, as poor performance may reflect the complexity
of the dimension rather than the response format itself. Future
work may examine the effect of response format using more reliable
dimensions, such as familiarity and metaphoricity.

6.1 Are LLM-generated norms reliable and
aligned with human responses?

Reliability metrics were consistently high across most
dimensions and models, with the exception of vehicle position.
This pattern indicates that, when presented with the same
prompts, LLMs generally produce stable and reproducible outputs,
supporting their reliability for generating comparable responses
across studies.

Alignment with human ratings was moderate to high for most
dimensions and models, with the exception of constituency and
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FIGURE 1

Correlation plots among dimensions for the metaphor dataset and the best-performing LLMs.
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vehicle position. As expected, familiarity showed the strongest
alignment, likely because it reflects frequency, which is a property

TABLE 5 Reliability and alignment with human ratings for familiarity ratings of predicate

metaphors.

Model ICC ρ

Apriel-1.5-15B-Thinker 0.77 0.24

Mistral-Small-3.2-24B-Instruct-2506 0.95 0.64*

Qwen3-32B 0.81 0.75*

Apertus-70B-Instruct-2509 0.83 0.43·
Llama-3.3-70B-Instruct 0.93 0.81*

Qwen3-Next-80B-A3B-Thinking 0.73 0.42·
gpt-oss-120b 0.82 0.18

DeepSeek-V3.2-Exp (Thinking) 0.83 0.45·
Asterisks (*) indicate p < 0.01, dots (·) indicate p < 0.05.

that LLMs can readily estimate. Metaphoricity showed the
next-highest alignment, suggesting that LLMs can distinguish
expressions that are literally or metaphorically interpretable
depending on context. In contrast, aptness requires evaluating
the quality of the metaphorical mapping—that is, whether the
vehicle conveys important features of the topic. For example,
LLMs may struggle to assess whether the vehicle sharp effectively
conveys the mental acuity of the topic mind. Concreteness involves
relating the meaning of an expression to physical experience. In
this case, LLMs may find it difficult to determine whether the
‘mental acuity’ conveyed by sharp can be experienced through the
senses. Constituency and vehicle position reflect how metaphorical
content is distributed across an expression, whether it is conveyed
by the first word, the second word, or both. For example, in
the expression broken heart, LLMs may differ in whether they
attribute the metaphorical content to broken, heart, or their
combination, referring to a love gone awry. While familiarity and

FIGURE 2

Posterior predictions of accuracy using familiarity ratings from Cardillo et al. (2010) and the best-performing LLMs.
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metaphoricity rely primarily on judgments about the expression
as a whole, aptness, concreteness, and constituency require
identifying the topic and vehicle of the metaphor and evaluating
their relationship—processes that LLMs may find particularly
challenging because they involve integrating both semantic and
syntactic information. As a result, these dimensions showed only
moderate alignment with human ratings in the full dataset and
largely no alignment in the subset, suggesting that analyses based
on them should be interpreted with caution. Consistent with these
findings, Mangiaterra et al. (2025) reported that GPT performs
better on ratings of familiarity and comprehensibility of metaphors
than on more complex dimensions such as imageability (i.e., the
ease of generating a mental image form an expression), which, like
concreteness, depends on sensory experience.

6.2 Do LLM-generated norms replicate
observed effects and could they support
psycholinguistic research?

Whether LLMs can be used to norm linguistic stimuli appears
to depend on the dimension. Well-established and relatively
straightforward dimensions, such as familiarity and metaphoricity,
are predicted more accurately by LLMs, showing promise for
psycholinguistic research. In contrast, more complex dimensions
that require parsing the expression and understanding the source–
target mapping of a metaphor, as well as sensitivity to sensory or
physical experience, remain less reliable and therefore less suitable
for research use.

All models replicated the three relationships between
dimensions observed in the metaphor dataset: a positive correlation
between frequency and familiarity, a positive correlation between
familiarity and aptness, and a negative correlation between
concreteness and metaphoricity. These results show that LLM-
generated norms can capture the same patterns seen in human
data, suggesting they may be a useful tool for studying relationships
between dimensions—at least when a sufficient number of items
is available.

Nevertheless, even when LLM-generated norms were highly
reliable and aligned with human ratings, they did not consistently
reproduce effects observed in metaphor comprehension studies.
Substituting LLM-generated ratings of aptness and concreteness to
predict response times and accuracy in the online study yielded
mixed results, possibly due to the complexity of these dimensions
or features of this particular subset. Similarly, in the offline
comprehension study, only two of the six models that met reliability
and alignment criteria showed familiarity effects in the same
direction as those reported for the predicate metaphor dataset.

6.3 Best-practice recommendations for
generating and using LLM-generated
norms in psycholinguistic research

Based on our empirical results, we propose several best
practices for prompting LLMs in psycholinguistic research. First,
to ensure robustness and reliability, researchers should not rely on

a single generation but rather employ multiple seed variations. Our
methodology sampled three independent outputs for each item by
varying the random seed to obtain a single average rating. This
approach allows for the quantification of internal consistency and
numerical precision issues across generations.

Second, we recommend utilizing models or prompts that
encourage explicit reasoning or Chain-of-Thought processing. Our
study included “thinking” variants designed to generate step-
by-step justifications, and results indicated that the Qwen3-
Next-80B-A3B-Thinking, gpt-oss-120b, and DeepSeek-V3.2-Exp
(Thinking) achieved excellent reliability across most dimensions,
even surpassing human raters in some instances.

Third, prompts should combine explicit structured constraints
with task instructions that remain as close as possible to those
given to human participants. In our study, all models received
the same prompts under controlled experimental manipulations,
yet the dimension of constituency and its categorical equivalent
(vehicle position) yielded low reliability and validity. To mitigate
such failures in complex structural tasks, we advise augmenting
standard instructions with few-shot prompting examples to better
guide the model toward the desired output format.

Fourth, to support robust evaluation, researchers should use
sufficiently large datasets. In our study, alignment with human
ratings was moderate to strong for the full set of 300 items
but decreased substantially in the subset of 24 items, which
indicates that smaller datasets may provide insufficient variance for
stable assessment.

Finally, prompting LLMs across different numerical scales or
categorical labels is essential for understanding their behavior
and measuring consistency, as our comparison of numerical vs.
categorical formats demonstrated that performance and alignment
with human judgments can vary depending on the required
output type.

7 Conclusion

In this study, we examined the extent to which large language
models align with human judgments across multiple dimensions of
two-word metaphor combinations, including familiarity, aptness,
metaphoricity, concreteness, and constituency. Overall, our results
indicate that LLMs show moderate to high alignment with human
ratings for dimensions that depend on word co-occurrence,
such as familiarity and metaphoricity, but substantially weaker
alignment for dimensions that require parsing the expression and
making judgments based on the relationship between the topic an
vehicle. To our knowledge, this is the first study to compare the
performance of eight LLMs, including “thinking” variants, in the
norming of metaphors.

7.1 Limitations

While our study provides insight into how LLMs align
with human judgments of metaphor, several limitations
should be considered. First, our dataset consists exclusively
of English metaphors, which may limit the generalizability of
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our findings to other languages—particularly given that English
is the best-represented language in most LLM training data
(Zhang et al., 2023). Second, although all models are open
weights—allowing anyone with sufficient compute to run them
locally—they are not fully open source, limiting transparency
regarding their architecture, training data, and optimization
(Ivanova, 2025). While the metaphor dataset was published
after LLM training, earlier versions of these norms may have
been included in the training data. Third, LLM-generated
norms were obtained via prompting, which may produce less
reliable estimates than direct probability-based measurements
(Hu and Levy, 2023).
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