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Abstract001

Metaphors are powerful framing devices, yet002
their source domains alone do not fully explain003
the specific associations they evoke. We argue004
that the interplay between source domains and005
semantic frames determines how metaphors006
shape understanding of complex issues, and007
present a computational framework that allows008
to derive salient discourse metaphors through009
their source domains and semantic frames. Ap-010
plying this framework to climate change news,011
we uncover not only well-known source do-012
mains but also reveal nuanced frame-level as-013
sociations that distinguish how the issue is por-014
trayed. In analyzing immigration discourse015
across political ideologies, we demonstrate that016
liberals and conservatives systematically em-017
ploy different semantic frames within the same018
source domains, with conservatives favoring019
frames emphasizing uncontrollability and lib-020
erals choosing neutral or more ”victimizing"021
semantic frames. Our work bridges conceptual022
metaphor theory and linguistics, providing the023
first NLP approach for discovery of discourse024
metaphors and fine-grained analysis of differ-025
ences in metaphorical framing.1026

1 Introduction027

Metaphors help us understand and explain our028

world by transferring what we know about physical,029

tangible objects to more abstract, hard-to-define030

concepts and notions, or, as Lakoff and Johnson031

(2008) succinctly put it, “understanding and expe-032

riencing one kind of thing in terms of another”. In033

particular, Lakoff and Johnson (2008) showed that034

target (more abstract) concepts are understood in035

terms of more concrete, physical source domains,036

such as LOVE IS BATTLE or THEORIES ARE037

BUILDINGS. Following their seminal work, con-038

ceptual metaphor theory (CMT) became a produc-039

1Code and data are available at https://anonymous.
4open.science/r/ConceptFrameMet-50F8/. Pre-trained
models will be released upon acceptance.

Figure 1: Interaction between semantic frames and do-
mains

tive method to generalize from specific metaphori- 040

cal expressions and arrive at a more abstract anal- 041

ysis of associations carried over from the source 042

domain. In NLP, work on metaphorical understand- 043

ing also focuses on mapping metaphors to their 044

source domains (Shutova and Teufel, 2010; Mohler 045

et al., 2016; Mendelsohn and Budak, 2025). 046

However, the source domain itself does not fully 047

explain which associations are carried over. Con- 048

sider the following metaphors, both deriving from 049

the source domain of WATER, commonly used in 050

immigration discourse2: 051

(1) Illegal aliens continue to flood into our 052

country, ruining our economy. 053

(2) Maybe a high tide raises all boats? Waves 054

of immigrants have always enriched us. 055

The first example compares immigration to fill- 056

ing with water, which must be controlled and 057

stopped; the second treats it as a mass of water 058

which, however, does not pose a risk of "overflow- 059

ing" and can be considered a natural feature of 060

2Simplified examples from Mendelsohn and Budak
(2025)’s dataset.
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landscape, thus instilling a more positive, accept-061

ing attitude towards immigration.062

Such associations have been explained by lin-063

guistic, constructionalist theories of metaphors064

(Sullivan, 2025, 2013), positing that the associa-065

tions derived from the source domain are related066

to the semantic frame of a lexical item used in the067

metaphor (Fillmore and Baker, 2001). In our ex-068

ample, flood has a semantic frame of Filling which069

emphasizes the movement of water and the nega-070

tive result of such movement. On the other hand,071

wave and tide have semantic frames of Quanti-072

fied_mass and Natural_features with more neutral073

associations. Semantic frames are generic struc-074

tures that can be applied to many source domains.075

For example, the Quantified_mass semantic frame076

can also be applied to the ANIMAL source do-077

main (packs of immigrants) or PRESSURE/PHYS-078

ICAL_BURDEN source domain (loads of illegals).079

Thus, it is the interplay of the source domain and080

semantic frame that uniquely defines the associa-081

tions of the metaphor, where the source domain082

points to a cluster of associations, and the semantic083

frame allows to pick out specific ones (Figure 1).084

This nuanced understanding of associations is085

particularly important when metaphors are being086

used as framing devices to emphasize and high-087

light a particular aspect of an issue or a debate,088

i.e. to frame it (Entman, 1993).3 These discourse089

metaphors or “relatively stable metaphorical pro-090

jections that function as key framing devices within091

a particular discourse over a certain period of time”092

(Zinken et al., 2008; Nerlich and Jaspal, 2012) are093

the focus of our study. Specifically, we show that094

differences in metaphor use between political ide-095

ologies — which has not been fully explained in096

prior work (Mendelsohn, 2024; El Refaie, 2001)097

— can be effectively analyzed through consistent,098

prevalent choice of semantic frames that funnel099

particular associations from the source domain.100

To support our analysis of discourse metaphors,101

we implement a framework that consists of two102

components: a pre-trained language model that de-103

tects metaphors and predicts their semantic frame104

and source domain, and a statistical module that105

3The term frame refers to (at least) two distinct concepts –
semantic frames as encoded in FrameNet (Fillmore and Baker,
2001), and media frames, i.e. consistent emphasis of particular
aspects of an issue to evoke specific associations in reader’s
mind (Entman, 1993); see Otmakhova et al. (2024); Sullivan
(2023) for the discussion of their relation to each other and dis-
tinctions. To avoid confusion, we use terms semantic frames
and media frames.

uses log-likelihood ratio estimation (Rayson and 106

Garside, 2000) to highlight salient source domains 107

and semantic frames of metaphors within a particu- 108

lar discourse compared to a control corpus. 109

We apply our framework to analyze metaphor- 110

ical framing in two scenarios. First, we discover 111

discourse metaphors used to frame climate change 112

and not only discover well-known source domains 113

of climate change metaphors (such as WAR), but 114

also reveal more nuanced semantic frame associ- 115

ations consistently chosen within the source do- 116

mains. Second, we analyze the source domains 117

of WATER and ANIMAL in metaphors in immi- 118

gration discourse, comparing their use by liberals 119

and conservatives (Mendelsohn and Budak, 2025), 120

and show that these domains are heterogeneous, 121

and that tweets with different political leanings 122

routinely different semantic frames of metaphors 123

within the same domains to convey particular emo- 124

tions towards immigrants. 125

In sum, we are the first to connect source do- 126

mains and semantic frames in an NLP approach; 127

release a manually labeled corpus in the climate 128

domain; and apply our framework across two do- 129

mains showing it can be used to discover dis- 130

course metaphors within a particular topic, and 131

highlight nuanced differences in superficially simi- 132

lar metaphor usage. 133

2 Related work 134

Metaphor analysis in NLP Metaphors have at- 135

tracted significant attention, with an extensive 136

body of work focusing on annotating metaphors 137

and creating corpora (Group, 2007; Steen et al., 138

2010; Boisson et al., 2025), automatically detect- 139

ing them in text (Wang et al., 2025; Zhang and 140

Liu, 2022; Uduehi and Bunescu, 2024; Tian et al., 141

2024; Reimann and Scheffler, 2025), understand- 142

ing (Tong et al., 2024; Ye et al., 2025), genera- 143

tion (Joseph et al., 2023; Chakrabarty et al., 2021; 144

Veale, 2016), and interpretation, such as the ability 145

to handle them in inference and question answering 146

tasks (Liu et al., 2022; Sanchez-Bayona and Agerri, 147

2025) (see Ge et al. (2023); Rai and Chakraverty 148

(2020) for an extensive survey). 149

Concept metaphor theory (CMT) (Lakoff and 150

Johnson, 2008) has been widely adopted as a tool 151

to improve detection, explanation, and generation 152

of metaphors (Jones, 1992; Stowe et al., 2021a; Ge 153

et al., 2022; Mao et al., 2023; Tian et al., 2025). 154

Some works also use semantic frames as a proxy, 155
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Figure 2: Framework overview showing semantic
frames and source domains for the input metaphors
(bold).

or substitute, for conceptual mappings, in order to156

detect (Li et al., 2023), or generate (Stowe et al.,157

2021b) metaphors. We are the first to leverage the158

interaction between the two frameworks.159

According to the constructionist view of160

metaphors, their conceptual understanding is bound161

by linguistic constructs (Sullivan, 2013, 2025).162

Rosen (2018) use construction grammar cues such163

as argument structure to improve prediction of164

source domains of metaphors, Jang et al. (2017) col-165

lect syntactical patterns associated with a particular166

source domain for improved metaphor detection,167

while several studies encode semantic roles or do-168

mains (agent, physical_afflication) (Gordon et al.,169

2015; Dodge et al., 2015), establishing schema that170

consists of multiple lexical instantiations. How-171

ever, with the exception of a small descriptive study172

which looks at the differences in semantic frames173

used for the same CMT metaphor across two lan-174

guages (Gamonal, 2022), we are the first to use175

FrameNet-style semantic frames to contrast spe-176

cific metaphor instantiations and pinpoint the dif-177

ferences in associations carried through them.178

Metaphors as framing devices While179

metaphors are well-known framing devices180

(Landau et al., 2009; Boeynaems et al., 2017;181

Semino et al., 2018; Brugman et al., 2019), the182

link between metaphors and framing is still183

under-explored in NLP. Several studies approxi-184

mated framing effects of metaphors through other185

variables: Prabhakaran et al. (2021) analyzed186

effects of metaphor usage on reader engagement,187

while Baleato Rodríguez et al. (2023) modeled188

metaphors to improve propaganda detection.189

A number of works focus on metaphors as fram-190

ing devices by analysing their source domains in191

a particular topic or discourse (Chen et al., 2022; 192

Sengupta et al., 2022; Guan and Zeng, 2024; Li 193

et al., 2024; Meng et al., 2025) or by statistically 194

comparing source domains across political lean- 195

ings (Sengupta et al., 2024; Wang, 2024; Mendel- 196

sohn and Budak, 2025). None of these studies, 197

however, explain why metaphors from the same 198

source domain are used across polar opposite ide- 199

ologies (Mendelsohn and Budak, 2025), or consid- 200

ered finer distinctions within the source domain. 201

We bridge this gap by adopting semantic frames 202

to extract particular associations from source do- 203

mains, and saliency as a tool to discover prevalent 204

and distinctive combinations of source domains 205

and semantic frames. 206

3 Methods 207

We introduce our two-part framework: a model that 208

combines metaphor detection with predicting their 209

source domain and underlying semantic frames 210

(Section 3.1), and the log-likelihood ratio method 211

used to estimate the saliency of source domains 212

and semantic frames in the corpus (Section 3.2). 213

Figure 2 shows an overview of the framework. 214

3.1 Predicting metaphors, source domains 215

and semantic frames 216

In this section we describe ConceptFrameMet – a 217

RoBERTa (Liu et al., 2019) model for detecting 218

metaphors and predicting their source domain and 219

semantic frames (Figure 2, top). The model re- 220

lies on three components – Semantic frame classi- 221

fier (Section 3.1.1), Source domain classifier (Sec- 222

tion 3.1.2), and metaphor classifier (Section 3.1.3). 223

3.1.1 Semantic frame classifier 224

Data. We use FrameNet 1.7 (Ruppenhofer et al.) 225

which contains sentences with semantic frames 226

annotations over 797 classes, with the train, 227

dev, and test splits of 19391/2272/6714 samples 228

(Swayamdipta et al., 2017)). 229

Models. We fine-tune a RoBERTa-base model 230

(Liu et al., 2019) to output a probability distribu- 231

tion over 797 semantic frames for a particular word 232

in a sentence (details in Section A.1.1). We com- 233

pare two input configurations, with the target word 234

masked out (immigrants MASK the cities) and with 235

the target word repeated separately from the con- 236

text sentence (SEP immigrants flood the cities SEP 237

flood SEP). We also prompt two LLMs – Gemini 238

2.5 and Claude Sonnet 4.0, which we prompt to 239

choose one of 797 classes (details in Section A.2.1). 240
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Acc micro-F1 macro-F1

RoBERTa MASK 0.806 0.806 0.053
RoBERTa SEP 0.861 0.866 0.648
Gemini 2.5 0.508 0.508 0.430
Claude Sonnet 4.0 0.736 0.736 0.600

An et al. (2023) 0.899 – –
Devasier et al. (2024) – 0.887 –

Table 1: Semantic frame prediction performance on
FN1.7 test across three runs (sd < 0.05).

We also include results reported on the same test241

set for the same task in two recent papers (An242

et al., 2023; Devasier et al., 2024), which, how-243

ever, are knowledge-heavy requiring substantial244

data-augmentation and are thus unsuitable to de-245

ploy for our large-scale topic-specific analyses.246

Results. As shown in Table 1, our best performing247

model (RoBERTa SEP) performs comparatively to248

the knowledge-heavy models in prior work. The249

LLMs significantly under-perform our fine-tuned250

RoBERTa models. Accordingly, we use the SEP-251

style model in all further experiments, which is252

light-weight and scalable to large data sets.253

3.1.2 Source domain classifier254

Data. We use the LCC Metaphor Dataset (large)255

(Mohler et al., 2016), the largest English dataset256

annotated for source domains, and pre-process257

it as described in A.1.2. The resulting dataset258

has 99 source domains, and is randomly sam-259

pled with stratification into train, dev, and test of260

11704/2509/2509 samples.261

Models. We fine-tune a RoBERTA-base model262

to predict one of 99 source domains (details in263

A.1.2). Similar to Section 3.1.1, we compare264

the masked input style with the inputs where265

the metaphor and the context are separated by266

SEP. Moreover, since some of the source domain267

classes are semantically close and easily confused268

(Shutova and Teufel, 2010; Mohler et al., 2016), we269

hypothesize that including the semantic frame of270

the metaphor will help the model to differentiate be-271

tween domains. To test this, we pass the predicted272

probability distribution of semantic frames as a273

frozen feature vector to the model in two ways: by274

either concatenating it with the RoBERTa-encoded275

input vector (Frames_CONCAT), or by applying276

attention over semantic frames (together with the277

frozen vector as residuals) to highlight those seman-278

tic frames that are important for the source domain279

prediction (Frames_ATTN). We also compare the280

Acc P R F1

RoBERTa MASK 0.307 0.203 0.184 0.182
RoBERTa SEP 0.833 0.745 0.742 0.740
Frames_CONCAT 0.837 0.759 0.758 0.754
Frames_ATTN 0.838 0.764 0.757 0.756
Gemini 2.5 0.528 0.419 0.356 0.345
Claude Sonnet 4.0 0.528 0.517 0.452 0.445

Table 2: Source domain prediction performance on the
LCC dataset across three runs (sd < 0.05). All metrics
are macro-averaged.

fine-tuned models with zero-shot Gemini 2.5 and 281

Claude Sonnet 4.0, where the prompt includes the 282

list of 99 classes (Section A.2.2). 283

Results. Table 2 confirms that adding seman- 284

tic frame information to the input boosts source 285

domain prediction performance, with the attention- 286

based model performing best overall. In particular, 287

they achieve improvement of 20 points of macro F1 288

on underrepresented classes (<10 instances in train- 289

ing data; see Figure 5 in the appendix). Most fine- 290

tuned RoBERTa models again outperform zero- 291

shot LLMs. We use the Frames_ATTN model in 292

all further analyses. 293

3.1.3 Metaphor prediction 294

Data. We use VUA-18, the largest available 295

metaphor prediction dataset (Leong et al., 2018) 296

to train and test our models, and evaluate general- 297

izability through zero-shot testing on two smaller 298

benchmarks – MOH-X (Mohammad et al., 2016) 299

and TroFi (Birke and Sarkar, 2006) (see Sec- 300

tion A.1.3 for data statistics). 301

Models. We integrate our semantic frame and 302

source domain classifiers with a metaphor predic- 303

tion model. For the latter, we choose MelBert (Choi 304

et al., 2021), which is the strongest pre-trained 305

model among "knowledge-lean" models that do not 306

require augmenting data with additional features. 307

MelBert is a RoBERTa model which captures the 308

inconsistency between the contextual meaning of 309

the metaphor and its literal meaning through con- 310

trasting embeddings of the word in context and in 311

isolation. We posit that the encoding of a word in 312

isolation still mixes representations of literal and 313

metaphorical usage; for example, the embedding 314

of the isolated word flooded will likely reflect both 315

the senses of the river flooded the city and immi- 316

grants flooded the city, i.e. still be somewhat close 317

to a metaphorical context embedding. We thus 318

replace the word embedding with that of the pre- 319

dicted source domain (WATER), amplifying the 320
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VUA-18 TroFi MOH-X

Random baseline 0.222 0.466 0.486

MelBert 0.782 0.631 0.806
FrameBert 0.766 0.620 0.780
Gemini 2.5 0.341 0.633 0.849
Claude Sonnet 4.0 0.330 0.651 0.822

ConceptFrameMet (ours) 0.767 0.634 0.814

Table 3: Binary F1 (positive class) performance on
metaphor prediction for models fine-tuned on VUA-
18 (train). We show results on VUA-18 (test) and two
other test sets. LLM results are zero-shot for all three
datasets. Bold=best; underline=second best.

difference between contexts in the metaphorical321

case (immigrants and water), and minimizing the322

gap in literal cases (river and water).323

To account for source domain prediction noise,324

instead of replacing a word with its predicted325

source domain, we blend their embeddings, using326

the confidence score of the source domain predic-327

tion (α) as a weight:328

eblended = α · esource_domain + (1− α) · eword.329

We compare the resulting model with FrameBert330

(Li et al., 2023), a modified version of MelBert331

and Claude Sonnet 4.0 and Gemini 2.5 which are332

prompted to identify all metaphors in a given text333

(Section A.2.3).334

Results. Results in Table 3 show that MelBert335

performs best in-domain (i.e., when tested on the336

test portion of its training data set) but fails to gen-337

eralize to other data sets. LLMs perform best on the338

smaller test sets. ConcepFrameMet (our method)339

shows the best overall performance, only slightly340

underperforming the best method across all three341

test sets, while being substantially more resource342

efficient than the LLMs. The LLMs tend to over-343

predict metaphors, so they struggle on VUA-18344

where the rate of metaphors is low (15%). How-345

ever, the results on VUA-18 are indicative of prac-346

tical usage scenarios where one needs to distin-347

guish metaphors from mostly literal words. This,348

together with low performance of LLMs on seman-349

tic frame and source domain prediction, motivates350

us to use our light-weight, integrated PLM model351

for metaphor detection and analysis.352

3.2 Detecting discourse metaphors353

To distinguish between discourse metaphors —354

which carry stable, prevalent associations that al-355

low to resolve an ambivalence of interpretation of356

some issue (Scheufele and Scheufele, 2010) — and 357

metaphors that are merely figures of speech, we 358

define two principles. First, the target domain of 359

discourse metaphors must be a polarizing issue. 360

Second, discourse metaphors are salient in a given 361

discourse (Zinken et al., 2008). We operational- 362

ize saliency as the log-likelihood ratio (Rayson 363

and Garside, 2000), which is a common technique 364

to compare distributions of items (such as words 365

or, in our case, semantic frames and source do- 366

mains) between two corpora. In particular, given 367

two corpora C1 and C2, the log-likelihood ratio 368

identifies candidate metaphors that are significantly 369

over-represented in one of the corpora, i.e., reject 370

the null hypothesis H0 that they are represented 371

equally in both corpora (C1 and C2). 372

−2 lnλ = −2[ℓ(θ0)− ℓ(θ̂)] = 2
∑

Oi ln

(
Oi

Ei

)
373

where λ = likelihood ratio, ℓ(θ0) = log-likelihood 374

under H0, ℓ(θ̂) = maximum log-likelihood (from 375

(C1, C2)), Oi = observed frequency, Ei = expected 376

frequency under H0. 377

Source domains and semantic frames with log- 378

likelihood values that reject H0 with p > 0.05 are 379

identified and their relative frequency is compared 380

to decide which of the corpora (C1 or C2) they are 381

more strongly associated with. 382

4 Metaphorical framing through source 383

domains and semantic frames 384

We now apply our framework explained in Sec- 385

tion 3 to (1) discover discourse metaphors in texts 386

about a particular topic by comparing metaphors in 387

a topic-specific vs. a general back ground corpus 388

(Section 4.1); and contrast discourse metaphors in 389

texts associated with polar opposite political lean- 390

ings within a single topic (Section 4.2). 391

4.1 Metaphorical framing in climate change 392

news 393

Existing methods for metaphorical framing analy- 394

sis relies on manual discovery of prevalent source 395

domains in a particular discourse, while NLP ap- 396

proaches require such knowledge of source do- 397

mains a priori. Here, we apply our framework 398

to automatically identify salient source domains 399

from a large collection of news on climate change, 400

and further analyze them through salient semantic 401

frames. 402
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Accuracy F1

Metaphor prediction 0.955 0.976
Source domain prediction 0.935 0.728

Table 4: Performance of ConceptFrameMet on the cli-
mate change metaphors dataset. We report binary F1
for the metaphor prediction task, and macro-F1 for the
source domain prediction task.

4.1.1 Data and methods403

We use a corpus of New York Times articles pub-404

lished between 1986 and 2020 (Fast and Horvitz,405

2017; Mendelsohn et al., 2020). We extract all para-406

graphs which mention "climate change" or "global407

warming", and then additionally filter them using408

a ClimateBERT pre-trained model (Webersinke409

et al., 2021) which was fine-tuned to detect climate-410

related texts (Bingler et al., 2023). This results411

in 47K paragraphs (distribution over years in Sec-412

tion A.4). For saliency analysis, we also collect a413

generic corpus which contains the same number of414

paragraphs randomly sampled from the same un-415

derlying NYT data set ensuring that the paragraphs416

do not contain our climate keywords.417

Next, we use ConceptFrameMet (Section 3.1) to418

detect metaphors, their semantic frames and source419

domains, in both the climate and generic corpus.420

To ensure that the identified metaphors refer to421

the topic of interest, we retain only sentences that422

contain terms "climate" or "warming". Finally, we423

calculate log-likelihood ratios for source domains,424

and then for semantic frames within each source425

domain, as described in Section 3.2.426

4.1.2 Evaluation427

The process above resulted in a corpus of 6,859428

sentences that contain metaphors with source do-429

mains and semantic frames salient in the climate430

change corpus (p < 0.05). To evaluate the per-431

formance of ConceptFrameMet on that corpus, we432

randomly select a sample of 400 sentences that cov-433

ers all combinations of salient source domains and434

semantic frames within them. We presented crowd435

workers on Prolific with sentences containing high-436

lighted metaphors and asked them to identify up437

to three source domains from a list of 5 options,438

comprising the top two domains predicted by Con-439

ceptFrameMet and three random distractors plus440

options OTHER DOMAIN and NO METAPHOR.441

See Section A.8 for more details including qual-442

ity control, compensation and instructions We col-443

lected four annotators per sample and achieve a444

Figure 3: Relative frequency of source domains in cli-
mate and generic corpora. The source domains are
sorted left to right in order of diminishing saliency

reliable averaged pair-wise annotator agreement of 445

69% , and use majority voting (with adjudication 446

by one author this paper with a degree in linguis- 447

tics) to determine the final source domain label. We 448

finally compute model performance against human 449

labels, judging a prediction as correct if the human 450

majority vote corresponds to the top-1 model pre- 451

diction (Table 4), showing that ConceptFrameMet 452

generalizes well to our new domain.4 453

4.1.3 Results 454

Source domains Figure 3 presents the 10 most 455

salient source domains in the climate corpus, or- 456

dered by log-likelihood ratio, from left to right, 457

while the y-axis indicates frequency, noting that 458

saliency highlights differences in frequency of 459

source domains between corpora rather than the 460

absolute frequency of a source domain within a cor- 461

pus. Thus, a frequent source domain (such as VI- 462

SION) can be ranked lower than a less frequent do- 463

main (STRUGGLE), and the most frequent source 464

domain in the climate corpus (MOVEMENT) is not 465

among the most salient ones. Importantly, the dis- 466

covered source domains are well-aligned with the 467

ones reported in theoretical critical discourse anal- 468

ysis studies. We present examples of metaphors 469

from each of the top 10 source domains, together 470

with the theoretical studies, in Section A.5. 471

Semantic frames Even within a salient source 472

domain, some metaphors can be used as a figure of 473

speech rather than a discourse (framing) metaphor. 474

4Note that the metaphor prediction F1 is inflated since all
samples were predicted as containing metaphors by the model;
in this we follow the process and limitations of the metaphor
corpus creation suggested by (Mohler et al., 2016)
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Climate corpus Generic corpus
Semantic frame Metaphors Semantic frame Metaphors

STRUGGLE
Hostile_encounter fight, confront Difficulty challenges, hard

Topic address Resolve_problem settle
Relation at odds Cause_to_end ended

WAR
Hostile_encounter battle, waged war Change_of_leadership rebel, revolution

Boundary on the front lines Invading invasion, intervene
Judgment_communication assailed, crusaded Aiming target

OBJECT HANDLING
Attempt_suasion push (for), press Getting gets

Taking_sides take (a stand), handle Intercepting snapping up, caught
Intentionally_act take (action, steps) Entity things, stuff

HUMAN BODY
Confronting_problem face, confront Social_connection contacts, close

Taking_sides stance, embrace Body_parts eye for, at the wrist
Part_orientational at the heart of First_rank core

Table 5: Examples of salient semantic frames (with SOURCE DOMAINS and Metaphors) in the climate change
corpus (left) and the generic corpus (right).

For example, the source domain STRUGGLE475

(which compares mental hardships to physical ones476

such as fighting) includes metaphorical use of ar-477

gue (The ministry argued that...) which are used478

in the climate corpus with similar frequency as in479

general texts, as well as climate-specific STRUG-480

GLE metaphors such as fight (more must be done481

to fight climate change).482

When comparing a topic-focused corpus against483

a randomized, generic corpus, log-likelihood ra-484

tio estimation allows to achieve two things: first,485

metaphors that are common figures of speech, used486

equally frequently irrespective of the text’s topic,487

which will have a statistically insignificant differ-488

ences. Second, it points towards prominent fram-489

ings of the topic (as repeatedly used metaphors),490

as well as absent (but possible) framings (which491

metaphors are more rare than in general usage).492

Table 5 shows examples of semantic frames for493

top source domains associated with climate change494

which are salient in climate discourse (left) or are495

avoided (right). In some source domains, this differ-496

ence is particularly revealing – for example, climate497

metaphors in the OBJECT HANDLING source do-498

main tend to use semantic frames denoting inten-499

tional actions such as Attempt_suasion (push for)500

or rather than more "passive" semantic frames such501

as Intercepting (caught). Interestingly, while the502

metaphors on both sides of the WAR source domain503

express fierce activity, climate change actions are504

not framed as a revolution (Change_of_leadership)505

or intervention (Invading).506

In sum, semantic frames as mental templates al-507

low to pick out specific parts of a source domain508

that correspond to the ways we relate to and act509

upon the climate crisis. However, they cannot rep-510

resent the metaphorical frame on their own – as511

Table 5 shows, the same semantic frame (for ex- 512

ample Taking_sides) can be used across different 513

source domains, imbued with different physical im- 514

agery. Thus, discovering prevalent metaphorical 515

frames requires both components. 516

4.2 Conservative vs liberal framing in 517

immigration discourse on Twitter/X 518

Previous research has shown that, perhaps surpris- 519

ingly, the same dehumanizing source domains are 520

used to frame immigration by both conservatives 521

and liberals, albeit with different frequency and 522

intensity (Mendelsohn and Budak, 2025). Here, 523

we study the interplay of source domains and se- 524

mantic frames to shed light on the more nuanced 525

differences of metaphor use across political camps. 526

4.2.1 Data and methods 527

To examine difference in metaphorical framing be- 528

tween users with different political affiliation, we 529

use a corpus of 400K US tweets on immigration 530

with automatically predicted metaphoricity scores 531

across seven dehumanizing source domains and 532

predicted scores of political affiliation (liberal vs 533

conservative; Mendelsohn and Budak (2025). We 534

select two well-studied domains (WATER and AN- 535

IMAL) for analysis. 536

We extract candidate tweets containing 537

metaphors from our chosen source domains as ex- 538

plained in Section A.6, and use ConceptFrameMet 539

to annotate the resulting 14K tweets for metaphors, 540

their semantic frames and source domains. For 541

precision, we only use tweets which have the 542

same source domain annotation at both tweet 543

(original predictions) and metaphor level (our 544

model). Finally, since a metaphor with a WATER 545

or ANIMAL source can refer to another, irrelevant 546

7



Figure 4: The five semantic frames with highest saliency
in the liberal (red) and conservative (blue) data, in the
ANIMAL domain.

target rather than immigration (for example, as in547

left-winged politicians), we further filter out tweets548

where the metaphor does not refer to immigrants549

(see Section A.7). This results in 544 tweets with550

source domain ANIMAL and 1,400 for WATER.551

We apply log-likelihood ratio to semantic frames552

within the ANIMAL and WATER source domains553

to highlight those which are more representative554

of liberal vs conservative discourse. To do so, we555

split each subset of tweets with metaphors of a556

particular source domain into two parts according557

to their predicted ideology, and use them as C1 and558

C2, respectively.559

4.2.2 Results560

While many semantic frames are used by both po-561

litical leanings (e.g. the top most used semantic562

frame in the ANIMAL source domain on is An-563

imals for both sides, which is a reference to an564

animal or the word "animal"), their saliency dif-565

fers. Figure 4 shows the top five most salient AN-566

IMAL semantic frames for both leanings. The567

semantic frame Animals is salient in liberal tweets,568

where it is used to criticize dehumanization ("Fam-569

ilies shouldn’t be ripped apart and treated like ani-570

mals.") Other prevalent ANIMAL metaphors in lib-571

eral tweets are based on semantic frames of Hunt-572

ing ("ICE agents are predators, undocumented im-573

migrants are prey"), or Moral_evaluation ("How574

is that not predatory?"). Conversely, the ANI-575

MAL metaphors in conservative tweets are pre-576

dominately using semantic frames like Aggregate577

("Anytime you disrupt a rats nest [...] they scat-578

ter; "the swarm of Muslim migrants"), Body parts579

("ILLEGALS taking [...] every benefit they can580

lay their paws on"), or Abundance ("the illegal581

immigrants will run rampant").582

Overall, we observe that the semantic frames583

used by conservatives pick out more specific, "col- 584

orful", but also more negative parts of the ANIMAL 585

source domain, while liberals often use semantic 586

frames that show lack of agency and power, with 587

immigrants portrayed as victims or passive (i.e. im- 588

migrants are caged, hunted, treated like animals). 589

Similarly, within the WATER source domain, the 590

conservative features salient semantic frames like 591

Filling ("Flooding America with illegals"; "those 592

cities won’t take overflow Illegal Immigrants") and 593

Abounding with ("It’s now a cesspool of crime", 594

"CA is saturated with illegals"), which depict im- 595

migration as "too much" that needs to be controlled. 596

On the other hand, the semantic frames on the lib- 597

eral side have more neutral associations: Quanti- 598

fied mass ("The waves of desperate migrants", "the 599

trickle of immigrants"), Natural feature ("Many 600

different immigrant streams", "Migration is like 601

the tide. You can put a wall up, but it will go around 602

it."), or, again, frame immigrants as powerless vic- 603

tims through such semantic frames as Killing and 604

Death ("the federales tried to drown families") 605

or Removing ("this [policy] is in part to flush out 606

immigrant parents"). 607

5 Conclusions 608

Inspired by a constructionist view of metaphor the- 609

ory, which posits that metaphors are bounded by 610

their linguistic expression, we proposed a frame- 611

work, ConceptFrameMet, that models metaphors 612

through both their source domains and seman- 613

tic frames and show how salient semantic frames 614

within source domains allow to capture nuanced 615

differences in framing evoked by the metaphors. 616

We release a pre-trained model with predicts 617

metaphors, their source domains and semantic 618

frames, as well as a statistical model for estimat- 619

ing the saliency of source domains and semantic 620

frames within a particular topic or discourse. We 621

demonstrate the potential of our framework by ap- 622

plying it to two different tasks – discovering source 623

domains and semantic frames used in framing cli- 624

mate change news, and highlighting nuanced dif- 625

ferences in semantic frames used by liberals and 626

conservatives within the same metaphorical source 627

domain. Future work can include integrating it with 628

framework such as MetaNet (Dodge et al., 2015) 629

to enable more sophisticated analysis of semantic 630

frames that support complex, extended discourse 631

metaphors. 632
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5.1 Limitations633

Our study has several limitations. First, we use a634

model trained on a set of source domains used in635

the LCC corpus (Mohler et al., 2016), which might636

not be comprehensive enough to cover new topics637

that are very different from the ones occurring in638

it. Thus, a larger – or even open – set of source639

domains is needed, and a method which is sensitive640

enough to differentiate between a large number of641

source domains. Relatedly, the question of distin-642

guishing between related or semantically similar643

source domains (Shutova and Teufel, 2010) is still644

unanswered, though in Section 3.1.2 we show an645

example of how semantic frames can serve as a tool646

to make such distinctions in a more principled way.647

Finally, in this study we only look at individual648

semantic frames within a particular domain, and do649

not consider how they interplay and link with each650

other in the same document to create more power-651

ful extended metaphors. Thus, we hope to connect652

our FrameNet-frames based analysis – which op-653

erates at lexical level – with the MetaNet (Dodge654

et al., 2015) framework, which encodes the rela-655

tionships between the components of the source656

domain.657
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absence of improvement in terms of binary-F1. The1075

starting learning rate is 2e−5 with linear learning1076

rate scheduler and weight decay of 0.1.1077

A.1.2 Source domain prediction1078

Data. We use the large version (ENGLISH large)1079

of the LCC Metaphor Dataset (large version)1080

(Mohler et al., 2016). To ensure high quality of1081

training data, we only use human-validated subsets1082

of the dataset (ANN, REC, SYS), and only the sam-1083

ples where at least half of the annotators regarding1084

the source domain, or there is only one annotation.1085

We also remove those source domains which have1086

less than 3 samples, to ensure valid evaluation and1087

testing. This results in 16722 samples, out of which1088

11154 have single annotations, and 5568 are anno-1089

tated by at least two people (with a high agreement1090

in terms of Krippendorf’s α 0.76 and Fleiss κ of1091

0.76).1092

Fine-tuning details. All models have the same1093

hyperparameters in terms of input length (256),1094

batch size of 32, Adam W optimization, and 21095

warm-up epochs. All models are trained for the1096

maximum of 30 epochs with patience of 5 as de-1097

termined by absence of improvement in terms of1098

macro-F1. The starting learning rate is 2e−5 with1099

linear learning rate scheduler and weight decay of1100

0.1.1101

A.1.3 Metaphor prediction1102

For fair comparison with Melbert, we reproduce1103

fine-tuning parameters used in the original imple-1104

mentation (Choi et al., 2021). In particular, we use1105

the learning rate of 3e-05 with 2 warm-up epochs1106

and the drop ratio of 0.2, and train for 3 epochs.1107

A.2 Classifier prompts1108

A.2.1 Semantic frame classification1109

We use the following prompt, where labels is sub-1110

stituted with the list of semantic frames and their1111

definitions:1112

You are a linguist specializing in
semantic frames (FrameNet).

Please choose the semantic frame out of
the following list: labels. Do not use
any other labels, and do not change the
wording of the label. Do not remove "_"
in the label if it exists.

Please return a json object which consists
of the following field:

1113

"frame": one of the values from the list.

Do not output anything else. Do not output
any reasoning steps or explanations.

1114

A.2.2 Source domain classification 1115

We use the following prompt, which is based on 1116

human annotation instructions (see Section A.8), 1117

where labels is substituted with the list of source 1118

domains: 1119

You are a linguist specializing in
metaphors. You will be given a metaphor
and a sentence it occurs in. You will be
asked to identify the source domain of
the metaphor.

A metaphor is when you describe something
by saying it is something else, even
though it is not literally true. For
example, we can say "They are forced to
make a decision" while there is no actual
physical force applied to them.

When using a metaphor, we are carrying
over associations from a more tangible and
specific source domain (such as physical
force or pressure) to a more abstract
domain (such as obligation).

In this study, you will need to identify
the source domain of the metaphor. It is
helpful to remember that the source domain
is usually a more specific, physical
thing (force, pressure) while the target
domain is more abstract (obligation).

Please choose the source domain out of
the following list: labels. Do not use
any other labels, and do not change the
wording of the label, Do not remove "_"
in the label if it exists.

Please return a json object which consists
of the following field:

"source": one of the values from the list.

Do not output anything else. Do not output
any reasoning steps or explanations.

1120

A.2.3 Metaphor prediction 1121

We use the MIP protocol for the prompt, which our 1122

preliminary experiments have shown to be more ef- 1123

fective than other metaphor identification protocols 1124

such as SPV or CMT. 1125

You are a linguist specializing in
metaphors. You will be given a sentence
and asked to find all metaphors in it.
Please extract all text spans that have a

1126
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metaphorical meaning.

Go through the following steps to
determine if a word is used in a
metaphorical meaning:

1. Read the entire sentence to establish
a general understanding of the meaning.
2. (a) Establish the word’s meaning in
context, that is, how it applies to an
entity, relation, or attribute in the
situation evoked by the text (contextual
meaning). Take into account what comes
before and after the lexical unit.
(b) Determine if the target word has
a more basic contemporary meaning in
other contexts than the one in the given
context. For our purposes, basic meanings
tend to be
—More concrete; what they evoke is easier
to imagine, see, hear, feel, smell, and
taste.
—Related to bodily action.
—More precise (as opposed to vague)
—Historically older.
Basic meanings are not necessarily the
most frequent meanings of the target
word.
(c) If the target word has a more
basic current–contemporary meaning in
other contexts than the given context,
decide whether the contextual meaning
contrasts with the basic meaning but can
be understood in comparison with it.
3. If yes, the word is metaphorical.
Otherwise it is literal.

Please return a json object which consists
of the following field:

metaphors: a list of extracted metaphor
spans.

Do not output any explanations or
reasoning steps.

1127

To evaluate the extracted spans, we check if they1128

overlap with golden spans in the dataset. We con-1129

sider partial overlaps to be correct.1130

A.3 Source prediction performance1131

depending on the class frequency1132

Figure 5 compared performance of SEP-style1133

RoBERTa models with and without semantic1134

frames on test set for classes with different fre-1135

quency in the training set.1136

A.4 Distribution of mentions of "climate1137

change" and "global warming" across1138

1986-20201139

Figure 6 shows distribution of mentions of "climate1140

change" and "global warming" in New York Times1141

over the period from 1986 to 2020.1142

Figure 5: Performance comparison on test set for classes
with different frequency in the training set.

Figure 6: Distribution of mentions of "climate change"
and "global warming" across 1986-2020
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A.5 Top source domains in climate corpus1143

Table 6 shows the most salient source domains in1144

NYT climate corpus, together with their examples,1145

alternative names, and selected theoretical studies1146

that identified them.1147

A.6 Immigration source domains1148

The corpus provided by (Mendelsohn and Budak,1149

2025) contains tweets automatically annotated with1150

predicted metaphoricity scores across seven dehu-1151

manization source domains. The authors also re-1152

lease a smaller dataset with 200 tweets per source1153

domain, where each tweet is judged by 10 hu-1154

man annotators as containing or not containing a1155

metaphor from that particular domain.1156

As the larger dataset only contains automatically1157

predicted probabilities, we convert them to (poten-1158

tial) source domain labels as follows. We regard a1159

tweet t as potentially containing a metaphor with a1160

particular source domain s if the predicted probabil-1161

ity of that source domain P (s|t) is larger than the1162

average metaphoricity score m̄s =
1

|Ts|
∑

t′∈Ts
mt′1163

of tweets that were judged by annotators as belong-1164

ing to that source domain (these cut-off scores are1165

in Section A.6).1166

Table 7 below shows the source domains used1167

in metaphorical framing of tweets about immigra-1168

tion, their definitions, the average metaphoricity1169

scores from the annotated corpus by (Mendelsohn1170

and Budak, 2025), the number of tweets from the1171

unlabeled part of that corpus with metaphoricity1172

scores about that cut off, as well as the final number1173

of tweets used for analysis after filtering1174

A.7 Filtering out metaphors which refer to1175

non-relevant target domains1176

To filter out metaphors which have the source do-1177

main we are interested in but the wrong (irrele-1178

vant) target, we first use Claude Sonnet 4.5 with1179

the prompt below, where we ask it to resolve the1180

target which the specific metaphor refers to:1181

You are a linguist specializing in
metaphors. You will be given a sentence
and a metaphor in it. Identify and out
out the target of the metaphor, i.e. the
entity, person, or object it refers to.
For example, given the following input:

"text": "Immigrants are flooding
into our country and ruining our economy"
"metaphor": "flooding"

output the following:
1182

"target": "immigrants"

Make sure to use json format with
this field. Do not output anything else,
no explanations! You are NOT allowed to
say "no metaphor is present" since the
metaphor is given to you!

1183

In this way, we collect a list of target do- 1184

mains used in tweets, such as "undocumented im- 1185

migrants", "illegals", "Liberals", "economy", or 1186

"Trump", and filter it out manually to collect a list 1187

of expressions that are likely to refer to the target 1188

domain we are interested in (immigration). In par- 1189

ticular, we arrive at the following list of substrings 1190

which then match against the predicted target do- 1191

mains: ’immi’, ’illegal’, ’alien’, ’ICE’, ’migr’, 1192

’foreign’, ’refug’, ’detention’, ’border’, ’asylum’, 1193

’famil’. 1194

A.8 Annotation Task Details 1195

A.8.1 Task Overview 1196

We collected human annotations for metaphor 1197

source domains using a custom web-based anno- 1198

tation platform.5 Annotators were presented with 1199

sentences containing highlighted metaphors and 1200

asked to identify up to 3 source domains from a 1201

provided list of options for each metaphor. The 1202

annotation interface included a mandatory 10 sec- 1203

ond reading period before options appeared, and 1204

copy-paste was not allowed, designed to encourage 1205

careful consideration of the metaphorical usage in 1206

context and to avoid AI-powered tools. 1207

A.8.2 Annotator Recruitment 1208

Annotators were recruited through Prolific (https: 1209

//www.prolific.com/), a crowdsourcing plat- 1210

form commonly used for academic research. The 1211

study collected participants’ Prolific IDs, study IDs, 1212

and session IDs to enable proper tracking and com- 1213

pensation. All participants were required to pro- 1214

vide informed consent through their Prolific ID 1215

before proceeding to the annotation task. Partici- 1216

pants were required to be native English speakers, 1217

with English listed as their first language. Eligible 1218

annotators reported their country of birth as either 1219

the United Kingdom or the United States. To en- 1220

sure a high level of reading comprehension and 1221

annotation quality, participants were additionally 1222

required to have completed at least an undergrad- 1223

uate degree (BA/BSc or equivalent), with many 1224

5Available at https://metaphor-annotation-source.
onrender.com/
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Source domain Alternative names Examples Reference

STRUGGLE CHALLENGE fight, confront Kapranov (2017)
WAR BATTLE battle, war, on the front lines Skinnemoen (2009)

OBJECT HANDLING OBJECT push (for), press, handle, take (action) Herndl and Brown (1996)
HUMAN BODY BODY face, confront, embrace, at the heart of Nerlich and Jaspal (2012)

PATHWAY PATH passing, path Yang and Sun (2025)
BUILDING CONSTRUCTION build, lay a foundation Huang and Liu (2025)

FURNISHINGS climategate, take a back seat Forgács and Pléh (2022)
VISION view, presage

FORWARD MOVEMENT ahead, progress, gain Skinnemoen (2009)
BACKWARD MOVEMENT backwards, rollback Skinnemoen (2009)

Table 6: Top 10 salience source domains in NYT climate corpus, together with their alternative names in the
literature, examples and references. For brevity we provide only one reference per source domain.

Source domain Examples Avg metaphoricity score # of candidates # after filtering

Animal shelter, cage, swarm 0.3045 9845 544
Water flood, tide, pour 0.4375 3661 1402

Table 7: Statistics for ANIMAL and WATER source domains

holding graduate or doctoral degrees. Only Prolific1225

users with an approval rate between 98% and 100%1226

were permitted to participate.1227

A.8.3 Annotation Instructions1228

Figure 7 features the instructions provided to anno-1229

tators during the interactive tutorial phase.1230

A.8.4 Quality Assurance1231

We implemented a multi-stage quality assurance1232

protocol to ensure high annotation reliability. Prior1233

to beginning the main annotation task, participants1234

were shown five example annotations and then com-1235

pleted five comprehension (attention check) ques-1236

tions with known correct answers. To pass, partici-1237

pants were required to answer at least three out of1238

five questions correctly (i.e., a maximum of two1239

errors). Participants who failed the comprehension1240

check were permitted one retry after reviewing the1241

task instructions. A second failure resulted in per-1242

manent rejection and participants were instructed1243

to return their submission on Prolific.1244

During the annotation task, participants were re-1245

quired to complete each sample sequentially before1246

proceeding to the next. For each sample, annotators1247

could select a maximum of three source domains.1248

They could also select No Metaphor, which was1249

mutually exclusive with all other options, or Other1250

Domain, which prompted them to manually specify1251

a domain not listed among the predefined options.1252

The annotation platform explicitly tracked three1253

rejection scenarios:1254

1. First comprehension check failure: partic-1255

ipants were allowed to retry after reviewing 1256

the instructions. 1257

2. Second comprehension check failure: par- 1258

ticipants were permanently rejected and in- 1259

structed to return their submission on Prolific. 1260

3. Incomplete submissions: participants who 1261

did not complete all 50 annotations in their 1262

assigned batch were automatically instructed 1263

to return their submission. 1264

Participants were informed during the consent 1265

process that failing comprehension checks would 1266

result in submission return or rejection, and that 1267

repeated failures would lead to ineligibility for fu- 1268

ture tasks within the project unless manually re- 1269

approved. 1270

A.8.5 Compensation 1271

Each annotation batch was completed by four inde- 1272

pendent annotators. Participants were allotted up to 1273

45 minutes to complete a batch of 50 annotations. 1274

Compensation was set at an hourly rate of £12, in 1275

line with Prolific’s recommended fair pay guide- 1276

lines and well above the local standard minimum 1277

wage. 1278

A.8.6 Annotation agreement per batch 1279

Table 8 shows averaged pair-wise annotation agree- 1280

ment within each batch, as well as overall (mean) 1281

agreement across batches 1282
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Batch Agreement rate

1 0.65
2 0.63
3 0.71
4 0.73
5 0.76
6 0.53
7 0.84
8 0.66

Mean 0.69

Table 8: Per batch IAA rate
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Figure 7: Screenshots of the annotation instruction interface. Annotators were guided through an interactive
tutorial explaining (top) the concept of metaphor source domains and (bottom) the annotation task workflow before
beginning comprehension checks.
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