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Abstract001

This paper examines how a Systemic Func-002
tional Linguistic (SFL) framework can inform003
the design of computational features for analyz-004
ing dialogic interactions in multilingual class-005
rooms. Classroom discourse with multilingual006
language learners (MLLs) often involves fluid007
use of multiple linguistic resources, yet stan-008
dard natural language processing (NLP) meth-009
ods rely on surface linguistic features that are010
weakly aligned with the functional meanings011
through which ideas, stance, and cohesion are012
enacted in multilingual classroom interaction.013
To address this gap, we map core dimensions014
of SFL onto interpretable linguistic indicators,015
including part-of-speech patterns (POS), uni-016
versal dependency (UD) relations, cohesion017
cues, and dialogue act (DA) categories. Corre-018
lation analyses show that POS and UD patterns019
align most strongly with ideational meaning,020
DA signals provide the clearest evidence of in-021
terpersonal meaning, and textual meaning is022
only weakly represented across all indicator023
types. These findings clarify which features024
most effectively capture functional aspects of025
language use in multilingual discourse and pro-026
vide a foundation for developing more inclu-027
sive and scalable NLP approaches to analyzing028
classroom interaction.029

1 Introduction030

Classroom interaction involving multilingual lan-031

guage learners (MLLs) is often characterized by032

translanguaging, in which students flexibly mobi-033

lize resources from multiple languages, varieties,034

and registers to participate in joint activity (García035

and Lin, 2017). These practices are particularly ev-036

ident in small-group problem solving, where learn-037

ers collaboratively make sense of disciplinary con-038

tent (e.g., scientific phenomena) by constructing039

explanations, negotiating epistemic stance, and co-040

ordinating roles and actions toward shared goals041

(Mercer, 2004; Chi, 2009; Sun et al., 2019).042

Speaker Utterance Meta-
functions

Yesenia ¿Qué pasó? ¿Qué
vieron? [What hap-
pened? What did you
see?]

Ideational,
Interper-
sonal

Trevor Matando a las . . .
um . . . urchins
[Killing the . . . um . . .
urchins]

Ideational,
Interper-
sonal

Yesenia ¿Están matando a los
erizos porque qué
pasó con los erizos?
[They are killing the
urchins because what
happened with the
urchins?]

Ideational,
Textual

Trevor Se comen la kelpo
[They eat the kelp.]

Ideational

Table 1: Excerpt of Multilingual Discourse with SFL
Metafunction Labels.

Growing interest in computational approaches 043

to classroom discourse analysis reflects a broader 044

effort to support instructional improvement and 045

large-scale research (Rosé et al., 2019). In addi- 046

tion, analytic tools have been proposed to provide 047

systematic insight into interactional practices such 048

as questioning, uptake, and participation, and to 049

enable comparisons of discourse processes across 050

classrooms (Demszky et al., 2025). Extending 051

these analytic approaches to multilingual class- 052

rooms is particularly promising for demonstrating 053

how students flexibly coordinate multiple linguistic 054

resources to engage in small-group discourse. 055

Despite this promise, recent work on AI- 056

supported discourse analytics has identified per- 057

sistent challenges in interpreting automatically de- 058

rived linguistic features in ways that meaning- 059

1



fully support instructional analysis or feedback060

(Rodríguez-Ortiz et al., 2025). Furthermore, these061

analytic tools are typically trained and evaluated062

on monolingual or standardized corpora and tree-063

banks, reflecting assumptions about linguistic uni-064

formity that do not hold in multilingual interac-065

tion (Authors, 2025a; Joshi et al., 2020). While066

such features capture grammatical regularities, they067

are poorly aligned with the functional work of dis-068

course (Blodgett et al., 2020).069

To address this gap, we draw on Systemic Func-070

tional Linguistics (SFL), a theory of language ex-071

plicitly designed to link linguistic form to social072

meaning (Halliday, 1993, 1994; Ballard, 1980).073

SFL conceptualizes language as a semiotic system074

organized around three metafunctions: ideational075

meaning, which construes experience and logical076

relations; interpersonal meaning, which enacts so-077

cial roles and stance; and textual meaning, which078

organizes information flow and cohesion. Because079

these metafunctions connect linguistic choices to080

social activity, roles, and communicative contexts,081

they provide a principled framework for relating082

form and meaning (Table 1).083

Systemic Functional Linguistics has supported084

fine-grained analyses of academic writing, class-085

room genres, and teacher feedback, including in086

multilingual settings (Halliday and Hasan, 1985;087

Martin and Rose, 2007; Troyan et al., 2022). How-088

ever, prior computational work has largely focused089

on approximating SFL features from existing tree-090

banks (Honnibal and Curran, 2007), leaving meta-091

functional patterning in naturally occurring multi-092

lingual discourse underexplored. As a result, cur-093

rent NLP systems lack principled mechanisms for094

approximating metafunctional meaning in multilin-095

gual interaction, limiting both analytic scope and096

model explainability.097

To this end, this paper makes three main con-098

tributions: i) we introduce a dataset of 10 tran-099

scripts of small-group collaboration in multilingual100

classrooms that are annotated by experts for three101

SFL metafunctions; ii) we examine how linguis-102

tic features such as part-of-speech tags, syntactic103

dependencies, and dialog acts correlate with SFL104

metafunctions; iii) we assess the difficulty of au-105

tomatically predicting SFL metafunctions at the106

utterance level, and show the potential and limita-107

tions of a baseline zero-shot prompting approach108

with large language models (LLMs).109

2 Related Work 110

2.1 Systemic Functional Linguistics 111

Systemic Functional Linguistics (SFL), developed 112

by Halliday and colleagues, models language as a 113

semiotic system in which meaning is shaped by so- 114

cial activity and realized through patterned linguis- 115

tic choices (Halliday, 1993, 1994; Ballard, 1980; 116

Halliday and Hasan, 1985; Martin and Rose, 2007). 117

SFL situates language use within broader cultural 118

and situational contexts, and much of its analyt- 119

ical power lies in specifying how meanings are 120

instantiated in observable linguistic form during 121

interaction. 122

A central contribution of SFL is its account of 123

lexicogrammatical systems that realize metafunc- 124

tional meanings in discourse. Harman’s (2017) 125

model of language in context foregrounds lexi- 126

cogrammatical resources as a means of linking 127

linguistic components to ideational, interpersonal, 128

and textual meanings (see Figure 5 in Appendix A). 129

From this perspective, metafunctions are enacted 130

through concrete language choices, including par- 131

ticipant and process types, mood and modality, and 132

cohesive and thematic organization, rather than 133

through contextual descriptors alone. 134

These lexicogrammatical systems have been 135

used extensively to analyze curriculum genres, 136

knowledge construction, and scaffolding practices 137

in classroom discourse (e.g., Schleppegrell, 2004; 138

Hammond and Gibbons, 2005; Jones and Lock, 139

2011; Humphrey and Macnaught, 2015; Khote and 140

Tian, 2019). 141

2.2 Translanguaging in NLP 142

Recent advances in multilingual NLP have ex- 143

panded model capacity for processing multiple lan- 144

guages and have begun to address phenomena such 145

as code-switching and cross-lingual transfer. In 146

sociolinguistics, code-switching refers to the alter- 147

nation between languages within or across turns 148

(García and Wei, 2015), while cross-linguistic in- 149

fluence describes how linguistic resources from 150

one language shape meaning-making in another 151

(Odlin, 2003). Although multilingual models in- 152

creasingly attempt to account for both phenomena, 153

they continue to struggle with naturalistic code- 154

switching, particularly when switches occur mid- 155

clause or serve discourse-pragmatic functions such 156

as stance or alignment (Zhang et al., 2023). 157

More broadly, most computational approaches 158

still treat languages as separable systems and eval- 159
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uate performance against monolingual or stan-160

dardized benchmarks (Authors, 2025a). This per-161

spective underrepresents multilingual discourse in162

which speakers draw on an integrated semiotic163

repertoire to construct meaning (García and Lin,164

2017). In educational settings, this creates chal-165

lenges for accurately representing student contribu-166

tions and for capturing discourse-level processes167

such as explanation-building, peer alignment, and168

sustained participation. While SFL-informed stud-169

ies have documented these practices in multilin-170

gual classrooms (Khote and Tian, 2019; Troyan171

et al., 2022), they have rarely been connected to172

automated representations that support large-scale173

multilingual discourse analysis.174

3 Data175

3.1 Dataset176

The dataset consists of 204 utterances drawn from177

ten small-group science classroom transcripts col-178

lected in Fall 2024 and Spring 2025 across three179

Midwestern K–12 school districts. These tran-180

scripts came from longer classroom sessions that181

were part of a larger study of multilingual interac-182

tion in science classrooms; for the present analysis,183

we used pre-selected transcript segments capturing184

focal episodes of collaborative sensemaking and185

translanguaging. Across these segments, 123 stu-186

dents participated. The classrooms varied in grade187

level, science content, and linguistic demographics,188

with groups composed of MLLs with diverse lan-189

guage backgrounds (e.g., Spanish, Arabic) as well190

as monolingual English-speaking peers. The se-191

lected segments capture naturally occurring small-192

group problem-solving episodes in which students193

collaboratively interpret evidence, negotiate stance,194

and coordinate action using multilingual resources.195

3.2 Human Annotation196

Two bilingual annotators, fluent in English and197

Spanish, independently annotated all transcripts us-198

ing a finalized annotation protocol. Both annotators199

had expertise in SFL and multilingual classroom200

discourse. The protocol provided a reference stan-201

dard for evaluating whether computational linguis-202

tic features could approximate ideational, interper-203

sonal, and textual meanings in student discourse.204

The annotation task directly addressed the205

study’s guiding research question: How can the206

metafunctions of Systemic Functional Linguistics207

be conceptualized for analyzing collaborative mul-208

tilingual classroom discourse and operationalized 209

into automated linguistic features? 210

Annotators identified all metafunctions ex- 211

pressed in each utterance, allowing for multiple 212

labels when meanings overlapped: 213

• Ideational: construing experience, describing 214

processes or phenomena, evaluating feasibil- 215

ity, or providing factual information. 216

• Interpersonal: expressing stance, attitude, 217

uncertainty, persuasion, alignment, or dis- 218

agreement. 219

• Textual: sequencing ideas, referencing prior 220

talk, or using connectors and cohesive devices 221

to organize discourse. 222

3.3 SFL label distribution 223

We examined how metafunction labels were dis- 224

tributed across the corpus based on adjudicated 225

human annotations (Table 1). Multifunctional 226

utterances were far more common than single- 227

function realizations, with combined ideational– 228

interpersonal labels representing the largest cat- 229

egory (20.98%), followed by singular ideational 230

meaning (18.54%) and full three-way combinations 231

(17.56%). Purely textual or purely interpersonal 232

turns were comparatively rare. 233

This distribution highlights the multifunctional 234

nature of students’ multilingual peer discourse and 235

underscores the analytic complexity of the task. 236

Because utterances frequently expressed overlap- 237

ping experiential, interactional, and organizational 238

meanings, subsequent analyses of automated fea- 239

ture alignment must be interpreted in light of these 240

densely layered communicative patterns. 241

Unit of Analysis The annotation unit was a sin- 242

gle speaker turn defined as one sentence or short 243

utterance. Multi-clause turns were annotated as a 244

whole when they maintained a unified communica- 245

tive intent. 246

Rank-Order Labeling Utterances often express 247

more than one metafunction (see Table 1). In such 248

cases, annotators selected all relevant labels and 249

ranked them by prominence, with the primary com- 250

municative function marked first. For example, the 251

utterance I don’t think that will work. . . probably 252

actually. . . yeah, it probably would was labeled pri- 253

marily as Interpersonal (expressing uncertainty), 254

secondarily as Textual (resequencing stance), and 255
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tertiarily as Ideational (evaluating feasibility). An-256

notators relied on expert intuition rather than fine-257

grained grammatical analysis and used a notes258

field to justify decisions in borderline cases. This259

coarse-grained approach prioritized communica-260

tive function and dialogic engagement (Lane and261

Kent, 2018) over strict linguistic segmentation.262

Reliability Inter-rater reliability was assessed us-263

ing Cohen’s kappa for each metafunction, yield-264

ing substantial agreement for ideational meaning265

(κ = 0.551), high agreement for interpersonal266

meaning (κ = 0.693), and moderate agreement267

for textual meaning (κ = 0.444), based on conven-268

tional interpretation thresholds (Landis and Koch,269

1977). Overall micro-averaged agreement was270

κ = 0.595, with an exact set-level agreement of271

0.620 (Table 3). Following reliability assessment,272

the primary author adjudicated all disagreements273

to produce a single gold-standard set of SFL labels274

used in subsequent analyses.275

4 Methods276

Unlike prior work that uses linguistic features as277

inputs to downstream predictive models, our goal278

is analytic rather than classificatory. We examine279

how theoretically motivated linguistic indicators280

align with expert judgments of functional meaning281

by operationalizing SFL metafunctions in collabo-282

rative, multilingual, small-group discourse. This is283

achieved through automatic language identification,284

Stanza parsing for English and Spanish (Qi et al.,285

2020), Universal Dependencies (UD) (de Marneffe286

et al., 2021), and large language model outputs for287

dialogue act (DA) classification (Jurafsky and Mar-288

tin, 2025; Finch et al., 2023). For each utterance,289

Stanza was used to perform tokenization, lemma-290

tization, part-of-speech (POS) tagging, and UD291

parsing.292

We extracted and organized linguistic features293

from parser and model outputs. This aggregated294

token-level annotations into utterance-level repre-295

sentations, computed counts and proportions of296

POS categories and UD relations, and grouped297

related features into interpretable structural and298

discourse-relevant sets. Dialogue act labels gener-299

ated by the LLM were standardized and aligned300

with the interpersonal metafunction.301

All extracted features were merged with expert302

SFL annotations at the utterance level to create a303

unified analysis dataset.304

4.1 Linguistic Features 305

To build interpretable computational indicators for 306

SFL metafunctions, we constructed a feature set 307

spanning POS information, UD relations, and DA 308

categories. Each captures a distinct aspect of multi- 309

lingual classroom interaction and contributes com- 310

plementary evidence about meaning-making pro- 311

cesses. For the complete list of linguistic features, 312

see Appendix B. 313

POS and UD structure. POS tagging and UD 314

parsing provide widely used structural representa- 315

tions in NLP (Honnibal and Curran, 2007; Qi et al., 316

2020). POS categories encode lexical classes (e.g., 317

nouns, verbs, adjectives), while UD relations spec- 318

ify grammatical functions (e.g., nominal subjects, 319

objects, obliques), making observable grammati- 320

cal patterns available for analysis. These patterns 321

align with SFL constructs, such as participants, pro- 322

cesses, and circumstances. 323

Harman’s (2017) model of language in context 324

characterizes metafunctional meanings through 325

lexicogrammatical resources rather than computa- 326

tional features (see Figure 5 in Appendix A). Build- 327

ing on this framing, we identified POS and UD pat- 328

terns that plausibly correspond to these resources 329

and can be extracted reliably using existing NLP 330

tools. Features were selected if they (a) aligned 331

with lexicogrammatical resources identified in SFL 332

theory and (b) were robust to English–Spanish 333

translanguaged discourse. This mapping reflects 334

a methodological decision to operationalize SFL 335

constructs through available syntactic representa- 336

tions. 337

To approximate aspects of textual organization, 338

we additionally included UD relations such as co- 339

ordinating conjunctions, subordinators, discourse 340

marker attachments, and parataxis, which capture 341

clause linkage and information sequencing across 342

turns (Authors, 2025b). Based on this theory- 343

informed selection process, we extracted 22 POS- 344

based features and 15 UD relation features to rep- 345

resent structural patterns relevant to ideational and 346

textual meaning. 347

Dialogue acts. Dialogue Act (DA) analysis 348

provides a complementary layer of discourse- 349

pragmatic information beyond structural repre- 350

sentations. DA labels identify the communica- 351

tive function of an utterance, including state- 352

ments, questions, acknowledgments, agreements, 353

disagreements, and assessments (Jurafsky and Mar- 354
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Figure 1: Distribution of adjudicated SFL tags under rank-order labeling. ID = ideational; IP = interpersonal; T =
textual.

tin, 2025). To generate DA labels, we followed355

the LLM-based annotation approach described by356

Finch et al. (2023) by prompting ChatGPT-5.1357

to assign dialogue acts to utterances based on358

the Switchboard taxonomy (Jurafsky and Martin,359

2025). This approach yielded fine-grained prag-360

matic distinctions, including stance expressions,361

alignment and disalignment moves, disagreement,362

and questioning. Dialogue act labeling and SFL363

metafunction labeling were treated as separate an-364

notation tasks. Dialogue acts were used solely as365

linguistic features, whereas metafunction labels366

served as the analytic outcome variable.367

Because dialogue acts closely align with inter-368

personal meaning in SFL, we selected 20 theory-369

informed dialogue act features representing stance,370

negotiation, and social alignment.371

Mapping to SFL metafunctions. Table 2 illus-372

trates how selected POS, UD, and DA features373

align with SFL metafunctions. These features form374

the representational basis for the SFL-informed375

analysis presented in Section 4, where correlation-376

based heatmaps show how structural and prag-377

matic cues collectively contribute to identifying378

ideational, interpersonal, and textual meanings. Im-379

portantly, alignment between a feature and a meta-380

function does not imply that the feature fully re-381

alizes that metafunction; rather, it indicates a sta-382

tistically detectable association between surface383

linguistic cues and expert interpretations of mean-384

ing. 385

4.2 Evaluation 386

After annotation, POS-based features, UD relations, 387

and DA categories were extracted and merged with 388

the adjudicated expert SFL labels at the utterance 389

level. Spearman correlations were then computed 390

to quantify associations between each linguistic fea- 391

ture and the presence of ideational, interpersonal, 392

and textual meanings. This approach enabled sys- 393

tematic comparison of how structural indicators 394

(POS and UD) and discourse-pragmatic cues (DA) 395

related to the three metafunctions in the expert- 396

annotated data. 397

LLM Classification of SFL Labels We assessed 398

the potential of automatic qualitative discourse 399

analysis tools. Following Finch et al. (2023), we 400

prompted ChatGPT-5.1 (OpenAI, 2025) using the 401

same finalized annotation instructions provided to 402

human annotators. The prompt framed the model 403

as an expert in Systemic Functional Linguistics and 404

instructed it to assign one or more metafunction la- 405

bels to each utterance based on its communicative 406

function (see Appendix C). 407

5 Results 408

This section reports analyses examining the align- 409

ment between automated linguistic features and 410

human-assigned SFL metafunction labels. We sum- 411

marize patterns of metafunction use across the cor- 412
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Feature What It Measures SFL Metafunction Example
verbs_cnt (POS) Verb realizations indicating

processes being construed
in the utterance.

Ideational (processes) The water heats and evap-
orates. → verbs = heats,
evaporates

nsubj_cnt (UD) Grammatical subjects indi-
cating entities participating
in a process.

Ideational (participants) The salt dissolves. →
nsubj = salt

da_qw (DA) Dialogue acts labeled as wh-
questions.

Interpersonal (stance, inquiry) Why does the temperature
change? → da_qw = Why

Table 2: Mapping Between Lexico-grammatical Features and SFL Metafunctions.

Metafunction κ

Ideational 0.551
Interpersonal 0.693
Textual 0.444
Overall micro 0.595
Exact set-level agreement 0.620

Table 3: Human–Human Agreement for Metafunction
Labels per Utterance.

Metafunction κ

Ideational 0.372
Interpersonal 0.232
Textual -0.010
Overall micro 0.288
Exact set-level agreement 0.249

Table 4: Human–LLM Agreement for Metafunction
Labels per Utterance.

pus to characterize the multifunctional nature of413

the data, report agreement between human annota-414

tors and an LLM using Cohen’s kappa (Table 4),415

and present Spearman correlation analyses visual-416

ized with heatmaps for POS features (Figure 2),417

UD relations (Figure 3), and dialogue act features418

(Figure 4).419

5.1 Ideational meaning420

Ideational meaning showed the strongest and most421

consistent alignment with structural linguistic fea-422

tures. As visible in the POS heatmap (Figure 2),423

verb counts and participant-related POS categories424

produced the highest positive correlations with425

ideational labels (e.g., ρ ≈ .30–.38). The UD426

heatmap (Figure 3) shows a similar pattern, with427

subject relations (nsubj) reaching ρ ≈ .31, along-428

side additional positive contributions from obj,429

obl, and adverbial modifiers (advmod, advcl).430

These patterns indicate that participant–process431

structures provide the most robust automated cues432

for ideational work. 433

Human–LLM agreement for ideational meaning 434

was moderate (κ = 0.372; Table 4), indicating that 435

experiential content is comparatively accessible for 436

automated approximation, though substantial gaps 437

remain relative to expert annotation. 438

5.2 Interpersonal meaning 439

Interpersonal meaning correlated most strongly 440

with dialogic behavior rather than structural 441

features. As shown in Figure 4, questions, 442

(dis)alignment moves, expressions of uncertainty, 443

and backchannels produced the clearest positive as- 444

sociations with interpersonal labels (e.g., ρ ≈ .14– 445

.23). In contrast, POS and UD features showed 446

weak or negative correlations (Figures 2 and 3), 447

reflecting the interactionally focused nature of in- 448

terpersonal work in small-group science talk. 449

Human–LLM agreement for interpersonal mean- 450

ing was relatively low (κ = 0.232; Table 4), sug- 451

gesting that interactional nuance and stance remain 452

challenging for automated models to approximate. 453

5.3 Textual meaning 454

Textual meaning showed moderate associations 455

with features related to cohesion and clause linkage. 456

In the UD heatmap (Figure 3), coordinating con- 457

junctions (cc) and parataxis relations exhibited the 458

strongest textual correlations (ρ ≈ .19–.26). The 459

POS heatmap (Figure 2) further shows that con- 460

nectors, temporal conjunctions, and certain demon- 461

stratives contributed smaller positive correlations 462

(ρ ≈ .03–.21). These results suggest that local 463

cohesion markers capture only a portion of how 464

students sequence reasoning across turns in multi- 465

lingual peer discourse. 466

Human–LLM agreement for textual meaning 467

was near zero (κ = −0.010; Table 4), indicating 468

that discourse organization and information flow 469

were the least recoverable metafunctions for auto- 470
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Figure 2: Spearman correlations of Parts-of-Speech features and SFL metafunction labels.

Figure 3: Spearman correlations of Universal Dependencies relations and SFL metafunction labels.

mated approximation.471

5.4 Distinctive metafunction profiles472

Across the three heatmaps, the metafunctions dis-473

played clear separability. Ideational and interper-474

sonal meaning showed consistent negative or near-475

zero correlations, indicating that content-heavy476

turns rarely coincide with interactional negotiation.477

Ideational and textual features exhibited correla-478

tions near zero (|ρ| < .10), reflecting independence479

between generating scientific ideas and structuring480

discourse flow. Textual and interpersonal meaning481

also remained largely distinct, with small nega-482

tive or near-zero correlations except in cases where483

dialogic cues (e.g., clarification questions) simulta-484

neously functioned as transitional markers. Taken 485

together, these patterns support the SFL view that 486

metafunctions represent complementary but dis- 487

tinct dimensions of meaning. 488

6 Discussion 489

The results illustrate both the potential and the lim- 490

its of approximating SFL metafunctions through 491

computational features in multilingual small-group 492

science discourse. Overall, the findings clarify how 493

different metafunctions are realized in peer interac- 494

tion and which aspects of meaning are most directly 495

reflected in available linguistic representations. 496

Ideational meaning aligned most strongly with 497

structural features such as subjects, verbs, and 498
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Figure 4: Spearman correlations of Diagnostic Acts and SFL metafunction labels.

objects, reflecting the central role of partici-499

pant–process relations in construing experience.500

POS and UD features captured core experiential501

content but did not fully represent the layered mean-502

ings often compressed into minimal multilingual503

utterances. This pattern explains why ideational504

meaning showed the strongest alignment between505

automated features and expert labels, as it is typ-506

ically expressed through overt grammatical roles507

explicitly encoded in syntactic representations.508

Interpersonal meaning aligned primarily with509

dialogic behaviors rather than structural density.510

Questioning, alignment and disalignment moves,511

and backchannels showed the strongest associa-512

tions, while POS and UD features contributed little.513

This reflects the pragmatic, context-sensitive nature514

of interpersonal work in collaborative discourse,515

which depends on sequential positioning and local516

interactional framing that are difficult to infer from517

isolated utterances. Correspondingly, automated518

dialogic labeling showed limited alignment with519

expert judgments.520

Textual meaning exhibited moderate associa-521

tions with coordination and cohesion markers but522

remained the weakest metafunction for automated523

approximation. Much discourse organization in in-524

quiry dialogue unfolds across turns through shared525

reference and thematic continuity, which sentence-526

level structural features cannot adequately capture.527

Methodologically, these findings demonstrate528

that an SFL-guided feature design can approximate529

metafunctional distinctions when features reflect530

relevant linguistic resources. Structural features531

provide the clearest access to ideational meaning, 532

pragmatic indicators support interpersonal analysis, 533

and textual meaning remains challenging due to its 534

distributed nature. Together, the results highlight 535

the need for approaches that integrate structural, 536

pragmatic, and discourse-level information to more 537

fully represent how multilingual learners organize 538

meaning during collaborative problem solving. 539

7 Conclusion 540

The study provides an exploratory approximation 541

of SFL metafunctions in multilingual small-group 542

science discourse. Ideational meaning aligned most 543

strongly with UD and POS structural features, inter- 544

personal meaning with LLM-based dialogue act in- 545

dicators, and textual meaning with cohesion-related 546

cues. Human–human reliability was strongest for 547

interpersonal and ideational meanings, whereas 548

human–LLM agreement was highest for ideational 549

meaning. Together, these findings establish a foun- 550

dation for linking SFL constructs to automated fea- 551

ture extraction at scale and clarify which aspects of 552

metafunctional meaning are most directly reflected 553

in structural linguistic representations. 554

8 Limitations 555

The feature sets do not yet fully capture discourse- 556

level organization, culturally shaped stance expres- 557

sions, or multilingual cohesion patterns central to 558

translanguaged discourse. Dialogue act patterns are 559

sensitive to LLM prompting and may shift across 560

model versions. Human–LLM agreement patterns 561
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show that models remain far less sensitive than562

humans to interpersonal nuance and cross-turn co-563

hesion. The dataset remains relatively small and564

limits broad generalization. Future work should565

incorporate larger multilingual corpora, expanded566

cohesion modeling, and open-source dialogic re-567

sources that support reproducible analysis.568
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A Language in Context701

702
Table 1 Language in context 

Cultural context 

Genre (purpose and audience) 

Register Field 

Discourse Ideational 

semantics 
(Martin 2014) 

Experiential 

Logical 

Lexico Participants ( nominal 

grammatical phrases/ groups) 

resources 

Processes (verbs) 

Circumstances 

(prepositional phrases, 

adverbials) 

Logical relations among 

clauses and sentences 
( e.g., hypotaxis or 

parataxis) 

Tenor Mode 

Interpersonal Textual 

Negotiation Identification 

Appraisal Periodicity 

Mood in clause Cohesive devices 

( declarative, ( reference, repetition, 

interrogative, ellipsis) 

imperative). 

Modality (type of Theme and Rheme 
modal verbs and sequencing (point of 

adjuncts to express departure in clauses, 

degrees of linking among themes 

obligation, certainty) in subsequent clauses) 

Polarity ( continuum Clause combining 

of positive to ( e.g., conjunction) 

negative) 

703

Figure 5: Language in context, adapted from (Harman,
2017).
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B Linguistic Feature Labels704

Table 5: Universal Dependencies (UD) feature labels.
705

Linguistic Feature Category Description
nsubj_cnt UD Grammatical subjects indicating who acts or experiences the

process.
obj_cnt UD Direct objects representing affected or impacted participants.
obl_cnt UD Oblique dependents expressing time, place, or manner.
advmod_cnt UD Adverbial modifiers adding manner, time, degree, or stance.
advcl_cnt UD Adverbial subordinate clauses (e.g., because, if, when).
cc_cnt UD Coordinating conjunctions joining clauses or ideas.
mark_cnt UD Subordination markers signaling logical relations.
xcomp_cnt UD Open clausal complements extending processes.
ccomp_cnt UD Finite clause complements that project ideas (e.g., think, say).
discourse_cnt UD Discourse markers managing interaction and phase shifts.
parataxis_cnt UD Loosely attached clauses expressing sequencing or elaboration.
appos_cnt UD Appositions reclassifying or identifying participants.
cop_cnt UD Copular clauses expressing relational processes.
agent_like_cnt UD Semantic-role approximation of agents (derived from nsubj).
patient_like_cnt UD Semantic-role approximation of patients (derived from obj).
oblique_cnt UD Semantic obliques indicating circumstances.

706

Table 6: Parts-of-Speech (POS) feature labels.
707

Linguistic Feature Category Description
verbs_cnt POS Verb count indicating process density in the utterance.
participants_cnt POS Pronouns and articles indicating participant tracking.
circumstances_cnt POS Prepositions and adverbs expressing circumstances.
conj_cnt POS Basic coordinators creating cohesion.
subord_cnt POS Subordinators expressing logical relations.
connectors POS Discourse connectors organizing idea flow.
qmark POS Interrogative punctuation indicating question mood.
modals POS Modal verbs expressing obligation, possibility, or ability.
polarity_neg POS Negation markers.
eval_pos_adj POS Positive evaluative adjectives.
eval_neg_adj POS Negative evaluative adjectives.
pronouns POS Pronouns signaling engagement and reference chains.
epistemic POS Epistemic stance markers.
hedge POS Softening or mitigating expressions.
comparative_ref_cnt POS Comparative reference forms relating entities across discourse.
extended_demo_cnt POS Extended demonstratives indicating spatial, temporal, or dis-

course reference beyond the clause.
conj_additive_cnt POS Additive conjunctions extending or elaborating information.
conj_adversative_cnt POS Adversative conjunctions signaling contrast or counter-

expectation.
conj_causal_cnt POS Causal conjunctions expressing cause–effect relations.
conj_temporal_cnt POS Temporal conjunctions sequencing events.
repetition_win5 POS Lexical repetition within a five-sentence window.
demonstratives POS Demonstratives (this, that, these).
periodicity_z_in_speaker POS Normalized sentence index within a speaker’s sequence.

708
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Table 7: Dialogue Act (DA) feature labels.
709

Linguistic Feature Category Description
da_sd DA Statement–Non-Opinion (factual).
da_sv DA Statement–Opinion.
da_qy DA Yes/No question.
da_qw DA Wh-question.
da_qr DA Alternative question.
da_qo DA Other or rhetorical question.
da_b DA Backchannel minimal response.
da_bk DA Backchannel-as-answer.
da_aa DA Agreement or acceptance.
da_ar DA Disagreement or rejection.
da_h DA Hedging or uncertainty.
da_rp DA Repair, repetition, or clarification.
da_o DA Other or unclassified dialogue act.
da_wd DA Word-dependent or fragment.
da_dash DA Missing or undefined dialogue act label.
da_question DA Grouped category: any question dialogue act.
da_disagree DA Grouped category: disagreement.
da_uncertainty DA Grouped category: hedging or uncertainty.
da_agree DA Grouped category: agreement.
da_repair DA Grouped category: repair or clarification.
da_backchannel DA Grouped category: backchannels.

710
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C LLM Prompt for SFL Metafunction711

Annotation712

Prompt713

You are an expert in Systemic Functional714

Linguistics with experience analyzing715

multilingual classroom discourse.716

You will be given a transcript consisting717

of short speaker turns from small-group718

classroom interaction. Your task is to719

assign Systemic Functional Linguistics720

(SFL) metafunction labels to each utter-721

ance based on its communicative func-722

tion.723

1. Metafunction Labels724

For each utterance, identify which meta-725

function(s) it expresses. You may choose726

one, two, or all three, ranked from pri-727

mary to secondary (and tertiary, if appli-728

cable):729

Ideational: describing an object, pro-730

cess, idea, or event; explaining how731

something works; evaluating feasibility732

or accuracy; or providing information733

about what is happening.734

Interpersonal: expressing stance, feel-735

ings, uncertainty, or attitude; negotiating736

agreement or disagreement; persuading;737

softening; or positioning oneself socially738

with peers or the teacher.739

Textual: organizing or sequencing ideas;740

referencing prior talk (e.g., because, so,741

then); managing cohesion; or connecting742

parts of the conversation.743

2. Unit of Analysis744

Each speaker turn should be treated as745

one unit of analysis, defined as a single746

sentence or short utterance. If a turn con-747

tains multiple clauses but expresses one748

continuous communicative intent, label749

the entire turn rather than segmenting it.750

3. Multiple Labels and Ranking751

Some utterances express more than one752

metafunction. When this occurs, rank the753

metafunctions from strongest to weakest754

alignment, with the primary communica-755

tive purpose listed first.756

Example757

“I don’t think that will work . . . probably 758

actually . . . yeah it probably would.” 759

Primary: Interpersonal (expressing un- 760

certainty, revising stance) 761

Secondary: Ideational (evaluating feasi- 762

bility) 763

4. Decision Rules 764

This is a coarse-grained interpretive task. 765

Use your expert intuition and do not over- 766

analyze. If an utterance is ambiguous, 767

select the label(s) that best capture its 768

overall communicative function. 769
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