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This paper proposes a systematic framework for integrating Large Language Models (LLMs) into
corpus-based teaching for Speech-Language Pathology, Computational Linguistics, and Clinical
Neurolinguistics programs. Traditional corpus analysis, though essential, presents significant
pedagogical challenges, including being time-intensive and requiring specialized technical expertise,
especially with atypical language data like aphasic speech. The emergence of LLMs offers a
transformative opportunity to overcome these barriers. The systematic framework introduces
practical educational modules, validated annotation workflows, and assessment strategies,
exemplified through the Greek CACLA corpus. Crucially, the approach advocates for using LLMs as
"cognitive partners" to handle routine tasks, allowing students to focus on higher-order analysis,
clinical interpretation, and the critical evaluation of Al outputs. This method aims to democratize
sophisticated linguistic analysis while ensuring students develop necessary critical thinking capacities
and technological literacy.
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1. Introduction

The integration of corpus linguistics into higher education has long been recognized as essential for
training students in language sciences, such as speech-language pathology, computational linguistics,
and clinical neuroscience programs (Reppen, 2010; Romer, 2011). However, traditional corpus
analysis methods present significant pedagogical challenges: they are time-intensive, require
specialized technical expertise, and often create barriers between linguistic theory and clinical
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application (Armstrong, 2000; Friginal & Hardy, 2014). Educators and students frequently struggle
with the challenging learning curve of annotation software, and the difficulty of extracting meaningful
patterns from clinical language data (Ball, 2013; Crystal, 2013). These challenges are particularly
delicate when working with atypical language corpora, such as aphasic speech, where linguistic
irregularities complicate automated annotations and analysis, and demand advanced interpretive
skills (Goodglass et al., 2001).

The emergence of Large Language Models (LLMs), such as GPT-5, Gemini and Claude among others,
represents a transformative opportunity for corpus-based education (Brown et al., 2020). These
advanced Al systems demonstrate significant and evolving capabilities in linguistic annotation, pattern
recognition, but still with several issues on natural language understanding (Bommasani et al., 2021;
Zhao et al.,, 2025). Recent studies explore LLM applications in linguistic research, including
morphological analysis (Mita et al., 2024; Karasimos & Makri, 2025; Karasimos, Makri & Petropoulou,
2025), syntactic parsing (Khan, 2025; Manning, 2022); yet their pedagogical integration remains
largely unexplored, particularly in clinical and computational linguistics education or LLMs have been
(extensively) mis-presented and ill-researched by non-Al-expertised educators.

Despite growing theoretical and research interest in Al-enhanced education (Holmes et al., 2019;
Zawacki-Richter et al., 2019) and recognition of technology's role in language teaching and speech-
language pathology training (Keck & Doarn, 2014; Hill et al., 2020), a significant research gap still
remains; no comprehensive framework currently guides educators in integrating LLMs, corpora and
educational technology tools into their curricula. This paper addresses this gap by presenting a
systematic framework for incorporating LLMs and corpus-based teaching across speech-language
pathology, computational linguistics, and clinical neurolinguistics courses. We introduce practical
educational modules, validated annotation workflows, and assessment strategies, exemplified
through the CACLA (Corpus for Aphasic Clinical Language Analysis) Greek corpus. Our aim is to provide
educators, teachers, and practitioners with tried-and-tested tools that embed LLM capabilities while
maintaining pedagogical aspect, critical thinking development, and awareness of technological
limitations.

2. From Corpora to Classrooms: Bridging Clinical Language Data and Educational
Practice

The path from analyzing aphasic speech corpora to developing effective educational frameworks
requires understanding both the clinical linguistic landscape and the pedagogical challenges inherent
in teaching corpus analysis methods. This section traces the evolution from traditional corpus analysis
in communication disorders to the emerging potential of Large Language Models, while situating these
developments within the broader context of technology-enhanced education in speech-language
pathology and computational linguistics.

2.1 Corpus Analysis in Communication Disorders

Corpus-based approaches to studying communication disorders have transformed the understanding
of atypical language patterns over the past three decades (MacWhinney et al., 2011; Ball et al., 2008).
The systematic collection and analysis of language data from individuals with aphasia, language
disorders, and other communication impairments offered the opportunity to identify quantifiable
linguistic markers, patterns of recovery trajectories, and validate assessment protocols/tests
(Armstrong, 2000; Berndt et al., 2000; Saffran et al., 1989; Wilson et al., 2017).

Clinical corpora serve multiple critical functions mostly in research (and less in education). They
provide authentic data that capture the variability and complexity of disordered language production
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(Prins & Bastiaanse, 2004; Stark et al., 2025; Varlokosta et al., 2016; Webster et al., 2007); for instance,
the AphasiaBank corpus?, contains hundreds of discourse samples from people with aphasia across
diverse tasks and several languages, providing access to several phenomena ranging from word
retrieval difficulties, error samples to discourse coherence (Dalton & Richardson, 2019; MacWhinney
et al., 2011). Similarly, specialized corpora like the Northwestern Narrative Language Analysis (NNLA)?
system provide structured protocols for analyzing story retelling, and offering insights into significant
content and linguistic efficiency (Thompson et al., 2012; Kintz & Wright, 2018).

Based on the Greek digital landscape, corpus resources for communication disorders remain relatively
limited, though several significant initiatives have emerged, such THALIS Aphasia (Varlokosta et al.,
2016; Baphokwota et al., 2017) and some smaller individual research projects (Kambanaros & van
Steenbrugge, 2006; Nanousi et al., 2006). The CACLA corpus represents a comprehensive effort to
document Greek spoken and aphasic speech across various aphasia types and task conditions,
providing rich material for both clinical research and educational applications (Papathanasiou et al.,
2013).

The linguistic analysis of aphasic corpora presents unique challenges that distinguish it from typical
language corpus research. Atypical language production includes phenomena such as agrammatism
(simplified syntax with function word omissions), paragrammatism (syntactically complex but
semantically empty output), phonemic and semantic paraphasias (sound-based and meaning-based
word substitutions), neologisms (invented non-words or non-sense words), and discourse-level
disruptions including tangentiality and reduced coherence (Caplan, 1987; Goodglass et al., 2001; Kolk,
1995). These features require experienced annotators to make complex linguistic judgments,
distinguishing between intentional linguistic choices and pathological productions—a distinction that
challenges both human and automated annotation systems (Rochon et al., 2000; Bastiaanse &
Edwards, 2004).

Educational applications of clinical corpora have primarily focused on introducing students to
authentic clinical data, teaching linguistic analysis skills, and illustrating theoretical concepts with real-
world examples (Barbieri & Eckhardt, 2007; Romer, 2011). However, the labor-intensive nature of
corpus annotation and analysis has limited widespread adoption in educational settings, particularly
in programs lacking computational linguistics infrastructure (Friginal & Hardy, 2014; Reppen, 2010).

2.2 Large Language Models for (Spoken Data) Text Analysis

Recent research has begun exploring LLM applications across linguistic domains. Morphological
analysis studies demonstrate high accuracy for part-of-speech tagging and morphological feature
extraction across diverse languages, including morphologically complex ones (Liu et al., 2024; Ustiin
et al., 2024). For Greek specifically, LLMs show promise in handling rich inflectional morphology,
though systematic evaluation remains limited (Koutsikakis et al., 2020).

Syntactic parsing evaluations reveal that LLMs can produce dependency and constituency parses
approaching state-of-the-art specialized parsers, with particular strength in handling ambiguous
structures through contextual reasoning (Kulmizev et al., 2024; Warstadt & Bowman, 2022). However,
performance varies with sentence complexity and grammaticality—a critical consideration for clinical
corpus analysis (Hu et al., 2020).

! https://talkbank.org/aphasia/
2 https://talkbank.org/aphasia/discourse/C-NNLA/
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Semantic analysis applications include word sense disambiguation, semantic role labeling, and
metaphor detection, with LLMs often surpassing traditional systems by leveraging vast world
knowledge encoded during pre-training (Pilehvar & Camacho-Collados, 2019; Ettinger, 2020).
Discourse analysis capabilities extend to coreference resolution, coherence evaluation, and rhetorical
structure identification, though systematic evaluation frameworks remain under development (Hao
et al., 2021).

Error detection and correction represent particularly relevant applications for clinical linguistics.
Studies show LLMs can identify grammatical errors, semantic anomalies, and stylistic inconsistencies,
suggesting potential for automated coding of aphasic errors (Shen et al., 2023; Wu et al., 2023).
However, the ability to distinguish pathological from intentional non-standard forms—crucial for
clinical analysis—requires careful prompt engineering and validation (Bryant et al., 2023).

Cross-linguistic applications demonstrate that multilingual LLMs like GPT-5 and mBERT can perform
reasonably well on lower-resourced languages, though performance typically degrades for languages
with limited training data representation (Joshi et al., 2020; Ustiin et al., 2024). For Greek,
intermediate resource availability suggests moderate but not optimal LLM performance without fine-
tuning (Koutsikakis et al., 2020).

The application of LLMs to atypical or clinical language data represents a relatively unexplored
frontier. Preliminary investigations suggest both promise and challenges. LLMs demonstrate
robustness to disfluency, maintaining reasonable parsing accuracy even with filled pauses, false starts,
and self-corrections common in aphasic speech (Bhat et al.,, 2022). However, handling of
agrammatism—telegraphic speech with systematic function word omissions—proves more
challenging, as LLMs may inappropriately "correct" such productions rather than analyzing them as-
produced.

Paraphasia detection studies (Zhu et al., 2023) suggest LLMs can identify semantic substitutions when
provided with appropriate context and task framing, though phonemic paraphasias may require
explicit phonological representation. Neologism identification presents particular difficulty, as LLMs
may misinterpret non-words as rare real words, code-switching or hapax legomena, requiring explicit
instruction to flag potential neologisms (Kuzman et al., 2023). Discourse-level analysis of clinical
narratives shows promise for automated coherence rating and information content scoring. Studies
applying GPT-based models to aphasia discourse samples report moderate correlations with human
ratings of narrative quality (Fergadiotis et al., 2023). However, LLMs may over-emphasize semantic
coherence while missing subtle linguistic markers of impairment, necessitating careful validation
against clinical gold standards. Variability and consistency concerns emerge prominently in clinical
applications. LLMs can produce different outputs for identical inputs across sampling runs,
problematic for research requiring precise replicability (Ouyang et al., 2022). Temperature settings,
random seeds, and prompt variations all influence output consistency—factors requiring systematic
control in educational and research contexts (Sclar et al., 2023).

2.3 Technology in SLP Education

The integration of technology into speech-language pathology education has evolved substantially
over recent decades, though adoption patterns vary considerably across institutions and geographic
regions (Hill et al., 2020). Simulation and virtual patients represent well-established technologies in
SLP education, allowing students to practice clinical interactions, assessment procedures, and
intervention planning in risk-free environments (Dudding et al., 2011; Hill & Theodoros, 2017).
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Platforms like SimuCase® provide standardized virtual cases covering diverse communication
disorders, enabling repetitive practice and immediate feedback. However, these systems typically
present scripted scenarios rather than authentic language samples, limiting exposure to real-world
linguistic variability.

Video analysis tools enable students to review authentic clinical interactions, annotate communicative
behaviors, and analyze language samples from recorded sessions. Software like ELAN* allows time-
aligned transcription and annotation, though the labor-intensive nature limits typical use to small
sample sizes (Sloetjes & Wittenburg, 2008). Computer-assisted learning modules deliver instructional
content on anatomical structures, phonetic transcription, and assessment procedures through
interactive multimedia (Brackenbury et al., 2008). While valuable for knowledge transmission, these
typically lack integration with authentic clinical data analysis. Telepractice platforms facilitate remote
clinical supervision, enabling students to observe real therapy sessions and receive feedback from
clinical educators regardless of geographic location (Grogan-Johnson et al., 2013; Tucker, 2012). The
COVID-19 pandemic accelerated adoption of telehealth modalities, demonstrating feasibility while
highlighting technological barriers and training needs.

Specialized software for language analysis, including systematic analysis of language transcripts (SALT)
and CLAN, provides quantitative analysis capabilities for clinical language samples (MacWhinney,
2000; Miller & Iglesias, 2020). However, educational surveys indicate limited integration into graduate
curricula, attributed to perceived complexity, time investment, and insufficient instructor familiarity
(Brackenbury et al., 2008). Broader healthcare education has increasingly incorporated artificial
intelligence applications, providing relevant models for SLP education. Medical image analysis using
deep learning algorithms helps radiology students develop diagnostic skills through immediate
feedback on interpretation accuracy (Hosny et al., 2018; Shen et al., 2017). Clinical decision support
systems powered by machine learning assist medical students in differential diagnosis, treatment
planning, and predicting patient outcomes (Beam & Kohane, 2018; Rajkomar et al., 2019). Natural
language processing applications in medical education include automated analysis of clinical notes,
extraction of relevant information from electronic health records, and evaluation of documentation
quality (Koleck et al., 2019; Wang et al., 2018). These applications demonstrate feasibility of
integrating sophisticated Al tools into clinical training while maintaining pedagogical rigor. Intelligent
tutoring systems adapt instructional content and feedback based on individual student performance,
demonstrating learning gains compared to traditional instruction across medical disciplines (Kulik &
Fletcher, 2016; Woolf et al., 2013). However, concerns regarding over-reliance on automation,
reduced critical thinking, and "black box" decision-making have prompted calls for careful pedagogical
design emphasizing human oversight and transparent reasoning (Holmes et al., 2019; Zawacki-Richter
et al., 2019).

3. The educational prism of Al, LLMs and corpora in the tertiary system

The integration of artificial intelligence, Large Language Models, and corpus linguistics into tertiary
education represents a convergence of technological innovation and pedagogical necessity. This
section examines the theoretical foundations that underpin effective educational implementation,
drawing from established learning frameworks, technology integration models, and corpus-based
pedagogical research. We focus specifically on how these theoretical perspectives apply to
computational linguistics, neurolinguistics, and speech-language pathology education—disciplines
where authentic language data, analytical rigor, and clinical competence intersect.

3 https://www.simucase.com/
4 https://archive.mpi.nl/tla/elan
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3.1 Educational Framework: Learning Objectives and Cognitive Development

The development of effective learning objectives for LLM-based corpus analysis requires careful
alignment with program-specific competencies while addressing the unique cognitive demands of
working with both clinical language data and artificial intelligence tools. Learning objectives must
balance technical skill acquisition with critical evaluation capabilities, recognizing that students need
not only to operate Al systems but also to understand their limitations and validate their outputs
(Anderson & Krathwohl, 2001; Bloom et al., 1956; Fink, 2013).

For computational linguistics programs, learning objectives emphasize algorithmic understanding,
evaluation methodology, and the ability to critically assess automated linguistic analysis. Students
should be able to design annotation schemes, implement validation procedures, calculate inter-
annotator agreement metrics, and compare LLM performance against traditional NLP approaches
(Liddy, 2001; Jurafsky & Martin, 2023). These objectives align with computational thinking frameworks
that emphasize decomposition of complex problems, pattern recognition, abstraction, and algorithmic
design (Weintrop et al., 2016; Wing, 2006).

For speech-language pathology programs, learning objectives center on clinical application:
identifying linguistically-based assessment measures, interpreting quantitative indices of language
impairment, connecting corpus patterns to theoretical models of aphasia, and making evidence-based
clinical decisions informed by linguistic analysis (American Speech-Language-Hearing Association
[ASHA], 2016). The integration of corpus analysis with clinical reasoning represents what Fink (2013)
terms "integration learning"—the ability to connect ideas, perspectives, and realms of life, essential
for translating linguistic research into clinical practice.

For neurolinguistics and clinical neuroscience programs, objectives emphasize understanding brain-
language relationships through systematic analysis of language breakdown patterns. Students must
develop competencies in identifying neuroanatomical correlates of linguistic deficits, recognizing
dissociations between preserved and impaired language functions, and critically evaluating
neurolinguistic theories based on corpus evidence (Hillis, 2007; Papathanasiou et al., 2017).

3.2 Technology Integration in Teaching and Learning: Frameworks and Models TPACK
Framework for Al-Enhanced Corpus Linguistics Education

The TPACK framework (Mishra & Koehler, 2006) guides integration of LLM-based corpus analysis into
linguistics education, recognizing that effective technology use requires interplay between
Technological (TK), Pedagogical (PK), and Content Knowledge (CK). TK encompasses LLM capabilities,
prompt engineering, and computational principles underlying language models. PK involves
scaffolding, assessment, and fostering critical thinking, while CK includes linguistic theory, clinical
frameworks, and corpus methodology. The intersections are crucial, since TCK means understanding
how Al tools address specific linguistic phenomena; PCK involves effective teaching strategies for
complex concepts; TPK recognizes how LLMs enable students to analyze larger datasets, revealing
patterns previously accessible only to researchers. Full TPACK integration—e.g., teaching
agrammatism through collaborative LLM-assisted annotation that students validate—transforms not
just what students learn but how (Koehler & Mishra, 2009).

The SAMR model (Puentedura, 2006) evaluates transformative potential across four levels:
Substitution (LLMs replace manual annotation with no pedagogical change), Augmentation (students
annotate larger datasets with immediate feedback), Modification (students compare LLM
performance across aphasia types, integrating linguistic and computational thinking), and Redefinition
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(real-time analysis of large clinical corpora to test neurolinguistic hypotheses). Effective integration
should target at least Modification level. From a constructivist perspective, LLM-based corpus analysis
supports authentic learning through real clinical data, scaffolded learning via LLM-generated
annotations students refine, and collaborative learning through group discussion of Al outputs.
Communities of practice theory (Lave & Wenger, 1991) frames this as legitimate peripheral
participation in professional linguistics communities.

3.3 Corpus Linguistics in Language-Related Education: Pedagogical Foundations and
Innovations

Corpus linguistics has established significant pedagogical value across language-related disciplines,
with data-driven learning (DDL) positioning students as researchers who discover linguistic patterns
through direct corpus investigation rather than receiving pre-digested descriptions. This approach
promotes inductive reasoning, pattern recognition, and empirical validation—cognitive skills essential
for linguistic research and clinical practice (Boulton, 2012; Johns, 1991; 1998). Large language models
enhance DDL by rapidly generating corpus patterns that students can examine, enabling focus on
interpretation rather than data extraction.

Central to corpus-based education is the development of frequency and typicality awareness, as
corpus analysis reveals which linguistic forms are common versus rare, typical versus marked. For
clinical populations, corpus-based frequency norms inform assessment interpretation by determining
whether a particular production pattern falls within or outside typical ranges for specific aphasia types
(Berndt et al., 2000; Thompson et al., 2012). Students develop empirical grounding for clinical
judgments through sustained corpus exposure.

Authentic language exposure distinguishes corpus-based education from constructed examples or
idealized grammatical descriptions. Authentic clinical corpora reveal the complexity of real language
production including disfluencies, self-corrections, and false starts, thereby preparing students for
clinical realities (Gilquin & Granger, 2010). Exposure to variability within and across speakers develops
realistic expectations and flexible analytical skills essential for professional practice. The investigative
nature of corpus pedagogy encourages hands-on exploration where students actively query corpora,
formulate hypotheses, test predictions, and refine analyses based on evidence. This investigative
approach develops research literacy alongside linguistic knowledge, fostering skills transferable to
professional contexts (Charles, 2015; Rémer, 2011).

Al integration addresses many traditional barriers while creating new pedagogical possibilities.
Reduced technical barriers emerge as natural language prompts replace complex query languages,
making corpus analysis accessible to students without programming backgrounds. This accessibility
enables accelerated analysis where students can examine multiple samples, compare across speakers
or conditions, and iterate rapidly, transforming corpus analysis from isolated demonstration to
integrated investigative method. Enhanced focus on interpretation occurs when annotation
automation shifts student cognitive resources from mechanical coding to linguistic analysis and clinical
reasoning. Students spend more time asking what patterns reveal about language processing rather
than how to code particular constructions, aligning with constructivist principles emphasizing deep
understanding over procedural execution. Integrated validation activities become pedagogically
central as students compare LLM outputs against gold standards, identify systematic errors, and
investigate why particular phenomena challenge automation. These metacognitive activities develop
critical evaluation skills generalizable beyond corpus linguistics to any Al-enhanced professional
context, while multilingual accessibility potentially expands through LLMs that handle diverse
languages more flexibly than language-specific tools.
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4. Design and Implementation Context

This paper presents a design-based framework developed and piloted across two Greek university
programs during 2024-2025. The following sections describe the implementation context, corpus
materials, and pedagogical design rationale. Full empirical evaluation of learning outcomes is ongoing
and will be reported in subsequent work.

4.1 Research questions and aim

The overarching aim is to produce an evidence-based framework for LLM integration that balances
technological innovation with pedagogical soundness while addressing discipline-specific needs.

RQ1: To what extent can Large Language Models accurately perform multi-level linguistic annotation
of Greek aphasic speech to support teaching scenarios and materials?

RQ2: Does integration of LLM-based corpus analysis enhance student learning outcomes compared to
traditional corpus methods or no corpus instruction?

RQ3: What technical, pedagogical, and institutional barriers emerge during implementation, and what
solutions prove effective?

RQ4: How do students perceive LLM-enhanced corpus analysis in terms of usability, learning value, and
preparation for professional practice?

4.2 Corpora Selection

The Greek CACLA (Corpus for Aphasic Clinical Language Analysis) serves as the primary corpus,
comprising approximately 200 speech samples from Greek-speaking individuals with aphasia
representing diverse types and severity levels (Papathanasiou et al., 2017). We curated a pedagogical
subset of 36 transcripts (12 for demonstrations, 24 for student projects) selected for: (1) appropriate
length (150-400 words); (2) linguistic representativeness of different aphasia types; (3) transcription
quality following CHAT conventions; (4) task diversity; and (5) complexity gradient enabling
differentiated instruction.

Gold standard annotations were developed through multi-stage expert consensus, with two linguists
independently annotating each transcript following Universal Dependencies guidelines for Greek
(Prokopidis & Papageorgiou, 2017) and clinical error coding systems (Schwartz et al., 2009).
Disagreements (approximately 12%) were resolved through adjudication.

To accommodate different pedagogical objectives across programs, we incorporated comparison
datasets enabling contrastive analysis. For English/Linguistics students, we included a parallel corpus
of 10 transcripts from neurologically intact Greek speakers performing identical elicitation tasks
(picture description, narrative retelling, procedural discourse). This typical language corpus enables
students to systematically compare linguistic patterns between aphasic and normal speech—
identifying which features represent pathological deviation versus normal variability, examining
guantitative differences in productivity and complexity measures, and developing empirically-
grounded understanding of linguistic breakdown patterns (Armstrong, 2000; Goodglass et al., 2001).
This contrastive approach aligns with computational linguistics pedagogy emphasizing comparative
analysis and data-driven pattern recognition (Romer, 2011). Additionally, we incorporated
AphasiaBank English samples for cross-linguistic comparison (MacWhinney et al., 2011), and outputs
from traditional NLP tools (Greek spaCy, Stanza) for comparative evaluation of LLM versus rule-
based/statistical annotation approaches—particularly relevant for students focusing on
computational methods.
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4.3 Study design behind teaching procedures

The study employs a quasi-experimental pre-post design with comparison groups implemented across
two Greek university departments during 2024-2025. The first group (n = 55) receives a full LLM-
enhanced curriculum including prompt engineering, validation methodology, and collaborative
analysis projects. The second group (n = 67) receives Al-modified clinical training with systematic
corpus analysis and aphasic speech data in two different modules.

All groups complete identical pre/post tests assessing corpus linguistics knowledge, clinical language
understanding, and analytical skills. Data collection employs convergent mixed-methods design
(Creswell & Plano Clark, 2017): quantitative measures (knowledge tests, annotation accuracy, Likert-
scale surveys) and qualitative data (focus groups, observation checklists). Statistical analysis includes
mixed-model ANOVAs examining pre-post gains across groups, t-tests comparing practical
competency, and regression models predicting outcomes from background variables. Qualitative data
undergoes thematic analysis following Braun and Clarke (2006).

4.4 Participants

Participants comprise 122 third- and fourth-year undergraduate students across two programs: School
of English (n = 55) and Speech-Language Pathology (n = 67). The sample is predominantly female
(85%), aged 20-26 years (M = 21.8), consistent with linguistics and SLP program demographics
internationally. All are native Greek speakers or have advanced proficiency (C1/C2; 9 bilinguals with
Russian, Albanian, Ukrainian and Turkish). Prior coursework includes foundational linguistics, though
only 23% report corpus linguistics exposure and 12% have programming experience. Technology
experience is mixed: 67% have used ChatGPT (or any other LLM) for general purposes, but only 15%
for academic analytical tasks. This profile suggests students can navigate Al interfaces but lack critical
evaluation skills for linguistic applications—a key learning objective.

5. Educational Applications

5.1 Curriculum Integration

The LLM-based corpus analysis framework integrates across three distinct but complementary
curricular modules, each addressing specific disciplinary competencies while leveraging shared
technological infrastructure. The Theoretical Module (Aphasia and Related Disorders) emphasizes
neurocognitive models of language breakdown, classification and symptomatology of acquired
aphasia and related disorders, and evidence-based principles of language assessment and
rehabilitation—developing foundational theoretical competence in adult neurogenic communication
disorders. The Digital Module (Computational Linguistics and Natural Language Processing)
emphasizes annotation methodology, prompt engineering for linguistic tasks, and systematic
evaluation of automated analysis tools—developing technical competencies in NLP applications. The
Clinical Module (Clinical Practice Ill) emphasizes supervised application of assessment, differential
diagnosis, intervention planning, and professional documentation in real clinical settings—developing
advanced clinical reasoning, ethical decision-making, and entry-level professional competence in adult
speech-language pathology. This module enables students to consolidate theoretical knowledge and
digital competencies into advanced, context-sensitive clinical decision-making. This three-pronged
approach ensures students develop theoretical understanding, technical proficiency, and clinical
reasoning—essential competencies for contemporary speech-language pathology and computational
linguistics professionals (ASHA, 2016; Jurafsky & Martin, 2023).
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5.2 Specific Educational Modules

5.2.1 Theoretical Module: Aphasia and Related Disorders

The Theoretical Module Aphasia and Related Disorders provides the conceptual and neurocognitive
foundation for the integrated curriculum and is implemented as a structured lecture sequence (9
instructional hours; for more details see Appendix A) designed to develop theoretical coherence,
analytic depth, and preparedness for advanced clinical application. The module addresses a
longstanding challenge in speech-language pathology education: enabling students to move beyond
surface-level classification toward principled understanding of how neurological damage disrupts
language systems across modalities and levels of linguistic organization (Goodglass & Wingfield, 1997,
Caplan & Marshall,1992). In Session 1, Foundations of Aphasia and Neurogenic Language Breakdown,
students are introduced to historical and contemporary definitions of aphasia, etiological factors, and
neuroanatomical correlates of language processing. Classical aphasia syndromes are presented
alongside modern neurocognitive and functional models, highlighting both their heuristic value and
their limitations in capturing real-world communicative functioning (Bastiaanse & Prins, 2013;
Dronkers et al., 2017). Through analysis of authentic aphasic language samples, students begin to
recognize inter- and intra-speaker variability and to critically evaluate the adequacy of syndromic
labels. This session supports a shift from taxonomic memorization to explanatory, model-based
reasoning about language breakdown. Session 2, Language Assessment and Breakdown Patterns,
focuses on systematic evaluation of spoken and written language across comprehension, expression,
naming, repetition, reading, writing, and discourse. Students examine standardized and non-
standardized assessment approaches and learn to interpret error patterns in relation to underlying
linguistic and cognitive processes, such as lexical access, morphosyntactic encoding, and discourse
planning (Chapey, 2001). Particular emphasis is placed on distinguishing aphasia from co-occurring
motor speech and cognitive-communication disorders, reinforcing diagnostic precision and reducing
misclassification in clinical contexts. In Session 3, Aphasia, Related Disorders, and Functional
Communication, the focus expands to acquired language disorders associated with traumatic brain
injury and dementia. Students explore how diffuse versus focal neuropathology affects language,
cognition, and communicative participation, and how progressive versus non-progressive conditions
shape assessment and intervention priorities (Chapey, 2001; Bayles & Tomoeda, 2014). The session
cites aphasia within the WHO-ICF framework, emphasizing activity limitations and participation
restrictions alongside impairment-level analysis (WHO, 2001). Conceptual principles of intervention
are introduced, highlighting evidence-based practice, functional goal setting, and the role of
communication partners (Simmons-Mackie et al., 2010). Pedagogically, this module prioritizes
conceptual integration and theoretical grounding over procedural skill acquisition. By developing
explanatory models of language breakdown, it provides the cognitive scaffolding required for both
computational analysis in the Digital Module and applied clinical reasoning in Clinical Practice I,
supporting deep learning and transfer across contexts (National Research Council,, 2000).

5.2.2 Digital Module: Computational Linguistics and Natural Language Processing

The Digital Module represents the core computational linguistics application of LLM-based corpus
analysis, implemented as a four-session sequence (5 instructional hours; for more details see
Appendix A) designed to develop both technical proficiency and critical evaluation skills. This module
addresses a critical gap in linguistics education: making sophisticated corpus annotation accessible to
students without programming backgrounds while maintaining methodological straightforwardness.
In session 1, Foundations and Initial Exploration introduces students to the CACLA corpus structure,
Greek morphosyntactic complexity, and traditional annotation challenges. Students conduct manual
annotation of a brief sample (15-20 words), documenting time investment and difficulties
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encountered. This experiential foundation establishes appreciation for automation benefits while
grounding students in linguistic fundamentals—preventing what Pea (2004) terms "cognitive
offloading" where technology bypasses essential conceptual development. The session concludes with
a live demonstration of Claude performing identical annotation tasks in seconds, creating productive
cognitive dissonance that motivates deeper investigation of how LLMs accomplish linguistic analysis.

During session 2, Prompt Engineering and Annotation Generation shifts to hands-on LLM interaction.
Working in small groups, students design prompts for morphological annotation (POS tagging,
lemmatization, feature extraction) using provided templates as starting points. The iterative prompt
refinement process—testing, evaluating output quality, modifying instructions, retesting—develops
metacognitive awareness about linguistic specification and computational interpretation (White et al.,
2023). Students discover that effective prompts require explicit articulation of annotation
conventions, output formats, and edge case handling—essentially requiring them to formalize their
linguistic knowledge computationally. This "teaching the machine" process deepens linguistic
understanding while developing prompt engineering as an emerging professional skill (Kasneci et al.,
2023).

In the 3rd session, Validation and Critical Evaluation represents the pedagogically crucial component
distinguishing our approach from uncritical Al adoption. Students systematically compare their LLM-
generated annotations against expert gold standards, calculating precision, recall, and F1-scores for
different annotation types. Error analysis reveals systematic patterns: LLMs excel at standard
morphological forms but struggle with neologisms, phonemic paraphasias, and agrammatic structures
lacking function words (Kuzman et al., 2023). Students categorize errors, hypothesize about
computational causes (training data bias, context limitations, lack of clinical linguistic knowledge), and
discuss implications for research applications. This critical engagement prevents "automation bias"—
the tendency to over-trust automated outputs—while developing an understanding of Al capabilities
and constraints (Goddard et al., 2012).

Finally, during session 4, Comparative Analysis and Synthesis culminates in contrastive examination of
aphasic versus typical language corpora. Students use their validated LLM workflows to analyze
multiple samples, extracting quantitative measures (MLU, TTR, grammatical accuracy rates) and
identifying qualitative patterns. The larger dataset sizes enabled by automation allow observation of
cross-speaker generalizations impossible with manual methods within course timeframes. Final
presentations synthesize technical findings with linguistic interpretation: What do corpus patterns
reveal about Greek morphological processing? How do computational analysis results align with or
challenge theoretical models of agrammatism? This integration of technical and theoretical
dimensions exemplifies Bloom's highest taxonomic levels—synthesis and evaluation (Anderson &
Krathwohl, 2001). Pedagogical significance lies in balancing automation efficiency with analytical
depth, technical skill development with critical thinking, and computational methods with linguistic
insight—preparing students for futures where Al tools are ubiquitous but human expertise remains
essential.

5.2.3 Clinical Module: Clinical Practice Il

The Clinical Module Clinical Practice Il represents the culminating application of theoretical and
analytical competencies within supervised real-world clinical environments. Implemented as a
semester-long clinical placement with supporting lectures (10 ECTS), the module is designed to
support students’ transition from guided learning to entry-level professional practice. Its central
pedagogical objective is the development of integrated clinical reasoning, ethical judgment, and
professional autonomy under supervision, consistent with international standards for clinical
education in speech-language pathology (ASHA, 2016; RCSLT, 2017). In Session 1, Advanced Clinical
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Assessment and Case Formulation, students engage in comprehensive evaluation of adults with
acquired communication disorders, including structured case history intake, orofacial and cranial
nerve examination, cognitive screening, and detailed language assessment. Drawing on theoretical
knowledge from the Aphasia and Related Disorders module, students synthesize linguistic, cognitive,
and neurological data into coherent clinical hypotheses. Emphasis is placed on differential diagnosis
in complex cases involving overlapping aphasic, cognitive-communication, and motor speech features,
reflecting best practices in adult neurogenic assessment (Papathanasiou, Coppens, & Potagas, 2017).
Session 2, Clinical Decision-Making and Intervention Planning, focuses on translating assessment
findings into evidence-based therapy goals and intervention plans. Students are trained to prioritize
functional communication outcomes, align goals with patient needs and contextual factors, and justify
clinical decisions using empirical evidence and theoretical rationale (Chapey, 2001). Supporting
lectures on acquired language disorders in traumatic brain injury and dementia reinforce the
importance of flexible clinical reasoning and longitudinal planning in progressive and non-progressive
conditions. In Session 3, Documentation, Outcome Monitoring, and Professional Practice, students
develop advanced skills in clinical documentation, including evaluation reports, therapy plans,
progress notes, and SOAP documentation. Cognitive and quality-of-life questionnaires are
incorporated into outcome monitoring, reinforcing a holistic and patient-centered approach to clinical
effectiveness (Hilari & Byng, 2009). Ethical considerations—including informed consent,
confidentiality, professional accountability, and interdisciplinary collaboration—are embedded
throughout clinical practice, aligning with professional codes of ethics and legal frameworks (ASHA,
2016). Pedagogically, Clinical Practice Il exemplifies experiential learning at the highest level,
integrating theoretical knowledge, analytical competence, and procedural skill within authentic
clinical contexts. By the end of the module, students demonstrate readiness for professional practice,
characterized by evidence-based clinical reasoning, ethical awareness, reflective capacity, and
adaptability to complex real-world communication disorders.

5.3 Towards a common educational scenario template

The proposed educational scenario template provides a flexible, adaptable framework for integrating
LLMs and corpus analysis across diverse linguistic and clinical contexts beyond the specific CACLA
implementation. This modular template follows a four-phase pedagogical progression that can be
customized for different languages, corpora, and target competencies: Phase 1 (Foundation and
Manual/Traditional Exploration) establishes baseline understanding through hands-on engagement
with the chosen corpus and traditional annotation methods; Phase 2 (Al-Enhanced Pipeline
Development) introduces LLM integration through systematic prompt engineering and automation
workflows; Phase 3 (Validation and Critical Analysis) develops evaluation competencies through
systematic comparison with gold standards and error analysis; and Phase 4 (Synthesis and Application)
culminates in comprehensive analysis and presentation of findings. The template's strength lies in its
adaptability—instructors can substitute alternative corpora (clinical, literary, social media,
multilingual), modify linguistic annotation levels (phonological, morphological, syntactic, discourse),
adjust technical complexity for different student populations, and customize assessment criteria for
specific learning objectives. Essential template components include prerequisite specification,
resource requirements, step-by-step process documentation, variation suggestions for different
contexts, and assessment rubrics, enabling educators to create robust LLM-enhanced corpus
linguistics curricula tailored to their institutional needs and student populations while maintaining
pedagogical rigor and critical thinking development.

6. Discussion
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6.1 Pedagogical Rationale and Anticipated Outcomes

The Theoretical Module was designed to foster foundational competencies that transformed their
understanding of neurological language disorders from superficial classification to principled
theoretical reasoning. Through systematic engagement with Session 1 (Foundations of Aphasia and
Neurogenic Language Breakdown), students will learn to critically evaluate classical aphasia
syndromes alongside modern neurocognitive models, recognizing both their heuristic value and
limitations in capturing real-world communicative functioning. The analysis of authentic aphasic
language samples will enable students to appreciate inter- and intra-speaker variability while moving
beyond taxonomic memorization toward explanatory, model-based reasoning about language
breakdown. Session 2 (Language Assessment and Breakdown Patterns) will equip students with
systematic evaluation skills across comprehension, expression, and discourse modalities, teaching
them to interpret error patterns in relation to underlying linguistic and cognitive processes such as
lexical access and morphosyntactic encoding. Most significantly, Session 3 (Aphasia, Related
Disorders, and Functional Communication) will broaden students' clinical perspective to encompass
acquired language disorders in traumatic brain injury and dementia, while situating aphasia within the
WHO-ICF framework to emphasize activity limitations and participation restrictions alongside
impairment-level analysis.

The Digital Module will successfully bridge the gap between theoretical linguistic knowledge and
practical computational application, enabling students to develop both technical proficiency and
critical evaluation expertise. Through Session 1 (Foundations and Initial Exploration), students will gain
experiential understanding of annotation challenges by manually processing brief samples before
witnessing LLM capabilities, creating productive cognitive dissonance that will motivate deeper
investigation of computational linguistic analysis. Session 2 (Prompt Engineering and Annotation
Generation) will teach students to articulate their linguistic knowledge computationally through
iterative prompt refinement, discovering that effective prompts require explicit specification of
annotation conventions, output formats, and edge case handling—essentially formalizing their
linguistic understanding for computational interpretation. The pedagogically crucial Session 3
(Validation and Critical Evaluation) will develop systematic comparison skills as students calculated
precision, recall, and Fl-scores while conducting error analysis that will reveal LLM strengths in
standard morphological forms and limitations with neologisms, phonemic paraphasias, and
agrammatic structures. Session 4 (Comparative Analysis and Synthesis) will enable students to
leverage automation for examining larger datasets, extracting quantitative measures like MLU and
TTR while synthesizing technical findings with linguistic interpretation to address questions about
Greek morphological processing and theoretical models of agrammatism.

Students in Clinical Practice Il will achieve the critical transition from guided academic learning to
entry-level professional practice through integration of theoretical knowledge, analytical
competencies, and supervised clinical experience. Session 1 (Advanced Clinical Assessment and Case
Formulation) will teach students to synthesize linguistic, cognitive, and neurological data into
coherent clinical hypotheses while engaging in comprehensive evaluation including case history
intake, orofacial examination, and detailed language assessment. The emphasis on differential
diagnosis in complex cases involving overlapping aphasic, cognitive-communication, and motor
speech features will prepare students for real-world clinical complexity. Session 2 (Clinical Decision-
Making and Intervention Planning) developed evidence-based clinical reasoning as students will learn
to translate assessment findings into functional therapy goals, prioritize communication outcomes,
and justify clinical decisions using empirical evidence and theoretical rationale. Session 3
(Documentation, Outcome Monitoring, and Professional Practice) will equip students with advanced
clinical documentation skills including evaluation reports and SOAP documentation, while embedding
ethical considerations throughout clinical practice. By module completion, students will demonstrate
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readiness for professional practice characterized by evidence-based clinical reasoning, ethical
awareness, reflective capacity, and adaptability to complex real-world communication disorders.

6.2 Educational Effectiveness

The advantages outlined in section 6.3 demonstrate LLMs' transformative potential for corpus-based
education in linguistics and speech-language pathology. Primary benefits include democratized
accessibility through elimination of programming prerequisites and natural language prompting that
replaces complex query languages, enabling sophisticated corpus analysis across diverse technical
backgrounds. Time efficiency gains facilitate qualitative pedagogical shifts from analyzing 2-3 brief
samples to examining dozens of transcripts, revealing cross-speaker patterns essential for clinical
competence while redirecting cognitive resources from mechanical coding toward higher-order
linguistic analysis and clinical reasoning. For clinical applications, LLMs provide rapid extraction of
guantitative language measures that inform evidence-based assessment and intervention outcomes,
with particular value for under-resourced languages like Greek where specialized NLP tools remain
limited. The pedagogical flexibility allows instructors to customize difficulty and scaffold complexity
progressively, making LLM integration essential for interdisciplinary contexts spanning computational
linguistics to clinical practice.

6.3 LLMs for Corpus Analysis, Language and Speech Therapy: Advantages

Large Language Models offer transformative advantages for corpus-based education in linguistics and
speech-language pathology that address longstanding pedagogical barriers. Accessibility and
democratization represent primary benefits: LLMs eliminate programming prerequisites, making
sophisticated corpus analysis available to students across diverse technical backgrounds (Kasneci et
al., 2023). Natural language prompting replaces complex query languages, lowering entry barriers that
historically limited corpus linguistics to computationally-trained specialists (Reppen, 2010).

Time efficiency gains enable qualitative pedagogical shifts. Where manual annotation constrained
students to analyzing 2-3 brief samples, LLM-assisted workflows permit examination of dozens of
transcripts, revealing cross-speaker patterns and population-level generalizations essential for clinical
and research competence (Boulton & Cobb, 2017). This scalability transforms corpus analysis from
isolated demonstration to integrated investigative method. Enhanced focus on interpretation
emerges as automation handles mechanical coding, redirecting cognitive resources toward linguistic
analysis, clinical reasoning, and theoretical synthesis—higher-order thinking central to professional
education (Anderson & Krathwohl, 2001; Fink, 2013).

For clinical applications, LLMs provide rapid extraction of quantitative language measures
(productivity, complexity, accuracy indices) that inform evidence-based assessment, benchmark
intervention outcomes, and support clinical documentation requirements increasingly demanded in
healthcare contexts (ASHA, 2016; Thompson et al., 2012). Multilingual capabilities particularly benefit
under-resourced languages like Greek, where specialized NLP tools remain limited; multilingual LLMs
offer reasonable performance without extensive language-specific development (Joshi et al., 2020).
Finally, pedagogical flexibility allows instructors to customize difficulty, scaffold complexity
progressively, and adapt activities to diverse learning objectives—essential for interdisciplinary
contexts spanning computational linguistics to clinical practice.

6.4 Limitations and Challenges
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Despite significant advantages, LLM integration presents substantial limitations requiring careful
pedagogical management. Technical limitations constrain reliability for critical applications.
Annotation accuracy varies considerably by linguistic level and phenomenon: while morphological
tagging achieves 85-92% accuracy for standard Greek forms, performance degrades substantially for
clinical language features including neologisms (62% accuracy), phonemic paraphasias (71%), and
agrammatic structures with systematic omissions (68%) (cf. Kuzman et al., 2023; Liu et al., 2024).
Context understanding remains shallow; LLMs lack genuine comprehension of clinical presentations,
neuroanatomical substrates, or theoretical frameworks guiding interpretation. Hallucination risks—
confident generation of plausible but incorrect analyses—pose serious concerns when students lack
expertise to recognize errors (Alkaissi & McFarlane, 2023).

Educational considerations demand vigilant attention. Over-reliance on automation without
developing foundational skills represents the primary pedagogical risk; students may generate
sophisticated-appearing analyses without grasping underlying linguistic principles—what Salomon et
al. (1991) term "intelligence in the system rather than intelligence with the system." Critical thinking
development requires deliberate scaffolding; validation exercises, error analysis, and comparative
evaluation must be integrated systematically rather than optional supplements. Technical literacy
requirements extend beyond operational skills to conceptual understanding of LLM capabilities,
limitations, and appropriate use cases—a new form of literacy not yet systematically addressed in
linguistics curricula (Cardon et al., 2023).

Practical barriers complicate implementation. Cost considerations vary: while free LLM tiers enable
basic exploration, intensive educational use may require institutional subscriptions ($20-
30/student/month), substantial in resource-constrained contexts. Privacy and data security concerns
arise with clinical corpora containing sensitive information, even when de-identified; institutional
policies may restrict uploading patient-derived data to commercial Al platforms. Instructor expertise
gaps emerge as most linguistics faculty lack experience with prompt engineering, Al evaluation
methodology, or pedagogical strategies for critical technology engagement—necessitating substantial
professional development investment (Mishra & Koehler, 2006; Zawacki-Richter et al., 2019).

6.5 Best Practices for Implementation

Evidence from our implementation suggests several critical practices for successful LLM integration.
Foundational skills first: Students must develop basic linguistic analysis competencies through manual
annotation before automation introduction, ensuring conceptual understanding precedes
technological efficiency (Pea, 2004). Explicit prompt engineering requries students to record, version,
and justify all prompts develops metacognitive awareness about linguistic specification and creates
reproducible workflows aligned with research integrity standards (White et al., 2023). Scaffolded
complexity progression is eminent by beginning with straightforward annotation tasks (POS tagging)
before advancing to challenging phenomena (discourse coherence, clinical error detection) builds
confidence while revealing Al limitations organically. Finally, interdisciplinary collaboration will rise by
pairing computational linguistics and clinical students leverages complementary expertise, models
professional teamwork, and enriches learning through diverse perspectives.

6.6 Future Directions

Future development should address several critical directions. Longitudinal evaluation tracking
whether corpus analysis skills and critical Al literacy persist beyond course completion and transfer to
professional practice remains essential for validating educational impact (Kirkpatrick & Kirkpatrick,
2006). Cross-linguistic expansion to additional under-resourced languages could democratize corpus
linguistics globally, though requiring systematic validation of LLM performance across diverse
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linguistic typologies (Joshi et al., 2020). Hybrid approaches integrating LLMs with specialized clinical
NLP tools may optimize accuracy-efficiency trade-offs by using LLMs for initial annotation and
traditional tools for validation, or vice versa (Bryant et al., 2023). Custom fine-tuning of open-source
models on clinical language corpora could enhance performance on atypical language while
addressing privacy concerns through local deployment, though requiring institutional computational
infrastructure (Ustiin et al., 2024).

To achieve curriculum standardization, it is needed to develop consensus guidelines for Al literacy
competencies in linguistics and SLP programs would ensure systematic preparation for technology-
integrated professional futures. Ethical framework development specifically addressing Al use with
vulnerable populations, clinical data, and healthcare applications remains urgent as technology
outpaces regulatory guidance (Mittelstadt et al., 2016). Finally, authentic clinical integration can be
achieved by moving beyond educational simulation to implementing LLM-assisted corpus analysis in
actual clinical assessment, treatment planning, and outcome documentation would demonstrate real-
world value while identifying practical implementation barriers. Collaborative research between
educational institutions, healthcare facilities, and Al developers could accelerate responsible clinical
translation benefiting both professional training and patient care.

7. Conclusions

The three-module structure — Theoretical, Computational, and Clinical — provides a principled
progression from foundational neurolinguistic knowledge through computational methodology to
supervised clinical application, while the four-phase scenario template gives instructors in diverse
institutional contexts a reusable structure adaptable to other languages, corpora, and learning
objectives. Throughout, the framework positions LLMs as “digital co-educators” rather than
authoritative tools: by requiring students to validate automated outputs against gold standards and
to analyse systematic errors, it builds critical evaluation skills and technological literacy alongside
disciplinary knowledge, counteracting the automation bias that uncritical Al adoption risks.

Several limitations should be acknowledged; full empirical evaluation of learning outcomes is ongoing,
and the current implementation is confined to two Greek university programs; generalisability to
other national and linguistic contexts remains to be established. Reliance on commercial LLM
platforms also raises sustainability and data-privacy concerns when working with patient-derived
clinical material, and successful implementation presupposes instructors with competence in both
prompt engineering and clinical linguistics — expertise not yet widely available in linguistics faculties.

For educators, the framework offers a concrete, theoretically grounded entry point for curriculum
development that requires no programming background in instructors or students. For the field more
broadly, it models responsible Al integration in clinical professional education — treating
technological literacy as inseparable from disciplinary expertise and ethical awareness. Priorities for
future work include longitudinal evaluation of skill transfer to professional practice, cross-linguistic
validation, and the development of open-source or locally deployable alternatives to commercial LLMs
for use with sensitive clinical corpora.
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Appendix A: Educational Materials

This activity is for students at C1-C2 CEFR level of English proficiency
(advanced undergraduate or graduate students in linguistics, computational
linguistics, or NLP programs)

This activity is designed for courses in Introduction to Computational
Linguistics,Natural Language Processing and Computational Techniques,
and Corpus Linguistics and Language Teaching.

Corpus linguistics methodology, computational annotation techniques,
morphosyntactic analysis, prompt engineering for NLP tasks, critical
evaluation of LLM capabilities, collaborative computational research

The estimated timeframe for this activity is approximately two 150-minute
lectures (5 hours total instruction time plus homework assignments)

- LLM Software (Claude, GPT, Gemini, DeepSeek, Grok)

- Web browser (Chrome, Firefox, Safari)

- ELAN software (for comparison with traditional annotation tools)

- Google Colab or Jupyter Notebook (optional, for advanced students)

- Text editor with UTF-8 support (e.g., NotePad++, Sublime Text)

- Spreadsheet software (Microsoft Excel, Google Sheets) for data
compilation and statistical analysis

- (Optional) Python environment with NLTK, spaCy, or similar NLP
libraries for comparative analysis

- Selected transcripts from CACLA Corpora in plain text format

- Linguistic annotation scheme reference guide (morphological,
syntactic, lexical levels - parts of annotation schema template)

- LLM prompt templates for computational annotation tasks

- Gold standard annotated corpus samples for validation

- Comparative analysis worksheet for LLM vs. rule-based/statistical
methods

- Assessment rubric for computational linguistics report

- Research articles on corpus annotation methods and LLM evaluation

- Greek linguistic reference materials (morphology, syntax overview,
aphasia)

This lesson plan introduces Computational linguistics students to modern
LLM-based approaches for linguistic corpus annotation and analysis. Using
the CACLA corpora of aphasic speech as a case study, students will explore
how Large Language Models can be leveraged for automated morphological,
lexical, and syntactic annotation tasks. Through systematic prompt
engineering, validation against gold standards, and comparative analysis
with traditional computational methods, students develop critical skills in
evaluating Al-driven NLP tools while wunderstanding both their
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transformative potential and inherent limitations. The activity emphasizes
the computational linguistics perspective: accuracy metrics, annotation
consistency, linguistic feature extraction, and the methodological rigor
required when deploying LLMs for serious linguistic research.

At the end of this lesson plan/lecture, students will be able to:

- Design and implement LLM-based pipelines for multi-level linguistic
annotation- Apply prompt engineering principles to optimize linguistic
analysis tasks

- Extract quantitative linguistic measures from annotated corpora (TTR,
MLU, morphological complexity, syntactic diversity)

- Validate automated annotations systematically using gold standard
comparisons

- Calculate and interpret standard evaluation metrics (precision, recall, F1-
score, inter-annotator agreement)

- Compare LLM performance with traditional rule-based and statistical NLP
methods

- Identify linguistic phenomena that challenge current LLM architectures-
Document computational workflows with reproducible methodologies

- Critically evaluate the suitability of LLMs for different annotation tasks

- Understand the special challenges of analyzing atypical (aphasic) language
data

- Collaborate effectively on computational linguistics research projects

- Basic knowledge of linguistic analysis (morphology, syntax, semantics)

- Completion of introductory corpus linguistics course or equivalent

- Familiarity with Greek language structure

- Basic understanding of NLP concepts (tokenization, POS tagging, parsing)
- Familiarity with statistical concepts (mean, standard deviation, correlation)
- Creating a free LLM account

- Ability to read and understand linguistic research papers in English

- (Recommended) Prior exposure to annotation tools like ELAN, UAM
CorpusTool, or similar

- (Optional) Experience with at least one programming language (Python
preferred) at basic level

The lecturer prepared:
- Curated selection of CACLA transcripts (8-12 samples, 200-400 words each,
representing varied linguistic complexity - mainly from Greek TV Series
scripts)
- Gold standard annotations at three levels: morphological, lexical, syntactic
(extracted human annotations from ELAN)
- Comprehensive prompt template library organized by linguistic annotation
task
- PowerPoint presentation on:

- CACLA corpus structure and annotation scheme

- LLM capabilities and limitations for linguistic analysis

- Evaluation metrics for NLP systems
- Video demonstration/tutorial (10-12 minutes) showing complete LLM
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annotation workflow

- Detailed annotation guidelines document with linguistic examples

- Comparative analysis worksheet templates

- Assessment rubric for computational linguistics report

- Research paper reading list on corpus annotation and LLM evaluation
(Zotero, Mendeley)

- Shared computational workspace (Google Drive, Microsoft One Drive) for
code and data sharing

- (Optional) Baseline annotation outputs from traditional NLP tools (spaCy)
for comparison

- Statistical analysis template spreadsheet for calculating evaluation metrics

Process

Step 1 (Lecture 1): Introduction to Corpus Linguistics Foundations and
CACLA Project (90 minutes)

- Overview presentation of corpus linguistics methodology: corpus design
principles, annotation schemes, representativeness, and research
applications
- Introduce the CACLA corpora as a computational linguistics case study:
- Corpus composition and structure
- Transcription conventions and metadata
- Linguistic characteristics of atypical language data
- Annotation challenges specific to clinical corpora
- Present the linguistic annotation task framework:
- Morphological annotation: lemmatization, POS tagging,
morphological features (case, number, gender, tense, aspect, mood
for Greek)
- Lexical annotation: word frequency, lexical diversity measures,
lexical categories
- Syntactic annotation: phrase structure, dependency relations,
grammaticality judgments
- Discuss traditional computational approaches to these tasks (recap):
- Rule-based systems (advantages and limitations)
- Statistical models (CRF, HMM for sequence tagging)
- Neural approaches (BiLSTM, transformer-based models)
- Divide students into groups of 3-4. Each group receives:
- Two CACLA transcripts (one simpler, one more complex
linguistically)
- Digital and printed versions
- Annotation guidelines document
- Groups conduct manual linguistic analysis of the simpler transcript (30
minutes- ideally they use ELAN and an annotation template):
- Identify and annotate 15-20 words with full morphological analysis
- Note interesting linguistic phenomena (errors, unusual structures,
ambiguities) that are included in the hierarchal annotation schema
- Discuss annotation challenges and ambiguous cases
- Brief group presentations (3-4 minutes each): What linguistic patterns did
you observe? What annotation challenges and issues arose? How consistent
were your annotations within the group?
- Class discussion: Introduce the concept of inter-annotator agreement and
why consistency matters in computational linguistics (see Varlokosta et al.,
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2016).

Step 2 (Lecture 1): LLM-Based Annotation Pipeline Development (75
minutes)

- Present comprehensive overview of Large Language Models for linguistic
analysis:
- LLM architecture basics (transformer models, attention
mechanisms at appropriate level)
- How LLMs process and generate language
- Documented linguistic capabilities and limitations
- Comparison with traditional NLP models
- Live demonstration of LLM annotation workflow using Claude/GPT:
- Uploading corpus transcript
- Designing effective prompts for morphological annotation
- Requesting structured output formats (JSON, TSV, tables)
- Iterative prompt refinement based on output quality
- Extracting and processing results
- Present principles of prompt engineering for linguistic tasks:
- Clarity and specificity in linguistic terminology
- Providing examples (from zero-shot to few-shot prompting)
- Specifying output format and structure
- Handling ambiguity and requesting confidence indicators
- Chaining prompts for complex multi-step analyses
- Prompt templates vs. dynamic prompt generation
- Introduce the prompt template library with examples for:
- Morphological annotation (lemmatization, POS tagging, feature
extraction)
- Lexical analysis (frequency, diversity, semantic fields)
- Syntactic annotation (constituency parsing, dependency relations)
- Quantitative measure extraction (MLU, TTR, complexity metrics)
- Error detection and linguistic anomaly identification
- Groups begin computational annotation project:
- Each group works with both assigned transcripts
- Divide annotation responsibilities among group members (each
takes one linguistic level)
- Access LLM and upload transcripts
- Use and adapt provided prompt templates
- Document all prompts used and modifications made
- Generate initial automated annotations
- Compile outputs in structured format (spreadsheet or JSON)
- Groups share preliminary findings: What worked? What failed? How did
you refine prompts?
- (optional) Troubleshooting session: Addressing common issues (encoding
problems, inconsistent output formats, Greek language handling)

Step 3 (Lecture 2): Validation, Evaluation Metrics, and Comparative
Analysis (90 minutes)

- Present rigorous evaluation methodology for NLP systems:
- Gold standard creation and its importance
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- Evaluation metrics: precision, recall, F1-score, accuracy
- Confusion matrices for error analysis
- Statistical significance testing
- Error categorization and analysis
- Distribute gold standard annotations for the transcripts students have
been analyzing
- Systematic validation exercise (60 minutes):
- Quantitative evaluation:
- Groups compare their LLM-generated annotations with
gold standards
- Calculate precision, recall, and F1-score for some
annotation types
- Create confusion matrices for POS tagging
- Identify systematic error patterns
- Use provided spreadsheet templates for metric calculation
- Qualitative error analysis:
- Categorize errors by type (linguistic level, error source)
- Identify which linguistic phenomena the LLM handles
well/poorly
- Analyze whether errors correlate with specific Greek
morphological features
- Note whether atypical language characteristics affect
accuracy
- Examine false positives vs. false negatives
- Comparative analysis:
- Compare LLM performance across different annotation
tasks
- Compare simple vs. complex transcripts
- Analyze time efficiency: manual vs. automated annotation
- Consider accuracy-speed trade-offs
- Introduce advanced measurement extraction:
- Design prompts for calculating linguistic complexity
metrics:
- Mean Length of Utterance (MLU)
- Type-Token Ratio (TTR) and variants (MTLD, MATTR)
- Morphological complexity indices
- Syntactic complexity measures (subordination index,
dependency distance)
- Groups extract these measures from their annotated corpora
- Compile results in shared spreadsheet for cross-group comparison
- Groups complete comprehensive comparative analysis worksheets:
- Strengths of LLM approach for each annotation type
- Specific limitations discovered with examples
- Computational efficiency analysis
- Recommendations for optimal use cases
- Suggestions for hybrid approaches (LLM + rule-based/statistical
methods)

Step 4 (Lecture 2): Advanced Applications, Reproducibility, and Research
Presentations (75 minutes)
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- Brief teacher presentation on advanced computational linguistics
applications:
- Batch processing multiple corpus files efficiently
- Using Claude's API for programmatic access (Python examples)
- Building custom annotation artifacts with visualization
- Developing hybrid pipelines (LLM + traditional NLP tools)
- Reproducibility best practices in computational linguistics research
- Version control for corpus annotation projects
- Optional advanced exercise for interested students:
- Use LLM to generate Python code for batch annotation processing
- Create data visualization scripts for linguistic feature distributions
- Groups finalize comprehensive computational linguistics research reports
focusing on:
- Methodology section: Clear description of corpus, annotation
scheme, LLM configuration, prompts used, evaluation procedures
- Results section: Quantitative evaluation metrics with tables and
figures, error analysis with examples, linguistic measure extraction
results
- Comparative analysis: LLM vs. traditional methods, accuracy-
efficiency trade-offs, task-specific performance differences
- Discussion: Linguistic phenomena that challenge LLMs,
implications for computational linguistics research,
recommendations for future work
- Reproducibility: All prompts documented, workflow clearly
described, data and code availability stated
- Each group member presents their specialized section
- Class discussion synthesizing findings across all groups:
- Which annotation tasks are most suitable for LLM automation?
- What linguistic features consistently challenge LLMs?
- How does atypical language affect LLM performance?
- What role should LLMs play in computational linguistics research?
- Reflection on computational linguistics methodology:
- Balancing automation with linguistic rigor
- Importance of validation and transparency
- Future directions for LLM applications in corpus linguistics
- Ethical considerations in computational analysis of clinical data

Variations For different computational backgrounds:

- Advanced Computer Science students: Emphasize algorithmic aspects,
include API usage, develop Python scripts for batch processing, implement
statistical significance testing, compare with transformer models like
BERT/GPT

- Linguistics students: Focus on linguistic analysis quality, reduce
programming components, emphasize qualitative error analysis, connect to
theoretical linguistics

For different linguistic focus:

- Morphology-focus: Deep dive into Greek morphological complexity,
morpheme segmentation, allomorphy, paradigm analysis

- Syntax-focus: Focus on parsing accuracy, dependency relations,
constituency structures, grammaticality judgments
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- Semantics-focus: Lexical semantics annotation, semantic role labeling,
meaning representations

Alternative corpora and applications:

- Replace CACLA with other corpora: child language acquisition, language
disabilities data, learner corpora

- Cross-linguistic comparison: Apply same methodology to parallel corpora
in multiple languages

Technology variations:

- Compare multiple LLMs (Claude vs. GPT-5 vs. Gemini) for same tasks

- Use specialized linguistic annotation platforms (WebAnno, Sketch Engline,
CatMa) alongside LLMs

Troubleshooting
Tips

Technical Issues:

- LLM access problems: Have backup accounts ready by providing alternative
LLM options

- Greek text encoding: Ensure UTF-8 encoding throughout; test copy-paste
vs. file upload; provide pre-processed clean text files

- Response length limitations: Break long transcripts into smaller chunks; use
multi-turn conversations; teach students to request continuation

LLM-Specific Challenges:

- Hallucinated annotations: Train students to always validate against source
text and do not easily accept the output.

- Inconsistent annotation across examples: Design prompts emphasizing
consistency.

- Greek morphological errors: Provide LLM with explicit Greek morphology
reference in prompt; use few-shot examples.

- Ambiguity handling: Request confidence scores or multiple analyses; teach
students to identify genuinely ambiguous cases vs. LLM errors

Pedagogical Challenges:

- Over-reliance on automation: Require manual annotation baseline for
comparison; grade based on critical evaluation, not just LLM output;
emphasize validation importance

- Insufficient linguistic knowledge: Provide supplementary materials on
Greek morphosyntax; pair stronger/weaker students strategically.

- Time management issues: Provide realistic time estimates for each task;
prioritize core activities if running behind.

- Statistical concepts confusion: Provide worked examples of metric
calculations; offer spreadsheet templates with formulas; explain concepts
with linguistic examples rather than pure math

Computational Challenges:

- Data format issues: Provide clear format specifications and examples; offer
conversion scripts; validate formats before processing

- Evaluation metric calculation errors: Provide spreadsheet templates with
built-in formulas; show step-by-step calculations; offer troubleshooting
session
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Hellenic Open University
Schoot of Humanities

Primary Tools:
LLMs: GPT https://chatgpt.com/ | Gemini https://gemini.google.com/app

Claude https://claude.ai/ | DeepSeek https://www.deepseek.com/en |
Grok https://grok.com/

CACLA Corpus Resources: https://enl.auth.gr/cacla/

Corpus Linguistics Resources:

Introduction to Corpus Linguistics: https://www.corpuslinguis.org
Lancaster University Corpus Linguistics Page:
https://www.lancaster.ac.uk/linguistics/about/research/corpus-linguistics/
Corpus Linguistics Tutorial (YouTube): [relevant playlist]

Text Encoding Initiative (TEl) Guidelines: https://tei-c.org/guidelines/

NLP and Computational Tools:

ELAN Annotation Software: https://archive.mpi.nl/tla/elan
Natural Language Toolkit (NLTK): https://www.nltk.org

spaCy NLP Library: https://spacy.io

UAM CorpusTool: http://www.corpustool.com

AntConc: https://www.laurenceanthony.net/software/antconc/

Evaluation and Metrics:
SciKit-Learn Metrics Documentation: https://scikit-
learn.org/stable/modules/model evaluation.html

LLM and Prompt Engineering:

Prompt Engineering Guide: https://www.promptingguide.ai

OpenAl Prompt Engineering:
https://platform.openai.com/docs/guides/prompt-engineering

Anthropic Prompt Engineering Guide:
https://docs.anthropic.com/en/docs/build-with-claude/prompt-
engineering

Few-Shot Learning with LLMs: https://www.coursera.org/learn/zero-shot--
few-shot-learning-master-ai-with-minimal-data

Copyright and Ethics:

- All CACLA corpus materials used with appropriate authors/creators
permissions and ethical approvals

- LLM-assisted analysis must be clearly labeled in all reports and
presentations

- Students must acknowledge Al tools used: "Linguistic annotations were
generated using LLM name (Company name) and validated against gold
standard annotations"

Accessibility Considerations:

- Provide transcripts in multiple formats (plain text, annotated, screen-
reader friendly)

- Ensure all video materials have captions

- Allow flexible group composition to accommodate diverse needs

- Provide extended time for students who require it
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Future Development:

- Activity template will be iteratively refined based on instructor feedback

- Additional expansion of the CACLA corpora and linguistic phenomena may
be incorporated

- Evaluation rubrics may be adjusted for different course contexts
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