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Abstract 

 
Needs analysis is the methodological cornerstone of Language for Specific Purposes (LSP) course 
design, yet it remains slow, costly and, in many institutional settings, methodologically thin. Generative 
artificial intelligence now offers a capacity to analyse occupational discourse, simulate stakeholder input 
and draft syllabi at a speed that conventional procedures cannot match. This systematic review, 
conducted and reported in accordance with the PRISMA 2020 statement, examines studies published 
between January 2020 and September 2026 that investigate the use of large language models at the 
needs analysis and course design stages of LSP and English for Specific Purposes provision. Searches 
of Scopus, ScienceDirect, ERIC and Google Scholar identified 968 records; after removal of 205 
duplicates and screening of the remaining 763 against predefined criteria, 39 studies were included. 
The corpus is recent and unevenly distributed: no eligible study predates 2024, course design and 
materials design account for eleven studies each, while only five address needs analysis. Three 
applications emerge: automated analysis of occupational and academic discourse, AI-simulated 
stakeholder consultation, and the drafting of syllabi and materials. Validation is concentrated where 
outputs can be checked against an existing text and is largely absent where they cannot, which makes 
needs analysis the weakest-evidenced stage. The paper proposes a four-phase hybrid model that 
positions generative AI as a preparatory instrument within established LSP methodology rather than as 
a replacement for it. 
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1. Introduction 
 
Language for Specific Purposes (LSP) is defined less by its content than by its procedure. What 
distinguishes an LSP course is that its objectives are derived empirically from an analysis of what 
learners will have to do with the language, and needs analysis is the instrument of that derivation [1], 
[2]. Successive frameworks have extended target and present situation analysis with task-based needs 
analysis and means analysis [3], [4], but one requirement has remained constant: needs statements 
must be triangulated across sources and methods and validated by domain insiders before they are 
converted into syllabus specifications. In practice this requirement is frequently unmet. An audit of needs 
analyses for specialised populations found widespread reliance on a single source and a single method 
[5], and a decade-scale review of empirical ESP research confirms that methodological innovation has 
concentrated on delivery rather than on the procedures that precede it [6]. 
Generative artificial intelligence has entered this gap: large language models summarise occupational 
discourse and draft syllabi in minutes. This review establishes what is known about that use and converts 
the evidence into a defensible procedure. It asks three questions. 
RQ1. In what ways has generative AI been applied to needs analysis and course design in LSP and 
ESP contexts in studies published between 2020 and 2026? 
RQ2. What evidence do these studies report concerning the accuracy of AI-generated outputs, and what 
human validation procedures, if any, do they document? 
RQ3. What concerns recur across the corpus, and what model of practice do the findings collectively 
support? 
 
1.1 Previous Relevant Reviews and the Gap Addressed 
 
Four reviews of generative AI in language education have appeared since 2024 [7], [8], [9], [10], together 
with two of the wider educational literature [11], [12] and one decade-scale review of ESP research [6]. 
Three limitations are common to them. Each takes the learner rather than the course as the unit of 



 
analysis; each reports what generative AI is used for rather than whether its outputs were validated; and 
none is specific to LSP, where the requirement for validated needs evidence is most exacting. 
 
2. Conceptual Background 
 
2.1 What Needs Analysis Requires 
 
Needs analysis is an evidential procedure rather than a survey, and it imposes three requirements. Data 
must originate in the target domain, as workplace texts, observation or insider testimony; findings must 
be triangulated across sources and methods; and needs statements must be validated by people who 
perform the target tasks, because the language practitioner is by definition an outsider to the domain 
being analysed [3], [5]. A procedure that meets the first two requirements but not the third produces a 
plausible syllabus rather than a warranted one, and plausibility is precisely what generative models are 
optimised to produce. 
 
2.2 What Large Language Models Demonstrably Do 
 
Evidence about model capability in specialised discourse is mixed. In a systematic comparison with 
corpus methods, ChatGPT performed acceptably when assigning keywords to semantic categories but 
poorly on concordance analysis, generating false inferences and in some instances altering the input 
data [13]. The question for LSP is therefore not whether generative AI is accurate enough to replace 
needs analysis, but where in the procedure it can contribute and what must be checked when it does. 
 
3. Methodology 
 
3.1 Design, Reporting Standard and Protocol 
 
The review follows the PRISMA 2020 statement [14] and synthesises a heterogeneous, predominantly 
qualitative corpus narratively rather than statistically. 
The protocol, specifying the research questions, eligibility criteria, search strings, coding framework and 
synthesis procedure, was written before searching began and was not amended. It was not registered 
in PROSPERO, whose scope is restricted to reviews with health-related outcomes, and no equivalent 
register exists for applied linguistics; the protocol is available from the author. 
 
3.2 Eligibility Criteria 
 
Eligibility was defined using the population, concept and context structure recommended for reviews 
that do not compare interventions [15], extended with publication type and indexing (Table 1). The 
concept dimension admits both studies that apply a model to a design task and studies that investigate 
how practitioners use it at that stage. The context dimension carries a secondary clause admitting 
studies from adjacent fields where they supply design-stage evidence the language-education literature 
lacks: the elicitation of needs from simulated stakeholders, and the measurement of generated output 
against an external reference. 
 

Table 1. Inclusion and exclusion criteria 

Dimension Included Excluded 

Concept Empirical studies of the use of generative AI 
or large language models at any stage of the 
needs analysis or course design cycle (target 
or present situation analysis, task inventories, 
genre and discourse analysis for course 
purposes, syllabus or materials specification, 
assessment specification). This covers both 
studies that apply a model to a design task 
and studies that investigate how practitioners 
use it, or what they report about using it, at 
those stages 

Learner-facing applications only (writing 
feedback, conversational practice, 
assessment of learners) with no course-
design component 



 

Dimension Included Excluded 

Context Primary: LSP, ESP, EAP, vocational or 
professional language provision, any 
language, any educational sector. Secondary: 
studies outside language education were 
eligible only where they supply design-stage 
evidence that the language-education 
literature does not yet provide, namely the 
elicitation of needs from simulated rather than 
real stakeholders, or the measurement of 
generated output against an external 
reference such as an existing curriculum 

General language education with no 
specific-purposes orientation; studies 
outside language education addressing 
procedures already evidenced within it 

Publication type Peer-reviewed journal articles and peer-
reviewed conference papers reporting original 
empirical data or a documented analytical 
procedure. Opinion pieces, forum articles and 
commentaries were excluded at full-text stage 
even where the journal indexes them as 
research 

Editorials, opinion pieces, unrefereed 
preprints, theses, secondary reviews 
(retained for reference-list screening only) 

Indexing Published in a journal indexed in Scopus or 
the Web of Science Core Collection, verified 
against the Scopus Source List and the 
Clarivate Master Journal List 

Publications in non-indexed outlets, 
repositories and preprint servers 

Period and 
language 

Published January 2020 – 3 September 2026 
(date of final search); reported in English 

Published outside the window; not 
available in English 

 
3.3 Information Sources and Search Strategy 
 
Scopus, ScienceDirect, ERIC and Google Scholar were searched on 1 and 3 September 2026, the last 
restricted to the first 100 relevance-ranked records. Because the terminology of the field is not 
standardised, a recall-first strategy combined a technology block (generative AI, generative artificial 
intelligence, large language model(s), LLM, ChatGPT, GPT-4, Gemini, Copilot) with a domain block 
(English for Specific Purposes, specific purposes, ESP, LSP, EAP, professional communication, 
workplace language, vocational English) across sixteen Scopus strings; a precision check added a 
process block (needs analysis, needs assessment, target situation analysis, course, curriculum and 
syllabus design, materials development, task analysis). The searches were supplemented by forward 
and backward citation chaining and by hand-searching ten specialist journals. In Scopus and 
ScienceDirect the publication-year filter is populated from the records a search returns, and for every 
string the earliest year offered was 2023: the searches covered the full window but returned nothing 
earlier, a result confirmed independently by ERIC and the hand-search. Indexing status was verified for 
every included venue against the Scopus Source List and the Clarivate Master Journal List. 
 
3.4 Selection Process 
 
Records were de-duplicated by digital object identifier and normalised title, then screened by the author 
in two complete passes separated by an interval. Discrepancies between passes were resolved by 
returning to the written criteria rather than to the earlier decision, so that the criteria, not the first 
judgement, remained the reference point. 
 
3.5 Coding Framework, Quality Appraisal and Synthesis 
 
Included studies were charted against a seven-dimensional framework: context, design stage, research 
method, theoretical grounding, model and input, validation procedure and reported outcomes. The last 
three capture what is distinctive about generative AI as a research instrument: what the model was 
given, what it was asked to produce, and whether anyone checked the result. Methodological quality 
was appraised with the Mixed Methods Appraisal Tool [16], supplemented by four transparency 



 
indicators: model and version reported, prompts reported verbatim, repeated runs documented, and 
outputs validated against a benchmark. 
Studies were synthesised thematically through line-by-line coding, descriptive themes and analytical 
themes [17]. Descriptive themes were grouped by the function the model was asked to perform rather 
than by the technology used; analytical themes, asking what the findings imply for a defensible needs 
analysis procedure, constitute the model in Section 5. Because the included studies report 
overwhelmingly positive outcomes, the possible under-representation of negative or null findings is 
treated as a limitation of the evidence. 
 
4. Results 
 
4.1 Study Selection 
 
The searches returned 968 records: 518 from Scopus, 297 from ScienceDirect, 53 from ERIC and 100 
from Google Scholar. After removal of 205 duplicates (158 within Scopus, 28 within ScienceDirect and 
19 across databases), 763 records were screened and 724 excluded, the large majority because the 
application was learner-facing, as in writing feedback, conversational practice or automated scoring, 
with no design component. Thirty-nine studies met all criteria and were included (Fig. 1). Strings naming 
the design stage returned markedly fewer records than strings naming the field: design-stage work exists 
but is not indexed as such. 
 

 
Fig. 1. PRISMA 2020 flow diagram of the study selection process 

 
4.2 Distribution of the Corpus 
 
Table 2 reports the distribution of the 39 studies. No eligible study was published before 2024: three 
appeared in 2024, eight in 2025 and twenty-eight in 2026, so that design-stage adoption followed the 
conversational interface released in late 2022, and the review describes a literature roughly two years 
old. Course or curriculum design and materials design dominate, while needs analysis, the stage from 
which every other decision is supposed to derive, accounts for five studies, three of them in a language-
education context. Thirty-five studies concern English, and a single study, on Arabic for academic and 
professional purposes [18], constitutes the entire indexed evidence base for LSP beyond English. By 
design stage, course or curriculum design is addressed by [19]–[29]; materials and task design by [30]–
[40]; genre and discourse analysis for course purposes by [41]–[47]; assessment specification by [48]–
[52]; and needs analysis by [18], [53]–[56]. 
 



 
Table 2. Distribution of the included studies (n = 39) 

Dimension Category n 

Year of publication 2020–2023 0 

 2024 3 

 2025 8 

 2026 28 

Design stage 
addressed 

Materials and task design 11 

 Course or curriculum design 11 

 Genre and discourse analysis for course purposes 7 

 Assessment specification 5 

 Needs analysis 5 

Context English for Specific Purposes (occupational, vocational, 
professional) 

17 

 English for Academic Purposes 18 

 Adjacent fields, admitted under the secondary context criterion 3 

 Languages for specific purposes other than English 1 

 
4.3 Characteristics, Quality and Certainty of the Evidence 
 
The corpus is small and recent. Perception studies, in which practitioners or teachers report what they 
believe generative AI can do, outnumber studies that evaluate what it actually produces. Only a minority 
supplied the model with authentic domain texts; the remainder relied on the model’s parametric 
knowledge of a profession, a materially different and considerably weaker evidential basis. 
On the Mixed Methods Appraisal Tool the corpus is adequate, but on the transparency indicators it is 
weak: prompts are more often described than reproduced, and repeated runs are rarely documented. A 
review restricted to SSCI-indexed studies reports the same deficit across language education [10], and 
guidance in applied linguistics journals remains uneven [57], which points to a reporting apparatus 
designed for stable instruments rather than to individual carelessness. Certainty, characterised 
qualitatively because outcome measures are not comparable, is moderate for discourse analysis, low 
for syllabus drafting and very low for simulated stakeholders. 
 
4.4 RQ1, Theme 1: Automated Analysis of Occupational and Academic Discourse 
 
The best-evidenced application uses a model to perform target situation analysis on texts rather than 
on people. ChatGPT-4 was used to annotate rhetorical moves in CEO statements from corporate social 
responsibility reports: after prompt design and validation on 30 statements, the optimised prompt 
achieved 87.14% accuracy on a further 50, but double annotation revealed an intra-model inconsistency 
rate of 32.87% [41]. In move-step analysis of 100 applied linguistics research article introductions, few-
shot learning and prompt refinement produced statistically significant but small improvements, while 
fine-tuning raised accuracy to 92.3% for moves and 80.2% for steps [42]. Accuracy is therefore a 
property of the prompt and the fine-tuning as much as of the model, and an unreported prompt is an 
unreported method. Building a small corpus retains its value because it supplies evidence the model 
cannot [43], and AI-assisted text is itself changing the professional genres a corpus would record [45]. 
 
4.5 RQ1, Theme 2: AI-simulated Stakeholder Consultation 
 
Because access to professionals constrains most needs analyses, prompting a model to respond as a 
nurse or an engineer is the most attractive application and the least supported. ESP practitioners report 
confidence in the model’s account of target-situation requirements [53], yet no study in a language-



 
education context has compared simulated with real stakeholders. The direct tests come from adjacent 
fields, where large language models have served as simulated interviewees in engineering design [54] 
and been compared on automated customer needs analysis [55]. Synthetic respondents reproduce 
aggregate distributions [58] but are unstable by subgroup [59], so a simulated stakeholder gives the 
modal account of an occupation and misses local practice and tacit knowledge. 
 
4.6 RQ1, Theme 3: Generation of Draft Syllabi and Task Banks 
 
Twenty-two studies address materials, course or curriculum design. Practitioners describe prompting 
strategies and self-imposed ethical limits [31]; curricula have been redesigned with ChatGPT [48], 
evaluated with pre- and post-tests [20], [25], and compared against existing university programmes [21]. 
A three-year case of a non-specialist designing a bio-health English course credits AI with the domain 
confidence it gave an outsider to the discipline [19], and an ethnography of an ESP instructor documents 
the labour of converting tacit pedagogical knowledge into instructions a model can act on [30]. Both 
describe one risk: plausible domain content reaches the person least equipped to detect its errors. 
 
4.7 RQ2: Accuracy Evidence and Validation Procedures 
 
Validation clusters where output can be checked against something that already exists. It takes four 
forms: benchmarking against manual analysis [41], [42]; comparison of machine scores against human 
raters, as in a GPT-based EAP speaking assessment analysed with many-facet Rasch measurement 
[52]; implementation with learners [23], [25], [29]; and comparison with existing curricula [21]. It is absent 
where no prior text exists: a generated needs statement can be checked only against a human 
stakeholder, and no study in language education has done so. 
 
4.8 RQ3: Recurring Concerns Across the Corpus 
 
Four concerns recur: data currency, since a model’s knowledge of an occupation lags professional 
change; disciplinary accuracy, hardest to verify for the non-specialist who most relies on it; 
reproducibility, undermined by non-deterministic outputs and unreported prompts; and the confidentiality 
of workplace documents supplied to a commercial model. 
 
5. Discussion: A Hybrid Needs Analysis Model 
 
The findings support specification rather than prohibition or uncritical adoption, in four phases (Fig. 2). 
Phase 0 establishes governance and a log of model, version and date. Phase 1 uses the model for 
preparatory analysis of authentic domain texts, each prompt run more than once; its outputs are 
hypotheses only. Phase 2 tests every provisional item against domain insiders and the corpus and adds 
what the model omitted. Phase 3 writes the syllabus with provenance tagged per item. 
 

 
Fig. 2. The four-phase hybrid needs analysis model 



 
 
Provenance is tracked per item because a course that is 80% validated is not 80% defensible if no one 
can say which 20% is not. Where existing reviews map application types [7], [8], [10], this review reports 
the distribution of validation, and finds it inverted with respect to need. The procedure redistributes effort 
rather than reducing it: time saved in Phase 1 funds the stakeholder contact first sacrificed under 
institutional deadlines, making triangulated needs analysis affordable in resource-constrained provision. 
The model assumes that domain insiders are reachable, that authentic texts may lawfully be uploaded, 
and that the institution will accept an audit trail. Where one fails, the procedure degrades into something 
weaker but declarable rather than failing silently. 
 
6. Limitations 
 
Five limitations apply. Screening and coding were conducted by one reviewer in two passes; the protocol 
was not prospectively registered; the corpus is small and weighted towards perception studies; only 
English-language publications were included; and model development outpaces the publication cycle. 
 
7. Conclusion and Directions for Research 
 
Generative AI is already used at the design stage of LSP, but the evidence for its accuracy is 
concentrated where it is least needed and absent where it is most needed. Three priorities follow: 
validation studies comparing simulated with real stakeholders; outcome studies comparing hybrid and 
conventional needs analysis against learner performance; and a minimum reporting standard covering 
model, version, date, prompts, number of runs and validation procedure. Until then, the defensible 
position is to use the tool at the preparatory stage, validate every item it produces, and document how 
that validation was carried out. 
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