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Abstract 

The evolution of Artificial Intelligence (AI) 
in the language services industry has shifted 
professional practice beyond traditional 
machine translation (MT) post-editing (PE) 
toward increasingly AI-enabled, hybrid 
localization workflows. While AI adoption 
has accelerated, existing maturity 
frameworks remain largely organization-
centric and insufficiently address the 
evolving roles, skills, and ethical 
responsibilities of linguists and language 
service providers (LSPs). This study 
presents a data-driven AI Maturity Model 
(AI MM) designed specifically for the 
localization ecosystem, grounded in 
empirical evidence from a global survey of 
400 professionals conducted in 2025, with 
longitudinal comparison to two parallel 
surveys conducted in 2020 (Gene, 2021) 
targeting linguists and LSP managers 
respectively, comprising linguists, LSP 
managers, and localization leaders. Using 
mixed-methods analysis, the study 
identifies patterns of AI integration, 
workflow adaptation, skill development, 
ethical readiness, and client alignment 
across regions and professional roles. 
Based on these findings, a four-stage AI 
maturity framework (Emerging, 
Developing, Strategic, and Transformative) 
is derived and subjected to preliminary 
external review through expert feedback 
gathered during industry webinars; formal 
empirical validation represents a direction 
for future research. The proposed model 
functions as an assessment and roadmap 
tool, enabling linguists and LSPs to 
evaluate their state of AI adoption and plan 
progression. By reframing AI maturity as a 
role-centric and workflow-oriented 
construct, this research contributes an 
applied framework supporting sustainable 
professional adaptation, targeted training, 
and responsible AI integration. 

1 Introduction 

Over the past decade, machine translation (MT) 
and post-editing (PE) have progressively reshaped 
professional translation practice. Key terms are 
used consistently throughout: MT for neural or 
rule-based automated translation; PE for human 
revision of MT output; GenAI for AI systems 
generating novel text; LLMs for large-scale 
generative language models; hybrid localization 
workflows (LWs) for integrated workflows 
combining MT, LLM-assisted drafting, and 
human expertise. Rule-based MT remains in use 
in specialized institutional and legacy contexts, 
though neural MT (NMT) has become the 
dominant paradigm since 2020, as confirmed by 
the 2025 survey findings. Research positioned PE 
as a form of human–computer interaction 
emphasizing cognitive effort (O’Brien, 2012; 
Gene et al., 2024); subsequent studies established 
it as a distinct professional activity with specific 
competency and training requirements (Gaspari et 
al., 2015; Gene, 2024; O’Brien et al., 2014), 
normalized within industrial LWs by 2020. 

Since then, generative AI (GenAI), large 
language models (LLMs), and automated quality 
estimation have fundamentally altered the 
landscape of localization. Translation workflows 
no longer center solely on MT output correction, 
but increasingly involve AI-assisted content 
generation, hybrid human–AI collaboration, and 
dynamic quality management. This shift 
challenges PE-centric frameworks, as linguists 
and LSPs must now navigate tool orchestration, 
data readiness, ethical responsibility, and client 
communication. 

Despite widespread AI adoption, the industry 
lacks role-centric models capturing how linguists 
and LSPs progress from exploratory AI use 
toward strategic, integrated practice. Existing 
MMs within localization tend to emphasize 
organizational governance and infrastructure, 
overlooking the operational realities of linguistic 
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work and the professional agency of language 
specialists. This study addresses this gap by 
proposing a data-driven AI MM grounded in a 
2025 global survey (n=400), with longitudinal 
reference to two parallel 2020 studies targeting 
linguists and LSP managers respectively (Gene, 
2021), tracing the industry’s transition from MT 
PE toward AI-enabled LWs. The primary 
objective is to develop and subject to preliminary 
expert review a practical AI maturity framework 
reflecting the lived realities of the localization 
ecosystem as a progression of professional and 
operational capabilities, offering a tool for self-
assessment, training design, and strategic 
planning. 

Three research questions guide this study: 
(RQ1) What patterns of AI integration 
characterize linguists and LSPs in 2025 compared 
to 2020, across roles and regions? (RQ2) How can 
these patterns be organized into an observable, 
role-centric maturity framework? (RQ3) To what 
extent does a four-stage model provide a 
practically actionable assessment tool? These 
questions structure the analytical move from 
survey evidence through model derivation to 
application. 

2 Background and Related Work 

 MMs describe staged progression in 
organizational capability and technology 
adoption. In software engineering, the Capability 
MM (CMM) formalized a five-level view of 
process maturity, providing a foundational 
template for later maturity-model thinking (Paulk 
et al., 1993). In localization, frameworks have 
historically been organization-centric. CSA 
Research (2017, 2025)1 describes its proprietary 
Localization MM as the basis for a Localization 
Maturity Assessment; while influential, its level 
descriptors are not fully publicly accessible. The 
Argos AI MM (AIMM, 2024) proposes a five-
step progression—AI-aware through AI-
transformed—positioning AI maturity as a 
measure of a team’s readiness to integrate AI into 
localization operations while drawing on the 
LMM tradition. 

 
1 https://insights.csa-
research.com/reportaction/37952/Marke
ting 

 

In parallel, TAUS’s Dynamic Quality 
Framework (DQF) supports context-sensitive 
translation quality evaluation, emphasizing that 
evaluation methods should match content type 
and purpose (Valli, 2015). Görög’s overview of 
DQF positions it as an adaptable quality 
evaluation ecosystem rather than a staged 
maturity trajectory (Görög, 2014 2 ). Industry 
barometers complement these frameworks: the 
GALA Business Barometer (2025) reports 
persistent challenges around data readiness, 
privacy, governance, and scaling AI in production 
settings, while Nimdzi’s 2025 report underscores 
the gap between tool availability and 
organizational capability. 

Across these frameworks, maturity narratives 
are defined at the organizational level, 
overlooking role evolution, workflow redesign, 
and practitioner-level ethical practice. PE 
research has established that technology adoption 
cannot be understood through throughput metrics 
alone; cognitive effort, task design, and training 
are integral to real-world performance (O’Brien, 
2012; O’Brien et al., 2014; Gene, 2024). This 
study introduces an AI MM for linguists and LSP 
operations, derived from longitudinal survey 
evidence and structured around workflow 
integration, skill formation, ethical readiness, and 
client alignment—complementing organization-
level frameworks (CSA LMM, Argos AIMM) 
while supplying the missing role-centric layer.  

 

Table 1:  Comparison of selected maturity, 
assessment, and quality frameworks in 

localization 
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Table 1 provides a comparative overview of 
selected MMs, assessment frameworks, and 
quality initiatives in localization. 

3 Methodology 

This study adopts a mixed-methods research 
design combining longitudinal survey data, 
quantitative analysis, and qualitative thematic 
interpretation to investigate patterns of AI adoption 
and maturity within the localization ecosystem. 

3.1 Survey Design and Scope 

The primary dataset comprises 400 valid 
responses collected between May and June 2025 
from professionals across the localization 
ecosystem: freelance linguists, in-house 
translators, LSP managers, project managers, 
localization leads, technology specialists, and 
academic researchers. Sampling was purposive 
and convenience-based via professional networks, 
industry associations, and two GALA-organized 
webinars. As the survey was publicly open rather 
than sent to a fixed invitation list, no denominator 
response rate is calculable; the 400 responses 
represent the full set of completed submissions 
received during the collection window. The sole 
exclusion criterion was student status; all other 
localization professionals were eligible. 
Geographically, responses covered Africa 
(21.2 %, the largest respondent group), Asia 
(8.6 %), North America, Central, Southern, 
Western, Eastern and Northern Europe, the 
Middle East, South America, and 
Australia/Oceania (full regional proportions 
reported in Figure 1). Coverage was broad but 
uneven, so regional comparisons should be read 
as indicative rather than representative of the 
global localization workforce. Longitudinal 
comparison draws on two parallel surveys 
conducted in 2020 (Gene, 2021): one targeting 
linguists, one targeting LSPs and client-side 
localization managers, both sharing a core 
question set with the 2025 instrument. Additional 
items on GenAI and LLMs were added 
exclusively in 2025. Nine sections and 36 
questions covered demographics, technology 
adoption, workflow evolution, challenges, 
mindset, skills and training, future outlook, 
comparative assessment, and ethics (Appendix A). 
Closed-ended Likert-scale and multiple-choice 
items supported quantitative analysis; open-ended 
items enabled qualitative depth. 

3.2 Data Collection 

Data were collected via anonymous online surveys 
disseminated through professional networks, 
GALA member communications, LinkedIn 
groups, and two GALA-hosted webinars (one per 
wave; 80–120 practitioners each). The survey was 
administered using Google Forms. Participation 
was voluntary and anonymous; no personally 
identifiable information was collected. Webinar 
participants were invited to comment on 
preliminary model versions through structured 
post-session polls and open-comment fields, 
covering reactions to stage descriptors, dimension 
relevance, and refinement suggestions. Both 
authors independently reviewed and thematically 
coded this feedback, resolving disagreements 
through discussion before finalizing model 
wording. 

3.3 Data Analysis and Model Derivation 

Quantitative data from the 2025 survey were 
analyzed using descriptive statistics (frequency 
distributions, central tendencies, cross-tabulations 
by role and region); selected items were compared 
against the two 2020 instruments (Gene, 2021) to 
identify longitudinal trends across the five-year 
interval. Qualitative open-ended responses were 
coded thematically via an iterative inductive 
procedure (Guest et al., 2014). Specifically, one 
author generated an initial set of codes from a 
random sample of 50 open-ended responses; 
codes were then applied to the full dataset, refined 
iteratively across three review cycles, and 
collapsed into higher-order themes. Saturation 
was judged when no new codes emerged from 
successive batches of 20 responses. Both authors 
independently coded approximately 20 % of 
open-ended items; discrepancies were resolved 
through discussion. Quantitative and qualitative 
findings were triangulated throughout. 
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Five dimensions emerged consistently: (i) 
technology and tool integration; (ii) process and 
workflow adaptation; (iii) skills development and 
training; (iv) ethics and quality readiness; and (v) 
client alignment and business integration. Stage 
boundaries were derived inductively: cross-
tabulation of dimension scores produced four 
distinguishable capability profiles, constructed 
post hoc as analytical categories rather than pre-
assigned. Preliminary model versions were 
reviewed during two GALA webinars; structured 
feedback from linguists, LSP representatives, and 
localization consultants shaped stage descriptor 
wording. This constitutes preliminary external 
review, not formal empirical validation; construct 
validity and inter-rater agreement testing remain 
directions for future research. 

Dimension scores were calculated as mean 
Likert ratings per respondent across items mapped 
to each dimension. Cross-tabulation of these five-
dimension scores produced four distinguishable 
capability clusters, identified through frequency 
distributions and inter-dimension correlation 
patterns. Stage thresholds were set at natural 
breaks in the distribution: Emerging (mean 
dimension score 1.0–2.4), Developing (2.5–3.2), 
Strategic (3.3–4.1), Transformative (4.2–5.0 on a 
1–5 scale). These boundaries are analytical and 
post-hoc rather than pre-specified; construct 
validity testing remains a direction for future 
research.  

4 Findings 

4.1 Regional and Role-Based Variation in AI 
Adoption 

AI tool exposure has increase d substantially since 
2020. In 2020, 56.9 % of respondents used MT 
and PE; by 2025, NMT dominates at 50 %, with a 
notable shift to LLMs (25 %), confirming the 
GALA report (2025) findings (Figure 1).

 

However, maturity levels remain uneven. 
Respondents in Asia and North America reported 
the highest average AI integration levels (3.5 and 
3.2 respectively), characterized by systematic 
NMT use, growing LLM adoption, and early 
experimentation with automated quality 
estimation. In contrast, respondents from Africa 
and parts of Eastern Europe showed high tool 
exposure but comparatively low structured 
integration (avg. 2.5), indicating a gap between 
availability and operationalization (Figure 2). 

Role-based differences further accentuate this 
pattern. Localization managers and LSP leads 
reported higher perceived maturity than freelance 
linguists, particularly regarding workflow 
orchestration and tool diversity. Freelance 
respondents more frequently described 
fragmented or client-driven AI usage lacking 
standardized processes, suggesting that 
organizational context and decision-making 
authority critically shape AI maturity even when 
tool access is similar. 

Figure 1: Distribution of AI tool integration in 
translation workflows — % of respondents using 

each tool type (NMT 50 %, LLH 25 %, Automated 
QA 20 %, Terminology 12 %, Speech 8 %, Content 

5 %, Other 2 %) 

 

Figure 2: Average AI integration level by region 
(scale 1–5; Africa 2.0, Eastern Europe 2.5, Central 
Europe 3.0, North America 3.2, Asia 3.5, Oceania 

3.0) 
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4.2 Workflow Evolution Beyond PE 

Despite the growing prominence of GenAI, PE 
remains a dominant workflow component—but 
its role has shifted. Rather than a standalone 
service, PE increasingly appears embedded within 
hybrid workflows combining MT, AI-assisted 
drafting, terminology automation, and human 
revision. Respondents reported a diversified range 
of AI applications beyond MT correction, 
including content classification (4.7 %), speech 
recognition (8.1 %), and automated post-editing 
(1 %), suggesting an expanding functional scope 
for AI in LWs (Figure 1). 

A persistent imbalance was observed between 
productivity gains and quality management: while 
respondents frequently associated AI with 
improved speed (30 %, multiple-choice item on 
perceived AI benefits, Q20), fewer reported 
equivalent advances in quality assurance practices 
(0.2 %, coded open-ended responses, Q30). This 
mirrors earlier PE research observations where 
efficiency gains were prioritized ahead of 
systematic quality control. 

4.3 Skills, Training and Ethical Readiness 

A consistent finding across regions and roles is a 
skills gap related to human–AI collaboration. 
Although a large proportion of respondents 
reported general awareness of ethical issues 
(19.2 %), this awareness rarely translated into 
formalized practices or operational guidelines. 
Training was predominantly informal, ad hoc, or 
tool-specific (56 % through practice), with limited 
evidence of structured role-adapted learning 
pathways. 

Respondents at higher maturity levels were 
more likely to report ongoing training, workflow 
documentation, and clearer task boundaries 
between human and AI contributions (44.7 % 
rated adaptation confidence at level 4 or 5 on a 1–
5 scale). In contrast, respondents at lower maturity 
levels frequently described uncertainty regarding 
expectations, compensation models, and 
responsibility for quality outcomes (39 % 
preferring human translation with minimal AI 
assistance). Figure 3 illustrates that ethical and 
training formalization lag behind tool adoption at 
lower maturity stages. 

4.4 Correlations Between Maturity 
Indicators and Client Alignment 

Cross-analysis suggests a meaningful association 
between higher AI maturity and improved client 
alignment. Respondents reporting higher AI 
integration and technological confidence were 
more likely to proactively communicate AI 
capabilities and limitations: 28.1 % indicated 
positive confidence (level 4) and 16.6 % high 
confidence (level 5) in their organization’s ability 
to adapt to technological change. Conversely, 19.7 
% reported low confidence (levels 1–2), more 
likely experiencing misalignment around 
turnaround times, pricing, and perceived effort. 
These findings reinforce the idea that AI maturity 
is not solely a technical condition but a relational 
one, shaped by communication practices and 
shared understanding between providers and 
clients (Figure 4). 

 

Figure 4: Client alignment and confidence scores by 
AI integration level 

 

Figure 3: Skills, training, and ethical readiness 
distribution across maturity levels (%) 
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5 The AI Maturity Model 

Building on the empirical findings in Section 4, this 
study proposes a four-stage AI MM designed to 
capture how linguists and LSPs progress in the 
adoption and operationalization of AI within LWs. 
Unlike organization-centric frameworks, the 
proposed model is explicitly role- and workflow-
oriented. The model conceptualizes AI maturity as 
a progression across five interrelated dimensions: 
(i) technology and tool integration; (ii) process and 
workflow adaptation; (iii) skills development and 
training; (iv) ethics and quality readiness; and (v) 
client alignment and business integration (Table 2). 

5.1 Stage Descriptions 

The Emerging stage represents fragmented, 
reactive AI adoption. Organizations experiment—
most commonly with NMT—but use remains 
inconsistent and externally pressured rather than 
strategically planned. Workflows lack 
standardization; PE practices are loosely defined; 
skills development is informal and self-directed; 
client alignment is weak, with unclear 
expectations around quality, pricing, and 
responsibility. 

The Developing stage marks a transition from 
experimentation to intentional integration. AI 
tools are more systematically embedded within 
CAT environments; basic metrics and feedback 
loops emerge; linguists begin to assume expanded 
roles in quality assurance and workflow 
optimization. Training becomes more visible but 
remains tool-driven rather than competency-
based. Ethics becomes more explicit but remains 
procedural; client communication is more 
intentional though not yet systematically 
embedded. 

The Strategic stage represents mature, fully 
integrated AI practice governed by structured 
frameworks. Quality management shifts from 
reactive correction to anticipatory design. 
Linguists operate as AI-augmented professionals 
(Lommel, 2020), combining domain expertise 
with advanced tool literacy and data-informed 
decision-making. Ethics and quality are 
formalized into governance structures with clearly 
defined accountability mechanisms. Training is 
continuous, role-specific, and competency-based. 
Client alignment is proactive and transparent, 
positioning AI as a strategically managed 
capability enhancing value. 

The Transformative stage represents a 
paradigm shift in which AI becomes a driver of 
strategic differentiation and organizational 
identity. Workflows are adaptive, predictive, and 
continuously optimized across interconnected 
content ecosystems. Linguists act as strategic 
leaders spanning linguistics, AI evaluation, data 
governance, and quality engineering. Ethics 
becomes a strategic differentiator actively shaping 
broader industry standards. Client alignment is 
co-creative, with expectations, risk-sharing, and 
quality design negotiated transparently as part of 
a shared innovation strategy.  

Table 2: AI Maturity Model: dimensions x stages 

 

Table 3: AI Maturity Model stage descriptors 
(observable indicators and representative practitioner 

behaviors across five dimensions) 
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Table 3 maps each stage across the five 
dimensions to observable indicators and 
representative practitioner behaviors, providing 
concrete boundary criteria between adjacent 
stages. 

5.2 Maturity Dimensions Across Stages 

Differences across stages are most pronounced in 
workflow structure and governance. Lower 
maturity contexts mirror earlier PE paradigms 
focused on throughput; higher maturity contexts 
demonstrate reorientation toward workflow 
design supporting differentiated quality strategies. 
Skills similarly evolve from traditional linguistic 
competence toward hybrid expertise—reinforcing 
PE research findings that productivity gains alone 
are insufficient indicators of successful 
technology integration (Gene, 2024). Ethics and 
quality readiness function as threshold 
dimensions distinguishing advanced maturity: 
while awareness is widespread, only higher stages 
translate it into operational practices. Client 
alignment emerges as both an outcome and a 
driver of maturity, with strategic-stage 
practitioners actively shaping expectations 
through informed dialogue. 

5.3 Practical Application of the Model 

The proposed AI MM is intended as a practical 
assessment and planning tool rather than a 
prescriptive checklist. Linguists and LSPs can use 
it to identify their current maturity stage across 
each dimension, recognize gaps, and prioritize 
targeted interventions such as training programs, 
workflow redesign, or client education initiatives. 
By framing AI maturity as a progression of 
professional capability, the model provides a 
pathway for sustainable adaptation. An interactive 
version of the AI Maturity Model assessment tool 
is publicly hosted and available at Intertranslations 
AI Maturity Model landing page 
(https://www.intertranslations.com/lin
guistic-ai-maturity-model-test/), 
offering practitioners a structured means of self-
assessment and a foundation for future diagnostic 
instrument development. 

6 Discussion 

Widespread AI tool availability has created an 
illusion of readiness not consistently borne out by 
operational maturity. Respondents frequently 

report AI use, yet integration remains fragmented 
and reactive—echoing PE research where 
productivity gains masked unresolved issues of 
task clarity, quality management, and cognitive 
effort (O’Brien, 2012; Gene, 2024). The AI MM 
explains this discrepancy: organizations at lower 
stages may appear technologically advanced yet 
lack the workflows, skills, and governance to 
leverage AI strategically. 

One of the most striking findings concerns the 
disconnect between ethical awareness and ethical 
practice. Although respondents frequently express 
concern about quality, bias, and accountability, 
these concerns are rarely formalized at lower 
maturity levels. Ethical readiness functions as a 
late-stage maturity indicator: in strategic-stage 
contexts, ethics is operationalized through explicit 
thresholds, human-in-the-loop decision points, 
and transparent client communication—aligning 
with calls to embed ethical reasoning into 
workflow design rather than treating it as an 
external constraint (O’Brien et al., 2014). 

Current training practices, where they exist, are 
predominantly tool-focused and episodic, offering 
limited support for hybrid competencies required 
in AI-enabled environments. Higher maturity 
stages, by contrast, are associated with continuous, 
role-specific learning integrating technical, 
linguistic, and ethical dimensions. This supports 
calls for rethinking translator education beyond 
discrete skills toward adaptive competence 
models (Gene, 2021), with the AI MM offering a 
scaffold for curriculum design aligned with 
progressive maturity stages. 

Finally, the proposed AI MM should be viewed 
as complementary to existing organization-level 
frameworks. While CSA Research’s LMM (2017, 
2025) and Argos’s AIMM (2024) provide 
valuable strategic perspectives, they do not 
sufficiently capture the evolution of linguistic 
work itself. By focusing on workflows, roles, and 
professional agency, the present model addresses 
a critical layer of AI adoption underrepresented in 
both academic and industry discourse. 

Self-reported data introduce two interrelated 
risks that readers should bear in mind. First, 
perception bias: enthusiastic adopters may 
overestimate integration depth while skeptics 
underestimate it, distorting stage distribution in 
ways undetectable without objective performance 
triangulation. Second, terminological 
inconsistency: terms such as “AI”, “hybrid 
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workflow”, and “quality management” may have 
been interpreted differently across respondents 
depending on technical background, role, or 
region. The longitudinal design and the 
definitional note in the Introduction partially 
mitigate this, but quantitative maturity estimates 
in Section 4 should be treated as indicative; future 
studies should supplement perceptual measures 
with behavioral anchors such as workflow 
observation or output audits. 

7 Conclusion and Future Work 

This study demonstrates that AI maturity cannot 
be captured through tool adoption metrics alone. 
Instead, maturity emerges as a multidimensional 
progression encompassing workflow integration, 
skill development, ethical readiness, and client 
alignment. Addressing RQ1, the 2025 survey 
data—read against the 2020 comparative 
baseline—confirm substantial change in AI 
adoption patterns, with NMT becoming dominant 
and LLMs emerging as a significant second-tier 
technology, alongside persistent regional and 
role-based disparities. Addressing RQ2, the 
proposed four-stage AI Maturity Model—
Emerging, Developing, Strategic, and 
Transformative—provides a role- and workflow-
oriented framework derived inductively from 
these patterns, offering a more granular and 
practitioner-relevant characterization of maturity 
than existing organization-level models. 
Addressing RQ3, the model demonstrates 
practical utility as a self-assessment scaffold and 
planning tool, though its empirical validation—
including construct validity and stage boundary 
reliability—remains an explicit direction for 
future research. The model extends earlier PE 
research by situating human–computer 
interaction, cognitive effort, and quality 
management within a broader AI maturity 
trajectory. 

From a practical perspective, the model 
provides linguists and LSPs with a structured 
means of self-assessment and strategic planning, 
enabling identification of specific gaps across 
maturity dimensions and prioritization of targeted 
interventions. Ethical and quality considerations 
are reframed as integral components of maturity, 
reinforcing the need for responsible AI integration 
in professional language services. 

Future work includes: (i) development of a 
digital AI maturity assessment tool 
operationalizing the model; (ii) further empirical 
validation with larger, more evenly distributed 
samples to refine stage descriptors; and (iii) closer 
collaboration with educational institutions and 
professional associations to align curricula and 
certification schemes with AI maturity 
progression. As AI technologies continue to 
evolve, the sustainability of localization practice 
will depend on the capacity of professionals to 
adapt roles, workflows, and ethical frameworks 
accordingly. 
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Appendix A. Survey Instrument 

Survey title: Future Proofing Translation Through CAT Tools and AI Integration. Platform: Google Forms. 
Collection period: May-June 2025. Total: 36 questions across 9 sections. Participation was voluntary and open to 
all localization professionals excluding students.  
Question types: Single = single-select; Multi = multi-select Scale = Likert scale’ Rank = ranking task. Response 
options are abbreviated for space; full options were presented in the survey instrument. 
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