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Abstract

The integration of artificial intelligence (AI) into information technologies is reshaping competency 
requirements for IT specialists. However, AI competency penetration into the early phases of the Software 
Development Life Cycle (SDLC) – requirements analysis and planning – remains underexplored. 
Existing studies either rely on static competency models lacking empirical validation or analyze the labor 
market at an aggregated occupational level without differentiation across SDLC functional clusters. The 
research objective is to empirically test the hypothesis of AI competency penetration into the skill sets 
associated with early SDLC phases. The scientific novelty lies in the methodological transition from static 
competency models to a process-oriented analysis. Roles are cross-referenced with SDLC phases through 
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Introduction

Generative AI is accelerating the Software 
Development Life Cycle (SDLC) [1,  2], 
while a deficit of AI competencies among 

employees and managers remains the principal bar-
rier to adoption [3].

The professional community has been making 
systematic efforts to codify AI competency require-
ments: the O*NET and ESCO (European Skills, 
Competences, Qualifications and Occupations) 
models are being updated and new frameworks are 
being developed [4–7]. The Russian ICT sector 
grew at a rate outpacing the broader economy in 
2024 [8], making it a relevant empirical context for 
this study.

A review of the literature reveals a gap: normative 
AI competency frameworks [4,  6,  7] have not been 
empirically validated against labor market data, while 

job posting studies [9–11] assess demand without dif-
ferentiation across SDLC phases.

Since the greatest potential of AI is associated with 
the early phases of the SDLC [7,  9], the following 
research question is posed.

RQ: To what extent do AI competencies penetrate 
the professional roles involved in the early phases of 
the SDLC – such as requirements analysis and plan-
ning – or do they remain predominantly demanded at 
later SDLC stages?

The research objective is the empirical testing of 
the hypothesis that AI competencies penetrate the 
skill sets demanded in the early phases of the SDLC.

1. Theoretical background

This study draws on the competency-based approach 
[12, 13] and the theories of core competencies [14] and 

weighted clustering with normative alignment to SWEBOK v3.0, BABOK v3.0, and ISO/IEC/IEEE 
12207:2017. The empirical basis comprises 182,447 unique IT job postings from the hh.ru platform for the 
period March–December 2025, covering 19 SDLC-relevant roles. A reference list of 307 AI competencies 
was compiled via LLM-based preliminary screening followed by expert verification. Eight functional 
clusters are identified. Weighted demand S(s) is distributed as follows: analytics – 16.0%, architecture – 
16.0%, development – 13.6%, management – 12.2%, documentation – 12.2%, testing – 12.0%, support –  
9.1%, design – 8.9%. Weighted penetration P(s) ranges from support (0.34%) to design (1.70%). The 
hypothesis is confirmed: penetration in the Analytics cluster (0.69%) corresponds to the market average, 
while in the Management cluster (0.76%) it exceeds it, though early SDLC phases lag behind the Design, 
Development, and Architecture clusters in absolute terms. The findings are applicable to corporate early-
warning strategies, educational curriculum revision, and updating professional standards in the context 
of the proliferation of generative AI.
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dynamic capabilities [15], supplemented by human 
capital theory, which frames the accumulation of pro-
fessional skills as an investment [16]. Competencies 
are treated as stable characteristics that predict perfor-
mance and are formalized through a combination of 
inductive and deductive methods [17].

To systematize occupational requirements, the 
e-CF (European e-Competence Framework) [4] and 
O*NET [5] frameworks are applied, as well as the 
SWEBOK (Software Engineering Body of Knowl-
edge) and SWECOM (Software Engineering Com-
petency Model) models, which anchor competencies 
to SDLC knowledge areas [18]. Under conditions of 
high environmental volatility, a shift from job-based to 
competency-based models is observed [19], and role 
configurations within the SDLC are described through 
the skill-shape taxonomy [20]. The stability of such 
models is in tension with the pace of technological 
change: AI is altering professional requirements faster 
than frameworks can codify them, which brings to the 
fore the task of early detection of shifts in competency 
structures.

The instrument for such detection is the concept 
of “weak signals” – early indicators of forthcoming 
change [21]. The emergence of AI skill requirements in 
job postings for analytical and managerial roles, tradi-
tionally unassociated with AI, is interpreted as a “weak 
signal” of a transformation in competency structures at 
the early phases of the SDLC.

The job posting analysis method rests on established 
practice: job posting content serves as a leading signal 
of actual skill demand and is sensitive to technologi-
cal shifts [10,  11]. In particular, the Organization for 
Economic Co-operation and Development (OECD) 
uses data from a professional online network to assess 
demand for AI skills across occupations [9].

2. Research methodology

The methodology adopts a process-oriented 
approach and is implemented in four stages. Because 
role diffusion in job postings introduces bias when 
analysis relies solely on the professional role, the prin-

cipal methodological decision was the introduction of 
an additional analytical attribute – the functional clus-
ter – which explicitly maps roles to SDLC phases.

Stage 1. Construction of the primary job post-
ing sample. The data source is the hh.ru platform. 
Data were collected via the open API for the period 
March–December 2025. The inclusion criterion was 
the assignment of a job posting, according to the hh.ru 
catalogue, to one of 19 SDLC-relevant roles. Inclusion 
in the IT segment is determined by the role set itself. 
After preprocessing and the exclusion of the roles of 
BI analyst and marketing analyst (rationale – Section 
3.1), the final sample comprised 182,447 unique job 
postings.

Stage 2. Identification of SDLC functional clusters 
and construction of the weighted participation matrix. 
Each of the 19 roles was mapped to the eight functional 
clusters based on expert analysis of typical responsi-
bilities according to the hh.ru catalogue and standard 
job posting descriptions.

In contrast to a binary approach, in which a role is 
rigidly assigned to a single cluster, the present study 
employs weighted clustering: each role is assigned a 
vector of normalized participation weights wrs across 
all eight clusters (Σswrs = 1). This allows for the cross-
phase nature of roles (product manager, DevOps engi-
neer, systems analyst) to be accounted for.

Weights are determined using an extended six-level 
scale (0–5) based on the dominant responsibilities of 
each role: 5 – process owner; 4 – regular contribution; 
3 – supporting participation; 2 – occasional participa-
tion; 1 – minimal contact; 0 – role not involved. The 
six-level scale enables separation of the process-owner 
cluster (5) from clusters of regular secondary contri-
bution (4) and distinguishes occasional participation 
from minimal formal contact (2 versus 1), which is 
important for the correct attribution of cross-func-
tional roles. Expert annotation draws on hh.ru job 
posting profiles, the hh.ru occupational catalogue, and 
normative alignment to SWEBOK v3.0, BABOK v3.0, 
and ISO/IEC/IEEE 12207:2017 [22–24]. The robust-
ness of the annotation is verified through sensitivity 
analysis (Section 5).
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Eight functional clusters are identified as a result. 
The list and composition of roles are presented in 
Table  1. The “Design” cluster is designated as a dis-
tinct eighth functional cluster, substantively separate 
from the engineering “Architecture” cluster: its AI 
competencies are primarily associated with generative 
visual content tools (Midjourney, Stable Diffusion), 
which are qualitatively distinct from software archi-
tecture design tools. Non-zero weights of designers in 
the “Architecture” and “Analytics” clusters (Table  2) 
reflect participation in UX prototyping and ensure the 
cluster’s inclusion in the system of eight functional 
clusters. The weighted matrix wrs and the data Nr, AIr 
for all 19 roles is presented in Table 2 (calculation pro-
cedure – Stages 1 and 3 of Section 2).

Stage 3. Construction of the AI-competency sub-
sample. Since the sample contained more than 31,000 
unique entries in the key skills field – precluding 
manual annotation – the AI competency reference 
list was formed in two steps: (1) LLM-based prelim-
inary screening of candidates relevant to AI domains 
(machine learning, LLM, natural language process-
ing (NLP), computer vision, neural networks) and 
(2) expert verification with the removal of irrelevant 
entries. The final reference list comprised 307 entries. 
A job posting is assigned to the AI sub-sample if it 
contains at least one exact match between a key skill 
and an entry on the reference list. Job postings with an 
empty key skills field are excluded. The AI sub-sample 
comprises 1,255 postings (1.17% of the 107,330 post-
ings with a filled key skills field, and 0.69% of the full 
sample of 182,447).

Stage 4. Analysis of AI competency penetration 
across SDLC phases. A quantitative assessment is per-
formed using two weighted metrics: P(s) – AI penetra-
tion within a phase, and S(s) – the share of total AI 
demand attributable to a phase. Calculations are con-
ducted using job posting-to-cluster assignments with 
the participation weight matrix wrs (Table 2). Formu-
lae, notation, and interpretation are provided in Sec-
tion 3.3.

3. Research findings

3.1. Primary  
job posting sample

Two roles were excluded from the initial list – BI 
analyst (data analyst) and marketing analyst: neither 
SWEBOK v3.0, nor BABOK v3.0, nor ISO/IEC/IEEE 
12207:2017 classifies these functions as SDLC pro-
cesses; including these roles in the “Analytics” cluster 
would have inflated the estimate of P(Analytics) due 
to the high concentration of ML/Data Science tools 
in these roles, which are unrelated to the requirements 
analysis phase. The list of 19 roles and the distribution 
of job postings across them are presented in Table  2; 
the mapping of roles to functional clusters is given in 
Section 3.2.

3.2. Functional clusters  
(clustering of professional  

responsibilities)

Clustering of job responsibilities and distribution of 
vacancies by stages of the job life cycle (SDLC) formed 
eight key functional areas, presented in Table 1. It 
reflects the primary affiliation of a role to a cluster; the 
full weighted contributions of all roles are presented in 
Table 2. Roles with a dual functional load are assigned 
to a cluster based on the dominant function; secondary 
activity is reflected in the scores in Table 2.

Seven of the eight functional clusters directly cor-
respond to the phases and pervasive processes of the 
canonical SDLC (SWEBOK v3.0 [22], ISO/IEC/
IEEE 12207:2017 [24]). The eighth cluster, “Design,” 
is treated separately (Section 2, Stage 2). The distri-
bution of job postings across clusters (Table 1) reflects 
job posting-to-cluster assignments: the total number of 
assignments (251,760) exceeds the number of unique 
job postings (182,447) due to multi-role job postings. A 
reduction of 11,840 postings relative to the initial struc-
ture is attributable to the exclusion of the BI analyst 
and marketing analyst roles.
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Table 1.
Clustering of professional responsibilities and distribution  

of job postings across SDLC clusters  
(a single job posting may be counted in multiple clusters)

Cluster Roles Responsibilities and SDLC activities Job  
postings

Development
Programmer/developer; DevOps engineer; 
systems engineer; network engineer

Writing, maintaining, and optimizing code; 
Implementation/Coding.

37,165

Management
Project manager; product manager; 
development team lead

Planning, risk management, budgets; end-to-
end coverage from initiation to closure (Project 
Management Body of Knowledge, PMBOK / BABOK).

35,277

Analytics
Analyst; business analyst; systems analyst; 
product analyst; head of analytics

Requirements gathering and specifications, product 
metrics; key contribution to Requirements Analysis.

39,241

Architecture
Programmer/developer; systems engineer; 
information security specialist; analyst; 
business analyst; systems analyst

System architecture and technical specifications; 
translation of requirements into design solutions 
(Software Design, SWEBOK).

69,313

Design Designer/artist; game designer
UX/UI and visual content; generative AI tools 
(Midjourney, Stable Diffusion).

16,083

Support and 
administration

Technical support specialist; system 
administrator; information security 
specialist

Administration, security, infrastructure; Deployment, 
Operations, Maintenance.

40,397

Testing Tester
Defect identification and testing; requirements 
compliance prior to release.

11,009

Documentation Technical writer
Project and user documentation at all SDLC phases 
(Software Documentation, SWEBOK/ISO 12207).

3,275

3.3. AI competency penetration  
across SDLC phases

The top 10 most frequently occurring competen-
cies are presented in Table 3. A total of 307 unique AI 
competencies were identified. The values in the “Job 

Postings” column represent the number of openings 
containing the given competency in the key skills 
field. A single job posting may contain multiple AI 
competencies from the reference list; therefore, the 
sum across all rows exceeds the total number of AI job 
postings (1,255).
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Table 2.
Weighted participation matrix of professional roles  

across SDLC clusters and role-level statistics  
(Nr – total job postings, AIr – postings with AI competencies)

Professional role AN AR DV TS SP MG DC DS Nr AIr Fill rate, %

Programmer/developer 1 3 5 3 2 1 2 0 17,711 235 69.6

DevOps engineer 1 2 4 3 5 2 2 0 8,959 111 60.9

Systems engineer 1 4 3 2 3 1 2 0 5,313 6 59.0

Network engineer 0 2 1 1 5 1 1 0 5,182 2 54.6

System administrator 0 0 1 1 5 1 1 0 12,542 12 55.7

Information security specialist 2 3 2 3 5 1 2 0 12,488 15 50.5

Project manager 2 1 1 1 1 5 2 0 13,752 53 57.3

Product manager 3 3 1 1 1 4 2 0 14,933 108 49.7

Development team lead 2 4 4 2 1 5 1 0 6,592 166 57.6

Analyst 5 2 0 1 1 1 3 0 12,454 42 58.5

Business analyst 5 2 0 1 1 2 4 0 10,478 47 54.5

Systems analyst 5 5 1 2 1 1 4 0 10,869 51 60.9

Product analyst 5 2 0 2 1 2 2 0 3,291 63 60.0

Head of analytics 5 1 0 1 1 4 2 0 2,149 34 51.2

Designer/artist 2 2 1 1 0 0 1 5 14,360 256 66.4

Game designer 3 2 1 1 0 1 1 5 1,723 15 58.4

Tester 2 0 1 5 1 0 2 0 11,009 24 64.3

Technical writer 2 1 1 1 1 0 5 0 3,275 5 48.9

Technical support specialist 1 0 0 1 5 0 2 0 15,367 10 60.2

Total 182,447 1,255 58.8

Notes: Raw scores on the six-level scale 0–5, see Section 2; normalised weight wrs = score / sum of role scores; 
cluster abbreviations: AN – Analytics, AR – Architecture, DV – Development, TS – Testing, SP – Support and 
Administration, MG – Management, DC – Documentation, DS – Design; Fill rate, % – share of job postings with 
a filled key skills field.
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Table 3.
Top 10 AI competencies by number  

of job postings in which the competency appears

No. AI competency Job postings Number of roles

1 AI 218 16

2 ML 204 13

3 LLM 148 14

4 PyTorch 139 12

5 Midjourney 123 3

6 ChatGPT 108 14

7 TensorFlow 102 10

8 MLflow 101 9

9 Neural networks 99 12

10 OpenCV 86 3
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Table 4.
Top 10 professional roles by number  
of job postings with AI competencies

No. Professional role Total job postings Postings with AI AI share (%)

1 Designer/artist 14,360 256 1.8

2 Programmer/developer 17,711 235 1.3

3 Development team lead 6,592 166 2.5

4 DevOps engineer 8,959 111 1.2

5 Product manager 14,933 108 0.7

6 Product analyst 3,291 63 1.9

7 Project manager 13,752 53 0.4

8 Systems analyst 10,869 51 0.5

9 Business analyst 10,478 47 0.4

10 Analyst 12,454 42 0.3
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The data in Table 3 demonstrate the dominance of 
generalized formulations – “AI” (16 roles) and “ML” 
(13 roles) – indicating the cross-role nature of demand. 
Among specific competencies, the leaders are large 
language models (LLM), deep learning frameworks 
(PyTorch, TensorFlow), ML lifecycle management 
tools (Machine Learning Operations, MLOps) such as 
MLflow, and generative AI for design (Midjourney).

Roles are ranked by the number of job postings con-
taining AI competencies. The top 10 roles by AI share 
are presented in Table 4.

AI penetration into an SDLC phase is measured 
using two complementary metrics, calculated accord-
ing to a weighted scheme using the participation weight 
matrix wrs from Table 2.

The notation is as follows: r – professional role 
(1–19), s – functional cluster (1–8), Nr – total job 
postings for role r, AIr – job postings with AI compe-
tencies for role r, wrs – normalized participation weight 
of role r in cluster s, from Table 2.

Metric 1 – weighted AI penetration into phase s 
(results in Table  5). For each functional cluster s, a 
weighted aggregation across all roles is computed:

.

Metric 2 – weighted distribution of AI competency 
demand across SDLC phases (Table 6). For each clus-
ter s, the following is computed:

.

The denominator equals Σr AIr (1,255), so S(s) 
reflects the share of total weighted AI demand attribut-
able to the given phase. As a benchmark for comparing 
cluster-level penetration, the overall sample average 
penetration rate  = Σr AIr / Σr Nr = 1,255 / 182,447 = 
= 0.69% is introduced. The results of both metrics are 
presented in Tables 5 and 6.

Table 5.
Weighted AI competency penetration  

by SDLC functional cluster – Metric 1

Functional cluster Weighted total  
postings ΣNw

Weighted AI  
postings ΣAIw

P(s) weighted,  
%

P(s) baseline,  
%

Design 6,599 112.0 1.70 1.7

Development 17,975 170.8 0.95 1.0

Architecture 23,587 201.0 0.85 0.57

Management 20,016 153.1 0.76 0.9

Analytics 29,182 201.1 0.69 0.6

Testing 23,651 150.6 0.64 0.2

Documentation 28,356 152.6 0.54 0.15

Support and administration 33,083 113.9 0.34 0.1

Notes: Weighted calculation – based on Table 2. Baseline P(s) – based on the full cluster composition (Table 1); 
baseline S(s) in Table 6 – based on the unique primary role assignment to the dominant cluster. Divergence between 
baseline estimates demonstrates sensitivity to the attribution rule, which is eliminated by the weighted aggregation.
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4. Discussion

4.1. Scientific novelty  
and the significance of weighted clustering

The process-oriented approach overcomes two 
limitations of prior work: reliance on static compe-
tency models and aggregated job posting analysis with-
out breakdown by SDLC phase. Weighted clustering 
(Section 3.2, Table 2) assigns each role a vector of 
normalized weights across all eight clusters, correctly 
accounting for the cross-phase nature of positions and 
ensuring the validity of the P(s) and S(s) aggregations. 
The two-stage construction of the AI competency ref-
erence list (LLM-based screening + expert verifica-
tion) enhances the reproducibility and controllability 
of the “AI / non-AI” boundary.

The interpretation of roles through the skill-shape 
taxonomy [20] explains the patterns observed in 

Tables 5 and 6. Concentrated I-shape profiles (deep 
specialization without breadth) and Γ-shape pro-
files (deep specialization plus one adjacent compe-
tency of moderate depth) – for example, technical 
support specialists, testers, technical writers – yield 
a high P(s) in the primary cluster without allocating 
any share of AI postings to adjacent clusters. Distrib-
uted T-shape profiles (one deep specialization with 
broad cross-functional coverage) and π-shape pro-
files (two specializations with broad coverage) – for 
example, systems analysts, product managers, devel-
opment team leads – distribute AI job postings across 
multiple clusters, which manifests as a lower P(s) 
combined with a higher S(s) owing to contributions 
from adjacent clusters. The characteristic pattern of 
early SDLC phases – moderate P(s) alongside high 
S(s) – is a direct consequence of the predominance of  
T/π-shape profiles in the “Analytics” and “Manage-
ment” clusters.

Table 6.
Weighted distribution of AI competency  

demand across SDLC phases – Metric 2

Functional cluster Roles with w > 0 ΣAIw S(s) weighted, % S(s) baseline, %

Analytics 17 201.1 16.0 18.9

Architecture 16 201.0 16.0 0.0

Development 14 170.8 13.6 28.2

Documentation 19 152.6 12.2 0.4

Testing 19 150.6 12.0 1.9

Management 15 153.1 12.2 26.1

Support and administration 17 113.9 9.1 2.9

Design 2 112.0 8.9 21.6

Notes: Baseline calculation without weights is provided for comparison. Weighted calculation based on Table 2. 
Baseline P(s) and S(s) are computed using the binary assignment of each role to one primary cluster (Table 1). 
Divergences from the weighted calculation reflect the contribution of cross-functional roles. The baseline S(s) for 
“Architecture” equals 0.0%, as all roles included in the cluster have their primary assignment to other clusters – this 
case precisely demonstrates the necessity of the weighted approach.
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4.2. Findings, comparison with related work,  
and penetration across SDLC phases

AI competencies are recorded across all 19 roles 
(Table 4), enabling cluster-level comparison across 
SDLC phases.

The findings confirm the concentration of AI demand 
in technical occupations (OECD [9], Van Haeften 
et al. [25]): P(Development) = 0.95%; P(Design) = 
1.70%. At the same time, a measurable presence of 
AI competencies is recorded in non-technical phases 
(P(Analytics) = 0.69%; P(Management) = 0.76% > ),  
which is consistent with the projections of the WEF 
[3] and McKinsey [2].  = 0.69% represents the aver-
age share of AI job postings in the IT segment of the 
sample; exceeding  in a cluster indicates structural, 
rather than residual, demand for AI competencies. The 
value P(Management) >  is explained by the cluster’s 
coverage of the early initiation and planning phases of 
the SDLC (Initiating, Planning per PMBOK/BABOK 
[23, 26]), where demand for AI competencies in task 
formulation is generated. In contrast to the frame-
work of Annapureddy et al. [6], which lacks SDLC 
alignment, the present study embeds AI requirements 
within existing roles and life cycle phases. The prox-
imity of P(Analytics) = 0.69% and P(Management)  = 
= 0.76% constitutes a weak signal of converging AI 
requirements in cross-functional roles.

By S(s), Analytics and Architecture lead jointly 
(16.0% each, Table 6). The redistribution relative to 
baseline shares (Architecture 0.0% → 16.0%, Design 
21.6% → 8.9%) confirms the validity of the weighted 
aggregation justified in Section 3.2.

4.3. Practical recommendations

Educational programmes. The strongest rationale 
for prompt curriculum revision applies to design pro-
grams: P(Design) = 1.70% exceeds  = 0.69% by a fac-
tor of 2.5, and 1.8% of designer job postings already 
require generative AI tools (Table  3). Incorporating 
these tools into design program curricula responds to 
an established market demand.

For business analysis and IT management pro-
grams, P(s) corresponds to the benchmark  or mar-
ginally exceeds it (Analytics: 0.69% = ; Management: 
0.76% > ) with S(Analytics) = 16.0%. This represents 
a “weak signal” stage: a flexible module on AI assis-
tants in requirements work and planning is sufficient – 
without immediate program restructuring.

Professional standards. P(Development) = 0.95% 
exceeds  by 38%; AI job postings for developers are 
dominated by tool-oriented competencies (Table  3), 
which is consistent with the systematic literature review 
on the application of LLMs in software engineering 
[27] and provides a basis for incorporating these com-
petencies into the recommended baseline level of the 
professional standard for developers. For analysts and 
IT managers, P ≈ 0.7% supports elective status: inclu-
sion is appropriate, but elevation to a mandatory level 
is not warranted at this stage.

Team formation. At non-technical phases  
(P(s) ≈ 0.7%), designating a dedicated AI specialist is 
excessive: distributed T/π-shape profiles cover adja-
cent AI competencies within the role itself, while con-
centrated I/Γ-shape profiles require domain-specific 
tools rather than a generic AI profile. AI literacy as a 
meta-competency justifies the development of T-shape 
professionals regardless of their position in the SDLC.

5. Limitations and directions  
for further research

The study relies on a single platform – hh.ru – 
oriented towards formal employment in large and 
medium-sized companies. Start-ups and specialized IT 
recruitment channels (Habr Career, GeekJob) are not 
included in the sample, which may lead to an underes-
timation of P(s) in technical clusters. The professional 
role of a job posting is determined by the employer 
according to the hh.ru catalogue, which introduces 
noise into the attribution of cross-functional positions. 
The single-period nature of data collection (March–
December 2025) precludes modeling of dynamics and 
seasonality. The “AI competency” boundary is fixed by 
the reference list of 307 entries (LLM-based screening 
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+ expert verification) – formulations outside the list 
are not captured.

The principal limitation is a Missing Not at Random 
(MNAR) bias in the key skills field: the fill rate of 58.8% 
(107,330 out of 182,447) varies by role from 48.9% to 
69.6% (Table 2). Assuming a homogeneous share of AI 
competencies in filled and unfilled job postings, upper 
bounds for P(s) are calculated as P(s)  /  fill(s), where 
fill(s) is the cluster-specific key skills fill rate: Analytics 
1.17% (fill ≈ 59%), Management 1.35% (fill ≈ 56%), 
Development 1.51% (fill ≈ 63%). The correction factor 
lies in a narrow range of 1.52–1.77× (spread ≈ 16%) – 
the bias is near-uniform, the cluster hierarchy is robust 
to the correction, and P(s) values should be interpreted 
as lower-bound estimates.

The sensitivity of the weight matrix was verified 
under three scenarios (expert 0–5, binary, flat) and by 
cell-level perturbation of scores by ±1. Robust findings: 
the primacy of “Design” (1.70%), the last-place rank-
ing of “Support,” the inclusion of “Development” in 
the top 3, and the key finding for the hypothesis – com-
parable AI penetration in “Analytics” (0.63–0.71%) 
and “Management” (0.67–0.93%) at a level of approx-
imately 0.7%; asymmetry of the intervals is attributable 
to cluster composition and the share of cross-func-
tional roles. Sensitive findings: the relative ranking of 
“Analytics” and “Management” and the quantitative 
S(s) shares for “Management” and “Architecture” – 
these are interpreted as methodologically conditioned 
estimates rather than invariant characteristics.

Directions for further research include expanding 
data sources (Habr Career, GeekJob, international 
markets), analysis of demand dynamics and season-
ality, NLP-based extraction of competencies from 
job posting texts to overcome MNAR bias, as well as 
updating the AI competency reference list and differ-
entiation by seniority level (junior to lead).

Conclusion

The present study empirically confirms the hypoth-
esis of AI competency penetration into the skill sets of 
early SDLC phases. The weighted analysis of P(s) and 
S(s) across eight functional clusters recorded an aver-
age penetration rate of  = 0.69% (1.17% in the sub-
sample with a filled key skills field), alongside pro-
nounced cluster-level heterogeneity.

P(Analytics) = 0.69% =  and P(Management) = 
= 0.76% > : AI penetration at the early phases of the 
SDLC reaches and exceeds the market average bench-
mark. The hypothesis is confirmed: AI competen-
cies in the analytical and management phases of the 
SDLC penetrate at a level no lower than , though in 
absolute terms they are surpassed by the three leading 
clusters: Design (1.70%), Development (0.95%), and 
Architecture (0.85%). This demonstrates the spread 
of AI competencies beyond the technical phases of 
the SDLC.

The scientific contribution of the study comprises 
the methodological transition to a process-oriented 
analysis through weighted clustering of SDLC roles 
(the wrs matrix), the two-stage selection of 307 AI 
competencies across 19 roles, and the calculation of 
P(s)  /  S(s) across eight clusters. The approach pro-
vides a reproducible empirical basis for monitoring the 
transformation of competency demand in the context 
of the proliferation of generative AI.

The practical significance of the study lies in 
informing the revision of educational programs (busi-
ness analysis, IT management), the updating of profes-
sional standards, the development of T-shape profes-
sionals with AI literacy as a meta-competency, and the 
design of an early-warning instrument for companies 
and regulators. 
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