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Introduction

According to a study by Axenix and Mos-
cow State University, presented at the AI 
Journey conference, the costs of imple-

menting AI agents over three years vary significantly 
depending on the business scale: for corporations 
they will exceed RUB 950 million, for large compa-
nies they will amount to RUB 200–300 million, for 
medium sized businesses RUB 30–60 million, and 
for small enterprises RUB 5–15 million. Total sav-
ings from implementing such systems are estimated at 

15–40% depending on the industry. Experts predict 
the greatest efficiency in the financial sector, where 
process acceleration can reach 25–45%, error reduc-
tion 15–30%, and payroll savings 10–35%. In retail, 
indirect effects such as personalization of offers lead 
to a conversion increase of 10–25% [1].

According to an MTS study, the global market for 
AI agents is growing explosively: from USD 25 billion 
in 2024 it could reach USD 755 billion by 2030, cor-
responding to an average annual growth rate of 76%. 
Key drivers are venture investments, which amounted 

Abstract

By early 2026, AI agents ceased to be experimental tools and began to be considered as a form of business 
process automation. Based on the analysis of in-depth interviews, an expert session, a quantitative survey of 
Russian companies, and sources reflecting Russian and foreign experience in the deployment of AI agents, 
a fivelevel maturity model was developed. This model includes the following levels: initial, repeatable, 
defined, managed, and optimizing. The model allows diagnosing an organization’s readiness for industrial 
use of agent systems. It was revealed that full autonomy of AI agents is virtually nonexistent in Russian 
practice; hybrid operating models with clearly defined humanintheloop thresholds dominate. The shortage 
of qualified specialists is the main constraint. The greatest potential of AI agents is observed in repetitive 
operational tasks where nonstandard situations are rare. The effect of implementing AI agents should most 
often be assessed not as direct cost reduction, but as an increase in team efficiency. The main success factors 
are data quality and depth of integration with the corporate IT landscape.
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to USD 9.7 billion in 2024 (46% CAGR), with invest-
ments already reaching USD 2.8 billion in the first 
quarter of 2025. The Russian market is still at an early 
stage: total investments in AI amounted to USD 530 
million (+62% year on year), 70% of which came from 
large technology companies (Yandex, Sber, MTS). 
MTS researchers identify four zones of business func-
tion automation, noting that the greatest potential of 
AI agents lies in operation-oriented tasks with high fre-
quency and low need for empathy [2].

Global experience also confirms the demand for AI 
agents. According to a Cloudera study among 1,484 IT 
executives in 14 countries, 96% of organizations intend 
to expand the use of AI agents over the next 12 months, 
and about half plan to scale these systems across their 
companies [3]. McKinsey reports show that 88% of 
surveyed organizations use AI in at least one business 
function, with autonomous process automation being 
the most active area of investment [4]. At the same 
time, Gartner analysts warn that more than 40% of 
AI agent implementation projects may be shut down 
by the end of 2027 due to insufficient data “maturity”, 
low stability of business processes, and inflated expec-
tations [5]. Deloitte emphasizes that agent autonomy 
generates new classes of risks: unintended actions, 
behavioral instability, lack of transparency, and diffi-
culty of auditing [6].

By the end of 2025, AI agents ceased to be experi-
mental tools and increasingly came to be regarded as 
a form of business process automation. In the Russian 
research landscape, a situation has emerged where sci-
entific studies and applied project results demonstrate 
the possibility of using AI technologies within AI agents 
for business; however, companies are far from always 
able to identify business value and specific processes for 
implementation, nor to assess further prospects and the 

need for IT architecture development. At the time of 
the study, five types of AI agents were being developed 
and deployed by Russian companies: business process 
operator assistant, orchestrator agent (integrator agent), 
analytical agent, customer support agent, and observer 
agent (process monitoring). Analytical AI agents were 
most frequently developed and deployed, followed by 
observer agents, support agents, and business process 
operator assistants. At the same time, SberAnalytics 
experts note that AI assistants and AI agents are already 
used by 39% of Russian companies [7].

In this regard, the following research questions 
arise:

1. Based on what company characteristics can the 
factors influencing the success of AI agent deployment 
be identified?

2. What specific factors affect the deployment of AI 
agents?

The answer to these questions is the company matu-
rity model we developed consisting of five levels: ini-
tial, repeatable, defined, managed, and optimizing. 
For each level, the company characteristics that influ-
ence the identification of individual success factors for 
AI agent deployment are defined.

The proposed maturity model creates a founda-
tion for future research on intra corporate changes and 
business process transformation that affect changes in 
company maturity in the context of AI agent deploy-
ment.

The article is organized as follows. Section 1 presents 
the research methodology. Section 2 describes the pro-
posed company maturity model. Section 3 presents the 
factors influencing the deployment of AI agents.

Maturity model and success factors for the implementation of AI agents in Russian companies	 9
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1. Methodological  
foundations for developing  

the maturity model

To achieve the research goal – developing a matu-
rity model and identifying success factors for AI agent 
deployment – a mixed approach combining qualitative 
and quantitative data collection and analysis methods was 
applied. The choice of this approach is due to the com-
plexity and novelty of the subject area, which requires 
both an indepth understanding of causeandeffect rela-
tionships (qualitative component) and the identification 
of statistical patterns (quantitative component).

The empirical basis of the model consisted of data 
obtained from four complementary sources:

1. Indepth interviews with practitioners. Thirty indepth 
semistructured interviews were conducted with 
heads of AI departments, technical directors, 
and leading specialists from companies in vari-
ous economic sectors. The geography included 
enterprises from any city in the Russian Federa-
tion, and the industry coverage included ten sec-
tors: financial sector, retail, telecommunications, 
IT and development, manufacturing (including 
extractive industry), and educational technology. 
Respondent selection was purposive with the cri-
terion of having experience in deploying AI agents. 
The interview methodology drew on approaches 
described in works on qualitative research in IT 
and innovation. The interview structure covered 13 
key thematic blocks assessing the specifics of work-
ing with AI technologies and their impact on vari-
ous company processes [8].

2. Expert session with representatives of Russian busi-
ness, attended by representatives of large Russian 

companies. The expert session was moderated by 
representatives of the HSE Graduate School of 
Business [8].

3.  Quantitative survey of company representatives 
(106 respondents). Only responses from those 
respondents whose companies already had at 
least one AI agent in industrial operation were 
considered. A significant part of the questions 
was based on a Likert scale, determining the 
respondent’s agreement or disagreement with a 
statement on a scale from 1 (completely disagree) 
to 7 (completely agree). The target audience of 
the survey was representatives of companies with 
more than 100 employees. Only responses from 
respondents belonging to top management or IT 
specialists were considered. To increase repre-
sentativeness, the survey participants were bal-
anced according to the level of digital maturity 
of their enterprises [8].

4.  Additionally, more than 100 literature sources 
reflecting Russian and foreign experience in AI 
agent deployment were analyzed. Particular atten-
tion was paid to corporate publications and stra-
tegic documents of leading technology compa-
nies, including Huawei, Alibaba Group, Tencent, 
Baidu, Meituan, Ant Group, and ByteDance; 
industry reports and analytical materials of inter-
national research and consulting organizations 
such as Cloudera, McKinsey, IBM, Deloitte, 
Gartner, as well as specialized scientific publica-
tions on AI agents.

The qualitative data we obtained made it possible 
to identify deep causeandeffect relationships explain-
ing the success or failure of projects.

	10	 Mikhail Yurievich Lobotsky, Mikhail Mikhailovich Komarov, Evgeny Petrovich Zaramenskikh
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2. Maturity model  
for AI agent deployment

AI primarily performs advisory, predictive, and 
classification functions, supporting but not fully 
replacing managerial tasks [9]. AI can accelerate 
decisionmaking and sometimes skip intermediate 
decision levels, but responsibility for decisions made 
remains with humans [10].

Analysis of deployment practices [8] collected dur-
ing the study confirms that scaling success directly 
depends on the company’s level of digital maturity. 
Based on the described empirical base, a fivelevel 
digital maturity model was developed to help compa-
nies diagnose their current state, identify bottlenecks, 
and formulate a roadmap for deploying agentbased 
AI solutions. The model developed builds on classical 
process maturity approaches [11–13] and is adapted 
to the specifics of AI agents [14–16]. The proposed 
model assesses business readiness for AI agent deploy-
ment according to four key characteristics: techno-
logical readiness (infrastructure and data), organiza-
tional readiness (processes and expertise), managerial 
readiness (strategy and financing), and cultural readi-
ness (acceptance and trust in autonomous systems).

Level 1: Initial.

At this stage, the company is characterized by sin-
gle, often initiativedriven pilot projects with AI agents 
implemented in lowrisk, isolated areas. Systematic 
process management for such initiatives is absent. 
Integration of agents with corporate systems is not 
carried out; expertise is concentrated in the hands of 
individual enthusiasts rather than allocated to a sep-
arate team or competence center. Strategic vision of 
the role of AI agents in the business is lacking, and 

investments are oneoff and unsystematic. The com-
pany culture is characterized by high uncertainty and 
wariness towards autonomous systems.

Level 2: Repeatable.

The company moves to conscious experiments 
with AI agents. At this level, the company already has 
several successful AI agent deployment cases, allow-
ing it to form the first repeatable approaches. Formal-
ized but not yet standardized processes for selecting 
and preevaluating agent creation projects emerge. 
Integration of AI agents with individual corporate 
systems via APIs begins. A team of specialists respon-
sible for developing the direction is formed. Manage-
ment begins to show interest and support initiatives, 
although financing remains sporadic. The company 
begins to develop an understanding of the potential 
value of AI agents.

Level 3: Defined.

The main characteristic of this level is the institu-
tionalization of practices for working with AI agents. 
AI agents begin to be introduced into business pro-
cesses, moving beyond simple experiments. Cor-
porate standards for the development, testing, and 
deployment of AI agents have been approved. Basic 
processes for monitoring the quality of the underly-
ing models and their technical support have been 
established. A competence center or a special unit 
that accumulates expertise in AI agents and dissemi-
nates best practices has been created. A clear strat-
egy and roadmap for AI agent development appear, 
and investments begin to be planned for the medium 
term. Employees are trained to work with AI agents, 
and the level of trust in the technology increases.

Maturity model and success factors for the implementation of AI agents in Russian companies	 11
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Level 4: Managed.

At this stage, the company moves from simple auto-
mation of individual tasks to endtoend process orches-
tration using multiagent AI systems. A key performance 
indicator system has been implemented to assess the 
impact of AI agents on operational and financial busi-
ness indicators. Risk management becomes proactive: 
mechanisms for action control, censoring, full logging, 
and auditing of agent actions have been introduced. 
Successful practices are scaled across all company divi-
sions. AI agents become an integral part of the operat-
ing model, and investments in this area are considered 
strategic. From a corporate culture perspective, the 
company is ready for experimentation and rapid inte-
gration of solutions involving AI agents.

Level 5: Optimizing.

This is the highest maturity level, characterized by 
the company’s transition to a datadriven and auton-
omous systemsdriven model. Business processes 
become adaptive and selfoptimizing through the 
interaction of many specialized AI agents capable of 
selflearning based on accumulated experience, creat-
ing a sustainable competitive advantage that is diffi-
cult to copy. AI agent technology is deeply integrated 
into all aspects of activity – from product develop-
ment to customer and partner interaction. The com-
pany possesses a culture of continuous innovation, 
and employees at all levels have the competencies to 
work effectively in symbiosis with AI agents. At this 
level, AI agents become a driving force of strategy and 
a foundation for forming new business models.

Based on the analysis of Russian company cases and 
survey results, according to this model, the factors that 

influence the deployment of AI agents and their indus-
trial use can be identified.

3. Success factors  
for AI agent deployment

This section examines the identified factors influ-
encing AI agent deployment, based on the interpreta-
tion of respondent surveys using the TURF analysis 
method. The deployment of AI agents also affected 
their development process, considering all develop-
ment stages where large language models can be used. 
Klopper et al. [17] believe that all software develop-
ment projects (including AI agents) go through the 
following life cycle stages: planning, requirements 
analysis, product design and design, coding and code 
review, testing and integration, system support and 
troubleshooting, documentation formation. At each 
stage, large language models can contribute to auto-
mation and increased efficiency [18–21]. Based on 
this approach, factors that also affected the develop-
ment process of AI agents were identified.

3.1. Data  
and integration

Data quality and depth of integration with the cor-
porate IT landscape are the main factors determining 
the success of AI agent deployment and scaling [22]. 
RBC analysts note that data fragmentation and inte-
gration problems are critical issues for Russian com-
panies that have decided to develop and deploy an AI 
agent [23].

The main limitation for most organizations remains 
data incompleteness, difficulty in obtaining it, and 
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low quality. Almost all respondents of the study (81%) 
whose companies managed to deploy AI agents point to 
data quality sufficient for industrial use in AI solutions. 
Conversely, virtually none of the respondents rated data 
quality as low. Companies with low data quality simply 
could not develop an AI agent. Integration with legacy 
systems often becomes a significant problem. Almost all 
respondents whose companies successfully developed 
and deployed AI agents rate the level of information sys-
tem integration as above average.

3.2. Engineering skills  
and development  

platform

The shortage of qualified personnel and immatu-
rity of development tools are among the main factors 
slowing the transition from pilot projects to indus-
trial operation. This is partly compensated by the 
availability of readymade solutions on the market: in 
2025, CNews analysts published the first rating of 
Russian AI agents [24]. It included solutions such 
as GigaARPA (formerly SaluteRPA), Robin RPA, 
Primo RPA, Pix RPA, Sherpa RPA, Puzzle RPA, 
and Lexema RPA.

Russian companies currently experience a sig-
nificant shortage of expertise, forcing businesses to 
frequently involve external vendors for the develop-
ment of agentbased AI solutions – more than half 
of respondents stated this. The shortage of compe-
tencies and qualified personnel in the enterprise is 
strongly felt: more than 70% of respondents noted 
that the company often turns to external developers.

Large players often follow the path of creating 
their own platform solutions. The platform allows 

them to standardize the process of creating agents, 
reusing developed components, and reducing the 
qualification requirements for developers. Major 
Chinese technology companies, such as Tencent, 
are developing specialized platform solutions for 
AI agent development that include a large language 
model, knowledge enhancement through retrieva-
laugmented generation, and support for multiagent 
configurations [25]. In the Alibaba Cloud ecosys-
tem, AI agents are seen as a logical continuation of 
cloud service development, ensuring their scalabil-
ity and ability to integrate into existing corporate IT 
landscapes [26].

Respondents most often indicated three impor-
tant factors when choosing between inhouse devel-
opment: security and compliance; speed of obtain-
ing effect; adaptation to business process specifics. 
An important way to ensure the evolution of a com-
pany’s own engineering practices is the develop-
ment, maintenance, and growth of internal AI and 
ML engineering resources. More than half of the 
organizations that successfully deployed AI agents 
report having such resources.

3.3. Trust in AI agents  
and autonomy control

It can be expected that customers of large companies 
will generally approve of the use of AI agents in busi-
ness processes and services that interact directly with 
the client. As shown by data from the FAVES Com-
munications agency, almost half of Russians trust the 
answers of neural networks in search engines [27, 28].

Russian companies rarely use fully autonomous AI 
agents – more than half (55%) have level 2 (medium 

Maturity model and success factors for the implementation of AI agents in Russian companies	 13
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autonomy), and the total share of agents with high and 
full autonomy is only 33% [8].

In the financial sector and manufacturing, where the 
cost of error is high, AI agents with low autonomy domi-
nate, performing 1–4 simple actions and requiring con-
stant human control. In telecommunications and some 
banking services, AI agents with high autonomy are 
found, capable of independently conducting a dialogue 
or processing requests. However, even in these cases, 
the possibility of human intervention remains. In gen-
eral, full autonomy is practically nonexistent.

One way to manage the level of autonomy of an AI 
agent is to define thresholds for human participation in 
decisionmaking using AI. More than 80% of respond-
ents noted that their companies have clearly defined 
relevant thresholds.

To limit the autonomy of AI agents, companies 
implement special technical means. The practice of 
censoring has become widespread. Additionally, mul-
tilevel verification systems are used, where one AI 
agent acts as a censor for another. It is common to 
run AI agents in isolated container environments with 
a restricted (white) list of allowed commands, which 
excludes the possibility of unauthorized actions.

Complete traceability of agent actions becomes a 
fundamental requirement for agent systems. Russian 
organizations that have deployed AI agents usually 
keep logging in one form or another, and its intensity 
depends on the application area of the AI agents. More 
than a third of respondents stated that logging is of 
paramount importance in their organization.

Interface solutions are used to increase trust in 
agents. Companies implement confidence indicators 
of the AI agent’s response (e.g., probability of accu-

racy), emergency stop and pause buttons, explicit 
notifications that an action is being performed by an 
AI agent rather than a human. In some cases, if the 
model’s confidence in a response is low, the system 
automatically connects a human to the dialogue. Vis-
ualization of the execution process (stages, current 
status) also helps increase transparency and, conse-
quently, user trust.

3.4. Economics  
of deployment and scaling

When assessing the economic efficiency of AI 
agents, foreign enterprises often face difficulties in 
measuring the effect, which often leads to projects 
being stuck at the pilot stage [29]. However, it should 
be clearly understood that the costs of developing and 
deploying AI agents are significant investments in the 
development of key business processes. Experts from 
Yakov and Partners and Yandex note that 78% of sur-
veyed companies observe a real economic effect from 
AI implementation [30].

The vast majority of Russian companies face some 
level of uncertainty, primarily due to the novelty and 
complexity of the technology. Less than a third of 
survey participants confirmed the existence of clearly 
defined and transparent budgets for AI agent devel-
opment and deployment projects.

A success factor is the company’s ability to measure 
not direct cost reduction, but changes in employee 
efficiency. Most Russian enterprises focus on five 
factors when evaluating the effectiveness of AI agents: 
labor cost reduction, revenue growth, reduction in 
error rates and associated costs, reduction of regu-
latory risks, and increase in process throughput. At 
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the same time, businesses most often focus on labor 
cost reduction, and less often on increasing process 
throughput.

The survey shows that project payback periods 
vary significantly. Fast projects (simple automation, 
deployment of readymade solutions) can pay back in 
less than 12 months. Mediumsized projects requiring 
customization and integration take 12–24 months. 
Large infrastructure initiatives associated with creat-
ing proprietary platforms and models have a payback 
horizon of more than 24 months.

Based on the analysis of successful cases [8], sev-
eral factors ensuring positive deployment economics 
were identified:

1)	 clear prioritization of processes with measurable 
effect (accelerating customer journey, reducing 
errors);

2	 use of an iterative approach with rapid launch of 
minimum viable products and subsequent fine-
tuning of underlying models on real data;

3)	 use of readymade platform solutions and open-
source software at the initial stage to reduce 
CAPEX [31];

4)	 building a transparent effect accounting system 
that records both direct savings and indirect ben-
efits (increased customer satisfaction, reduced 
regulatory risks, etc.).

3.5. Process readiness  
and operating model

According to international industry reports, suc-
cessful companies restructure their operating models to 

accommodate the capabilities of agent systems, mov-
ing from linear chains to distributed adaptive schemes 
where agents dynamically allocate tasks depending on 
context [32]. Interviewing and case analysis confirm [8] 
that AI agent deployment most often leads to the need 
to change a business process. Enterprises that have 
succeeded in using AI agents are generally inclined to 
adapt business processes based on deployment results: 
86% of respondents reported this. Experts indirectly 
indicate that restructuring operating models is inevi-
table. If today AI agents are often used as a “second 
hand” of the human executor (i.e., acting under their 
supervision), then in the future AI agents will become 
fullfledged executors [33].

The analysis of industry differences demonstrates 
a direct dependence: the higher the degree of process 
formalization, the more successful the deployment of 
AI agents. The survey shows [8] that Russian com-
panies prefer to use AI agents in clearly defined tasks 
where their application will save enterprise resources: 
every third respondent noted that maximum attention 
is paid to this issue. Organizations strive to identify 
processes in which the use of AI agents creates the 
greatest value.

The transition from a successful pilot to largescale 
deployment requires approved approaches and stand-
ards and is critical because almost always (in 60–85% 
of cases) AI agent development and deployment pro-
jects originate as pilots or limited experiments. At the 
same time, Russian companies strive to ensure a clear 
understanding of the future of AI agents even when 
they are developed as pilot projects: more than half 
of respondents reported having metrics even for pilot 
projects.
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3.6. IT infrastructure  
and operation

Huawei materials emphasize that the implementa-
tion of an agentoriented model is impossible without 
a radical transformation of computing infrastructure, 
including the development of optical, neuromor-
phic, and quantum computing to support millions of 
AI agents [34]. According to Alibaba Cloud technical 
documents, agent systems must be cloudnative, ensur-
ing their scalability and ability to integrate into existing 
corporate IT landscapes without the need to radically 
rebuild IT infrastructure [26].

As some experts note, the share of AI workloads in 
Russian data centers is currently quite low, but in the 
foreseeable future it could account for 30–40% of total 
hardware performance [35]. At the same time, Russian 
manufacturers are already trying to offer readymade solu-
tions for corporate AI, including hardware platforms from 
Yadro, Delta Computers, FPlus, or RStyle [36].

Insufficient IT infrastructure readiness becomes one 
of the key barriers [8]. Companies that failed to ensure 
their own IT infrastructure readiness for AI agent 
deployment almost always turned out to be unable to 
deploy them. More than a quarter of respondents rated 
the degree of readiness as maximum, and about 80% in 
total rated it above average.

Since AI agents gain access to corporate data and can 
initiate actions affecting business processes, IT infra-
structure security becomes a priority. The survey showed 
that 40% of organizations in the past year faced the need 
to disable some functions of an AI agent or roll it back to 
a previous version due to security problems, and 31% of 
organizations experienced security incidents due to AI 
agent actions that required an operational response.

The operation of agent systems requires funda-
mentally different approaches to monitoring com-
pared to algorithmic software. The survey showed 
that almost a third of companies are forced to manu-
ally cancel 5–10% of AI agent actions, and employ-
ees of every tenth enterprise manually cancel more 
than 10% of AI agent actions. This fact makes it 
mandatory to develop tools and implement pro-
cesses that ensure observability and monitoring of 
the AI agents used.

Largescale operation of AI agents requires formal-
ized processes for managing their life cycle. In addition 
to standard life cycle management practices, Russian 
businesses seek to allocate a separate role of a respon-
sible representative of the business unit who decides 
on scaling: 37% of respondents stated that they have a 
clearly allocated formal role.

3.7. Risks, security,  
and regulatory compliance

Regulatory requirements can significantly limit the 
development of AI agents. For example, regulatory 
requirements in healthcare limit the autonomy of AI 
agents, allowing their use only in an assisting mode 
with the final decision remaining with the human [37]. 
In foreign practice, special attention is paid to cyber-
security issues when implementing agent systems: 
international standards require the implementation 
of authentication and audit mechanisms that ensure 
transparency of agent actions [38].

Expert interviews and analytical materials record a 
wide range of risks [8] associated with the operation 
of AI agents: technological, organizational, regula-
tory, and cybersecurity risks. Isolation of AI agents can 
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significantly reduce their impact on business process 
continuity. This makes requirements for ensuring the 
security of AI agent execution critically important. It is 
also recommended to formulate requirements for data 
traceability. 85% of respondents consider the impor-
tance of data traceability above average, with more 
than a quarter considering it critical.

The data obtained indicate that regulatory require-
ments are still not absolutely clear and transparent 
for Russian businesses [39]. However, there is no evi-
dence of strong pressure from the regulator. A substan-
tial proportion of respondents (50%) stated that they 
do not observe significant pressure from regulators or 
standards regarding compliance with requirements in 
the field of AI application.

In addition to technical means, companies build 
organizational control mechanisms. In one bank, for 
example, if vulnerabilities that could create risks for the 
brand are found during testing, the AI agent is recalled 
for revision. More than half of Russian companies that 
have managed to deploy AI agents generally report a 
fairly high degree of implementation of policies for the 
use of agent solutions.

Conclusion

The research we conducted made it possible to 
form a fivelevel maturity model for AI agent deploy-
ment and to identify four types of business readiness: 
technological, organizational, managerial, and cul-
tural.

It has been established that the key success factors 
for AI agent deployment are: quality and availabil-
ity of data; depth of integration with the corporate IT 
landscape; availability of engineering competencies 
and platform solutions; formalized data governance 
policies; technical mechanisms for autonomy control; 
interface trust patterns; and the ability of companies to 
restructure business processes according to the capa-
bilities of agent systems.

It was revealed that full autonomy of AI agents is 
practically nonexistent in Russian practice – hybrid 
operating models with clearly defined human partici-
pation thresholds dominate. The shortage of qualified 
specialists is the main constraint hindering the transi-
tion from pilot projects to industrial operation.

Economic effects from AI agent deployment should 
be assessed not through direct cost reduction, but 
through increased team efficiency. At the same time, 
the payback period for large infrastructure projects 
exceeds 24 months.

The results of the study can be used by Russian com-
panies to diagnose the current level of maturity, select 
priority areas for automation, and formulate roadmaps 
for AI agent deployment. 
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Abstract

The aim of this paper is to substantiate methodological approaches to commercial real estate valuation 
through the integration of heterogeneous data, and to demonstrate their application within the Moscow 
market. A methodology for constructing a multimodal automated valuation model (AVM) is presented, 
built on the integration of structured, geospatial, and semantic data. The study was conducted in the street 
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Introduction

The valuation of commercial real estate has tradition-
ally been regarded as a domain of professional expertise, 
where the appraiser’s judgment and ability to interpret 
heterogeneous information about a property and market 
conditions play a central role. In the street retail seg-
ment-ground-floor commercial units with direct street 
frontage, forming a key part of urban retail infrastruc-

ture and serving as collateral in secured lending – the 
quality requirements are especially demanding. Loca-
tion, pedestrian and vehicle traffic, the physical condi-
tion of the premises, display glazing, and building char-
acteristics all need to be accounted for.

The expansion of digital real estate platforms has 
made large volumes of market data available in prin-
ciple. In practice, however, full access to such data is 
typically restricted to the platforms themselves, and 

retail segment of the Moscow commercial real estate market. Three sequential feature configurations 
were developed: a baseline model, a model extended with geospatial characteristics, and a model further 
augmented with interpretable features extracted from property text descriptions via the GigaChat 
language model. Modeling was performed with CatBoost and LightGBM algorithms. Hyperparameters 
were optimized through cross-validation on the training sample, and final model quality was assessed on 
a held-out test set. Adding geospatial features reduces the mean absolute percentage error by 17–20% for 
both algorithms-a significant reduction. The inclusion of LLM-derived semantic features yields a further 
accuracy gain of 1.6–3.3%. SHAP analysis confirms the dominant role of spatial factors, while qualitative 
property characteristics also contribute meaningfully to model output. The multimodal approach 
delivers higher accuracy and interpretability than conventional single-source models, demonstrating its 
applicability to mass appraisal tasks and its practical value for the banking sector, real estate developers, 
and valuation firms. The theoretical contribution of this work lies in identifying a viable direction for 
the development of valuation methodology in the era of digital data. The approach does not substitute 
for expert judgment. It reinforces it, providing practitioners with a scalable, reproducible, and objective 
analytical instrument that formally incorporates both spatial and semantic context. The results have 
practical relevance for real estate lending institutions, valuation companies, and entities owning or 
managing commercial property portfolios. They are also directly applicable to regional state budgetary 
institutions of the Russian Federation responsible for cadastral valuation, and to Rosreestr (the Federal 
Service for State Registration, Cadaster and Cartography) in its efforts to advance mass property appraisal 
methodology at the national level.

Keywords: street retail, automated real estate valuation, commercial real estate, machine learning, geospatial data, 
large language models, LLM, multimodal data
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obtaining it externally involves considerable cost. 
Under these conditions, traditional manual valuation 
is not only labor-intensive and difficult to scale, but 
also lags behind automated models in processing speed 
and resilience to incomplete or heterogeneous data.

For banks, developers, and property-owning com-
panies, commercial real estate is not merely a one-off 
valuation object, it is a managed portfolio asset. The 
multimodal approach developed in this paper also has 
potential applications in the state cadastral valuation 
system. Under Federal Law No. 237-FZ of July 3, 2016 
on State Cadastral Valuation, and the Methodological 
Guidelines approved by Rosreestr Order No. P/0336 of 
August 4, 2021, cadastral value is determined through 
mass appraisal methods grounded in statistical mod-
eling of value-influencing factors. The methodology 
introduced here integrating geospatial data and text-
derived features extracted via language models, enables 
a more complete account of those factors and improves 
forecast accuracy. This opens the door to its adoption 
by regional state budgetary institutions conducting 
cadastral valuation, as well as by Rosreestr in updating 
its mass appraisal methodological framework.

Value indicators and their drivers feed into a range 
of management decisions, including:

	♦ lending and collateral management;
	♦ portfolio risk profile monitoring and review;
	♦ property acquisition and disposal decisions, portfo-
lio rebalancing;

	♦ justification of lease rates and contract terms;
	♦ investment planning for asset modernization and 
renovation, at both the individual property and port-
folio level.

In this context, automated valuation functions as a 
component of the management loop-one that ensures 
regularity, comparability, and scalability in measur-
ing value and its determinants. This point is explic-
itly noted in professional and supervisory documents 
on the use of automated models and valuation quality 
standards.

It should be noted that commercial real estate valu-
ation is not, in corporate or banking practice, an end in 
itself. It is an element of the management loop, where 
value and value drivers inform decision-making. Pro-
fessional valuation standards explicitly recognize sce-
narios in which automated valuation outputs may be 
used within a report or process, and they emphasize 
that responsibility for the final result and professional 
judgment remain critical, meaning the “expert in the 
loop” is a condition of deployment [1]. Research into 
AVM and machine learning models for commercial 
real estate should therefore be situated within business 
informatics, as a problem of building reliable analytical 
services to support management decisions.

1. Literature review

The traditional methodological foundations of val-
uation practice have long constrained the scalability of 
expert appraisal, limited by specialist resources, proce-
dural costs, and the length of the valuation cycle. This 
becomes particularly acute when portfolios require 
regular monitoring.

Against this backdrop, interest in automated valua-
tion models has grown steadily among practitioners. At 
the European level, the widespread adoption of auto-
mated valuation has already been noted, along with the 
need for standards governing their use: quality con-
trol, governance, transparency, and data integrity. The 
Royal Institution of Chartered Surveyors (RICS) has 
addressed the automation of valuation processes and 
the requirements for their correct application [1]. As 
Darée, Schmidt and co-authors show, commercial real 
estate valuation in the banking sector is a critical com-
ponent of risk management and collateral quality con-
trol; regulatory and supervisory materials emphasize 
the need for current market information and sound 
validation procedures [2].

At the academic level, the literature documents a 
sustained shift from classical regression models toward 
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machine learning algorithms, which handle non-line-
arities and feature interactions more effectively [3–7]. 
Price index construction and individual property val-
uation have received the most theoretical attention 
[3,  4]. The potential of machine learning for more 
comprehensive commercial real estate market moni-
toring is examined by a team from the University of 
Regensburg [5].

Interpretable models have become an important 
research direction. Several studies argue that accuracy 
gains alone are insufficient for adoption in professional 
practice: factor contribution must be explainable, for 
instance, through SHAP or feature attribution meth-
ods, and aligned with the logic of valuation activity and 
risk control [4, 6].

As open and commercial geospatial data sources 
have expanded, along with the tools to process them, 
spatial features have taken on considerable impor-
tance in real estate valuation: accessibility character-
istics, infrastructure density, agglomeration effects, 
and spatial price autocorrelation. Review and meth-
odological studies show that GIS-derived factors 
improve valuation quality and allow formalization 
of what appraisers previously accounted for through 
heuristic judgment [8].

For machine learning models, geospatial data are 
especially valuable. They allow us to take into account 
the heterogeneity of markets and the locational con-
text – a key factor in value – without reducing it to 
crude categorical characteristics. Work by Kuklik, 
Müller, and Beverungen demonstrates the integra-
tion of GIS and deep learning for automated valua-
tion through richer location and neighborhood rep-
resentation [9]. In applied research by Kang, Zhang, 
and co-authors, multi-resource geodata, including 
mobility data, points of interest (POIs), and transport 
accessibility, are used for price estimation and analy-
sis tasks, resulting in improved quality and explain-
ability compared to models based solely on tabular 
object characteristics [10].

Geospatial data integration is thus regarded as one 
of the most productive avenues for improving AVM 
and ML model accuracy, particularly where property 
descriptions are incomplete and the urban environ-
ment is highly heterogeneous.

A separate strand of research addresses hedonic 
models, big data, and contemporary ML approaches 
to real estate valuation. Wei and co-authors trace the 
development of hedonic valuation models in the big 
data era, while Hernes, Tutak, Nadolny, and Mazurek 
examine machine learning applications in valuation 
as a distinct area of applied modeling [11, 12]. These 
studies show that accuracy improvements come not 
only from algorithm selection, but also from expand-
ing the feature space, improving data preparation, and 
framing the prediction task correctly.

More recently, theoretical attention has shifted 
toward the optimization and use of unstructured data 
sources. Such sources attract researchers as a means 
of extracting qualitative features that are poorly rep-
resented in tabular data: finish quality, locational 
“atmosphere,” functional characteristics of the prem-
ises, display glazing, entrance configurations, and so 
on. Text data were long used only as a supplementary 
source, but advances in natural language processing 
have enabled their systematic application to price 
prediction and feature space enrichment [13].

Multimodal models have also developed further, 
combining heterogeneous data sources with attention 
mechanisms for more precise representation of prop-
erty structure and surroundings; this approach is pre-
sented, among others, by Wang P.-Y. and co-authors 
[14]. Recent work by Geerts and co-authors assesses 
the capabilities and limitations of LLMs for real estate 
valuation, emphasizing the importance of data quality 
control, source selection, and interpretability [15].

Within the geospatial field, a separate trend is 
emerging toward multimodal and LLM-oriented “geo-
intelligence” models capable of combining spatial rep-
resentations, texts, and other sources for richer con-
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textual inference [16]. Along with this, the direction 
of multimodal approaches and systems is developing, 
aimed at combining different types of data (tabular fea-
tures, text, geodata, images) in a single architecture. 
A review by Huang, Li, Chen, and Liang argues that 
the gains come primarily from source complementarity 
and sound fusion architecture design [17].

Review studies on real estate price forecasting con-
firm that model quality depends substantially on the 
composition of input data: structured property attri-
butes, spatial context, text descriptions, images, and 
other information sources [18]. Systematic reviews of 
AI and ML approaches (including work by Tékouabou 
and co-authors) also confirm that further progress in 
automated valuation is tied to combining different data 
types, improving model interpretability, and validating 
applicability within real management processes [19].

From a business informatics perspective, what 
matters is not only model construction, but also its 
potential integration into digital services and organ-
izational management loops. Research on digital 
transformation in real estate shows that smart real 
estate development and analytical platforms are asso-
ciated with a shift from one-off valuation procedures 
toward regular monitoring of assets and portfolios 
[20]. Russian-language studies of the real estate mar-
ket also note the promise of machine learning meth-
ods, though limitations remain regarding data avail-
ability, reproducibility, and the integration of results 
into organizational management processes [21–25]. 
Russian research addresses both general problems of 
real estate value modeling and applied tasks involving 
commercial property valuation, artificial intelligence, 
and geo-analytics. At the same time, a scientific and 
practical gap remains in reproducible multimodal 
solutions for commercial real estate on local markets 
that simultaneously satisfy interpretability require-
ments and allow integration into organizational man-
agement processes. The most promising frontier in 
this field lies in translating accumulated theoreti-
cal and practical knowledge into a fully operational 
analytical service capable of supporting management 
decisions under conditions of digital transformation 
in the real estate sector.

2. Methods

The methodology encompasses dataset construc-
tion, stepwise enrichment of the feature space with geo-
spatial characteristics (coordinates and distances) and 
interpretable features extracted from text descriptions 
via the Russian-language GigaChat language model. 
Modeling relies on gradient boosting algorithms (Cat-
Boost and LightGBM), with hyperparameter optimi-
zation on the training sample through cross-validation 
and final quality assessment on a held-out test set.

The experimental logic rests on the sequential 
expansion of the feature space for a commercial real 
estate valuation model in the street retail segment. 
This design allows the contribution of each data type 
to predictive accuracy to be assessed in isolation. Three 
interrelated model configurations are constructed, 
each building on the previous one.

The first configuration (Baseline) includes only 
structured features typically present in property list-
ings: floor area, floor level, intended use, building char-
acteristics, administrative district, and pricing param-
eters. These data constitute the minimum information 
set available without recourse to external sources or 
data enrichment methods.

The second configuration (Baseline + GEO) extends 
the baseline by adding geospatial features. Property 
addresses are geocoded to coordinates, after which 
distance to the city center and distance to the nearest 
metro station are calculated. These variables quantify 
locational effects that appraisers traditionally account 
for in manual valuation but that are rarely formalized 
in tabular data.

The third configuration (Baseline + GEO + LLM) 
supplements the model with interpretable qualitative 
features extracted from text descriptions via a language 
model. Listing texts contain important characteristics –  
ceiling height, display glazing, separate entrance, fin-
ishing details – that are often absent in structured 
form. The language model extracts these parameters 
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systematically and integrates them into the model, 
forming a multimodal feature space. This approach 
reconstructs part of the logic of traditional appraisal 
practice, in which qualitative property characteristics 
carry significant weight.

The full dataset comprises 18,416 street retail prop-
erties located in Moscow and the Moscow region. It 
contains 50 features of varying types, including struc-
tured property attributes, geospatial data, and inter-
pretable LLM-derived features.

A unified gradient boosting framework CatBoost 
and LightGBM is applied across all three configura-
tions. These algorithms handle missing values well, 
capture non-linear feature interactions, and perform 
efficiently on large samples, making them well suited 
to real estate valuation tasks. Hyperparameter optimi-
zation uses automated search procedures that ensure 
stability of results.

Model quality is assessed across several metrics: 
mean absolute percentage error (MAPE), mean abso-
lute error (MAE), root mean square error (RMSE), 
and the coefficient of determination (R²). Using 
multiple metrics allows a comprehensive evaluation 
of predictive accuracy, while statistical tests for paired 
samples provide verification of the significance of 
differences between model configurations.

SHAP value analysis is used for result interpreta-
tion, quantifying each feature’s contribution to the 
value prediction. This ensures model transparency and 
makes it possible to align model behavior with the pro-
fessional logic of valuation practice, where identifying 
value drivers and their influence is a central element of 
expert analysis. Model inputs are:

1.	 Structured property characteristics.

2.	 Geospatial features of the surroundings and 
accessibility.

3.	 Text descriptions, from which additional features 
are extracted automatically.

For reproducibility, unified English-language vari-
able names are used throughout the dataset. The vari-
able price_per_sq_m denotes the unit price of the prop-
erty in RUB/m²; area is the floor area; floor is the story 
on which the property is located; latitude and longitude 
are the property’s geographic coordinates; distance_
to_center_km is the distance to the Moscow city center 
in kilometers. Features extracted from text descriptions 
by the language model carry the prefix llm_: llm_has_
showcase indicates the presence of display glazing, and 
llm_ceiling_height gives the ceiling height extracted 
from the listing description.

The model outputs a predicted unit value or rental 
rate, depending on the task formulation, along with a 
decomposition of factor contributions, interpretable as 
an explanation for quality control and decision-mak-
ing purposes. Explainability through SHAP enables 
identification of key value drivers, assessment of model 
stability, detection of atypical objects and outliers, and 
generation of grounds for management action: revalua-
tion, further review, or correction of input data.

Outlier handling was conducted in two stages. In the 
first stage, following filtering of data to Moscow and 
removal of records with missing values (resulting in  
n = 14,469 observations), the target variable (unit price 
price_per_sq_m) was analyzed. Outliers were identified 
using the interquartile range (IQR) rule: observations 
falling outside the interval

[Q1 − 1.5 ∙ IQR;  Q3 + 1.5 ∙ IQR], 

where Q1 and Q3 are the first and third quartiles and 
IQR = Q3 − Q1, were classified as outliers. 

To eliminate the influence of extreme values while 
preserving sample size, winsorisation was applied: 
values below the lower bound were replaced with the 
lower bound, and values above the upper bound with 
the upper bound.

At the second stage, already within the framework 
of the model-building experiment, a procedure for 
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detecting and removing outliers on the training sample 
was implemented. After splitting the data into training 
(80%) and test (20%) sets, IQR bounds were recalcu-
lated on the training sample’s target variable. Observa-
tions falling outside these bounds were removed from 
the training set only; the test set remained unchanged 
to ensure objective quality assessment. This two-stage 
strategy guarantees that outlier information does not 
leak from the test into the training set, and ensures 
result reproducibility. In this study, winsorisation in 
the first stage eliminated all outliers, so the second 
stage produced no additional removals, but it is fully 
implemented in the code and ready for use with raw 
unprocessed data.

The initial distribution of unit price was right-
skewed, with a skewness coefficient of 0.83 before pro-
cessing. To bring the distribution closer to symmetry 
and improve convergence of the gradient boosting 
models, a logarithmic transformation was applied:

ylog = ln(y), 

where y is the unit price in RUB/m². 

After log-transformation, the skewness coefficient 
fell to −0.23, indicating near-normality. All mod-
els were trained on the log-transformed variable; for 
final metric calculation (MAPE, MAE, RMSE, R²), 
predictions were converted back to the original scale 
via exponentiation.

3. Results

The statistical characteristics of the target variable, 
the unit price of commercial real estate, following data 
filtering for Moscow and removal of records with miss-
ing values (n  =  14,469) are presented in Fig.  1. The 
mean unit value was 298,000 RUB/m², the median 
268,000 RUB/m², and the skewness coefficient 0.83.

Fig. 1. Distribution of unit price (thousand RUB/m²) before winsorisation.
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Within the experiment, an outlier detection pro-
cedure was also implemented: the interquartile range 
(IQR) bounds were calculated exclusively on the train-
ing sample. Figure  2 presents the distribution of unit 
price following the application of winsorisation.

The vertical line in Fig. 2 corresponds to the upper 
IQR bound (659,000 RUB/m²), calculated on the 
training sample during the experiment.

Log-transformation of the target variable further 
reduced distributional skewness (the skewness coeffi-
cient of the log-transformed values was −0.23) which 
contributed to more stable training of the gradient 
boosting models and improved forecast accuracy.

The filtered subsample of 14,469 observations was 
used for machine learning model construction. This 
filtering was necessary to ensure homogeneity of mar-
ket conditions, comparability of properties, and cor-
rectness of the geospatial analysis. This subsample was 
used for all subsequent steps: training and test set for-
mation, metric calculation, and SHAP analysis.

To test the research hypotheses, three model con-
figurations were estimated: the baseline (Baseline), a 
configuration extended with geospatial features (Base-
line  +  GEO), and the full multimodal configuration 
(Baseline + GEO + LLM). All models were trained on 
the same sample using CatBoost and LightGBM algo-
rithms. Results are presented in Table 1.

Comparison across model configurations shows 
a consistent improvement in predictive quality as 
the feature space expands. The addition of geospa-
tial features produces the most substantial reduction 
in error: for CatBoost, the improvement amounts 
to 4.38 percentage points of MAPE (approximately 
17.3%), and for LightGBM, 5.02 percentage points 
(approximately 20.1%). This is confirmed by the R² 
values presented in Fig. 3, which reflect a clear gain 
in explanatory power following the inclusion of loca-
tional factors. This part of the experiment fully sup-
ports the hypothesis regarding the significance of 
spatial context for street retail valuation, and is con-
sistent with the SHAP analysis, in which features 

Fig. 2. Distribution of unit price (thousand RUB/m²) after winsorisation.
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Fig. 3. MAPE and R² for CatBoost and LightGBM across three feature configurations.

Table 1.
Prediction accuracy metrics for three feature configurations

Feature set Algorithm MAPE. % MAE. RUB R²

Baseline CatBoost 25.28 66717 0.6024

Baseline LightGBM 24.99 64536 0.6433

Baseline + GEO CatBoost 20.90 55372 0.7135

Baseline + GEO LightGBM 19.97 51815 0.7409

Baseline + GEO + LLM CatBoost 20.57 54665 0.7261

Baseline + GEO + LLM LightGBM 19.32 50271 0.7615

related to distance to the city center and geographic 
coordinates occupy leading positions.

The addition of interpretable text-derived features 
extracted by the language model yields a moderate 
but consistent improvement in model quality: MAPE 
decreases by 0.33 percentage points for CatBoost and 

by 0.65 percentage points for LightGBM, correspond-
ing to a relative improvement of 1.6–3.3%. Despite 
the smaller magnitude compared to the geospatial 
features, the effect remains statistically significant 
according to both the paired t-test and the Wilcoxon 
test (p  <  0.05). These results indicate that semantic 
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property characteristics, reflecting functional quality, 
carry additional information not available in tabular 
data.

Factor influence was interpreted through SHAP 
analysis applied to both final models. The feature 
importance ranking for LightGBM (Fig. 4) confirms 
the dominant role of geospatial variables: distance_
to_center_km (distance to the Moscow city center in 
kilometers), longitude, and latitude. These features 
form the core of the model and capture the effect 
of spatial position on property value. Structural fea-
tures, namely area (the area of the facility) and floor 
(the floor of the object location), retain stable influ-
ence consistent with classical valuation approaches. 
Of particular interest is the position of the LLM-
derived features: llm_has_showcase (presence of dis-
play glazing) and llm_ceiling_height (ceiling height 
extracted from the listing text) rank 8th and 9th in the 

importance ranking, confirming their contribution to 
the final predictions.

The same importance structure is observed in the 
CatBoost model (Fig. 5), which underlines the stability 
of the findings regardless of the algorithm used.

The experimental results thus demonstrate that 
geospatial data provide the most significant gain in 
both predictive accuracy and explanatory power, 
while the integration of LLM-derived features allows 
further improvement by capturing qualitative property 
characteristics absent from the original data structure. 
The best results are obtained for LightGBM with the 
full feature set, making this multimodal configuration 
the preferred choice for practical automated valuation 
tasks in the street retail segment.

For visual assessment of prediction quality, Fig.  6 
presents a scatter plot of actual versus predicted unit 

Fig. 4. Distribution of feature importance (SHAP values) for LightGBM (Optimized).
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Fig. 5. Top 15 most important features for the optimized CatBoost model  
(Baseline features, Geospatial features, LLM-derived features).

price values on the test sample for the best-performing 
model, LightGBM with the full feature set after hyper-
parameter optimization. The majority of points clus-
ter along the line of perfect prediction, indicating high 
model accuracy. Deviations from the line increase at 
higher price levels, which is typical of models trained 
on a log-transformed target variable. The MAPE and 
R² values shown on the plot confirm the effectiveness 
of the approach.

4. Discussion

The results demonstrate that a multimodal data-
set fundamentally changes both the quality and the 
internal structure of a commercial real estate valua-
tion model. Geospatial features contribute the most 
to accuracy gains, confirming the role of location as 
a foundational determinant in classical valuation the-
ory. Formally incorporating distance to the city center, 
geographic coordinates, and other spatial variables 
translates the intuitive, practice-based knowledge of 
appraisers into a reproducible quantitative format. 

The substantial reduction in error following the addi-
tion of geospatial features (17–20% depending on the 
algorithm) indicates that spatial context is the primary 
determinant of market value in a large metropolitan 
area with a pronounced polycentric structure.

Augmenting the model with interpretable semantic 
features extracted from text descriptions via GigaChat 
yields a further accuracy gain, albeit of smaller mag-
nitude than the geospatial contribution. This is logi-
cal: qualitative property characteristics (ceiling height, 
display glazing, entrance configurations) are genuinely 
priced by the market, but their influence is less univer-
sal than that of spatial position. Listing texts contain 
latent structured information that appraisers have tra-
ditionally analyzed manually; it is now accessible for 
automatic integration into the model.

One interesting observation concerns the direction 
of SHAP values for certain semantic features, display 
glazing, in particular. This may reflect sample-specific 
patterns: glazed shopfronts are often associated with 
peripheral locations, retail galleries, or everyday con-
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venience retail, which can reduce their effect on unit 
value. This finding highlights the importance of con-
textual interpretation and illustrates that the multi-
modal model does not replace the expert, but rather 
requires expert involvement in analyzing factors tied to 
qualitative property characteristics.

The feature importance structure confirms the 
coherence of the three data types. The configuration 
reflects the economic logic of street retail pricing: value 
is determined by a combination of factors in which spa-
tial context dominates, while qualitative characteristics 
amplify or attenuate the baseline effect.

A common objection to machine learning in valu-
ation practice concerns the reproducibility of results 
and their compliance with federal valuation standards 
(FSO). In this study, particular attention was paid to 
reproducibility: a fixed random seed (SEED  =  42) 
was used throughout all experiments, guaranteeing 
identical sample splits when calculations are repeated. 
Algorithm parameters (number of iterations, tree 
depth, learning rate, and others) are documented in the 
text and can be directly replicated by other researchers. 
The use of cross-validation with a fixed split further 
supports the stability and repeatability of estimates.

Fig. 6. Comparison of actual and predicted unit price values on the test set for the LightGBM model  
with the full feature set after hyperparameter optimization.
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It is important to stress that the approach does not 
contradict traditional expert valuation, it complements 
it. The role of professional judgment remains cen-
tral; automation merely formalizes the treatment of a 
large number of factors, including geospatial and tex-
tual ones. Current standards (FSO No. 7, for instance) 
permit the use of mathematical models provided their 
validity is justified and adequacy verified. The develop-
ment of machine learning methods will, in time, lead 
to refinement of the regulatory framework, and this 
paper demonstrates one viable path toward that devel-
opment, contributing to greater accuracy and objectiv-
ity in commercial real estate valuation.

It should also be noted that the valuation commu-
nity currently faces resource constraints in adopting 
modern analytical tools. However, the accumulation of 
open data, the availability of computational environ-
ments, and the emergence of accessible software inter-
faces are gradually lowering this barrier. The meth-
odology presented here can serve as a foundation for 
developing accessible valuation support services that 
do not require deep programming expertise from the 
practitioner.

Conclusion

The inclusion of geospatial features produces a 
significant (p  <  0.05) reduction in mean absolute 
percentage error (MAPE) of 17.3% for CatBoost 
and 20.1% for LightGBM relative to the base-
line model. The integration of LLM-derived fea-
tures (ceiling height and display glazing) yields a 
further significant accuracy improvement of 1.6% 
and 3.3% respectively. The best overall result was 
achieved by the multimodal LightGBM model 

(MAPE  =  19.32%, R²  =  0.7615). The multimodal 
methodology, combining tabular, geospatial, and 
text-derived features, delivers a substantial gain 
in both accuracy and reproducibility, formalizing 
and automating the treatment of factors that have 
traditionally remained within the domain of expert 
judgment. SHAP analysis confirms the dominant role 
of spatial factors and the meaningful contribution of 
qualitative property characteristics.

The experimental results, obtained on a represent-
ative Moscow sample, support the following conclu-
sions: spatial context is the primary driver of value; text 
data contain latent semantic information that is mean-
ingful for valuation; and the multimodal approach is 
effective.

Directions for future research include extending the 
multimodal framework through the incorporation of 
new data types (facade imagery, for instance), more 
detailed analysis of transport and pedestrian acces-
sibility, and adaptation of the methodology to the 
residential segment, alongside further work on LLM 
validation and calibration for property attractiveness 
assessment and valuation tasks.

The approach also has potential for adaptation to 
state cadastral valuation. Its application would improve 
the objectivity and economic soundness of cadastral 
values for commercial real estate, in line with the mass 
appraisal quality requirements established by Russian 
legislation.

An important avenue for future work is the inte-
gration of official real estate transaction data, access 
to which is expanding under state open data policy. 
This would improve model accuracy, in particular 
by accounting for negotiation discounts, and provide 
more reliable validation of mass appraisal results. 
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Introduction

In the context of an increasing volume of data 
in the external environment and an increase in 
the pace of digital technology development, the 

digital transformation of organizations is becoming 
an ongoing process, and effective knowledge man-
agement is gaining the status of a strategic asset [1]. 
For organizations whose activities are based on intel-
lectual capital, and, in particular, for consulting com-

panies, knowledge is the main production resource 
and object of commercialization to achieve goals and 
ensure business sustainability [2, 3]. However, accord-
ing to a number of studies, the period of obsolescence 
of knowledge has halved over the past ten years [4, 5]. 
Sanctions restrictions, the departure of large foreign 
organizations and vendors of digital solutions after 
2022 also had a significant impact on the processes of 
digital transformation and knowledge management in 
the specifics of the Russian economy [6].
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Given the high dynamics of changes in the exter-
nal environment, the SECI model [7], the process 
approach [8], the resource theory of the firm [9] and 
the theory of organizational learning [10,  11], which 
underlie traditional approaches to knowledge manage-
ment of an organization, are losing their effectiveness. 
Integrated approaches to knowledge management are 
coming into demand [12]; methods for identifying and 
eliminating barriers to knowledge formalization [13], 
and the role of intellectual capital are increasing [14] 
in the context of the needs of regular digital business 
transformation.

The model of digital maturity [15] and research on 
the integration of technologies into knowledge man-
agement processes [4, 16–18] represent a broad theo-
retical basis; however, knowledge management mod-
els that integrate technological, process and cultural 
aspects into a single architecture adapted to the condi-
tions of digital business transformation remain insuf-
ficiently disclosed in literary sources [19, 20]. One of 
the key factors remains the ambiguity of evaluating the 
effectiveness of knowledge management and empirical 
verification of their compliance with the current busi-
ness context. Formulas and indicators used for evalu-
ation do not take into account the business metrics of 
the operational activities of organizations [21]. This 
study is aimed at a comprehensive study of the activi-
ties of organizations with a high degree of dependence 
on intellectual capital – consulting companies in the 
field of knowledge management in the process of digi-
tal business transformation.

The aim of the work is to develop and empirically 
verify the provisions of a conceptual knowledge man-
agement model using the example of consulting com-
panies. To achieve this goal, a multi-layered conceptual 
model architecture based on the knowledge lifecycle 
was developed. A structured set of performance assess-
ment metrics was developed that integrates business 
indicators, and empirical verification of the provisions 
was carried out using the example of consulting com-
panies by analyzing employee survey data.

1. Theoretical foundation  
and review of literature

1.1. Knowledge Management  
in the context of consulting companies

Consulting companies are organizations with a high 
intensity of knowledge use, where intellectual capital 
has three dimensions: human (personnel), organiza-
tional and social (client) [1]. Knowledge is a collec-
tion of data, experience, methods, and strategies used 
to analyze, diagnose, and solve clients’ business prob-
lems [3]. Business services (strategic recommenda-
tions, methodologies, roadmaps, diagnostic reports, 
digital solutions) are materialized knowledge in vari-
ous forms [2].

The specifics of knowledge management in consult-
ing are characterized by five key properties: dynamism, 
contextuality, social nature, difficulty of formaliza-
tion, and combinativity [13,  22]. Traditional knowl-
edge management strategies do not meet the current 
challenges of digital business transformation in the 
context of consulting companies. The SECI model [7] 
has substantiated the mechanisms of transformation of 
explicit and implicit knowledge. However, it assumes 
the stability of the organizational context and the con-
tinuity of the spiral of knowledge, which does not cor-
respond to the project structure of consulting activities. 
The process approach [8] defined knowledge as a set of 
experiences, values, and contextual information, but 
the authors did not propose automation mechanisms 
with the exponential growth of data volumes and the 
development of digital technologies. Resource theory 
[9] justified the strategic value of knowledge, but did 
not take into account the shortening of its life cycle and 
the need for updating.

Digital business transformation has become one 
of the key aspects of Russian consulting companies’ 
activities as a result of the departure of international 
firms and the loss of access to global network resources 
after 2022. The Russian divisions were reorganized 
into independent organizations and faced the need to 
form their own approaches to knowledge management 
and the organization of operational processes.
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Another important aspect was the phenomenon of 
widening the knowledge gap: The speed of the emer-
gence of new information, technologies and expertise in 
the external environment exceeds the ability of organi-
zations to collect and use this data. The loss of access 
to global knowledge systems has created a unique need 
for the Russian market for evidence-based approaches 
to building its own knowledge management systems 
using the advantages of digital technologies.

1.2. Interrelation  
of digital transformation  

and knowledge management processes

Digital transformation is not only the introduction 
of technology, but also a fundamental change in the 
business model, processes and culture of an organiza-
tion through the use of technological solutions to cre-
ate new value [4].

Knowledge is an important resource in the process 
of implementing digital business transformation, as 
it creates limitations for choosing a particular digi-
tal solution or, conversely, expands the possibilities 
for making changes in processes and system integra-
tion [10]. Given the regular updating of technologi-
cal tools and the emergence of new solutions, the 
development of knowledge management models and 
methods is essential to ensure long-term competitive 
advantage [23].

In the process of digital business transforma-
tion, knowledge can not only be a resource, but 
also an object of change [10]. Digital technologies 
are also transforming the ways in which organiza-
tional knowledge is created, stored, transmitted, and 
applied [4]. Empirical studies demonstrate a direct 
link between the effectiveness of knowledge man-
agement and the results of digital transformation: 
organizations with advanced knowledge manage-
ment practices achieve higher success rates of trans-
formational initiatives [24].

Knowledge management reduces the risks of digital 
transformation through the systematization of expe-
rience and the creation of an institutional database 

[25]. Documented results of unsuccessful implemen-
tations and lessons learned make it possible to avoid 
repeating mistakes, which is especially important 
in consulting companies, where reputational losses 
from unsuccessful projects can be significant [26]. 
Knowledge management accelerates adaptation to 
technological change through the creation of learn-
ing resources and expert communities. Organizations 
with formalized knowledge transfer processes reduce 
the time needed to master new technologies [24]. 
In the context of consulting companies, this means 
faster integration of new methodologies and tools into 
project work [26].

1.3. The author’s classification  
of knowledge

Traditional typologies do not take into account the 
time factor of knowledge: the period of its relevance, 
the rate of obsolescence and the time required for mas-
tering, which today is one of the key factors for work-
ing with information and justifying the need for invest-
ments in the development of a knowledge management 
system [27]. The project-oriented nature of consulting 
activity creates unique characteristics of knowledge: 
transience (knowledge is created for a specific project 
and may not be relevant after), uniqueness (each pro-
ject requires a specific combination of knowledge) and 
fragmentation (knowledge is divided between consult-
ants, clients, documents) [28]. Another aspect is the 
lack of a criterion for automating knowledge, since with 
the advent of new technologies it becomes important to 
distinguish between types of knowledge as far as their 
digitization and automation are possible [29]. Existing 
typologies do not provide clear criteria for determining 
the strategic value of different types of knowledge [27].

The author’s classification presented in Table 1 sug-
gests a division into three types of knowledge, depend-
ing on the source of their formation: project knowledge 
(experience, lessons learned, problem solving) arises 
in the course of operational activities, is characterized 
by high contextuality and requires adaptation during 
reuse: research knowledge (industry reviews, bench-
marks, trends) resulting from systematic research and 
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expertise with versatility, but subject to rapid obsoles-
cence (intuition, pattern recognition, strategic think-
ing), represent the implicit knowledge of specialists 
and are highly valuable with considerable complexity 
of extraction and formalization.

Knowledge is classified according to the degree of 
codification, which determines the priority and depth 
of its automation. Knowledge of high codification 
(methodologies, checklists, templates, best practices) 
is formalized with the least expenditure of resources 
and constitutes the first wave of automation. Knowl-
edge of medium codification (analytical frameworks, 
diagnostic models) requires hybrid approaches com-
bining digital tools and expert participation, and 
belongs to the second wave of automation. Knowledge 
of low codification (creativity, empathy, political sen-
sitivity) remains with employees, and digital technolo-
gies support them, but do not replace them.

The strategic importance of knowledge determines 
the choice of management strategy. Key knowledge 
(unique methodologies, proprietary frameworks) cre-
ates a competitive advantage for the company and 
requires a protection strategy. Providing knowledge 
(standards, methodologies) is necessary for opera-
tional activities, but they are not unique, so automation 
and cost reduction are the priority for their manage-

ment. Commodity knowledge (basic industry infor-
mation, public statistics) is publicly available on the 
market; their optimal strategy is outsourcing and using 
external sources.

2. A conceptual model  
for knowledge management

The typology of knowledge presented in Table 1 cor-
relates with the life cycle of knowledge and is the basis 
for a multi-layered conceptual model. The life cycle 
of knowledge is a sequence of interrelated stages, each 
of which is characterized by a specific state and spe-
cific management mechanisms in the context of digital 
transformation (Table 2).

At the creation stage, knowledge is formed as a 
result of project activities, research, or expert experi-
ence and is in a draft state that requires initial fixation. 
The verification stage ensures the validation and veri-
fication of the created knowledge, as a result of which 
it acquires the status of confirmed and becomes suit-
able for organizational use. At the publication stage, 
knowledge is placed in corporate knowledge manage-
ment systems and becomes active, ensuring accessibil-
ity for employees. The stage of use involves the practi-

Table 1.
The author’s classification of knowledge

By origin On the potential of digitalization By strategic value

Project knowledge High codification Key knowledge

Research knowledge Average codification Providing knowledge

Expert knowledge Low codification Commodity knowledge

Table 2.
Stages of the knowledge life cycle

Stages Creation Check Publication Using Update Archiving

State of knowledge Draft Confirmed Actively Feedback Update Obsolescence
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cal application of knowledge in project and operational 
activities, while the feedback mechanism from users 
allows you to evaluate the relevance, completeness 
and applicability of knowledge. At the stage of updat-
ing, knowledge is updated based on feedback received, 
changes in the external environment, or accumulated 
new experience, which ensures that its value is main-
tained in a rapidly changing technological landscape. 
The final stage of archiving puts outdated knowledge 
into an archived state, preserving it for historical refer-
ence, but removing it from active circulation.

The conceptual model takes into account the theo-
retical provisions presented in paragraphs 1.1 and 1.3 
and is based on eight interrelated principles that define 
the philosophy of knowledge management in the con-
text of digital business transformation: knowledge 
is a strategic asset of the organization. The purpose 
of knowledge management is to influence business 
results. Technology is considered as a factor of effec-
tive knowledge management. Knowledge management 
is conducted taking into account the user’s context and 
the task being solved, which increases the relevance 
and applicability of the information provided. Knowl-
edge management is an ongoing process. A person 
(employee) in the management circuit is a key figure 
defining the boundaries of automation. Cultural trans-

formation and knowledge exchange are important con-
ditions for the success of the entire system. Embedding 
knowledge management in the daily work processes of 
the organization eliminates its isolation.

The model is a multi-layered structure, where each 
layer performs a specific function, and their integration 
provides a synergistic effect. The architecture includes 
five main layers and three supporting systems, as shown 
in Table 3.

The core basis of the conceptual model is the strate-
gic layer, within which the management of the organi-
zation sets the directions and priorities for the devel-
opment of knowledge management, defines the most 
significant domains of knowledge and sets metrics 
and indicators for evaluating results and effectiveness. 
The content layer reveals the organization’s opera-
tional management and knowledge updating activities, 
including the creation of templates, standards, and a 
knowledge base. The roles and responsibilities of par-
ticipants in the management process at all stages of the 
knowledge lifecycle are defined within the framework 
of the process layer, which ensures the implementation 
of knowledge management processes. An important 
element is also the technological layer, which allows 
you to create a digital infrastructure, including appli-
cations, services, systems and platforms for knowl-

Table 3.
A multi-layered architectural framework for the conceptual model  
of knowledge management in the context of digital transformation

The block of the conceptual model Name

Layer 1 Strategic

Layer 2 Content-based

Layer 3 Process-based

Layer 4 Technological

Layer 5 Cultural

Supporting system 1 Metrics and measurements

Supporting system 2 Feedback and improvement

Supporting system 3 Adapting to digital transformation
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edge management. The cultural layer forms an organ-
izational environment that supports the creation and 
exchange of knowledge through a culture of openness, 
a motivation system, leadership of managers.

The model includes three supporting systems. The 
metrics and measurement system provide an assess-
ment of the effectiveness of processes and the entire 
knowledge management system for making managerial 
decisions. The feedback system implements a cycle of 
continuous improvement (collecting feedback, ana-
lyzing usage patterns, prioritizing and implementing 
improvements), linking all layers of the architecture. 
The digital transformation adaptation system ensures 
the evolution of knowledge management through mon-
itoring technological trends, assessing the maturity of 
the organization, a roadmap for the development of 
the technological stack and change management.

The interaction between the layers of the model 
takes place on the principle of cyclical vertical inte-
gration, where the strategic layer determines priori-
ties and targets, which are translated into content pol-
icy and further formalizes the procedure for working 
with them within the process layer, the technological 
layer provides automation and scalability of these pro-
cesses, and the cultural layer provides motivation and 
employee engagement.

Feedback comes from the bottom up: cultural barri-
ers signal the need for changes in processes and tech-
nologies, which in turn stimulates the transforma-
tion of content and strategies for working with it. The 
model is a closed loop in which each layer is both a 
consumer of the results of adjacent layers and a data 
provider for them.

The implementation mechanisms of each layer are 
revealed in accordance with the stages of the knowl-
edge life cycle. Thus, the strategic layer is defined 
through critical domains of knowledge related to busi-
ness results; the Content layer is defined through tax-
onomy, quality standards, metadata, database struc-
tures and relevance. The process layer is characterized 
by formal knowledge management procedures and the 
allocation of roles in this process. The technology layer 
includes specific digital solutions within the architec-

ture of the entire organization. Cultural is a system of 
motivation and engagement.

3. Metrics for evaluating  
the effectiveness of knowledge management

3.1. Principles of formation  
of performance assessment metrics

Taking into account the limitations of traditional 
approaches to measuring the effectiveness of knowl-
edge management, an author’s system of metrics has 
been developed based on five key principles that pro-
vide a comprehensive assessment of the impact of 
knowledge management on organizational effective-
ness. The life cycle model presented in Table 2 is the 
basis for the formation of the author’s system of met-
rics for evaluating the effectiveness of knowledge man-
agement, since each level of metrics (input, process, 
and outcome) directly correlates with the stages of the 
life cycle of knowledge and complements the opera-
tional results of an organization in the context of busi-
ness results characteristics.

The proposed metric system differs from tradi-
tional approaches to assessing knowledge management 
in that it is designed taking into account the specifics 
of digital business transformation: the resulting met-
rics (project efficiency gains, return on investment in 
knowledge management) measure a specific contribu-
tion to achieving digital transformation goals: acceler-
ating the implementation of digital solutions, reducing 
employee adaptation time to new technologies, and 
improving the quality of analytical services through the 
use of the accumulated knowledge base. This provides 
a direct link between investments in the knowledge 
management system and the results of the organiza-
tion’s digital transformation program.

3.2. Input metrics

Input metrics measure the resources and activities of 
knowledge management, and characterize how effec-
tively an organization captures, codifies, and structures 
knowledge.
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These metrics are indicators of data quality for 
knowledge management systems and determine the 
potential of subsequent value creation processes.

Metric 1.1. Knowledge Capture Coefficient: meas-
ures the proportion of projects for which an organiza-
tion has successfully codified and documented results, 
new knowledge, and key project expertise, and is cal-
culated using the following formula (1). Target Value: 
80% (assuming that not all projects produce significant 
lessons that require documentation).

      	 (1)

Metric 1.2. Knowledge Codification Rate: Meas-
ures the average time required to convert project expe-
rience into available codified knowledge in a knowl-
edge management system, and is calculated using the 
following formula (2). Target value: less than 14 days 
(operational codification is crucial because delays 
lead to loss of detail and reduced relevance of infor-
mation).

      	 (2)

Metric 1.3. Knowledge Completeness Index: 
assesses the extent to which critical knowledge areas 
are covered by relevant and structured documenta-
tion. These knowledge areas represent all the organi-
zation’s knowledge, structured according to their core 
content (industry reports, analytics, digital solutions, 
and approaches and methodologies). The index is cal-
culated using formula (3). Target value: above 90%. 
Achieving a knowledge completion rate close to this 
target value enables employees to access relevant infor-
mation and apply it in their work.

   	 (3)

Collectively, the input metrics (metrics of resources 
and activities) reflect the completeness and content of the 
organization’s knowledge and provide an opportunity 
to evaluate the effectiveness of the company’s processes 
for obtaining and structuring incoming knowledge. 
The metrics described above are interrelated –  
the target coefficient of knowledge capture cannot be 
achieved without a high rate of knowledge codifica-
tion, which potentially leads to the obsolescence of 
knowledge. In turn, the high rate of knowledge codifi-
cation without achieving the target index of knowledge 
completeness does not allow for full coverage of the 
organization’s needs for relevant knowledge. A high 
knowledge completeness index without meeting the 
target values of the knowledge capture coefficient leads 
to a decrease in the relevance of knowledge. The opti-
mal configuration assumes simultaneous achievement 
of target values for all three metrics, which indicates 
mature processes of knowledge capture, codification 
and management in general.

3.3. Process metrics

Process metrics measure the effectiveness of knowl-
edge management processes and reflect how quickly, 
efficiently, and effectively an organization provides 
access to knowledge, maintains its quality, and ensures 
its dissemination.

Metric 2.1. Knowledge Accessibility Indicator: 
evaluates how easily employees can find the necessary 
knowledge (4):

             .	 (4)

The metric is defined as the number of successful 
searches divided by the total number of queries and 
multiplied by 100%. Target value: above 80% (“suc-
cessful search” refers to the fact that the user has found 
information and there is no repeat query on the same 
topic within 5 minutes).

The search time score is a normalized estimate 
based on the average time spent searching for informa-

Development of a conceptual model and metrics for evaluating the effectiveness of knowledge management in the process of digital business transformation using the example of consulting companies	 45



BUSINESS INFORMATICS        Vol. 20        No. 2        2026

tion (less than 5 minutes = 100 points, 5–15 minutes =  
70 points, 15–30 minutes = 40 points, more than  
30 minutes = 0 points).

Discoverability of knowledge is defined as the ratio 
of the number of documents found at least once dur-
ing a period to the total number of documents in the 
system. Target value: above 60% (it is assumed that up 
to 40% of documents may be rarely required due to the 
specifics of the data).

Metric 2.2. Knowledge Quality Index, allows for the 
evaluation of an organization’s knowledge across sev-
eral dimensions (completeness, accuracy, relevance, 
and applicability). The calculation formula for this 
metric (5):

     	 (5)

The completeness of knowledge is characterized by 
the number of documents that contain the following 
content: problem, solution, results. The indicator is 
calculated by manually sampling or completely check-
ing the structure of documents multiplied by the signif-
icance factor within the index (0.25). The target value 
is above 80%. Accuracy is the number of documents 
that do not contain errors or outdated information. 
The measurement is carried out by regularly checking 
the relevance of the data, periodic expert validation 
and user feedback multiplied by the significance factor 
within the index (0.30). The target value is above 90%. 
Relevance is measured by the user’s assessment of doc-
uments in the knowledge base (on a 5-point scale, doc-
uments with a rating of 4 or higher are considered rel-
evant) multiplied by the significance coefficient within 
the index (0.25). Target value: above 75%. Applicabil-
ity describes the percentage of documents that can be 
used without modification or with minimal adaptation. 
It is measured based on a user survey of practical appli-
cations multiplied by the significance factor within the 
index (0.20). Target value: above 65%.

Metric 2.3. Speed of Knowledge Dissemination: 
this metric measures the average time taken from the 
publication of new knowledge within the system until 

its first practical implementation by employees. It is 
calculated using formula (6).

                       .	 (6)

Tracking through the knowledge management sys-
tem (automatic recording of the use of documents in 
projects) and conducting employee surveys on the 
application of specific knowledge. Target value: less 
than 30 days for common knowledge, less than 7 days 
for high-priority knowledge (legislative changes, criti-
cal methodologies, strategically significant expertise).

Process metrics collectively diagnose the effective-
ness of a knowledge management system. A high index 
of accessibility of knowledge without a sufficient Index 
of Knowledge Quality means easy access to low–quality 
information; high quality without accessibility means 
knowledge is inaccessible to the user; accessibility and 
quality without the Speed of knowledge dissemination 
led to underutilization of valuable expertise. The opti-
mal configuration assumes that the target values for all 
three metrics are achieved simultaneously.

3.4. Metrics of results

They measure the real impact of knowledge man-
agement on the organization’s key business results: 
project effectiveness, commercial success, staff devel-
opment, and financial return on investments in man-
agement systems. These metrics answer the question: 
Does knowledge management create measurable busi-
ness value?

Metric 3.1. Knowledge Reuse Coefficient: meas-
ures the proportion of projects in which teams have 
reused existing knowledge, methodologies, solutions, 
or expertise from the corporate knowledge base and 
is calculated using the formula 8. It is measured by 
conducting structured surveys at the end of projects 
and automatically tracking the use of documents and 
methodologies through a project-specific knowledge 
management system. Target value: above 60%. Not 
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all projects are reusable (innovative projects, unique 
cases), but most should benefit from existing expertise.

            	 (8)

Metric 3.2. Competence Achievement Time: meas-
ures the average time required for new employees to 
achieve the required level of professional competence 
and the ability to work independently on projects, and 
is calculated using the formula (9). It is measured on 
the basis of performance assessment and managers’ 
assessment of the employee’s readiness for independ-
ent work. Target value for consultants – 6 months, for 
managers – 3 months.

        	 (9)

Metric 3.3. Coefficient of Winning Projects using 
Knowledge (a specific metric for the consulting indus-
try): measures the differential impact of using the 
corporate knowledge base in the preparation of com-
mercial proposals on the percentage of tenders won, 
calculated using the formula (10). The measurement 
methodology involves tracking the use of the knowl-
edge base in the preparation of commercial proposals 
and comparing the percentage of winnings between 
groups of proposals with and without the use of cor-
porate knowledge. The use of proven methodologies, 
approaches, and relevant expertise improves the qual-
ity of customer offerings. The expected effect of using 
knowledge is an increase of 12–15 percentage points.

      	
(10)

Metric 3.4. Project Efficiency Gain: allows you to 
estimate the time that can be saved by reusing previ-
ously created or acquired knowledge relative to the 
total project time (11):

               	 (11)

The indicator is calculated by conducting structured 
surveys of project teams upon completion of projects 
and comparing the actual time with the results of simi-
lar projects without reusing knowledge. The target 
time savings range from 15% to 25%. The monetiza-
tion of the effect can be calculated as the product of the 
PEG values, the average hourly rate and the number of 
projects.

Metric 3.5. Return on Investment in Knowledge 
Management (integral metric of financial efficiency 
of knowledge Management): measures the financial 
return on investments in knowledge management sys-
tems and processes by comparing the total value cre-
ated with the total investment and is calculated using 
the following formula (12):

    	
(12)

The components of the total value created are 
defined as follows:

	♦ Time savings, calculated as PEG × Hourly rate × 
Number of hours);

	♦ Increased tender winnings, calculated as CWPK × 
Average project cost × Number of offers);

	♦ Acceleration of onboarding of new employees, cal-
culated as Reduction of CAT × Cost of training per 
employee);

	♦ Duplication prevention, calculated as KAI × The cost 
of re-developing solutions).

The components of the overall investment include 
the cost of a knowledge management platform (licenses, 
infrastructure, support), personnel costs (knowledge 
management team, content curators), training costs 
(trainings on using the system), and employee time 
for knowledge management activities (content crea-
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tion, knowledge sharing). Target value: above 200%. 
Each ruble invested in knowledge management should 
generate at least three rubles of value, providing a net 
return of two rubles for each ruble invested.

The metrics of results and impact collectively dem-
onstrate the complex impact of knowledge manage-
ment on an organization’s business performance. 
Achieving the target values for all five metrics simul-
taneously demonstrates that knowledge management 
creates measurable business value.

4. Practical testing

4.1. Descriptive statistics

The empirical verification of the developed concep-
tual model of knowledge management in the context of 
digital business transformation was carried out on the 
basis of a survey of employees of large Russian consult-
ing companies. A quantitative study allows us to verify 
that the factors identified in the layers of the model 
are indeed related to the effectiveness of knowledge 
management and confirm the diagnostic value of the 
author’s system of performance assessment metrics.

The sample consists of 1,267 observations. The 
results were analyzed using the professional sta-
tistical analysis system IBM SPSS Statistics based 
on descriptive statistics, contingency tables, clus-
ter analysis and binary logistic regression. The vari-
ables include 26 indicators grouped into five blocks: 
demographics and professional profile – seven vari-
ables (company, gender, age, position, line of busi-
ness, work experience, number of projects); personal 
knowledge management – three variables (knowledge 
retention, use of digital technologies, course comple-
tion); awareness of corporate knowledge management 
tools – six variables (preservation of project knowl-
edge, awareness of rules, resources, training, use of 
resources, completion of work courses); effectiveness 
of internal practices – six variables (percentage of col-
leagues using resources, system efficiency, frequency 
of data updates, encouragement of exchange, training 
activities, lack of knowledge); efficiency knowledge 
management on projects – four variables (the role of 

customer knowledge, project analysis, application of 
knowledge management systems, lack of knowledge 
on projects). All variables are measured in nominal 
and ordinal scales, which makes it possible to use 
nonparametric statistical methods.

The sample is characterized by the predominance 
of women (55.0%), the dominance of the 25–35 age 
group (43.4%) and middle-level specialists (sen-
ior consultants 31.6%, managers 28.4%), with a pro-
nounced focus on IT consulting (67.0%) and signifi-
cant project involvement (60.5% participated in more 
than 10 projects). In the field of personal knowledge 
management, the majority of respondents demonstrate 
high individual readiness: 77.7% retain their acquired 
knowledge, 65.0% use digital technologies for per-
sonal knowledge management. Awareness of corpo-
rate knowledge management tools is at a moderate 
level: 80.0% retain knowledge in project activities, but 
only 59.0% are aware of knowledge management rules, 
63.1% are aware of digital resources, and 60.5% con-
firm the actual use of corporate resources. The assess-
ment of the effectiveness of internal knowledge man-
agement practices is mostly low: 41.5% rate it as low or 
very low, only 8.3% note the constant encouragement 
of knowledge sharing, and 23.4% cannot estimate the 
frequency of data updates in corporate systems.

Pearson’s chi-square test was used to identify the 
relationships between variables. The largest number 
of correlations were found for the variables use_Resurs 
(use of corporate knowledge resources), use_T (use of 
digital technologies for knowledge management) and 
resurs (awareness of corporate digital resources) – 14, 
13 and 12, respectively. The results obtained confirm 
the thesis about the importance of technology as a 
knowledge management factor within the technologi-
cal layer of the conceptual model presented in Table 3.

The characterization of observations based on the 
results of the assessment using the descriptive statis-
tics method allowed us to draw the following conclu-
sions: the effectiveness of knowledge management is 
determined by the prevalence of practices in the use of 
digital technologies and corporate resources, cultural 
and organizational support (formalization of norms, 
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regular training, expansion of network effects). There 
is a gap between the individual readiness of employees 
and the overall maturity of the organization’s knowl-
edge management system, since with high rates of per-
sonal activity (78% retain knowledge, 65% use digital 
technologies), only 59% are aware of the knowledge 
management rules at the organizational level, and 41% 
rate the effectiveness of the system as low or very low. 
This gap confirms the need for an integrated approach 
based on the five-layer conceptual model presented in 
Table 3.

4.2. Cluster analysis  
and logistic regression

Within the framework of this study, cluster analysis 
and the binary logistic regression method were used to 
identify stable groups of consulting company employ-
ees with excellent knowledge management patterns, 
identify factors influencing the use of digital technolo-
gies, and further formulate targeted recommendations 
for the development of knowledge management and 
efficiency improvement.

The results obtained make it possible to verify the 
provisions of the conceptual model of knowledge 
management and justify the need for a differentiated 
approach for employees with different types of knowl-
edge management. The binary logistic regression 
method was used to predict the impact of the use of 
digital technologies and corporate resources on knowl-
edge management. The combination of cluster analysis 

and binary logistic regression methods makes it possi-
ble to develop differentiated recommendations for the 
development of a knowledge management system.

For cluster analysis, Ward’s hierarchical method 
was chosen, minimizing intracluster variance, with the 
square of the Euclidean distance as a measure of prox-
imity – a standard combination for forming separated 
groups. 14 variables were included: six variables most 
strongly related to the dependent variable effect_NS 
(knowledge management effectiveness) were excluded, 
since their inclusion simultaneously as the basis of 
clustering and predictors of effectiveness would lead 
to a decrease in the correctness of cluster formation. 
Variables of professional profile, individual practices, 
awareness, process characteristics, and knowledge def-
icit indicators are included. This approach provides a 
comprehensive profile of the respondent across all five 
layers of the conceptual model.

According to the clustering results (Table 4), it can 
be seen that transitioning from a 6-cluster to a 5-cluster 
solution leaves the 2nd, 3rd, 4th, and 6th clusters stable, 
while the 5th cluster merges into the 1st. Upon transi-
tioning to a 4-cluster solution, the 1st cluster expands 
further due to the absorption of the 3rd cluster, while 
clusters 2, 4, and 6 remain unchanged. Given that the 
merged 1st cluster (in the 5-cluster solution) slightly 
exceeds the 2nd, 3rd, and 4th clusters in size, and that 
cluster 6 remains stable down to a 3-cluster model 
despite its smaller size, the 5-cluster solution is deemed 
the most appropriate.

Table 4.
Clustering by the Ward method

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

239 239 295 228 127 139

366 239 295 228 139 0

661 239 228 139 0 0

661 467 139 0 0 0

800 467 0 0 0 0
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The characteristics of the cluster structure are pre-
sented in Table 5.

The cluster analysis made it possible to identify five 
stable groups that diversify in accordance with the 

knowledge management patterns of different employ-
ees. Thus, cluster 1 and cluster 5 are made up of 
respondents with different work experience and com-
petence levels, but both have high involvement in for-
malized knowledge management practices. Cluster 2 

Table 5.
Characteristics of the cluster structure

Parameter Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Post

Junior and 
intermediate 
specialists  
predominate

Evenly  
distributed

Evenly  
distributed

Evenly  
distributed

The top 
management 
prevails

Consulting 
experience

Mostly less  
than 3 years old Evenly distributed Evenly distributed Evenly distributed Mostly for more 

than 10 years 

Use  
of corporate  

resources
76.5% 51.5% 48.1% 57.0% 66.2%

Analysis  
of project 

results

Regularly (44.3% 
after each project)

Rarely (28.5% 
never. 54.4% rarely)

Moderate (45.6% 
after several)

Regularly (39.9% 
after each one)

Moderately  
(32% after several)

Applying  
knowledge 

management  
to projects

Maximum (35.2% 
often. 26.5% always)

Moderate (without 
pronounced 
deviations)

Minimal (34.2% 
never. 32.2% rarely)

Moderate (without 
pronounced 
deviations)

Moderately active 
(42.4% sometimes. 
26.6% often)

Evaluation  
of data  

updates

Positive  
(44.8% monthly. 
28.1% weekly)

Intermediate 
(various 
combinations 
of frequency 
estimates)

Intermediate 
(various 
combinations 
of frequency 
estimates)

Critical  
(79.8% cannot 
evaluate.  
14.9% never)

Intermediate 
(various 
combinations 
of frequency 
estimates)

Encouraging 
knowledge 

sharing

High  
(41.8% frequently. 
14.2% continuously)

Moderate (without 
pronounced 
deviations)

Low  
(21.7% never. 
18.3% can’t rate)

Moderate (the 
predominance 
of the categories 
“rarely” and 
“sometimes”)

Moderate  
(the predominance 
of the categories 
“rarely” and 
“sometimes”)

Assessment  
of the lack  

of knowledge  
on projects

Moderate  
(37.7% sometimes. 
18.9% often.  
7.4% always)

Severe  
(25.9% often. 
15.5% always)

Low  
(14.9% never. 
27.5% rarely)

Average  
(without 
pronounced 
deviations)

Average (without 
pronounced 
deviations)
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and cluster 3, which together account for about 42% of 
the total number of respondents, were characterized by 
a low analytical culture, low use of digital systems and 
identified as the most problematic groups. Cluster 4 
brought together respondents who do not consider the 
knowledge in the general system to be relevant enough 
and responding to their request, and as a result, not 
using it.

Two logistic regression models have been built to 
predict the probabilities of using digital technolo-
gies (the use_T variable) and corporate knowledge 
resources (the use_Resurs variable). The dependent 
variables are encoded: “No” = 0, “Yes” = 1. General 
formula of binary logistic regression (13):

                                .	 (13)

The z-logit is a linear combination of predictors 
(14):

         .      (14)

The results of the model calculation for the use_T 
variable (digital technology usage) are presented in 
Table 6. The model explains 47% of the variation. The 
classification accuracy is 78.9%. Cut-off threshold: 
0.610. Constant: β0 = –4.955 (p < 0.001). Calculated 
value (15):

           .           (15)

All 10 predictors are statistically significant 
(p  <  0.05), and 9 out of 10 predictors are highly sig-
nificant (p  <  0.001). The greatest impact: the resurs 
variable (Exp(B)  =  4.770) – awareness of resources 
increases the likelihood of using digital technologies 
by 4.77 times. The variable new_N (Exp(B) = 2.952) – 
awareness of learning increases the probability of using 
digital technologies by 2.95 times.

Table 6.
Logistic regression coefficients:  

A model for the Use_T variable (digital technology usage)

Variable B (β) SR Wald p Exp(B) Effect

resurs 1.562 0.152 105.581 <0.001 4.770 ×4.77

new_N 1.083 0.154 49.132 <0.001 2.952 ×2.95

use_Resurs 1.000 0.158 40.232 <0.001 2.719 ×2.72

kurs_W 0.962 0.153 39.676 <0.001 2.617 ×2.62

rule 0.765 0.151 25.685 <0.001 2.150 ×2.15

project_N 0.320 0.062 26.413 <0.001 1.378 +37.8%

prozent_S 0.313 0.077 16.631 <0.001 1.368 +36.8%

obuchenie 0.302 0.072 17.487 <0.001 1.353 +35.3%

new_Date 0.234 0.054 18.486 <0.001 1.264 +26.4%

No_N_K –0.149 0.070 4.485 0.034 0.861 –13.9%
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The use_Resurs variable (2.719) indicates that the 
use of corporate knowledge resources increases the 
likelihood of using digital technologies by 2.72 times. 
According to the results of the calculations, only one 
predictor showed a negative impact – the frequency of 
lack of knowledge or competencies in work (No_N_K). 
It was found that an increase in the frequency of lack of 
knowledge reduces the likelihood of using digital tech-
nologies by 13.9%.

Table 7 shows the calculation results for the  
use_Resurs variable (use of corporate knowledge 
resources). The model allows us to explain the order of 
29: variations. The prediction accuracy is 71.6%. Cut-
off threshold: 0.600. Constant: β0 = –2.771 (p < 0.001). 
Calculated value (16):

           (16)

Based on the calculation results, six out of eight pre-
dictors turned out to be highly significant (p < 0.001). 

The predictor of No_NP (lack of resources on projects) 
is significant at 0.05 (p  <  0.025), and analysis (how 
often knowledge from previous projects is used) is sig-
nificant at 0.06. Regular application of knowledge on 
projects (predictor project_N) increases the probability 
of using corporate resources by 1.58 times. Regular staff 
training (obuchenie predictor) increases the probability 
of using corporate knowledge resources by 1.52 times. 
An increase in the proportion of employees involved 
(predictor prozent_S) makes it possible to predict an 
increase in the probability of using corporate knowl-
edge resources by 39.4%. Lack of knowledge during 
the performance of work duties (predictor No_N_K) 
reduces the likelihood of using corporate knowledge 
resources by 28.8%.

The creation and development of a digital plat-
form accessible to employees increases the likelihood 
of using corporate digital knowledge management 
technologies by almost five times, which confirms the 
multiplicative effect of investments in technology and 
infrastructural support for knowledge management 
processes. At the same time, the organizational mech-
anisms of the cultural and process layers of the con-
ceptual model require parallel development – techno-

Table 7.
Logistic regression coefficients:  

A model for the Use_Resurs variable (use of corporate knowledge resources)

Variable B SR Wald p Exp(B) Effect

project_N 0.455 0.054 70.994 <0.001 1.576 ×1.58

obuchenie 0.420 0.064 43.589 <0.001 1.522 ×1.52

prozent_S 0.332 0.065 25.986 <0.001 1.394 +39.4%

obmen 0.321 0.059 29.877 <0.001 1.378 +37.8%

new_Date 0.201 0.047 18.249 <0.001 1.223 +22.3%

analyse 0.096 0.050 3.682 0.055 1.101 +10.1%

No_N_K –0.339 0.062 29.637 <0.001 0.712 –28.8%

No_NP –0.135 0.060 4.993 0.025 0.874 –12.6%
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logical solutions cannot be successfully implemented 
without organizational support.

The causal relationships between the variables of 
corporate resource usage (use_Resours) and the use 
of digital technologies (use_T) are consistent with 
the logic of organizational implementation: corpo-
rate resources (systems, platforms, knowledge bases, 
portals) form the necessary infrastructure that pre-
cedes an individual employee’s decision to use these 
technologies for knowledge management. By gaining 
access to the use of corporate resources (use_Resours), 
an employee becomes convinced of their value and 
further expands the range of applications of digital 
tools (use_T). In the context of this study, corporate 
resources act as an outlet for knowledge management 
processes, rather than as a consequence of them. A 
similar logic is applied to predictors of profit for the 
corporate resource usage variable (use_Resours): from 
the point of view of the research concept, predictors 
precede conclusions on dependent variables.

The models are predictive and are built to identify 
factors and assess the likelihood of using technologies 
and resources. Conducting a one-dimensional sur-
vey is a limitation of the study in the context of causal 
conclusions about causal relationships. However, the 
results obtained are consistent with the theoretical pro-
visions of the conceptual model and the results of clus-
ter analysis.

4.3. Calculation of metrics  
based on the author’s classification

The results of the descriptive statistics, cluster anal-
ysis, and logistic regression indicate that the effective-
ness of knowledge management systems is a complex 
indicator that is influenced by multiple factors and the 
subjective nature of respondent assessments. In order 
to increase the reliability of the verification process 
and transition from subjective to objective quantita-
tive measures, the author has developed a system that 
includes three levels of analysis: input metrics, pro-
cess metrics, and result metrics. Input metrics meas-
ure the resources and activities involved in the creation 

and verification phases of the knowledge cycle. Pro-
cess metrics assess the efficiency of the publication and 
use stages. Result metrics evaluate the business impact 
of the system. Data for this analysis is collected from 
internal company documentation and open-source 
information about organization activities. The verifica-
tion findings are presented in Table 8. The target values 
of the metrics were established based on an analysis 
of the theoretical foundations of methods for assess-
ing the effectiveness of knowledge management and 
an expert assessment of the specific activities of con-
sulting firms, which were used as a basis for testing the 
approach.

The empirical calculation of the author’s met-
ric system demonstrates its practical applicability 
and diagnostic value. The target values of 7 out of 11 
metrics have been reached. The values of the rate of 
knowledge codification (19 days with 14 targets), the 
index of completeness of knowledge (78% with 90% of 
targets), accessibility of knowledge (68 points with 75 
targets) and quality of knowledge (72 points) were not 
achieved. with 77 targets).

The results of the calculation of efficiency metrics 
correlate with the results of cluster analysis and logis-
tic regression.: Thus, the characteristics of clusters 
2–4 are quantitatively confirmed by indicators of the 
codification rate, the index of completeness of knowl-
edge and their accessibility. Awareness of learning 
opportunities (65.4% of respondents) and regular use 
of corporate resources (60.5% of respondents) corre-
late with the coefficient of knowledge reuse (65%), 
which indicates that the level of engagement directly 
affects operational activities and subsequently busi-
ness results. Based on the results of the logistic regres-
sion calculation, the need and expediency of invest-
ments in the development of digital solutions was 
confirmed (providing access to knowledge resources 
increases the use of technology by 4.77 times), and 
also subsequently allows predicting an increase in 
return on investment. The predominance of informal 
means of knowledge transfer through mentoring and 
personal experience limits the cost-effectiveness of 
knowledge management solutions and creates barri-
ers to scalability.
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Table 8.
Summary of the results from the calculation of the author’s metric system
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Input 
metrics

Knowledge 
Capture 
Coefficient

KCC

(Number of projects 
with codified 
lessons learned / 
Total number of 
completed projects) 
× 100%

83% ≥ 80% Achieved

Of the 526 projects completed during the review period, 
437 were successfully documented in accordance with 
established requirements and uploaded to relevant 
management systems. This indicator demonstrates  
a well-developed culture of documentation supported  
by formalized procedures and mandatory measures for 
project completion. The absence of any projects exceeding 
95% ensures that excessive bureaucracy is avoided.

Knowledge 
Codification 
Rate

KCR

Average time from 
project completion 
to publication of 
lessons learned 

19 
days

≤ 14 
days

Exceeds 
(+36%)

Exceeds by 36%. Reasons: high workload of project 
teams on new projects, insufficiently clear procedures  
for transferring responsibility for documentation, lack  
of allocated time for reflection. In the context of a 
shortening knowledge life cycle (18 months for technical 
fields), a delay of 19 days means a loss of up to 3%  
of the relevance of knowledge.

Knowledge 
Completeness 
Index KCI

(Number of domains 
with up-to-date 
documentation / 
Total number of 
critical domains) × 
100%

78% ≥ 90% Not 
achieved

Of the 35 identified critical knowledge domains,  
27 had up-to-date documentation, with an average update 
frequency of less than 12 months. The remaining eight 
domains were: blockchain/Web 3 (rapidly evolving), 
AI/ML (incomplete coverage), cybersecurity and due 
diligence (limited availability of information due  
to confidentiality concerns), M&A (high level 
of customization), pharmaceuticals (narrow focus  
on specific knowledge), compliance (regular changes 
in regulatory requirements), and customer analytics 
(restricted access to personal data).

Process 
metrics

Knowledge 
Accessibility 
Indicator

KAI

(Search success 
rate × 0.4) + (Search 
time score × 0.3) + 
(Discoverability of 
knowledge × 0.3)

68 
points

≥ 75 
points

Not 
achieved

Search success: 72% (no duplicate requests for the same 
topic within 5 minutes; target > 80%). Average search 
time: 70 minutes (within the expected range). Document 
detectability: 62% (documents found at least once per 
year; target > 60%). Although not all relevant knowledge 
is present in the corporate systems, the available 
knowledge has been identified and utilized.

Knowledge 
Quality Index KQI

(Completeness × 
0.25) + (Accuracy 
× 0.30) + 
(Relevance × 0.25) 
+ (Applicability × 
0.20) 

72 
points

≥ 77 
points

Close to 
the target

Random verification of documents: completeness 
(presence of context, solutions, results) – 72%; accuracy 
(absence of errors and outdated information) – 85%; 
relevance (score ≥ 4 out of 5) – 68%; applicability 
(without modifications or with minimal adaptation) –  
58%. The lack of completeness of the structure  
and practical applicability with high factual accuracy  
has been revealed.

Speed of 
Knowledge 
Dissemination

SKD

Average time from 
the publication of 
knowledge to the 
first application

26  
days

≤ 30 
days Achieved

The rapid dissemination of priority knowledge is ensured 
by notification systems and the role of knowledge 
managers at the departmental level.
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Metrics 
of 
results

Knowledge 
Reuse 
Coefficient

KRC

(Number  
of knowledge reuse 
projects / Total 
number of projects) 
× 100%

65% ≥ 60% Achieved

Of the 526 projects, 342 reused methodologies, 
templates, or expertise. Much of the reuse occurs 
informally – through personal experience, rather than 
through corporate systems.

Competence 
Achievement 
(consultants)

CAT
Average time  
to achieve the 
required level  
of competence

3 
months

≤ 6 
months

Much 
better Rapid achievement is provided primarily by mentoring 

and the need for rigorous independent work, which 
creates the risk of dependence on key experts and loss  
of knowledge when they leave.Competence 

Achievement 
(managers)

CAT
1 
months

≤ 3 
months

Much 
better

Coefficient 
of Winning 
Projects 
using 
Knowledge

CWPK

Percentage  
of winnings using 
knowledge bases – 
Percentage of 
winnings without 
using knowledge 
bases

+12% +10–
15% Achieved

Knowledge base: 581 offers, 232 won (40%).
Without BZ: 320 offers, 91 won (28%). The effect is 
largely due to repeat sales to customers who have 
accumulated knowledge of the specific product  
or service.

Project 
Efficiency 
Gain

PEG

(Time saved by 
reusing knowledge 
/ Total project time) 
× 100%

14% 15–25% Slightly 
lower

Project savings: up to 1.2 months. Average duration:  
8.8 months. The most significant impact is seen  
in the areas of audit, tax, and strategic consulting, where 
standardized methodologies are used. In IT consulting, 
the savings are balanced by improvements to systems 
and adjustments to requirements.

Return on 
Investment in 
Knowledge 
Management

RIKM

(Total value  
created –  
Total Investment) / 
Total investments × 
100%

114% ≥ 200% Not 
achieved

Value created (time saved + tenders won + adaptation 
accelerated): approximately 3 billion rubles. Investments 
(platforms, staff, training, employee time payments): 
approximately 1.4 billion rubles. For every ruble invested, 
2.14 rubles in value are generated, but the potential  
for further enhancement through digital technologies 
has not been fully realized. The main challenges include 
the increase in costs at fixed rates and the incomplete 
formalization of knowledge.

5. Discussion  
of the results and recommendations  

for consulting companies

The implementation of the model, based on the 
survey findings, allows for the identification of each of 

the five words and three supporting systems through 
the individual practices of employees, organizational 
mechanisms, and assessment of the overall system’s 
effectiveness. The connection between the compo-
nents of the conceptual model and survey variables is 
presented in Table 9.
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Table 9.
Operationalization of the conceptual model based on the research data

The model 
layer Research variables Characteristics of the relationship

The strategic 
layer

effect_NS – Assessment of the effectiveness of the 
current knowledge management system

The responses from the respondents allow us to draw conclusions 
regarding the deficiencies in current processes, priorities, and 
directions for developing the knowledge management system in line 
with the overall strategy of the organization. They also allow us to 
evaluate performance indicators and determine the current status of 
the knowledge management system.

role_KI – The role of customer knowledge in project 
implementation

Content layer

save_PN – Saving acquired knowledge and new 
information in everyday life Respondents’ evaluation of the content of the organization’s 

knowledge base: its structure, quality, relevancy and completeness, 
the availability of standards and methodologies, the frequency of 
engagement with knowledge and its updating; overall conclusions 
regarding the value of the system to users.

save_WN – Saving new knowledge and work results 
in the process of project activity

The process 
layer

analyze – The frequency of analyzing the results of 
previous projects and learning from them

Questions about the processes of working with knowledge both 
within the organization and in the implementation of consulting 
projects, as well as a general description of the consistency and 
order of knowledge management

new_Date – Frequency of data updates in corporate 
knowledge management resources

Technological 
layer

use_T – Using digital technologies to manage your 
knowledge

Questions regarding the utilization of digital solutions and 
assessment of the quality of technical support for the knowledge 
management system (knowledge management platform, relevant 
digital tools, data infrastructure).

resurs – Awareness of corporate digital resources

use_Resurs – Using corporate knowledge resources

project_N – Application of a knowledge management 
system on projects

The cultural 
layer

rule – Awareness of the knowledge management rules 
accepted in the organization

Questions regarding employee awareness and the organizational 
culture that promotes the creation and sharing of knowledge, as 
well as an evaluation of the employee motivation, training, and 
competence development systems.

new_N – Awareness of the opportunities for learning 
and gaining new knowledge in the organization

kurs_W – Taking courses and training that are directly 
necessary for work

obuchenie – Conducting training events for 
knowledge exchange and experience exchange 
sessions

Supporting 
systems

prozent_S – Percentage of employees using 
corporate resources to share knowledge

Questions about the effectiveness of processes and the entire 
knowledge management system, working with feedback and 
adapting to digital transformation

No_N_K – Frequency of lack of knowledge or 
competencies in work

No_NP – Frequency of lack of knowledge on projects

obmen – Encouraging the exchange of knowledge 
between employees in the operational activities of the 
company
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Recommendations for the development of a knowl-
edge management system are based on the totality of 
the results obtained from three analysis methods: clus-
ter analysis, logistic regression, and the calculation of 
performance metrics. The respondents were segmented 
and priority groups were identified – clusters 2 and 4.

The key predictors of knowledge management were 
quantified – the development of digital solutions and 
increasing the availability of corporate resources and 
increasing the reuse of project experience, which 
is confirmed by the results of calculating perfor-
mance metrics. The integrated implementation of 
the described factors ensures the transition from frag-
mented knowledge management practices to a single 
structural system. Measures for the development of the 
knowledge management system include an audit of the 
completeness of knowledge, especially by priority and 
domain, the development of feedback mechanisms to 
identify the most in-demand content, and the formali-
zation of requirements for the structure of documents 
and templates.

In this context, semantic search tools, a recom-
mendation system based on user profiles, and auto-
matic relevance monitoring are becoming technolog-
ical solutions. The time required for consultants and 
managers to achieve competencies is significantly bet-
ter than the target values, but the return on investment 
in knowledge management does not reach the target 
value, which indicates the predominance of infor-
mal knowledge transfer channels that are not scalable 
and are not reflected in formal systems. Cluster 5 (139 
people, 51.8% with more than 10 years of experience, 
97.1% with more than 10 projects) is the carrier of criti-
cal implicit knowledge, and cluster 1 (366 junior spe-
cialists, 76.5% use resources) is the target audience 
for their formalization. Logistic regression has shown 
the importance of knowledge sharing as a predictor 
of resource usage. Recommended measures include a 
program of structured interviews with experts, a library 
of training materials, a formalized mentoring program 
with documentation of key knowledge, and a com-
pensation system for experts. Technological solutions 
involve the use of knowledge graphs with expert pro-
files, RAG systems for responses based on formalized 

expertise, auto transcription and NLP processing of 
expert interviews.

Conclusion

This article develops and empirically verifies a 
conceptual model of knowledge management in the 
process of digital business transformation using the 
example of consulting companies. Based on a critical 
analysis of existing approaches to knowledge classifica-
tion and taking into account the specifics of the con-
sulting industry, the author’s typology of knowledge 
is proposed in three dimensions: the source of origin, 
the potential of digitalization and strategic value. The 
typology eliminates the identified limitations of tradi-
tional classifications that do not take into account the 
time factor of knowledge, automation potential, and 
strategic differentiation.

A multi-layered conceptual model has been devel-
oped that includes five architectural layers, three sup-
porting systems, and a six-stage knowledge lifecycle. 
The model is based on eight principles that ensure the 
integration of knowledge management into the pro-
cesses of digital business transformation.

The key property of the architecture is the syner-
getic interaction of layers: the isolated development 
of individual components gives a limited effect, which 
has been empirically confirmed by the results of cluster 
analysis and logistic regression. A three-level system 
of 11 metrics for evaluating the effectiveness of knowl-
edge management has been developed: input metrics, 
process metrics, and outcome metrics. The system is 
based on five principles: impact on business results, 
efficiency, multidimensionality, contextualization, 
measurability and automatibility. It differs from tra-
ditional approaches by focusing on assessing the real 
impact of knowledge management on organizational 
effectiveness.

Empirical verification was carried out based on data 
from a survey of employees of the largest Russian con-
sulting companies. A statistically significant relation-
ship between the use of digital technologies and the 
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effectiveness of knowledge management has been con-
firmed (p  <  0.001), while access to digital resources 
increases the likelihood of using technology by 4.77 
times, which supports the content of the technologi-
cal layer of the conceptual model. The presence of for-
malized rules increases the use of technologies by 2.15 
times, confirming the importance of the process layer 
of the conceptual model. Cluster analysis revealed five 
stable groups with a differentiation of resource use 
from 48.1% to 76.5%, corresponding to the levels of 
the conceptual model. The calculation of 11 metrics 
revealed systemic limitations that form causal chains 
and the basis for targeted recommendations.

The theoretical contribution of the research consists 
in the development of knowledge management theory 
in relation to the conditions of digital business transfor-
mation: a multi-layered architecture is proposed that 
integrates technological, process and cultural aspects 

into a single model. An author’s typology of knowl-
edge is developed that takes into account the poten-
tial of digitalization. A three-level system of metrics is 
substantiated that provides an assessment of business 
results of knowledge management. The practical sig-
nificance is determined by the possibility of using the 
model and the metric system in the formation of strat-
egies for the development of knowledge management 
systems in consulting companies and other organiza-
tions with a high intensity of knowledge use, since the 
architecture of the conceptual model is universal and 
based on general principles of intellectual capital man-
agement, applicable regardless of industry specifics.

As a direction for further research, a panel study can 
be conducted to apply fixed-effect models and estab-
lish causal relationships between the effectiveness of 
risk management and the use of corporate resources 
and digital technologies. 
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Abstract

Currently, many enterprises in Russia are facing a shortage of labor resources. Unequal spatial 
development negatively affects the production characteristics of companies. In particular, declining 
birth rates and increasing migration from peripheral to central and European regions of the country 
significantly affect the labor market. Therefore, this article proposes a new approach to predicting and 
optimizing migration and demographic processes by using agent-based models and a hybrid particle swarm 
optimization algorithm. The goal of this approach is to find solutions that will contribute to implementing 
a balanced spatial development strategy and population growth in regions. In order to address this 
problem, a hybrid multi-swarm particle swarm optimization algorithm (R-HMSPSO) has been proposed. 
This approach aims to maximize the population size, while considering strategies for uniform population 
growth across regions and constraints on territorial population concentration measures (TPC). The 
search for optimal solutions using R-HMSPSO is based on a set of decision variables that determine the 
rate of wage growth, creation of workplaces, housing construction, and the pace of social infrastructure 
development. All these factors affect the quality of life and the demographic situation in regions. The TRC 
measure serves as primary constraints when solving the maximization problem for population size. The 
improved economic situation in a region affects its attractiveness, leading to a redistribution of migration 
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Introduction

In modern times, many companies in Russia face 
labor shortages. Unequal regional development 
leads to migration from less developed regions 

to more developed ones. As a result, regional manag-
ers are forced to address the labor shortage, includ-
ing through increased wages, investments in automa-
tion and robotics for production processes, etc. This 
leads to increased operating and investment expenses. 
Rapid replacement of the workforce is also difficult 
due to the shortage of economically active people, fur-
ther reducing profits and profitability.

It should be noted that demographic factors play a 
crucial role in strategic planning for enterprise devel-
opment [1] and represent population and person-
nel characteristics, such as size, age, gender, educa-
tion level, migration, etc., which influence demand, 
the labor market, and company HR policies. For 
example, the size and density of the population in 
the regions where a company operates influence the 
potential sales market and logistics processes. The age 
structure of the population also influences the range 
of goods and services offered by the company, as well 
as its HR strategy, including recruitment, training, 

rotation, and retirement policies. The level of educa-
tion and qualifications of employees determine the 
requirements for recruitment and training, as well as 
the use of technology in the workplace. Migration and 
staff turnover also influence the shortage or surplus of 
labor resources and labor costs. Demographic fore-
casts are widely used to solve various business prob-
lems, such as recruitment, employee retention, career 
development, and working conditions planning. For 
example, large banks and retailers use models that take 
into account key factors such as age, length of service, 
position held, and location in order to assess the risk 
of dismissal. Companies also use demographic data, 
such as gender, age, marital status, when conducting 
employee surveys to identify groups with low engage-
ment levels.

Demographics and spatial development signifi-
cantly influence a company’s marketing strategy, 
including the selection of target segments, positioning, 
and sales formats, as well as the selection of audiences 
based on consumer age and lifestyle. Demographic 
indicators also influence HR strategy, forecasting 
labor supply and demand, recruitment, development, 
retention and succession programs. Demographics 
play a key role in investment decisions such as locat-

flows and a change in population concentration. Therefore, an evolutionary search for optimal variable 
values is applied simultaneously across all regions. This model was aggregated through objective functions 
with an R-HMSPO algorithm. As a result of optimization experiments, the most preferable solutions for 
improving the demographic situation in Russia’s regions have been identified. These solutions contribute 
to both population growth and more balanced spatial development.

Keywords: agent-based modeling, migration and demographic processes, population forecasting, territorial 
population concentration, particle swarm optimization, labor market, regions of Russia
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ing branches, production facilities and warehouses in 
favorable regions. Furthermore, demographic data 
(age, gender, income) are used to create and tune 
machine learning models, which predict consumer 
behavior and automate customer segmentation.

Demographic data is taken into account when devel-
oping production and investment plans. A key task 
for the company is to develop a strategy for upgrad-
ing fixed assets, which includes attracting new labor 
and redistributing it across company activities when 
necessary. Demographic indicators are also integrated 
into the strategic management system, including key 
performance indicators for human resources, con-
sumer segments and regional development. External 
investors also analyze demographic indicators, such as 
population size, density, age, gender structure, educa-
tion level and other factors, when deciding whether to 
fund the creation of new companies.

Therefore, the availability of the labor force is 
directly dependent on demographic and migration 
trends, as has been previously demonstrated in [2]. 
Furthermore, the labor market is impacted by declin-
ing birth rates. It should be noted that the current total 
fertility rate (TFR) in Russia is less than 1.4, which 
is significantly below the minimum level required to 
ensure demographic replacement. The birth rate is 
significantly affected, in particular, by housing avail-
ability, which is typically lower in regions with a high 
population density, such as Moscow, St. Petersburg, 
the Moscow region, and others. Therefore, the task of 
reducing the level of territorial population concentra-
tion in Russia’s regions is becoming urgent. Sustain-
able population growth is determined not only by the 
birth rate, but also associated with life expectancy and 
depends on net migration. Thus, measures aimed at 
improving the economic situation in all constituent 
entities of the Russian Federation and promoting the 
“gravity effect” [3] may lead to a change in migration 
flows in favor of peripheral regions, especially if more 
attractive living conditions are provided in them over 
a certain period (e.g., higher wages, creation of new 
workplaces, providing improved housing, etc.). This, 
in turn, will allow regional enterprises to solve the 
problem of labor shortage with minimal costs, since 

attracting foreign workers does not lead to sustain-
able economic growth [4, 5]. To solve this problem, 
decision-makers need a tool for forecasting popula-
tion dynamics in Russia and finding solutions that 
promote optimal population growth, considering the 
required level of territorial concentration. Further-
more, such decisions could contribute to implement-
ing the “Strategy for Spatial Development of Russia” 
[6] that has been adopted.

An important characteristic of modern demo-
graphic models that take into account the spatial dis-
tribution of agents is the territorial population con-
centration (TPC) index, first proposed by Duncan 
[7], and also known as the Gini index of settlement 
[8]. This index reflects the inequality in the distribu-
tion of the population within a given territory. A value 
of 0 indicates that the population is evenly distributed 
across the territory, while a value of 1 indicates an 
extremely uneven distribution, with all residents con-
centrated in a single point and the rest of the territory 
uninhabited.

Unlike previously known approaches to forecast-
ing migration and demographic characteristics using 
agent-based simulation methods [9–12], this article 
focuses on identifying the most preferable strategies 
for maximizing population size for the implementa-
tion of a balanced spatial development strategy. This 
strategy takes into account an important limitation on 
the level of territorial population concentration and 
presents sets of optimal values of the model’s con-
trol parameters for regions of the Russian Federation. 
These strategies contribute to an increase in birth rates, 
a decrease in mortality, and improvement in macro-
economic characteristics with the aim of making the 
regions more attractive. To find these solutions, evo-
lutionary methods such as particle swarm optimiza-
tion (PSO) are proposed, which were first proposed in 
[13] and are currently actively used for solving optimal 
control problems, including in [14–16]. Among them, 
the hybrid genetic algorithms RCGA-PSO [17] and 
HMSPSO [18] can be highlighted. A detailed review 
of modern optimization methods based on evolution-
ary computations is presented in [19].
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This study aims to develop a new approach to the 
simulation of migration and demographic processes 
in order to implement a spatial labor market develop-
ment strategy using the R-HMSPO algorithm (region-
oriented hybrid multi-swarm particle swarm optimiza-
tion). The goal of this approach is to identify optimal 
strategies for ensuring population growth in Russian 
regions while taking into account the need for uniform 
and sustainable spatial development.

1. Simulation model

There are various approaches to forecasting popu-
lation dynamics, the most well-known of which is the 
“Age-Shifting Method” developed by Whelpton [20]. 
The age-shifting method allows one to study population 
dynamics by taking into account changes in its compo-
nents, such as fertility, mortality, immigration and emi-
gration. Forecasts are carried out separately for each 
component. This method requires deep analysis and 
understanding of patterns and trends in changes of the 
main demographic indicators as well as their relation-
ships with socio-economic processes. Scientific validity 
of forecasts on demographic indicators such as fertility 
and mortality and migration affects the accuracy of pop-
ulation forecasts. The main stages of forming possible 
scenarios for development of demographic processes are 
detailed in [21]. Among other approaches to modeling 
demographic processes and migration, one can distin-
guish those based on mathematical methods, such as the 
casual method, the component method, and probabilis-
tic forecasting [22]. Such methods are often based on the 
principles of system dynamics, which makes it possible 
to describe complex direct and feedback relationships 
between endogenous characteristics, such as population 
size, population inflow and outflow due to fertility and 
mortality, immigration and emigration, using systems of 
differential or finite difference equations [23,  24]. The 
dynamics of migration flows can also be predicted by tak-
ing into account the so-called “gravity effect,” described 
in the works [2–4, 25, 26]. The “gravity effect” is based 
on the influence of changes in individual preferences 
under the influence of changes to the relative attractive-
ness of alternative places of residence compared to the 
current one. The simulation model proposed here takes 

into account interregional migration flows based on the 
gravity effect and uses agent-based modeling methods to 
account for individual preferences and behavioral char-
acteristics of agents.

Figure 1 shows a diagram that illustrates the pos-
sible states of an agent and the transitions between 
these states. The decision-making of agents (i.e., male 
and female individuals), such as finding a workplace, 
finding a marriage partner, transitioning to a state of 
readiness to have children, finding a region to migrate 
to, etc., is based on simple rules that depend on the 
quality of life in a given region (Fig. 1). These rules 
are explained by agents’ desires to improve their social 
comfort, increase wages, start a family, etc. Once an 
agent achieves a goal, for example finding a workplace 
in their region, they return to a static state.

A change in the quality of life is the primary incen-
tive for seeking a new workplace, whether in one’s own 
region or elsewhere, where wages are higher and there 
are more vacancies in the relevant economic sector. 
Furthermore, the quality-of-life characteristics largely 
determine the conditions for an individual’s transition 
to a new state. For example, in order to transition to a 
state of readiness for having kids, a certain level of qual-
ity of life needs to be achieved. However, transitions 
occur when certain conditions are met, and as a rule 
with a certain degree of probability. For instance, if an 
individual is of working age, unemployed, or their salary 
does not meet the required standard of living, they are 
not on maternity leave etc., they may begin searching 
for a workplace. If the quality of living in another area 
is higher, and the individual cannot find work within 
a reasonable time frame in their current location, they 
may migrate to another area. However, if the agent does 
not find work in another region within a certain period 
of time, they will enter a stationary state and will not 
migrate. Thus, the influence of the “gravity effect” is 
implemented in an agent’s migration decision based on 
a comparison of the standard of living in their region 
and in the region they consider a potential migration 
destination. The state of readiness to have kids (Fig. 1) 
makes possible, with a certain probability (higher for 
married couples and lower for singles) a transition to the 
state of “birth a child.” After this, the agent also returns 
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to a static state. Thus, fertility dynamics in the model 
are determined by the individual characteristics and 
behavioral patterns of agents who have their own pref-
erences regarding the age of marriage and childbearing. 
The proposed model is a cellular automaton [27] with 
a discrete allocation space for agents. Each cell in the 
model corresponds to a resource (workplace) associ-
ated with a specific region of Russia. The spatial distri-
bution of workplaces across regions is carried out based 
on the approximate proportions of geographic distances 
between them. In order to account for different work-
place concentrations, a third dimension is used to rep-
resent workplaces as additional layers on a “tiled” map. 
The number of layers depends on the region’s labor 
market size. Thus, one cell of the discrete space can 
contain multiple workplaces, both empty and occupied 
by agents, distinguishing this agent-based model from 
previous models. Agents can move between cells dur-
ing the process of searching for workplaces, including 
choosing cells associated with other regions, thereby 
implementing their migration strategy.

The control parameters (decision variables) of the 
developed agent-based model include wage growth 
rates, workplace creation rates, housing construction 
growth rates and the rate of social infrastructure devel-
opment. These characteristics have previously been 
considered in the modeling of socioeconomic pro-
cesses, for example in [2–5]. A brief abstract descrip-
tion of the model is provided below.

Here,
	♦ T is the set of time moments (by years), where  
|T |– the total number of time moments; tk=0  T,  
t|T |  T are initial and final moments of time, tk  T,  
k = 0, 1,  ..., |T | is all moments;

	♦ R = {1, 2, ..., |R |} is the set of indices of regions, where  
|R| is the total number of regions;

	♦ Ir  = {1, 2, ..., |Ir |} is the set of indices of agent-indi-
viduals living in the r-ths regions, where |Ir | is the total 
number of agents living in the r-ths regions;

Fig. 1. Agent’s states and the individual decision-making system.
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	♦ B = {1, 2, ..., |B |} is the set of economic sectors, where 
|B | is the total number of economic sectors;

	♦ Jbr  = {1, 2, ..., |Jbr |}, b  B, r  R is the set of cells in dis-
crete space containing workplaces related to the b-ths 
economic sectors and the r-ths regions, where |Jbr | is 
the total number of cells in the b-th sector and the 
r-th region, and J = b   B, r   R Jbr  is the total number of 
cells in all economic sectors of all regions;

	♦  are the pos-
sible states of the ir-th agent residing in the r-th 
region at moment tk: 1 is a static (stationary) state, 2 
is a state of searching for a workplace in own region, 3 
is a state of searching for a workplace in other regions, 
4 is a state of migration (moving) to another region 
for work and residence, 5 is a state of searching for a 
partner, 6 is a state of readiness to have children, 7 is 
a state of having a child, 0 is agent’s destruction due 
to natural causes (death state);

	♦  is the normalized 
actual level of quality of life of the ir-th agent living 
and working in the r-th region at moment tk, depend-
ing on the agent’s availability of a workplace, the rate 
of change of its salary relative to inflation, provision 
of housing, social infrastructure facilities, etc., where 
0 refers to the minimum level of quality of life, 1 
refers to the maximum level of quality of life;

	♦  is the normalized 
expected level of quality of life of the ir-th agent, sub-
ject to his move to the -th region at moment tk;

	♦  are the threshold (minimum necessary) values of 
the standard of living at which the agent may not look 
for work and moves to a state of readiness to have 
children;

	♦  is the age of the ir-th agent at 
moment tk;

	♦  is the life expectancy 
of the ir-th agent residing in the r-th region, depend-
ing on the standard of living at moment tk;

	♦ are the lower and upper limits of working age;

	♦  are the lower and upper age limits for marriage 
and having children;

	♦  is the indicator of 
the ir-th agent residing in the r-th region, found a 
partner (for getting married) at moment tk, where 0 
refers to the agent having found a partner, 1 refers to 
the agent not finding  a partner;

	♦  is the indicator 
of the ir-th agent residing in the r-th region, having 
found a workplace at moment tk, where 0 refers to the 
agent having found a workplace, 1 refers to agent not 
finding a workplace;

	♦  is the probability 
of a child being born to the ir-th agent residing in the 
r-th region, and the likelihood of the agent moving to 
the -th region, respectively, at the moment tk;

	♦ h(0, 1),  are the random values uniformly dis-
tributed over the interval [0, 1].

Then, the rules for transition to new states for 
the ir-th agent (ir  Ir, r  R) at moment tk, (tk  T,  
k = 1, 2, ..., |T |) can be given as follows:

                (1)

where

I:	 ( (tk−1) = 1 and    and   [ ]) or  
( (tk−1) = 1 and   [ ]) or ( (tk−1)  {2, 3}  
and  = 1) or (tk−1) = 4 or ( (tk−1) = 5  
and  = 1) or ( (tk−1) = 6 and h(0, 1) > )  
or (tk−1) = 7, which means that the agent is 
already in a static state and the quality of his life 
exceeds the minimum required level, or the agent 
has moved to a static state from another state, for 
example, the agent previously searched for and 
found a workplace, the agent previously searched 
for and found a partner, was in a state of readiness 
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to have children, etc.;

II:	  (tk−1)  {1, 2} and   [ ] and  = 0  
and  <  and ( ), which 
means that the agent’s age corresponds to the 
working age, the agent has not yet found a work-
place and the agent’s quality of life in the r-th 
region (r  R) less than the minimum required 
level and, at the same moment, no worse than in 
any other -th region (   R,   r);

III:	 (tk−1)  {1, 2, 3} and   [ ] and  = 0  
and  <  and  which means 
that the agent’s age corresponds to the work-
ing age, the agent has not yet found a work-
place, the agent’s quality of life in the r-th region  
(r  R) less than the minimum required level and, 
at the same moment, there is at least one -th 
region with a significantly better quality of life 
than in the agent’s region (   R,   r);

IV:	 (tk−1) = 3 and  = 1 and , which 
means that the agent has found a workplace in 
another region and is migrating to that region;

V:	 (tk−1)  {1, 5} and    and   [ ] and  
 = 0, which means that the agent’s quality 

of life exceeds the minimum required level, the 
agent’s age corresponds to the age of marriage and 
childbearing, and the agent has not yet found a 
partner and is in the process of searching for one;

VI: (tk−1)  {1, 6} and    and   [ ],  
which means that the agent’s quality of life 
exceeds the minimum level required for having 
kids, the agent’s age corresponds to the childbear-
ing age and the agent is in a state of readiness to 
have a child;

VII: (tk−1) = 6 and h(0, 1)  ,which means that 
the agent was previously in a state of readiness to 
have kids and a child will be born to the agent.

The probability of having a child for the ir-th agent 
residing in the r-th region, depends on the quality of 
life ( ), the total num-

ber of existing kids, the interval between births and the 
age of the agent, and is calculated using the following 
formula at moment tk, (tk  T, k = 0, 1, 2, ..., |T |):

   ,	 (2)

where

 is the total number 
of kids of the ir-th agent residing in the r-th region, and 
the interval between births at moment tk;

γ, ι, λ are the coefficients of significance of the number 
of children already born, the interval between births 
and one’s own age when making a decision about hav-
ing a new child, ϕ is the correction factor, where ϕ = 1, 
if the agent is married and ϕ = 0,01, if the agent is not 
married;

 is the population density in the r-th region at 
moment tk;

 are the rate of growth 
of wages, the rate of creation of new workplaces, the 
rate of growth of housing construction and the rate of 
introduction of social infrastructure facilities in the 
r-th region at moment tk.

At a specific moment tk, (tk  T, k = 0, 1, 2, ..., |T |), the  
ir-th agent residing in the r-th region (r  R) and 
looking for a workplace (ir  Ir :  (tk)  {2, 3}, r  R, 
tk  T ), makes a choice of the most preferable work-
place among the -ths regions (   R) and in the 
b-th economic sector (b  B) taking into account 
the expected standard of living ( ,  

), tolerance towards the selected 
region, etc., using the following criterion:

                         ,	 (3)

where

              	 (4)
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Here,
	♦ (tk), ir  Ir,  , b  B, r,   R, tk  T is the 
distance from the ir-th agent, living in the r-th 
region and in a state of a workplace search, up to the  
jbr-th cell containing the workplace, related to the 
b-th economic sector and the -th region, relevant 
for the agent of this type;

	♦   (0,1), ir  Ir, r,   R, tk  T is the tolerance  
level of the ir-th agent, living in the r-th region, 
in relation to the -region in the context of cul-
tural, national, religious and other differences:  

 = 0.99 refers to the agent is completely toler-
ant to the -th region (for example, when  = r, i.e. if 
this is the same region in which the agent currently 
resides),  = 0.01 refers to the agent is com-
pletely intolerant to the -th region;

	♦  (tk), ir  Ir, b  B, r  R, tk  T is the duration of work 
experience of the ir-th agent in the b-th economic 
sector (in years);

	♦ { , , }  are the coefficients of significance of the cri-
teria of distance to the place of new work (taking into 
account tolerance in relation to the region), relative 
salary level and work experience in a given sector of 
the economy, , ,   [0, 1].

As a result of the choice of the ir-th agent (ir  I) 
new workplace using criterion (4), it will be moved to 
the cell , i.e. it will migrate to the -th region  
(   R,   r), that leads to a change in the population 
sizes by regions |Ir |.

Then, the population size in the r-th region (r  R) at 
moment tk, (tk  T, k = 0, 1, 2, ..., |T |) is equal to

                                ,	 (5)

where

                      .	 (6)

The amount of labor resources depends on the pop-
ulation size and is equal to

                             ,	 (7)

where ωk(tk)  [0, 1], tk  T is the known share of the 
economically active population at moment tk, (tk  T ).

A measure characterizing the level of territorial pop-
ulation concentration (TPC), which allows one to esti-
mate the degree of uniformity of the spatial distribu-
tion of the population, can be calculated at moment 
tk, (tk  T ):

                         ,	 (8)

where

                      .	 (9)

Here, Sr, r  R is the area of the r-th region suitable 
for residence.

As follows from (8),Ψ(tk) = 0 refers to the uniform 
distribution and Ψ(tk) = 1 refers to the completely une-
ven distribution of the population across regions.

Next, a single-objective optimization problem 
can be formulated to find the optimal scenario that 
would ensure regional population growth and bal-
anced and sustainable spatial development of the 
labor market. Decision-makers are committed to 
increasing the population and workforce across the 
country, taking into account regional limitations, 
while managing factors that affect the quality of 
life for individuals , 
and taking into account the need for uniform spatial 
development.

Problem A. The need to maximize the population 
size (and the amount of labor resources) in the country 
as a whole, taking into account the strategy of uniform 
growth in all regions through the set of decision variables 

 by moment |T|:
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(10)

s. t.

                      , ,	 (11)

                                   (12)

Here,   [0, 1 is the necessary value of the measure of 
territorial population concentration, set by ф decision 
maker;{ 1, 2, 3, 4}, { 1, 2, 3, 4,} are the lower and 
upper boundary values of the decision variables of the 
model.

Problem A is a large-scale optimal control problem. 
The values of the objective function (10) and the char-
acteristics of the phase constraints (11) are calculated 
through simulation (multi-agent) modeling. There-
fore, this problem belongs to the class of “derivative-
free optimization” problems (i.e., those that do not use 
derivative information) and its solution requires the use 
of evolutionary algorithms, such as the (regional-ori-
ented) hybrid algorithm with multiple particle swarms 
(R-HMSPSO).

The proposed model (1)–(12) is implemented in 
the environment of large-scale agent-based simula-
tion modeling FLAME GPU 2 [28], as are some other 
well-known models presented in [5, 17].

2. R-HMSPSO algorithm

Problem A is solved using the proposed hybrid 
multi-swarm particle swarm optimization algorithm 
(R-HMSPSO). The total number of swarms is equal 
to the number of regions. A distinctive feature of the 
proposed algorithm, compared to other swarm [13] 
and multi-swarm optimization algorithms, such as 
HMSPSO [18], is that, during the evolutionary search, 
each swarm searches for a global solution correspond-

ing to the maximum value of the objective function 
(the population size for the country as a whole), taking 
into account local solutions corresponding to the max-
imum population sizes in its region. Moreover, multi-
ple fitness functions are used during the evolutionary 
search, which improves the procedure for finding solu-
tions aimed at maximizing the population sizes in each 
region, and not just for the country as a whole. Thus, 
the proposed swarm algorithm takes into account the 
specifics of the single-objective optimization problem 
(10) with multiple phase constraints (11). Like other 
swarm-based algorithms, the R-HMSPSO optimizes 
the objective function by maintaining a population 
of possible solutions, called particles. These particles 
move through the solution space according to the prin-
ciple of seeking the best position found in this space, 
which constantly changes as the particles find more 
favorable positions. The proposed R-HMSPSO algo-
rithm periodically performs real-valued crossover and 
mutation operators to prevent premature convergence, 
similar to the HMSPSO algorithm [18].

Further, we provide a concise abstract description 
of the algorithm.

Here,

	♦  is the set of iterations in the 
R-HMSPSO algorithm, where  – total number of 
iterations, ,  are initial and final iterations 
of the R-HMSPSO algorithm,  
is all iterations;

	♦ R = {r1, r2, ..., r|R|} is the set of indices of swarms 
(regions) implementing evolutionary search in paral-
lel computing mode in the R-HMSPSO, where |R| is 
the total number of swarms equal to the number of 
regions;

	♦  is the set of particle 
indices of the r-th swarm (i.e., a swarm that strives 
to maximize the population size in the r-th region), 
where  is the total number of particles;

	♦  is the set of indices of the decision 
variables, where | | – the total number of variables 
being a decision;
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	♦ (tk) = { }, , r  R,  
  ,  is the vector of values of the decision vari-

ables, determining the position of the jr-th particle of 
the r-th swarm related to the r-th region in the solu-
tion space at iteration , where  is the total num-
ber of values of the decision variables;

	♦  are the lower and upper boundary values of the 
decision variables;

	♦  are the best local solutions 
corresponding to those found by using the jr-th parti-
cle of the r-th swarm over the entire search period by 
iteration ;

	♦   is the best global solution found 
by all particles of the r-th swarm at iteration ;

	♦  is the best global solution found by all 
particles in all swarms at iteration  (i.e., decisions 
to maximize the population size of the country as a 
whole, taking into account the limitation on the level 
of its territorial concentration);

	♦ h(0, 1), q(0, 1), e(0, 1) are the random values uni-
formly distributed over the interval [0, 1];

	♦ θ, c1, c2, c3 are constants whose values typically set in 
the following ranges:θ  [0.5, 1.5], c1  [1.5, 2], c2, c3 
 [2, 2.5].

Unlike standard particle swarm optimization algo-
rithms, the R-HMSPSO uses multiple fitness func-
tions in the evolutionary search process to determine 
the best global solution found by all particles and the 
solutions found by each r-th swarm (r  R), respec-
tively:

              	 (13)

                    ,	 (14)

where 

, ,   R,  is the popula-
tion size in the r-th region and the level of territorial 
concentration of the population at moment time |T , at 
iteration tk.

It follows from (14) that when evaluating global 
solutions, the distance between the value of the objec-
tive function in the agent-based model and the max-
imized population size, and the region of admissible 
values determined by the phase constraints (11) at each 
iteration of the R-HMSPSO algorithm, is taken into 
account.

At each iteration of the R-HMSPSO algorithm, the 
velocity vector is calculated for the decision variables 
of the optimization problem (10)–(12) for each parti-
cle of the r-th swarm (r  R) which determines its posi-
tion in the space of potential solutions at iteration ,  
( , k = 1, 2, ..., K):

                       	 (15)

The values of the vector of the decision variables 
related to the jr-th particle (jr  Jr, r  R) of the r-th 
swarm (r  R) at iteration , ( , k = 1, 2, ..., K) are 
calculated using the following formula:

          	
(16)

A flowchart of the developed R-HMSPSO algo-
rithm is shown in Fig. 2. Here, the parameter ω, (ω  ) 
is the frequency with which the real encoding operators 
of crossover and mutation are called in order to pre-
vent premature convergence of the swarm algorithm to 

	70	 Andranik Sumbatovich Akopov



BUSINESS INFORMATICS        Vol. 20         No. 2        2026

local extrema;  – the integer part of the number. At 
the initial iteration  , the parameters of the 
R-HMSPSO algorithm are initialized. A set of particle 
swarms is formed, the number of which is equal to the 
number of regions. The initial values of the decision 
variables and the corresponding velocities are initial-
ized for all particles in all swarms (Fig. 2).

Next, at each iteration of the R-HMSPSO algorithm  
, , ( , k = 1, 2, ..., K), the values of the objec-

tive function (10) and fitness function (13) are calcu-
lated for each vector of values of the decision variables 
related to each particle in each swarm. To improve time 
efficiency of the algorithm, a GPU-based architecture 
is used to efficiently parallelize the evolutionary search 
procedure for different swarms’ solutions. Interaction 
between processes occurs through the central CPU, as 
in the HMSPSO algorithm previously developed [18]. 
Interaction between processes is carried out through 
the central CPU process, as in the previously devel-
oped HMSPSO algorithm [18].

During the evolutionary search, the best local solu-
tion found by each particle in each swarm during the 
entire search period is determined, as well as the best 
global solutions found by all particles in each swarm 
and the best global solution found by all particles 
across all swarms. Periodically, the selection of the best 
solutions related to different swarms is carried out at a 
frequency ω, (ω  ), with the aim of crossing them and 
probabilistic mutation (using real-coded genetic oper-
ators [17, 18]) to form new potential solutions.

The algorithm shown in Fig. 2 runs until the stop-
ping criterion is met:  =  or ,  
where , , r  R,  is the aver-
age rate of convergence of the fitness function values 
in the population of swarm particles (see (13)–(14)), 
which characterizes the degree of stabilization of the 
obtained optimal values of the objective characteris-
tics of the model (the total number and level of ter-
ritorial concentration of the population) relative to 
the number of iterations,  is the convergence thresh-
old value, which is usually set in the following range:  

  [0,01, 0,000001]. Fig. 2. Flowchart of the R-HMSPSO algorithm.
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Initialization of R-HMSPSO parameters. Forma-
tion of multiple swarms of particles in an amount equal 
to the number of regions. Initialization of the initial 
values of the desired variables and the corresponding 
speeds for all particles of all swarms.

The values of the main hyperparameters of the pro-
posed R-HMSPSO algorithm are presented in Table 1.

Next, for the model (1)–(12), that was implemented 
in FLAME GPU 2 [28], optimization experiments 
were performed using a portable supercomputer of 
CEMI RAS – DSWS PRO 2 x Intel Xeon Silver 4114, 
1 x NVIDIA QUADRO RTX 6000.

3. Results and discussion

At the first stage, testing and comparative evaluation 
of the efficiency of the proposed R-HMSPSO algo-
rithm was performed in comparison with other evo-

lutionary algorithms, such as the standard PSO [13], 
the standard real-valued genetic algorithm RCGA 
[29], the hybrid genetic algorithm RCGA-PSO [17], 
and the hybrid swarm algorithm with multiple swarms 
HMSPSO [18]. The horizon of the simulation mod-
eling was chosen as |T | = 74 (i.e., optimization of 
population and labor force for Russia until 2100). The 
results of (multiple) optimization experiments are pre-
sented in Table  2. The values of hyperparameters of 
the R-HMSPSO algorithm are presented in the previ-
ous section in Table 1. At the same time, the values of 
hyperparameters of the other evolutionary algorithms 
used for comparison (i.e., PSO, RCGA, RCGA-PSO, 
and HMSPSO) are standard and were described earlier 
in [13, 17, 18, 29].

As can be seen from Table 2, in the absence of opti-
mization and implementation of the most pessimistic 
scenario, corresponding to the current trend of declin-
ing birth rates, increased migration from the regions 

Table 1.
Main hyperparameters of the R-HMSPSO algorithm

No. Hyperparameter name Meaning

1 The number of particle swarms in the algorithm,| | 85

2 The number of particles in each r-th swarm, 100

3 Coefficient of inertia, 0.5

4
The acceleration coefficient of particle movement in the direction of their  
own optimal local solutions, 

1.5

5
The acceleration coefficient of particle movement in the direction  
of optimal solutions found by all particles of their swarm, 

2

6
The acceleration coefficient of particle movement in the direction  
of optimal solutions by all particles in all swarms, 

2.5

7
The number of model runs at each iteration of the swarm algorithm  
to estimate the average values of the objective and fitness functions

10

8 Frequency of calling genetic operators (crossovers and mutations), 5

9 The maximum number of iterations of the swarm algorithm, |  | 500

10 The convergence threshold of the swarm algorithm, 0.0001

	72	 Andranik Sumbatovich Akopov



BUSINESS INFORMATICS        Vol. 20         No. 2        2026

Table 2.

R-HMSPSO Performance Comparison Results

Performance metrics
In the absence  
of optimization

R-HMSPSO

Evolutionary solution search algorithms

R-HMSPSO PSO RCGA RCGA-PSO HMSPSO

Population size,  
million people

Upper 91.2 164.4 110.4 132.2 118.2 135.6

Avg. 85.4 160.1 101.1 121.3 110.2 129.4

Lower 81.2 155.2 98.6 118.4 101.4 121.2

Territorial Population 
Concentration (TPC)

Upper 0.82 0.22 0.64 0.42 0.48 0.43

Avg. 0.78 0.21 0.59 0.41 0.45 0.41

Lower 0.76 0.18 0.52 0.39 0.42 0.39

Number of labor 
resources,  
million people

Upper 54.7 116.1 71.8 89.9 78.0 90.9

Avg. 51.2 114.6 65.7 82.5 72.7 86.7

Lower 48.7 106.6 64.1 80.5 66.9 81.2

Time of solution search, min. 0.2 5.22 2.41 12.40 6.34 5.39

to the central European part of Russia and a reduc-
tion in the inflow of external migrants, the population 
size of Russia by 2100 may decrease to approximately 
85.4 million people, which is generally consistent with 
similar forecasts of leading expert centers such as the 
UN [30]. However, the transition to the sustainable 
demographic development scenario, obtained on the 
basis of optimization of the objective characteristics of 
the developed agent-based model using R-HMSPSO, 
may allow increasing the population size of Russia to 
160.1 million people (average value), mainly due to a 
significant decrease in the level of territorial popula-
tion concentration (TPC) from the expected 0.78 to 
0.21, an increase in the rate of housing construction in 
the regions with a corresponding uniform distribution 
of the population, as well as under the condition of a 

significant increase in the level of wages and the rate of 
creation of new workplaces in the regions.

Table 2 also shows that the proposed R-HMSPSO 
algorithm significantly outperforms other evolutionary 
algorithms PSO, RCGA, RCGA-PSO, and HMSPSO 
in both the value of the objective characteristics (popu-
lation size and level of territorial concentration) and 
in the solution search time (with the exception of the 
standard PSO algorithm, which more quickly reaches 
convergence at one of the local extrema and calcula-
tions that do not require optimization). Such perfor-
mance is achieved both through the use of the pro-
posed multiple fitness functions (13) and through the 
periodic use of crossover and mutation operators to 
prevent premature convergence.
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Table 3 presents the average optimal values of the 
control parameters of the model, calculated using 
the R-HMSPSO algorithm: average annual values of 
wage growth rates , the rate of growth of the num-
ber of new workplaces , the rate of growth of hous-
ing construction  and the growth rate of the com-
missioning of social infrastructure facilities . During 
the experiments, restrictions were established on the 
range of acceptable values for all control parameters of 
the model.   [1, 1.2],

in order to take into account the real possibilities for
increasing the growth rates of the relevant character 
istics.

As can be seen from Table 3, the optimal solution 
to the main problem of maximizing population size, 
considering the strategy of uniform growth across all 
regions, is achieved through prevailing values of wage 
growth rates, new workplace creation, housing con-
struction, and the introduction of social infrastruc-

Table 3.
Optimal values of the model control parameters calculated using R-HMSPSO

Code Region

AlK Altai Krai 1.194 1.199 1.171 1.191

Amur Amur Oblast 1.184 1.199 1.176 1.197

Msk Moscow 1.072 1.051 1.071 1.063

SPb St. Petersburg 1.051 1.052 1.062 1.065

Evr Jewish Autonomous Oblast 1.194 1.199 1.198 1.193

Zab Transbaikal Territory 1.197 1.195 1.195 1.192

Kam Kamchatka Krai 1.193 1.194 1.193 1.190

Kras Krasnoyarsk Krai 1.194 1.195 1.197 1.192

Mar Magadan Oblast 1.195 1.191 1.196 1.192

Mos Moscow region 1.072 1.052 1.070 1.061

Pri Primorsky Krai 1.186 1.183 1.173 1.199

Bur Republic of Buryatia 1.197 1.195 1.193 1.192

Yakt Republic of Sakha (Yakutia) 1.173 1.192 1.194 1.174

Tuva Republic of Tuva 1.199 1.197 1.194 1.186

Shak Republic of Khakassia 1.187 1.183 1.179 1.198

Skhln Sakhalin Oblast 1.173 1.193 1.196 1.195

Shab Khabarovsk Krai 1.184 1.194 1.194 1.191

Chuk Chukotka Autonomous Okrug 1.192 1.191 1.193 1.182
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ture in regions that are not part of central and Euro-
pean Russia, such as the Far Eastern Federal District 
(for example, Buryatia, Yakutia, Transbaikalia, Kam-
chatka, Primorye, Khabarovsky Krai, Amur Oblast, 
Magadan Oblast, Sakhalin Oblast, the Jewish Auton-
omous Oblast, Chukotsky Autonomous Okrug), the 
Altai Republic, Tuva, Khakasia, Krasnoyarsk Oblast, 
etc. Conversely, in economically developed regions 
such as Moscow, Moscow Oblast, St. Petersburg, etc., 
where there is a high level of economic development, 
there are fewer opportunities for creating workplaces 
and building housing. In Petersburg, etc., there is no 
need to increase the values of the control parameters, 
as migration flows currently go to these large agglom-
erations that do not experience significant labor short-
ages. Analysis of the data in Table 3 leads to the conclu-
sion that in most constituent entities of the Far Eastern 
and Siberian federal districts, the optimal values of 
the model control parameters range from 1.17 to 1.20, 
while for Moscow, Moscow Oblast, and St Petersburg, 
they range from 0.95 to 0.107. These findings suggest 
that it is essential to ensure significantly higher growth 
rates for key socioeconomic indicators that influence 
demographic trends in order to address geographic 
disparities and achieve balanced spatial development. 
Although rates close to 1.2 are difficult to achieve, 
they can be considered as target (preferred) rates in 
the respective regions. The achievement of these rates 
will allow for a significant increase in population and 
ensure its uniform distribution in the long term.

Figure 3 shows the predicted values of popula-
tion sizes for the regions of Russia for the year 2100, 
calculated using the developed agent-based simula-
tion model, before and after optimization using the 
R-HMSPSO algorithm.

It is evident from Fig. 3 that the use of the R-HMSPO 
algorithm makes it possible to achieve significantly 
more uniform and sustainable population growth across 
regions compared to the current inertial scenario (i.e., 
before optimization). In particular, without optimi-
zation, population migration to regions of the central 
and European parts of Russia continues, particularly 
to Moscow, the Moscow region, and St. Petersburg. 
For example, under the first scenario (before optimi-

zation), in Moscow by 2100 the population may grow 
to 20 million, not due to natural growth but because 
of mass migration from less developed parts of Rus-
sia. However, the application of an approach based on 
optimization and the proposed evolutionary algorithm, 
R-HMSPSO, which assumes a significant increase 
in the rate of growth of wages, number of new work-
places, rate of housing construction, etc., in regions in 
need of accelerated development (Table 3), can lead to 
balanced spatial development and increase the number 
of subjects of the Russian Federation belonging to the 
group of regions with the largest population (Fig. 3).

Next, using the well-known Monte Carlo method, 
multiple experiments (more than 10,000 runs) were 
conducted, aimed at analyzing the stability of the 
optimal solutions we obtained, corresponding to the 
values of the control parameters of the model pre-
sented in Table  3. In this case, the values of the key 
parameters of the model, influencing the character-
istics of demographic and migration processes, were 
varied, in particular, the following coefficients:   
[0.7, 0.9],   [0.1, 0.3],   [0.3, 0/5] are coefficients 
that influence the probability of having children 
in families (see (2));     [0.2, 0.4],   [0.5, 0.,7],  
  [0.7, 0.9] are coefficients that influence the agent’s 

choice of a workplace, including in a region different 
from the agent’s residence place (see (3)-(4)). The 
lower and upper boundary values of the correspond-
ing variable parameters were determined based on the 
analysis of the available statistics. Figure  4 presents 
frequency histograms that characterize the ranges of 
changes in the objective characteristics of the model 
depending on the number of runs of the agent-based 
model (probability density): the total population of the 
country as a whole and the level of territorial concen-
tration of the population by 2100.

It follows from Fig. 4 that the use of optimal val-
ues of the control parameters of the model, calculated 
using the proposed R-HMSPSO algorithm, makes it 
possible to achieve stable results (the total population 
and the level of territorial population concentration 
by 2100) while varying the values of key parameters 
(influencing coefficients) in the developed agent-
based model.
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Fig. 3. Population forecast by Russian regions by 2100 using the agent-based simulation model.
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Conclusion

This paper presents a new approach to forecast-
ing and optimizing migration and demographic pro-
cesses using agent-based modeling and the hybrid 
multi-swarm particle swarm optimization algorithm 
(R-HMSPSO) we developed. A significant differ-
ence between the proposed agent-based model and 
previously known models is that it takes into account 
the individual decision-making systems of agents 
regarding the selection of the most preferred work-
place, including those located in regions different 
from their place of residence. The choice of a work-
place is influenced by socioeconomic factors, such 
as relative wage levels, workplace availability, level of 
tolerance for the region, and geographic factors. The 
use of the new R-HMSPSO swarm-based algorithm, 
aggregated through objective functions with the 

developed simulation model, has made it possible to 
determine optimal values for the control parameters 
of the model (Table  3), ensuring the maximization 
of the population size and labor resources for both 
the country as a whole and by the specific regions, 
taking into account strategies for balanced spatial 
development (Fig. 3).

Further research will focus on modeling and opti-
mizing processes for attracting labor resources to geo-
graphically dispersed enterprises. 
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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.

Keywords: artificial intelligence, software development life cycle, competencies, job posting analysis, labor 
market, 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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Abstract

Accurate and timely revenue forecasting is of critical importance to investors in public companies, 
who base their investment decisions on the Discounted Cash Flow (DCF) model. Market practice 
dictates that financial analysts develop financial models by focusing on revenue growth projections for the 
first year of the forecast horizon, which holds the highest weighting in discounted cash flow calculations. 
These projections are typically derived through expert assessment of publicly available quarterly 
reporting. However, the potential of contemporary data science tools, particularly machine learning 
approaches that employ linear approximation techniques to model nonlinear patterns to enhance current 
quarter revenue analysis is largely underutilized. The present study focused on developing source code 
to apply the Hilbert Spectrum Support Vector Regression (Hilbert spectrum SVR, HSVR) method for 
sales prediction. Testing HSVR on data of companies listed on the Moscow Exchange and comparing 
its performance metrics with those of classical Support Vector Regression (SVR), led to the conclusion 
that HSVR can be deployed in industrial settings for revenue forecasting of public companies using news 
vectors – vector representations (embeddings) of news articles.
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Introduction

In the investment business – including invest-
ment banks and asset management companies –  
revenue forecasting is among the core responsi-

bilities of a financial analyst responsible for a specific 
economic sector. As public companies disclose their 
financial and operational results, the analyst builds 
financial models in MS Excel based on the actual pub-
lished figures. To apply the company’s discounted cash 
flow (DCF) method [1], the specialist needs to trans-
form historical financial indicators to their projected 
values over the next five years of the forecast period. To 
determine the revenue growth for the first year of the 
forecast period relative to the corresponding period of 
the published data, the financial analyst uses the expert 
judgment method. In other words, the expert esti-
mates the growth index of the company’s future finan-
cial indicators, including revenue, based solely on his 
own experience. Meanwhile, according to established 
practice, the current unfinished year is treated as the 
first year of the forecast period. Therefore, taking into 
account the cash flow formula:

,	 (1)

revenue in the first year of the forecast period has the 
greatest impact on the company’s financial model, as it 
is subject to the least amount of discounting.

The importance of revenue estimation cannot be 
understated – after all, an accurate revenue forecast 
allows a financial analyst to determine the company’s 
target equity price most correctly. This, in turn, facili-
tates timely adjustment of the bank’s own position. 

Timely communication of updated analytical infor-
mation to the bank’s clients will enable them to adapt 
their positions accordingly. It is important to note that 
revenue forecasting, in this case, enables users of this 
information to update the companies’ DCF models 
according to revised revenue projections. Based on the 
thuschanged equity price target, they can make deci-
sions regarding their respective open positions in these 
companies. Thus, an investor can calibrate his position 
in a company’s equity before the company publishes its 
financial statements for the next reporting period.

Conversely, the failure to timely update DCF mod-
els for companies whose equities are held in the busi-
ness unit’s portfolio can lead to significant adverse 
consequences. Specifically, if actual revenue declines, 
it may trigger a negative portfolio revaluation due to a 
drop in the company’s stock market price. Should the 
portfolio manager fail to adjust the position prior to 
the financial reporting release, this may result in sub-
stantially worse exit prices for closing positions. This 
outcome stems from an increased number of sellers of 
these shares once the company discloses actual nega-
tive revenue data.

Nonetheless, as demonstrated in [2], a signifi-
cant limitation of the discounted cash flow (DCF) 
method is its inability to provide sufficiently accurate 
growth projections. The challenge of growth forecast-
ing becomes even more intractable given that different 
experts’ forecasts may yield divergent results [3]. Con-
sequently, relying on the expert judgment method to 
determine revenue growth in investment practice can 
lead to substantial negative consequences. An equally 
important limitation of using MS Excel alone for esti-
mating the fair value of companies is the limited set of 
performance metrics available for comparing different 
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DCF model scenarios against each other. Typically, in 
the absence of probabilistic assessment, financial ana-
lysts restrict themselves to just a few variations of the 
discount rate (CAPM), revenue growth, and capital 
expenditures (CAPEX) when constructing pessimistic, 
base, and optimistic scenarios. In contrast, adopting a 
quantitative approach enables the use of performance 
metrics when testing trained machine learning mod-
els. This, in turn, helps reduce the forecast quality’s 
dependence on subjective human factors.

This study follows the structure outlined below. 
To justify the selection of HSVR and SVR for reve-
nue forecasting, we first provide a systematization of 
revenue prediction methods used in machine learn-
ing and present its generalization. We then formu-
late the support vector regression (SVR) problem for 
news vectors and demonstrate how its solution can be 
improved using HSVR. We illustrate how to compute 
the Hilbert spectrum of news vector representations, 
using unemployment claims data as an example. This 
computed Hilbert spectrum is then employed as the 
feature distribution density within the HSVR frame-
work. Next, we present the rigorous mathematical 
conditions for applying HSVR and SVR to revenue 
forecasting. From a technical standpoint, these con-
ditions unambiguously indicate the inadmissibility 
of socioeconomic interpretation of the textual rep-
resentation of nonlinear, nonstationary processes – 
such as news vector embeddings. We further specify 
the performance metrics used to evaluate the trained 
models. Subsequently, we forecast revenue growth 
for companies listed on the Moscow Exchange using 
both HSVR and SVR, with news vector embeddings 
employed as training inputs. We compare the revenue 
forecasting performance metrics across HSVR, SVR, 
and other stateoftheart machine learning models, 
including:

	♦ convolutional neural networks (CNN),
	♦ long shortterm memory networks (LSTM),
	♦ large language models (LLM).

Finally, we describe how the application of the 
HSVR method can be integrated into the business pro-
cesses of the investment industry.

1. Systematization and synthesis  
of revenue forecasting methods

Let us agree on the criteria for selecting studies 
and evaluating the revenue forecasting methods they 
employ. The study selection was conducted using the 
Web of Science database (webofscience.com) for the 
period from 2011 to 2021, as of April 1, 2022. When 
establishing the article search criteria, keywords were 
used:

	♦ “sales” OR “revenue”;
	♦ “machine” OR “deep” AND “learning”.

Processing the search query yielded a list of relevant 
scientific articles. For each article, the citation index 
(ACR), [4], was computed. Further analysis focused 
on the articles exhibiting the highest ACR values.

In 2011, Chen and Ou [5] proposed a system for 
evaluating sales data in the retail sector, based on a 
feedforward neural network with a single hidden layer. 
In this system, input vectors are selected based on their 
highest relative distance from a reference vector. The 
experimental results reported by the authors demon-
strated that the proposed system outperforms sales 
forecasting methods based on backpropagation neural 
networks.

Shi et al. [6], proposed a hybrid model for wind 
speed and energy forecasting in 2012. The researchers 
applied the autoregressive integrated moving average 
(ARIMA) model to predict the linear component of 
time series data, an artificial neural network (ANN), 
and a support vector machine (SVM) to forecast the 
nonlinear component of the time series data. The 
results of the study so conducted indicated that the 
hybrid model exceeds each individual method in terms 
of accuracy.

In 2013, Arias et al. [7], extended the research of 
nonlinearity by applying linear regression, neural net-
works, and support vector machines (SVM) to Twitter 
data. The SVM with a nonlinear sigmoid kernel estab-
lished superior performance, significantly more accu-
rate than neural networks and substantially surpassing 
linear regression.
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In 2014, while working on shortterm demand fore-
casting for highspeed rail transportation, Jiang et al. [8], 
combined ensemble empirical mode decomposition 
(EEMD) and a support vector machine (SVM). The 
hybrid model achieved higher forecasting accuracy than 
the standalone support vector machine method.

Hybrid models based on the support vector machine 
(SVM) continued to demonstrate high performance 
in 2015. Specifically, a hybrid of the support vector 
machine and wavelet decomposition [9] applied to pho-
tovoltaic power forecasting, achieved higher accuracy 
than a recurrent neural network.

In 2016, research on demand forecasting and price 
optimization in retail was continued by Ferreira et 
al. [10], who achieved a 9.7% increase in revenue by 
applying a decision tree. According to the authors, 
it was the nonlinearity of decision trees that enabled 
the modeling of the nonlinear relationship between 
demand and product price.

The problem of financial statement fraud classification 
was addressed using a wide range of machine learning 
methods in 2017. The results revealed the superiority of 
the Bayesian belief network over both the support vector 
machine (SVM) and the multilayer perceptron [11].

In 2018, deep neural networks were once again 
employed for sales forecasting in the fashion retail sec-

tor [12]. Among support vector regression (SVR), deci-
sion trees, deep neural networks, and random forest, the 
latter two methods achieved the lowest mean absolute 
percentage error (MAPE). Both the random forest [13], 
and the deep neural network [14] belong to the class of 
nonlinear data processing methods.

Next year, during demand analysis in the utilities 
sector, the support vector machine (SVM) was used for 
shortterm gas consumption forecasting, and experimen-
tal results confirmed its superior accuracy compared to 
a neural network [15].

In 2020, during electricity demand forecasting using 
various machine learning methods [16], a long shortterm 
memory (LSTM) model combined with an autoencoder 
yielded the lowest MAPE of 3.04%. This exceeded the 
performance of the support vector machine (SVM) by 
over 4 percentage points (MAPE: 7.12%).

Finally, in 2021, retail sales forecasting was addressed 
using a two-channel convolutional neural network (CNN) 
[17]. The CNN was trained on the outputs of both linear 
and nonlinear base machine learning models. Experi-
mental evaluation confirmed that the CNN proved more 
effective than the support vector machine (SVM) baseline.

Based on the systematization, the ACR index for the 
aforementioned works was compiled in Table 1 for each 
of the mentioned methods.

Table 1.
ACR index of revenue forecasting studies, grouped by machine learning method

No. Machine learning method ACR

1 Support vector machine 100

2 Feed forward neural network 87

3 Decision trees 68

4 Autoregressive model ARIMA 57

5 Linear regression 28

6 Bayesian belief network 21

7 Long short-term memory network 7
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Based on the above review of revenue forecasting 
methods, it can be concluded that the relationship 
between revenue and its determining factors is non-
linear. Various types of neural networks – featuring 
nonlinear activation functions in their nodes – support 
vector machines with nonlinear kernels, and nonlin-
ear classification algorithms are successfully applied 
for revenue analysis. The performance of these non-
linear methods can be significantly improved through 
preliminary data processing using ensemble empirical 
mode decomposition or wavelet decomposition. How-
ever, the forecasting accuracy of nonlinear methods 
such as the support vector machine (SVM), feedfor-
ward neural network, decision trees, and long short-
term memory (LSTM) network fluctuates around sim-
ilar error values. This may indicate a similar underlying 
nature of the aforementioned nonlinear methods.

Indeed, as demonstrated in [18], the task of iden-
tifying nonlinear dependencies in nonstationary non-
linear processes can be addressed in a Reproducing 
Kernel Hilbert Space (RKHS), which embodies the 
kernel function. Within this space, the nonlinear ker-
nel functions of the support vector regression (SVR) 
method are defined. To generalize the RKHS frame-
work to neural networks – where each layer features 
a unique activation function – the boson Fock space 
from quantum field theory can be employed [19]. Spe-
cifically, in the boson Fock space, which is isomor-
phic to a Hilbert space, each quantum state of a boson 
constitutes a unique Hilbert space with its own repro-
ducing kernel, [20]. The validity of the fundamental 
theorems of RKHS is established within the Segal–
Bargmann space, [21], which is isomorphic to the 
Fock space.

Ultimately, the Segal–Bargmann space – which is 
isomorphic to both the Fock space and the Reproduc-
ing Kernel Hilbert Space (RKHS) – can be employed 
to generalize nonlinear machine learning methods. In 
the Segal–Bargmann space, the kernel function takes a 
unique form for each number of kernels k:

                       .	 (2)

Within the framework of the Segal–Bargmann 
space, illustrating completeness over complex num-
bers, , the general kernel function employed in sup-
port vector regression (SVR) reduces to a specific 
instance when the parameter k takes the value k = 1, 
considered over the set of real numbers, :

                                      .	 (3)

Thus, given the demonstrated isomorphism of SVR 
to nonlinear machine learning methods – such as the 
Bayesian belief network, [22], feedforward neural net-
work, [23], convolutional neural network (CNN), [24], 
long shortterm memory (LSTM) network [25], and 
decision trees [26] – as confirmed by recent studies, 
support vector regression (SVR) is sufficient for iden-
tifying nonlinear dependencies in revenue forecasting, 
provided that quality metrics meet satisfactory levels.

2. SVR and HSVR  
problem statement of nonlinear  

dependency modeling

The support vector machine (SVM), originally 
developed for pattern recognition in 1963 [27], was later 
extended to handle nonlinear problems in 1992 [28]. 
The version of SVM relevant to our study – designed 
to address the problem of dependency recovery – was 
proposed in 1997 [29], and is known as support vector 
regression (SVR).

As established in the literature, the problem of non-
linear dependency recovery can be addressed through 
the minimization of a specific functional, formally 
expressed as [30]:

              ,	 (4)

where yt is the revenue growth in period t relative to 
period (t – 1), given the input of news vector represen-
tations of dimension d in period t.

According to [30], the task of recovering the prob-
ability density distribution  reduces to an ill‑posed 
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problem of numerically differentiating the probability 
distribution function. Therefore, given the insufficiency 
of information about the sought probability density, the 
best regression approximation is achieved by minimiz-
ing the ε-insensitive loss function:

        ,	 (5)

or, as shown in [31], by maximizing the Lagrange func-
tion with a nonlinear kernel :

       ,	 (6)

under conditions:

                             .	 (7)

However, according to [30], if a large amount of prior 
information about the sought probability density distri-
bution is available, the problem of finding it ceases to be 
ill‑posed. This case precisely applies to the possibility of 
computing the Hilbert spectrum of the news vector rep-
resentation. The idea of using the Hilbert spectrum as a 
probability density is based on the works [8, 9], where 
the performance metrics of hybrid models based on 
SVM – using Empirical Mode Decomposition (EMD) 
and Wavelet Decomposition – outperformed those of 
the original SVM. Given that, as shown in [31], the Hil-
bert spectrum, (x(t)), of the news vector representa-
tion satisfies the properties of a probability density dis-
tribution of news vectors in formula (4), the following 
substitution can be made:

                 .	 (8)

Then, taking into account the discarding of the com-
plex part for the purpose of simplifying computations, 
the ε-insensitive loss function takes the following form:

  .	 (9)

The Lagrange function subject to maximization will 
be transformed as follows:

.  (10)

Conditions (7) remain unchanged.

Thus, employing the Hilbert spectrum as the fea-
ture distribution density in the HSVR method, [32], 
can significantly improve quality metrics compared to 
the original SVR method.

3. The Hilbert spectrum analysis  
of the vectorized news  
data representation.

To obtain vector representations of features – news 
vectors, the Yandex GPT API interface [33] was used. 
The features included vector representations of news 
items, among which were the U.S. Department of 
Labor’s weekly data on unemployment claims, here-
inafter referred to as Payrolls, xt. After vectoriza-
tion, the unemployment claims data took the form of 
256-dimensional vectors. An attentive reader might 
wonder how relevant it is for investors in Russian equi-
ties to rely on data from foreign economies. In turn, 
we will not focus the reader’s attention on the signifi-
cance of unemployment data from the world’s largest 
economy for the commodity market [34]. Instead, we 
will emphasize the technical conditions for applying 
vector representations in the HSVR and SVR methods, 
as well as the interesting results of revenue forecasting 
based on Payrolls, which are described below.

The set of values of the i-th coordinate of the news 
vector forms a nonstationary random process, herein-
after referred to as a signal. Figure 1 shows the signal Xt, 
formed by the set of values of the zeroth coordinate of 
the 256-dimensional news vector Payrolls, xt.
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Each of the 256 signals derived from the news vec-
tors was subjected to empirical mode decomposition 
(EMD) [35], a method proposed by Norden Huang 
in 1995. The EMD method is an integral part of the 
Hilbert–Huang transform (HHT) [36]. The transform 
is performed in two stages: first, intrinsic mode func-
tions (IMFs) are extracted using the EMD algorithm; 
second, the Hilbert spectrum of the obtained IMFs is 
determined via the Hilbert transform. In our case, we 
compute 256 Hilbert spectrums – one for each of the 
256 coordinates of the news vector representations. 
Finally, the Hilbert spectrums are summed to obtain 
the density distribution of the original data.

As shown in Fig.  2, the fifth oscillatory intrinsic 
mode function (IMF) component is presented for 
the signal derived from the zeroth coordinate of the 
256-dimensional Payrolls news vector. The identified 
IMF component manifests properties of a nonsta-
tionary stochastic process and demonstrates a notably 
smoother profile compared to the original zerothcoor-
dinate signal depicted in Fig. 1.

Thus, the signals of the Payrolls embeddings were 
decomposed into 6 intrinsic mode functions (IMFs, 
denoted as (Cj(t)) and a residual component rn(t) – a 
monotonic function (11):

                          .	 (11)

Fig. 1. The signal formed by the set of values  
of the zeroth coordinate of the Payrolls news vector.

Fig. 2. The fifth oscillatory intrinsic mode 
 function (IMF) component of the signal  

formed by the set of values of the zeroth coordinate  
of the Payrolls news vector.

To obtain the Hilbert spectrum (x(t)), the Hil-
bert–Huang transform (HHT) [36,  37] is applied to 
the IMF function values normalized over the interval 
[0,  1]. This yields the Hilbert spectrum for each j-th 
IMF, as described in equations (12) and (13):

                                                Cj = xj,	 (12)

                .	 (13)

Thus, the Hilbert spectrum obtained is, on the one 
hand, a convolution with 1/πt [38], IMF, which is 
represented as a non‑stationary process (as shown in 
Fig. 2); and, on the other hand, can be used as a prob-
ability density function in the SVR method, thereby 
extending it to the HSVR method [31, 32].

4. Conditions for applying SVR  
and HSVR for revenue forecasting

The conditions for applying the HSVR method are 
similar to those for the SVR method when identifying 
nonlinear relationships. In particular, the fundamen-
tal theorems of the Reproducing Kernel Hilbert Space 
(RKHS) framework must be satisfied.
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Moore–Aronszajn Uniqueness Theorem. For a pos-
itive‑definite kernel K over a set X , there exists a 
unique Hilbert space   of functions for which K serves 
as a reproducing kernel [39].

Mercer’s Theorem. Let a positive‑definite kernel K 
over the domain    be bounded:

                                    ,	 (14)

then the kernel can be expressed as an infinite conver-
gent sum of products of the eigenvalues and eigenfunc-
tions of the kernel, which are continuous on [a, b] [40]:

                           .	 (15)

Reproducing Theorem. For any optimization problem 
with regularization parameter η penalizing :

       ,        (16)

may be resolved by employing a kernel function K  ,  
defined over the domain X  [41].

Due to the need to minimize the optimization prob-
lem of the Reproducing Theorem, and as directly 
implied by Mercer’s Theorem, a continuity require-
ment is imposed on the vector representations of news 

. Given the positive‑definite kernel in the Moore–
Aronszajn and Mercer theorems, both the news vector 
representations  and the target variable yt must take 
strictly positive values.

5. Quality metrics  
for HSVR and SVR

For monitoring the training quality of models on 
the test dataset, the following evaluation criteria were 
computed [42, 43], (  – the predicted value,  – the 
mean (average) value, y – the actual (observed) value, 
t – the time period index):

Coefficient of Determination:

                              ,	 (17)

Root Mean Squared Error:

                          ,	 (18)

Mean Absolute Percentage Error:

                          .	 (19)

Model training and evaluation for both SVR and 
HSVR approaches were performed on disjoint time 
intervals. The analysis leveraged a dataset covering 
the period from 2004 to 2019 and included 35 publicly 
listed companies traded on the Moscow Exchange.

6. Revenue forecast results

The training and testing of SVR and HSVR models 
were conducted on vector representations of news data 
spanning the period from 2004 to 2019. From the origi-
nal news dataset, eight datasets were selected that satisfy 
the applicability conditions of SVR and HSVR. Since, 
as demonstrated above, the vector representations of 
news are nonlinear and nonstationary processes reflect-
ing changes in their constituent coordinates – and since 
the news themselves describe a certain socioeconomic 
process – we refer to the selected datasets as indices.

Two indices were prepared using the “re” module 
for text data filtering:

	♦ the aforementioned Payrolls index;
	♦ data on oil and petroleum product reserves from the 
International Energy Agency, hereafter referred to as 
Reserves.

The remaining six datasets were generated in four 
stages:

Stage 1. Using TFIDF analysis, [44], keywords most 
frequently occurring in news articles from 2004 to 2019 
were identified.
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Stage 2. The identified keywords were vectorized 
using Yandex GPT.

Stage 3. For each news item in the original data-
set, the cosine distance [45] was computed between 
its vector representation and the vector representation 
of each key phrase. News items with a cosine distance 
exceeding the threshold value of 0.6 were added to the 
corresponding keywords index.

Stage 4. To meet the requirements of the Reproduc-
ing Kernel Theorem and Mercer’s Theorem, HDB-
SCAN clustering [46] was applied to the indices. This 
process yielded the final keywords indices. The numer-
ical designation of each index reflects the number of 
data points (observations) contained within that index:

	♦ 9446 – keywords “аукцион размещение летний 
государственный облигация”;

	♦ 7342 – keywords “индекс деловой активность 
производственный сектор”;

	♦ 6505 – keywords “баррель итог торги вырастать 
баррель”;

	♦ 5451 – keywords “баррель напоминать цена 
фьючерс итог”;

	♦ 3867 – keywords “markit индекс деловой активность 
производственный”;

	♦ 3150 – keywords “итог торги вырастать баррель 
итог”.

To satisfy the conditions of the Moore–Aronszajn 
Theorem and Mercer’s Theorem, the coordinate values 
of the indices were normalized on the interval [0, 1]. As 
the target variable, we used the ratio of quarterly revenue 
in the forecast year to the revenue in the quarter when the 
news was published. After training the SVR and HSVR 
models on the aforementioned indices and testing them 
on a holdout validation set, the error metrics (17, 18, 19) 
were obtained and compiled in Tables A1–A8.

Tables A1–A8 use the following notation:
	♦ The “name” column contains the trading tickers of 
companies listed on the Moscow Exchange.

	♦ The “y_mean” column shows the distribution of 
relative changes in quarterly revenue for companies 
traded on the Moscow Exchange.

	♦ The “rmse,” “mape,” and “r2” columns report the 
test set error metrics for the SVR model, while the 
“h_rmse,” “h_mape,” and “h_r2” columns report 
the corresponding metrics for the HSVR model.

	♦ The “r2 growth” column computes the difference 
between the coefficient of determination (R2) of the 
HSVR model and the SVR model’s one.

When analyzing the results of the work we con-
ducted, several important caveats must be noted. 
First, since we are dealing with nonstationary and 
nonlinear data, the use of R2 should be approached 
with caution, as it is significantly affected by outliers 
[43] and data noise [47]. Second, when working with 
nonstationary and nonlinear data, it is more appro-
priate to use RMSE and MAE, as these error metrics 
are less sensitive to data distortions [43]. As a result of 
data cleaning using conventional methods – such as 
inflation adjustment [47] and outliers removal [47] – 
the values of R2, RMSE, and MAE decrease to lower 
levels, demonstrating the inadequacy of relying solely 
on R2. In contrast, applying a probabilistic approach 
to cleaning nonlinear data – as demonstrated in 
[48] using the Metropolis–Hastings Markov Chain 
Monte Carlo (MCMC) method [49] – leads to a sub-
stantial increase in the coefficient of determination 
(R2): from 0.62 to 0.956 on highdimensional syn-
thetic dataset; from 0.185 to 0.90 on realworld water 
consumption data. Furthermore, [50] notes that R2 
should be complemented with probabilistic metrics 
such as AIC, AICc, and BIC.

The coefficient of determination, calculated accord-
ing to formula (17), is defined as the ratio of the vari-
ance in the target variable explained by the model to 
the total variance of the target variable [42]. Thus, if 
we assume that by leveraging the feature distribution 
density in the HSVR model, we can effectively remove 
outliers – meaning the trained model captures fea-
ture variance without noise – then the coefficient of 
determination can be interpreted as the frequency 
with which the trained model produces an accept-
able prediction. The acceptability of a prediction can 
be assessed using RMSE and MAPE, which is linearly 
dependent on MAE. In other words, by its nature, the 
coefficient of determination approaches the probability 
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of using the given model for predicting the target vari-
able within the RKHS (Reproducing Kernel Hilbert 
Space) framework.

We obtained the key results as follows. The HSVR 
model trained on the Payrolls index achieved the high-
est average R2 among all indices, reaching 0.94, while 
the SVR model yielded an R2 of 0.55. Notably, tran-
sitioning from SVR to HSVR resulted in: a threefold 
reduction in MAPE – from 0.09 to 0.03; a decrease in 
RMSE – from 0.14 to 0.05.

Even more dramatic results were observed when 
testing the model trained on the Reserves index. Tran-
sitioning from SVR to HSVR led to: an increase in 
mean R2 from 0.31 (SVR) to 0.81 (HSVR); nearly a 
twofold reduction in both RMSE and MAPE.

Models trained on TFIDF generated indices con-
firmed the superiority of HSVR over SVR and high-
lighted the robustness of the proposed method. To fur-
ther assess the MAPE performance of HSVR models, 
we provide a brief overview of this metric across state-
of-the-art machine learning models applied to nonlin-
ear nonstationary data processing.

When selecting a model for deployment in a pro-
duction environment, one of the most critical cri-
teria is its autonomy and interpretability [59,  60]. 
Therefore, to compare the HSVR approach with 
state-of-the-art models, we focus on HSVR models 
trained on automatically generated indices. Among 
the TFIDF based HSVR models, the highest average 
MAPE value of 0.08 is observed for models trained 
on index 9446. This index was constructed using 
the following keywords: “аукцион размещение 
летний государственный облигация.” The lowest 
average MAPE, equal to 0.06, is achieved by HSVR 
models trained on: index 7342, which was formed 
using the keywords “индекс деловой активность 
производственный сектор;” index 5451, con-
structed from the keywords “баррель напоминать 
цена фьючерс итог”. According to Table 2, models 
with a MAPE of 0.06 or lower include:

	♦ Convolutional neural network, MAPE 0.02 [51], and 
its various hybrids [56];

	♦ Bayesian belief network, MAPE 0.01 [52];
	♦ Large language model GPT4, MAPE 0.03 [57];
	♦ Quantile regression with LLM Mistral 7B, MAPE 
0.06 [58].

Table 2.
Modern revenue forecast methods

No. Machine learning method MAPE Year, Reference

1 Convolution neural network, СNN 0.02 2025 [51]

2 Bayesian belief network, BBN 0.01 2021 [52]

3 Long short-term memory network, LSTM 0.11, 0.07 2025 [53], 2024 [54]

4 Bayesian Regularization of ANN, BRNN 0.16 2021 [55]

5 Support vector regression, SVR 0.16 2021 [55]

6 Hybrid CNN+LSTM 0.04 2025 [56]

7 Hybrid СNN+TCN 0.02 2025 [51]

8 Hybrid EEMD+BRNN 0.08 2021 [55]

9 Large language model GPT-4, LLM GPT-4 0.03 2024 [57]

10 Quantile Regression with LLM Mistral 7-B 0.06 2025 [58]

Hilbert spectrum support vector regression for public companies’ sales forecasts	 103



BUSINESS INFORMATICS        Vol. 20        No. 2        2026

In summary, the empirical results demonstrate that 
HSVR achieves performance comparable to state-of 
the-art global models in identifying nonlinear relation-
ships within the data. The key distinguishing advan-
tages of the HSVR framework are its high interpret-
ability, operational autonomy, and the theoretical rigor 
of the foundational SVR methodology, [30].

Returning to the question of the applicability of the 
Payrolls index – which achieved a MAPE of 0.03 (on par 
with modern language models) and is significantly lower 
than the MAPE of the “Russian” index 9446 (“аукцион 
размещение летний государственный облигация”), 
which stands at 0.08 – for revenue forecasting of Russian 
companies, we can only state the invariance of natural 
laws. According to these laws, within a Hilbert space for 
nonlinear and nonstationary processes, only the afore-
mentioned technical limitations on the applicability of 
HSVR [31, 32], and SVR exist.

7. The role of HSVR 
in investment business processes

A practical application scenario for HSVR in invest-
ment business could involve using revenue forecasts 
from trained models in a software implementation of 
a DCF tensor in Python. Unlike a conventional DCF 
model in MS Excel, the DCF tensor is recalculated as 
the index of vector representations is updated. That is, 
for each news item, a unique forecast period is gener-
ated, with the predicted growth rate for its first year. 
Since the nonlinear nonstationary vector representa-
tions of news (i.e., indices) are hypothesized to have a 
quantum nature, the company’s wave function exists in 
a superposition relative to a set of its DCF tensors. The 
outcome of these calculations – the target prices – are 
weighted by the square of the Hilbert spectrum corre-
sponding to the vector representation of the index. The 
collapse of the resulting wave function occurs upon 
the publication of the company’s quarterly financial 
report. Thus, using the wave function, the software 
we developed generates a target price for the company 
whenever the indices are updated. Changes in this tar-
get price, in turn, serve as a trading signal to buy or 
sell the company’s shares, or as a reason to update the 

conventional DCF model built by a financial analyst in 
MS Excel. The development of the source code, model 
training, testing, and – most importantly – proving 
the quantum nature of the nonlinear nonstationary 
processes used in training – all deserve a dedicated 
research effort.

Conclusion

We have examined the practical application of the 
Hilbert Spectrum Support Vector Regression (HSVR) 
method [31, 32], developed based on Support Vector 
Regression (SVR). A distinctive feature of this method 
is its probabilistic nature, achieved through the use 
of feature distribution density identified via Empiri-
cal Mode Decomposition (EEMD). In the theoreti-
cal part of the work, based on an analysis of scientific 
experience, we have justified the use of SVR as an effec-
tive and interpretable method for identifying nonlinear 
dependencies. We have also formulated a hypothesis 
about the isomorphism of nonlinear machine learning 
methods and outlined the limitations of the method’s 
applicability. The practical part of the work presents 
performance metrics that, on the one hand, demon-
strate the superiority of HSVR over the original SVR, 
and on the other hand, place HSVR on par with con-
volutional neural networks, Bayesian belief networks, 
and large language models.

Although none of the aforementioned methods can 
surpass HSVR in terms of interpretability, the embed-
dings (vector representations) of the feature distribution 
density make it easy to improve the method’s perfor-
mance by adding embeddings generated by modern large 
language models – without increasing the method’s 
complexity. However, the question of generalizing non-
linear machine learning methods (in particular, convo-
lutional neural networks) based on their isomorphism to 
the RKHS (Reproducing Kernel Hilbert Space) space –  
with the aim of enhancing the performance and theo-
retical soundness of HSVR – remains open.

Nevertheless, taking the above into account, we can 
recommend the use of HSVR in production for rev-
enue and demand forecasting. 
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Appendix

The following tables (Tables A1–A8) use the following notation:

	♦ The «name» column contains the trading tickers of companies listed on the Moscow Exchange.

	♦ The «y_mean» column shows the distribution of relative changes in quarterly revenue for companies traded 
on the Moscow Exchange.

	♦ The «rmse», «mape», and «r2» columns report the test‑set error metrics for the SVR model, while the  
«h_rmse», «h_mape», and «h_r2» columns report the corresponding metrics for the HSVR model.

	♦ The «r2 growth» column computes the difference between the coefficient of determination (R2) of the HSVR 
model and the SVR model’s one.
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Table A1.

SVR and HSVR model test results (Payrolls index)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.31 0.20 0.05 0.10 0.03 0.50 0.96 0.46

ALRS 1.12 0.21 0.07 0.15 0.04 0.36 0.94 0.58

VTBR 1.15 0.14 0.05 0.08 0.03 0.55 0.95 0.40

BSPB 1.09 0.12 0.04 0.08 0.03 0.58 0.95 0.37

AFKS 1.03 0.15 0.06 0.12 0.04 0.72 0.95 0.23

GAZP 1.11 0.09 0.03 0.06 0.02 0.47 0.94 0.47

MAGN 1.04 0.16 0.04 0.12 0.03 0.63 0.98 0.35

MTLR 1.11 0.12 0.04 0.07 0.03 0.85 0.98 0.13

MTSS 1.04 0.06 0.03 0.04 0.02 0.53 0.90 0.37

MOEX 1.11 0.16 0.07 0.11 0.05 0.44 0.90 0.46

LKOH 1.13 0.12 0.04 0.08 0.02 0.39 0.94 0.55

NLMK 1.15 0.13 0.05 0.09 0.03 0.56 0.94 0.38

RTKM 1.07 0.12 0.04 0.07 0.02 0.54 0.95 0.41

SBER 1.14 0.09 0.03 0.06 0.02 0.65 0.95 0.30

CHMF 0.99 0.21 0.06 0.14 0.04 0.48 0.96 0.48

FLOT 1.07 0.12 0.07 0.09 0.06 0.43 0.79 0.36

TGKA 1.08 0.07 0.03 0.05 0.02 0.50 0.91 0.41

TRNFP 1.13 0.08 0.03 0.04 0.02 0.74 0.96 0.22

HYDR 1.03 0.06 0.02 0.04 0.02 0.21 0.86 0.65

PHOR 1.13 0.17 0.06 0.11 0.05 0.34 0.91 0.57

ELFV 1.04 0.06 0.03 0.05 0.02 0.66 0.93 0.27

MSNG 1.07 0.07 0.03 0.05 0.02 0.62 0.92 0.30

NVTK 1.28 0.14 0.06 0.08 0.03 0.40 0.90 0.50

ROSN 1.22 0.16 0.05 0.11 0.03 0.60 0.97 0.37

TATN 1.10 0.12 0.05 0.08 0.03 0.68 0.94 0.26

AKRN 1.14 0.14 0.05 0.09 0.03 0.54 0.95 0.41

OGKB 1.15 0.17 0.09 0.12 0.07 0.79 0.95 0.16

MRKZ 1.05 0.17 0.04 0.12 0.03 0.39 0.97 0.58

TRMK 0.99 0.10 0.03 0.07 0.02 0.27 0.93 0.66

BANE 1.19 0.33 0.17 0.19 0.08 0.68 0.91 0.23

SIBN 1.12 0.10 0.03 0.07 0.02 0.54 0.96 0.42

GCHE 1.13 0.08 0.03 0.05 0.02 0.46 0.93 0.47

KOGK 1.24 0.33 0.10 0.23 0.06 0.44 0.95 0.51

MGNT 1.25 0.05 0.02 0.03 0.01 0.86 0.98 0.12
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

NMTP 1.09 0.15 0.06 0.09 0.03 0.78 0.97 0.19

Mean 1.12 0.14 0.05 0.09 0.03 0.55 0.94 0.39

Table A2.
SVR and HSVR model test results (Reserves index)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.29 0.18 0.06 0.08 0.03 0.57 0.96 0.39

ALRS 1.08 0.23 0.19 0.19 0.17 0.20 0.47 0.27

VTBR 1.14 0.15 0.07 0.08 0.05 0.42 0.86 0.44

BSPB 1.10 0.13 0.07 0.09 0.06 0.45 0.82 0.37

AFKS 0.97 0.20 0.09 0.19 0.09 –0.04 0.78 0.82

GAZP 1.07 0.10 0.03 0.07 0.03 0.26 0.92 0.66

MAGN 0.99 0.15 0.04 0.12 0.03 0.51 0.96 0.45

MTLR 0.96 0.13 0.08 0.11 0.07 0.40 0.79 0.39

MTSS 1.04 0.05 0.02 0.03 0.02 0.41 0.84 0.43

MOEX 1.13 0.14 0.07 0.09 0.05 0.54 0.89 0.35

LKOH 1.11 0.13 0.04 0.08 0.03 0.37 0.94 0.57

NLMK 1.10 0.17 0.12 0.13 0.10 0.06 0.53 0.47

RTKM 1.07 0.11 0.04 0.08 0.02 0.59 0.96 0.37

SBER 1.15 0.08 0.03 0.05 0.02 0.69 0.94 0.25

CHMF 0.95 0.15 0.05 0.11 0.04 0.58 0.95 0.37

FLOT 1.09 0.12 0.05 0.07 0.03 0.52 0.91 0.39

TGKA 1.06 0.08 0.06 0.07 0.06 0.12 0.50 0.38

TRNFP 1.07 0.06 0.03 0.04 0.02 0.37 0.87 0.50

HYDR 1.04 0.06 0.03 0.04 0.02 0.28 0.82 0.54

PHOR 1.16 0.21 0.09 0.14 0.07 0.18 0.84 0.66

ELFV 1.02 0.07 0.03 0.06 0.02 0.27 0.89 0.62

MSNG 1.02 0.06 0.03 0.04 0.03 0.36 0.80 0.44

NVTK 1.24 0.16 0.07 0.10 0.05 0.22 0.85 0.63

ROSN 1.18 0.25 0.19 0.18 0.16 0.11 0.46 0.35

TATN 1.00 0.16 0.09 0.13 0.08 0.26 0.79 0.53

AKRN 1.08 0.15 0.07 0.10 0.06 0.19 0.82 0.63

OGKB 1.01 0.15 0.08 0.13 0.07 0.14 0.74 0.60

MRKZ 1.03 0.15 0.06 0.11 0.04 0.52 0.93 0.41

TRMK 1.01 0.10 0.06 0.07 0.06 0.25 0.70 0.45

BANE 1.12 0.49 0.17 0.28 0.11 0.00 0.88 0.88

SIBN 1.10 0.10 0.03 0.07 0.03 0.47 0.94 0.47

GCHE 1.13 0.10 0.03 0.06 0.02 –0.04 0.88 0.92
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

KOGK 1.18 0.36 0.25 0.33 0.24 0.39 0.69 0.30

MGNT 1.21 0.04 0.03 0.03 0.02 0.85 0.94 0.09

NMTP 0.98 0.11 0.09 0.07 0.03 0.14 0.47 0.33

Mean 1.08 0.15 0.07 0.10 0.06 0.33 0.81 0.48

Table A3.
SVR and HSVR model test results (index 9446)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.38 0.17 0.11 0.09 0.06 0.26 0.68 0.42

ALRS 1.17 0.22 0.14 0.17 0.10 0.05 0.65 0.60

VTBR 1.22 0.20 0.12 0.11 0.07 0.22 0.71 0.49

BSPB 1.11 0.14 0.09 0.10 0.06 0.29 0.74 0.45

AFKS 1.10 0.21 0.13 0.16 0.10 0.34 0.75 0.41

GAZP 1.12 0.10 0.07 0.07 0.05 0.28 0.66 0.38

MAGN 1.07 0.19 0.11 0.13 0.07 0.52 0.85 0.33

MTLR 1.06 0.19 0.11 0.13 0.09 0.59 0.86 0.27

MTSS 1.06 0.07 0.05 0.04 0.03 0.26 0.66 0.40

MOEX 1.21 0.20 0.13 0.13 0.09 0.37 0.74 0.37

LKOH 1.15 0.11 0.06 0.07 0.04 0.26 0.75 0.49

NLMK 1.16 0.17 0.12 0.13 0.09 0.28 0.64 0.36

RTKM 1.01 0.13 0.08 0.09 0.07 0.06 0.61 0.55

SBER 1.19 0.12 0.07 0.08 0.05 0.40 0.77 0.37

CHMF 0.99 0.28 0.15 0.20 0.11 0.30 0.78 0.48

FLOT 1.11 0.15 0.11 0.10 0.07 0.24 0.64 0.40

TGKA 1.07 0.10 0.06 0.07 0.04 0.14 0.73 0.59

TRNFP 1.14 0.15 0.08 0.09 0.05 0.36 0.83 0.47

HYDR 1.04 0.06 0.05 0.05 0.04 0.09 0.41 0.32

PHOR 1.13 0.20 0.13 0.14 0.10 0.18 0.65 0.47

ELFV 1.07 0.08 0.04 0.05 0.03 0.25 0.76 0.51

MSNG 1.07 0.09 0.05 0.07 0.04 0.37 0.77 0.40

NVTK 1.30 0.16 0.11 0.11 0.08 0.17 0.56 0.39

ROSN 1.28 0.25 0.15 0.16 0.10 0.17 0.67 0.50

TATN 1.07 0.18 0.10 0.15 0.08 0.25 0.76 0.51

AKRN 1.15 0.19 0.10 0.13 0.07 0.25 0.78 0.53

OGKB 1.14 0.30 0.15 0.19 0.10 0.36 0.85 0.49

MRKZ 1.04 0.11 0.06 0.08 0.04 0.44 0.84 0.40

TRMK 1.04 0.12 0.08 0.08 0.06 0.16 0.62 0.46

BANE 1.19 0.64 0.63 0.30 0.47 0.01 0.05 0.04
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

SIBN 1.13 0.11 0.06 0.08 0.04 0.48 0.85 0.37

GCHE 1.17 0.10 0.07 0.07 0.05 0.18 0.60 0.42

KOGK 1.15 0.37 0.26 0.32 0.23 0.34 0.66 0.32

MGNT 1.31 0.07 0.04 0.04 0.03 0.56 0.83 0.27

NMTP 1.07 0.24 0.12 0.15 0.08 0.36 0.85 0.49

Mean 1.13 0.18 0.11 0.12 0.08 0.28 0.70 0.42

Table A4.
SVR and HSVR model test results (index 7342)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.29 0.16 0.09 0.09 0.05 0.56 0.88 0.32

ALRS 1.12 0.22 0.14 0.17 0.11 0.19 0.69 0.50

VTBR 1.16 0.17 0.09 0.09 0.05 0.41 0.82 0.41

BSPB 1.08 0.13 0.06 0.08 0.04 0.42 0.86 0.44

AFKS 1.07 0.17 0.09 0.13 0.06 0.53 0.87 0.34

GAZP 1.11 0.11 0.07 0.08 0.05 0.21 0.69 0.48

MAGN 1.08 0.19 0.09 0.13 0.06 0.54 0.9 0.36

MTLR 1.08 0.17 0.09 0.11 0.06 0.65 0.9 0.25

MTSS 1.05 0.07 0.04 0.04 0.03 0.28 0.72 0.44

MOEX 1.12 0.18 0.08 0.11 0.05 0.43 0.88 0.45

LKOH 1.14 0.14 0.08 0.09 0.06 0.17 0.70 0.53

NLMK 1.15 0.17 0.10 0.12 0.07 0.30 0.77 0.47

RTKM 1.06 0.14 0.06 0.09 0.05 0.37 0.86 0.49

SBER 1.14 0.11 0.05 0.07 0.04 0.52 0.88 0.36

CHMF 1.02 0.26 0.13 0.17 0.08 0.29 0.82 0.53

FLOT 1.06 0.14 0.08 0.10 0.06 0.24 0.75 0.51

TGKA 1.08 0.10 0.08 0.08 0.06 0.20 0.55 0.35

TRNFP 1.14 0.12 0.07 0.07 0.04 0.50 0.85 0.35

HYDR 1.03 0.06 0.03 0.04 0.03 0.07 0.72 0.65

PHOR 1.15 0.20 0.12 0.14 0.09 0.19 0.70 0.51

ELFV 1.05 0.08 0.05 0.06 0.03 0.37 0.80 0.43

MSNG 1.07 0.08 0.05 0.06 0.03 0.44 0.81 0.37

NVTK 1.29 0.16 0.10 0.10 0.06 0.22 0.73 0.51

ROSN 1.24 0.21 0.13 0.14 0.09 0.31 0.72 0.41

TATN 1.07 0.16 0.07 0.12 0.06 0.44 0.88 0.44

AKRN 1.14 0.17 0.12 0.13 0.09 0.30 0.68 0.38

OGKB 1.17 0.28 0.14 0.15 0.08 0.50 0.87 0.37

MRKZ 1.04 0.20 0.10 0.15 0.08 –0.04 0.72 0.76
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

TRMK 1.01 0.12 0.06 0.08 0.04 0.17 0.80 0.63

BANE 1.17 0.49 0.23 0.16 0.12 0.14 0.81 0.67

SIBN 1.14 0.12 0.06 0.08 0.04 0.41 0.87 0.46

GCHE 1.14 0.08 0.05 0.05 0.03 0.16 0.74 0.58

KOGK 1.24 0.45 0.29 0.38 0.23 0.21 0.68 0.47

MGNT 1.27 0.07 0.04 0.04 0.02 0.71 0.92 0.21

NMTP 1.09 0.23 0.10 0.13 0.06 0.46 0.89 0.43

Mean 1.12 0.17 0.09 0.11 0.06 0.34 0.79 0.45

Table A5.
SVR and HSVR model test results (index 6505)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.29 0.17 0.11 0.10 0.07 0.51 0.79 0.28

ALRS 1.11 0.24 0.15 0.18 0.12 0.23 0.69 0.46

VTBR 1.16 0.17 0.11 0.10 0.07 0.34 0.74 0.40

BSPB 1.07 0.12 0.07 0.09 0.05 0.45 0.83 0.38

AFKS 1.12 0.20 0.12 0.14 0.07 0.52 0.84 0.32

GAZP 1.11 0.10 0.06 0.07 0.04 0.34 0.79 0.45

MAGN 1.12 0.20 0.11 0.14 0.07 0.58 0.88 0.30

MTLR 1.15 0.19 0.11 0.14 0.07 0.62 0.89 0.27

MTSS 1.06 0.09 0.07 0.05 0.05 0.28 0.49 0.21

MOEX 1.12 0.16 0.09 0.10 0.05 0.57 0.88 0.31

LKOH 1.15 0.13 0.07 0.08 0.04 0.26 0.79 0.53

NLMK 1.16 0.16 0.10 0.12 0.07 0.33 0.74 0.41

RTKM 1.07 0.14 0.07 0.10 0.05 0.44 0.86 0.42

SBER 1.13 0.10 0.06 0.07 0.04 0.53 0.85 0.32

CHMF 1.04 0.27 0.16 0.20 0.11 0.31 0.77 0.46

FLOT 1.05 0.12 0.09 0.09 0.07 0.33 0.67 0.34

TGKA 1.08 0.10 0.08 0.07 0.05 0.17 0.48 0.31

TRNFP 1.14 0.12 0.08 0.07 0.05 0.50 0.73 0.23

HYDR 1.03 0.06 0.05 0.05 0.03 0.06 0.54 0.48

PHOR 1.12 0.19 0.12 0.14 0.09 0.16 0.66 0.50

ELFV 1.04 0.09 0.06 0.06 0.05 0.31 0.65 0.34

MSNG 1.08 0.09 0.06 0.07 0.04 0.46 0.79 0.33

NVTK 1.28 0.17 0.11 0.11 0.07 0.25 0.71 0.46

ROSN 1.26 0.21 0.14 0.14 0.09 0.31 0.67 0.36

TATN 1.11 0.17 0.09 0.13 0.06 0.33 0.82 0.49

AKRN 1.14 0.17 0.10 0.12 0.07 0.30 0.73 0.43
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

OGKB 1.15 0.26 0.16 0.18 0.10 0.52 0.82 0.30

MRKZ 1.04 0.17 0.07 0.13 0.05 0.31 0.88 0.57

TRMK 1.02 0.11 0.09 0.08 0.06 0.25 0.57 0.32

BANE 1.18 0.51 0.30 0.20 0.13 0.15 0.69 0.54

SIBN 1.15 0.12 0.07 0.08 0.04 0.49 0.85 0.36

GCHE 1.15 0.09 0.06 0.06 0.04 0.32 0.73 0.41

KOGK 1.28 0.39 0.27 0.32 0.21 0.33 0.69 0.36

MGNT 1.27 0.07 0.04 0.04 0.03 0.72 0.90 0.18

NMTP 1.09 0.25 0.12 0.16 0.08 0.36 0.84 0.48

Mean 1.13 0.17 0.10 0.11 0.07 0.37 0.75 0.38

Table A6.
SVR and HSVR model test results (index 5451)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.29 0.17 0.10 0.10 0.06 0.49 0.84 0.35

ALRS 1.13 0.24 0.15 0.19 0.12 0.14 0.67 0.53

VTBR 1.17 0.18 0.11 0.10 0.07 0.35 0.73 0.38

BSPB 1.06 0.13 0.07 0.10 0.05 0.34 0.81 0.47

AFKS 1.11 0.19 0.10 0.14 0.07 0.43 0.85 0.42

GAZP 1.13 0.11 0.06 0.08 0.04 0.31 0.81 0.5

MAGN 1.12 0.19 0.10 0.14 0.06 0.51 0.86 0.35

MTLR 1.13 0.19 0.11 0.13 0.07 0.57 0.87 0.30

MTSS 1.05 0.08 0.06 0.05 0.03 0.19 0.62 0.43

MOEX 1.10 0.17 0.09 0.11 0.05 0.49 0.87 0.38

LKOH 1.16 0.14 0.07 0.09 0.04 0.17 0.77 0.60

NLMK 1.17 0.17 0.09 0.12 0.06 0.29 0.78 0.49

RTKM 1.05 0.13 0.07 0.09 0.04 0.41 0.85 0.44

SBER 1.13 0.11 0.06 0.07 0.04 0.50 0.86 0.36

CHMF 1.04 0.27 0.17 0.19 0.12 0.29 0.73 0.44

FLOT 1.04 0.12 0.09 0.09 0.07 0.33 0.65 0.32

TGKA 1.08 0.10 0.08 0.08 0.06 0.16 0.54 0.38

TRNFP 1.16 0.14 0.08 0.08 0.04 0.51 0.85 0.34

HYDR 1.03 0.06 0.04 0.04 0.03 0.19 0.66 0.47

PHOR 1.12 0.19 0.12 0.14 0.09 0.12 0.64 0.52

ELFV 1.06 0.08 0.05 0.06 0.03 0.33 0.77 0.44

MSNG 1.08 0.09 0.05 0.07 0.04 0.37 0.79 0.42

NVTK 1.30 0.18 0.11 0.11 0.07 0.21 0.70 0.49

ROSN 1.26 0.22 0.11 0.14 0.06 0.20 0.80 0.60
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

TATN 1.10 0.18 0.09 0.14 0.06 0.36 0.85 0.49

AKRN 1.15 0.17 0.10 0.11 0.06 0.34 0.79 0.45

OGKB 1.18 0.31 0.15 0.22 0.10 0.44 0.87 0.43

MRKZ 1.04 0.17 0.06 0.13 0.04 0.19 0.89 0.70

TRMK 1.04 0.12 0.09 0.08 0.06 0.33 0.68 0.35

BANE 1.21 0.57 0.32 0.23 0.17 0.13 0.72 0.59

SIBN 1.16 0.13 0.06 0.09 0.04 0.43 0.85 0.42

GCHE 1.15 0.09 0.05 0.06 0.04 0.29 0.75 0.46

KOGK 1.23 0.40 0.23 0.31 0.17 0.30 0.76 0.46

MGNT 1.28 0.07 0.04 0.04 0.02 0.72 0.91 0.19

NMTP 1.15 0.26 0.12 0.16 0.07 0.42 0.87 0.45

Mean 1.13 0.17 0.10 0.12 0.06 0.34 0.78 0.44

Table A7.
SVR and HSVR model test results (index 3867)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.26 0.15 0.10 0.10 0.06 0.59 0.84 0.25

ALRS 1.09 0.21 0.13 0.17 0.11 0.26 0.72 0.46

VTBR 1.13 0.17 0.09 0.09 0.05 0.35 0.83 0.48

BSPB 1.08 0.13 0.08 0.09 0.06 0.38 0.78 0.40

AFKS 0.99 0.16 0.08 0.13 0.06 0.47 0.86 0.39

GAZP 1.10 0.11 0.05 0.08 0.04 0.09 0.79 0.70

MAGN 1.04 0.22 0.12 0.16 0.09 0.37 0.82 0.45

MTLR 1.01 0.14 0.08 0.10 0.06 0.62 0.87 0.25

MTSS 1.05 0.06 0.04 0.03 0.02 0.07 0.63 0.56

MOEX 1.09 0.19 0.08 0.11 0.06 0.34 0.87 0.53

LKOH 1.13 0.17 0.10 0.12 0.07 0.11 0.67 0.56

NLMK 1.14 0.18 0.09 0.13 0.06 0.20 0.80 0.60

RTKM 1.09 0.14 0.06 0.09 0.04 0.38 0.90 0.52

SBER 1.12 0.10 0.05 0.07 0.03 0.50 0.89 0.39

CHMF 1.01 0.23 0.13 0.16 0.08 0.34 0.80 0.46

FLOT 1.04 0.13 0.09 0.09 0.07 0.22 0.63 0.41

TGKA 1.08 0.09 0.05 0.07 0.04 0.11 0.69 0.58

TRNFP 1.10 0.08 0.05 0.05 0.03 0.56 0.86 0.30

HYDR 1.03 0.06 0.04 0.04 0.02 0.13 0.64 0.51

PHOR 1.16 0.19 0.10 0.14 0.07 0.28 0.78 0.50

ELFV 1.03 0.08 0.06 0.06 0.05 0.38 0.58 0.20

MSNG 1.05 0.07 0.05 0.05 0.04 0.19 0.68 0.49
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

NVTK 1.26 0.17 0.10 0.10 0.07 0.14 0.67 0.53

ROSN 1.19 0.22 0.13 0.15 0.09 0.26 0.73 0.47

TATN 1.04 0.15 0.07 0.11 0.05 0.40 0.88 0.48

AKRN 1.11 0.18 0.11 0.12 0.09 0.21 0.68 0.47

OGKB 1.11 0.21 0.12 0.11 0.06 0.47 0.84 0.37

MRKZ 1.05 0.20 0.09 0.16 0.07 0.00 0.79 0.79

TRMK 1.02 0.15 0.08 0.09 0.06 0.15 0.78 0.63

BANE 1.12 0.39 0.28 0.22 0.16 –0.09 0.45 0.54

SIBN 1.13 0.13 0.08 0.09 0.06 0.29 0.71 0.42

GCHE 1.14 0.10 0.07 0.07 0.05 0.17 0.62 0.45

KOGK 1.20 0.50 0.29 0.45 0.26 0.15 0.71 0.56

MGNT 1.22 0.07 0.04 0.04 0.02 0.70 0.92 0.22

NMTP 1.04 0.15 0.09 0.09 0.05 0.58 0.86 0.28

Mean 1.10 0.16 0.09 0.11 0.07 0.30 0.76 0.46

Table A8.
SVR and HSVR model test results (index 3150)

name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

CBOM 1.33 0.20 0.11 0.10 0.05 0.35 0.80 0.45

ALRS 1.12 0.26 0.17 0.21 0.14 0.14 0.60 0.46

VTBR 1.17 0.19 0.12 0.10 0.08 0.32 0.72 0.40

BSPB 1.07 0.13 0.08 0.09 0.05 0.38 0.76 0.38

AFKS 1.13 0.23 0.13 0.16 0.08 0.44 0.81 0.37

GAZP 1.13 0.11 0.06 0.08 0.04 0.26 0.78 0.52

MAGN 1.13 0.20 0.12 0.14 0.07 0.57 0.86 0.29

MTLR 1.11 0.18 0.10 0.13 0.06 0.69 0.90 0.21

MTSS 1.07 0.09 0.06 0.06 0.04 0.20 0.63 0.43

MOEX 1.13 0.18 0.09 0.11 0.05 0.44 0.85 0.41

LKOH 1.15 0.13 0.07 0.08 0.04 0.23 0.80 0.57

NLMK 1.15 0.16 0.11 0.12 0.08 0.40 0.73 0.33

RTKM 1.05 0.14 0.08 0.10 0.05 0.35 0.79 0.44

SBER 1.15 0.11 0.06 0.07 0.04 0.54 0.84 0.30

CHMF 1.04 0.28 0.18 0.21 0.13 0.26 0.70 0.44

FLOT 1.08 0.13 0.09 0.09 0.07 0.36 0.65 0.29

TGKA 1.08 0.10 0.08 0.08 0.06 0.13 0.46 0.33

TRNFP 1.15 0.13 0.09 0.07 0.05 0.48 0.78 0.30

HYDR 1.03 0.06 0.05 0.05 0.03 0.13 0.53 0.40

PHOR 1.10 0.18 0.12 0.13 0.09 0.15 0.63 0.48
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name y_mean rmse h_rmse mape h_mape r2 h_r2 r2 growth

ELFV 1.05 0.09 0.06 0.06 0.04 0.32 0.71 0.39

MSNG 1.08 0.10 0.06 0.07 0.04 0.42 0.77 0.35

NVTK 1.30 0.19 0.12 0.12 0.08 0.21 0.69 0.48

ROSN 1.28 0.22 0.14 0.15 0.09 0.28 0.71 0.43

TATN 1.09 0.17 0.08 0.14 0.06 0.40 0.86 0.46

AKRN 1.14 0.16 0.11 0.11 0.08 0.36 0.69 0.33

OGKB 1.13 0.28 0.16 0.22 0.11 0.48 0.83 0.35

MRKZ 1.03 0.19 0.07 0.14 0.05 0.25 0.90 0.65

TRMK 1.03 0.10 0.07 0.07 0.05 0.26 0.63 0.37

BANE 1.23 0.71 0.46 0.31 0.23 0.13 0.63 0.50

SIBN 1.16 0.13 0.07 0.09 0.04 0.45 0.85 0.40

GCHE 1.15 0.09 0.07 0.06 0.05 0.23 0.57 0.34

KOGK 1.30 0.39 0.25 0.27 0.16 0.30 0.70 0.40

MGNT 1.29 0.08 0.05 0.05 0.03 0.66 0.86 0.20

NMTP 1.08 0.26 0.11 0.16 0.06 0.30 0.87 0.57

Mean 1.13 0.18 0.11 0.12 0.07 0.34 0.74 0.40
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