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Abstract

By early 2026, Al 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 Al 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 Al 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 Al agents is observed in repetitive
operational tasks where nonstandard situations are rare. The effect of implementing Al 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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Introduction

ccording to a study by Axenix and Mos-

cow State University, presented at the Al

ourney conference, the costs of imple-
menting Al 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
Al 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



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 Al 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
Al agents lies in operation-oriented tasks with high fre-

quency and low need for empathy [2].

Global experience also confirms the demand for Al
agents. According to a Cloudera study among 1,484 IT
executives in 14 countries, 96% of organizations intend
to expand the use of Al 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 Al 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
Al 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, Al 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 Al technologies within Al 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 Al 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 Al 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 Al assistants and Al 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 Al agent deployment
be identified?

2. What specific factors affect the deployment of Al
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

Al 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 Al 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 Al agents.



1. Methodological
foundations for developing
the maturity model

To achieve the research goal — developing a matu-
rity model and identifying success factors for Al 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 Al 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 Al 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 Al 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 Al 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 Al
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 Al agents.

The qualitative data we obtained made it possible
to identify deep causeandeffect relationships explain-

ing the success or failure of projects.



2. Maturity model
for AI agent deployment

Al primarily performs advisory, predictive, and
classification functions, supporting but not fully
replacing managerial tasks [9]. Al 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
Al solutions. The model developed builds on classical
process maturity approaches [11—13] and is adapted
to the specifics of Al agents [14—16]. The proposed
model assesses business readiness for Al 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 Al 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 Al 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 Al agents. At this level, the company already has
several successful Al 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 Al 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 Al agents.

Level 3: Defined.

The main characteristic of this level is the institu-
tionalization of practices for working with Al agents.
Al agents begin to be introduced into business pro-
cesses, moving beyond simple experiments. Cor-
porate standards for the development, testing, and
deployment of Al 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 Al agents and dissemi-
nates best practices has been created. A clear strat-
egy and roadmap for Al agent development appear,
and investments begin to be planned for the medium
term. Employees are trained to work with Al agents,

and the level of trust in the technology increases.



Level 4: Managed.

At this stage, the company moves from simple auto-
mation of individual tasks to endtoend process orches-
tration using multiagent Al systems. A key performance
indicator system has been implemented to assess the
impact of Al 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. Al 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 Al 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 Al agents capable of
selflearning based on accumulated experience, creat-
ing a sustainable competitive advantage that is diffi-
cult to copy. Al 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 Al agents. At this
level, Al 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 Al agents and their indus-
trial use can be identified.

3. Success factors
for Al agent deployment

This section examines the identified factors influ-
encing Al agent deployment, based on the interpreta-
tion of respondent surveys using the TURF analysis
method. The deployment of Al 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 Al 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 Al 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 Al 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 Al
agent [23].

The main limitation for most organizations remains
data incompleteness, difficulty in obtaining it, and



low quality. Almost all respondents of the study (81%)
whose companies managed to deploy Al agents point to
data quality sufficient for industrial use in Al solutions.
Conversely, virtually none of the respondents rated data
quality as low. Companies with low data quality simply
could not develop an Al agent. Integration with legacy
systems often becomes a significant problem. Almost all
respondents whose companies successfully developed
and deployed Al 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 Al 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 Al 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
Al 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, Al 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 Al and
ML engineering resources. More than half of the
organizations that successfully deployed Al agents

report having such resources.

3.3. Trust in Al agents
and autonomy control

It can be expected that customers of large companies
will generally approve of the use of Al 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 Al
agents — more than half (55%) have level 2 (medium



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, Al agents with low autonomy domi-
nate, performing 1—4 simple actions and requiring con-
stant human control. In telecommunications and some
banking services, Al 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 Al
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 Al agents, companies
implement special technical means. The practice of
censoring has become widespread. Additionally, mul-
tilevel verification systems are used, where one Al
agent acts as a censor for another. It is common to
run Al 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 Al agents usually
keep logging in one form or another, and its intensity
depends on the application area of the Al 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 Al agent’s response (e.g., probability of accu-

racy), emergency stop and pause buttons, explicit
notifications that an action is being performed by an
Al 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 Al
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 Al 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

Al 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 Al 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 Al agents:
labor cost reduction, revenue growth, reduction in
error rates and associated costs, reduction of regu-
latory risks, and increase in process throughput. At



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 Al agent deployment most often leads to the need
to change a business process. Enterprises that have
succeeded in using Al 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 Al agents are often used as a “second
hand” of the human executor (i.e., acting under their
supervision), then in the future Al 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
Al agents. The survey shows [8] that Russian com-
panies prefer to use Al 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 Al 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) Al 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 Al agents even when
they are developed as pilot projects: more than half
of respondents reported having metrics even for pilot
projects.



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
Al 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 Al 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 Al, 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 Al 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 Al 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 Al agent or roll it back to
a previous version due to security problems, and 31% of
organizations experienced security incidents due to Al

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 Al agent actions, and employ-
ees of every tenth enterprise manually cancel more
than 10% of Al agent actions. This fact makes it
mandatory to develop tools and implement pro-
cesses that ensure observability and monitoring of

the Al agents used.

Largescale operation of Al 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 Al agents. For example, regulatory
requirements in healthcare limit the autonomy of Al
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 Al agents: technological, organizational, regula-
tory, and cybersecurity risks. Isolation of Al agents can



significantly reduce their impact on business process
continuity. This makes requirements for ensuring the
security of Al 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 Al 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 Al agent is recalled
for revision. More than half of Russian companies that
have managed to deploy Al 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 Al 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 Al 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 Al 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 Al 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 Al agent deployment. B
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