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Traditional macroeconomic and agent-based models (ABMs) of the real estate market largely ignore the digital layer of modern PropTech
platforms. By modeling matching processes through abstract macro-functions, these approaches fail to capture the cognitively constrained realities
of online property searches. Digital interfaces, however, act as active "choice architects." Their underlying ranking, pagination, and filtering
algorithms create new digital search frictions that exacerbate information asymmetry and severely limit users' visibility into available objects. To
bridge this methodological gap, this study develops the conceptual foundations and algorithmic core of an agent-based model for a real estate
platform, grounded in empirical clickstream data. To ensure architectural integrity and scientific reproducibility, the proposed approach integrates
five leading global methodologies — FREIDA, MAIA, the Smajgl et al. approach, the ODD+D protocol, and the TRACE framework — into a unified
five-step development and validation protocol. As a result, a novel algorithmic core is developed that completely replaces aggrega ted macro-formulas
with a stochastic system of discrete decision trees. Agent behavior is dynamically formalized through rules of bounded attention, local micro-
conversion, seller price adaptation, and the satisficing heuristic. Meanwhile, empirical initialization of agent attributes is achieved by clustering
raw server logs, thereby providing a robust, data-driven micro-foundation. The integration of the digital platform as an independent institutional
environment allows for the authentic "bottom-up" generation of complex emergent macro-phenomena, such as the filter bubble effect and the
quantitative impact of algorithmic ranking on asset liquidity. Ultimately, applying this framework shifts the paradigm of real estate research from
abstract macroeconomic determinism to applied digital behavioral economics, ensuring high predictive validity and providing a reliable tool for
testing business hypotheses across various scenarios.
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1. INTRODUCTION

Traditional approaches to modeling socio-economic systems, in particular econometric regression modeling
and Dynamic Stochastic General Equilibrium (DSGE) models, mostly rely on the representative agent paradigm and
aggregated macroeconomic equations, i.e., Equation-Based Modeling (EBM). In contrast, Agent-Based Modeling
(ABM) is based on the philosophy of methodological individualism and the theory of Complex Adaptive Systems [1,
2]. The main principle of Agent-Based Modeling (ABM) is the "bottom-up" approach: macroeconomic phenomena,
such as pricing or market liquidity, are not determined by predefined global macro-formulas. They arise exclusively
as an emergent (derived) consequence of non-linear micro-interactions of a large number of heterogeneous agents. In
accordance with this paradigm, autonomous agents act under conditions of information asymmetry and bounded
rationality according to H. Simon [3] was guided by local behavioral heuristics rather than by mathematical global
optimization of utility functions.

An analysis of the corpus of existing publications on agent-based modeling of the real estate market
demonstrates the evolution of scholars' focus, allowing the available academic achievements to be structured into three
main directions. First, spatial-economic models and urban dynamics (Spatial / Urban ABM) focus on the geographical
dimension. The classic works of T. Filatova laid the foundations for modeling land markets in which prices are
determined by bid-rent theory and bilateral spatial search [4]. N. Magliocca expanded this approach in the well-known
CHALM model, integrating land-use change processes at the level of Geographic Information Systems (GIS) maps
[5]. Urban segregation and sprawl have been extensively explored through entity-based and automata-based
geosimulation [6, 7]. More recently, J. Ge explored the spatio-behavioral dynamics of buyers and investors in the
generation of endogenous price bubbles [8]. Second, models of macro-financial shocks and systemic risks examine
the relationships among real estate, macroeconomics, and financial crises. The models of J. Geanakoplos [9] and R.
Baptista for the Bank of England [10] explore the impact of credit constraints (LTV) and macroprudential policy on
the formation of price bubbles. R. Axtell applies a network approach to analyze the development of a price bubble in
Washington, using 1.5 million real tax records [11]. E. Erlingsson considers the housing market as an integrated part
of macroeconomic dynamics in stress tests of the Icelandic economy [12]; this also includes the large-scale European
macroeconomic model EURACE [13]. Third, models of market microstructure and the matching process focus on
behavioral distortions. R. Kouwenberg integrates psychological loss aversion into agent behavior [14]. N. Gilbert
explores the market through the lens of complex housing chains [15]. G. Lisi investigates direct search frictions and
the matching process within the housing market [16].
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Despite the significant scientific contributions of the mentioned works, a common methodological feature,
and at the same time a critical limitation, is that their information-search mechanism is overly abstract. The meeting
of a buyer and a seller is most often modeled through matching functions, a random Brownian walk, or the direct mass
mailing of offers. The real, cognitively and technologically bounded process of information scanning is ignored. With
the rapid development of the property technology (PropTech) ecosystem, the real estate market has undergone a
radical transformation: the key environment where demand is formed and agents meet is no longer the physical space
of the city but digital interfaces—real estate platforms and aggregators [17-19]. A platform is a classic two-sided
market that acts as an active "choice architect", shaping the information field through ranking and routing algorithms
[20, 21].

Modern agent-based models (ABMs) completely ignore this digital layer, treating platforms as passive and
neutral "bulletin boards". In reality, the buyer never sees the entire market — they interact only with a narrow sample
of items presented by the ranking algorithm. Interface constraints (filters, pagination) create a new digital search
friction that determines the visibility of objects and critically affects the transaction probability and the ultimate
liquidity of assets. To overcome this methodological gap, a transition from purely theoretical assumptions to
microfoundations grounded in big data is necessary — for example, by analyzing digital footprints or clickstream
events (such as impressions in the feed, clicks on listings, session duration, and pagination depth). Clickstream is the
only objective, empirical reflection of an agent's decision-making process under bounded-rationality conditions. The
integration of clickstream analytics allows for the abandonment of contrived utility macro-functions in favor of
calibrated behavioral patterns. This transforms the model from an abstract simulation into a valid data-driven business
tool, aligning with modern standards for formalizing agent cognitive decisions [22—24].

The purpose of the article is to develop the conceptual foundations and algorithmic core of an agent-based
model for a digital real estate platform, grounded in empirical behavioral microdata (clickstream). In accordance with
the stated purpose, the following objectives are formulated:

° To synthesize leading agent-based modeling methodologies (FREIDA, MAIA, ODD+D, TRACE)
into a unified integrated framework;

° To justify the abandonment of macroeconomic aggregation in favor of discrete decision trees and
behavioral agent heuristics;

° To develop a step-by-step implementation protocol for the digital real estate platform model.

2. METHODS

To ensure scientific reproducibility, validity, and architectural integrity, the proposed model is developed
through a complex synthesis of 5 leading global agent-based modeling methodologies.

2.1. Detailed Description of the Applied Methodologies

1. FREIDA Methodology (eliciting expert knowledge). Developed to overcome the problem of a
lack of numerical data regarding the internal cognitive motivation of agent behavior [24]. Even in the presence of big
data, platform logs show "what" the user did, but do not explain "why". FREIDA structures the process of transforming
the implicit knowledge of domain experts (product managers, marketplace analysts) into concrete computational rules.
It generates three artifacts: Expected System Behaviors (ESB) for a qualitative description of the expected macro-
dynamics; Calibration Statements (CS) to establish the cognitive boundaries of agents (e.g., "a user rarely scrolls
beyond the third page"); and Validation Statements (VS) for the expert evaluation of the results for realism.

2. MAIA Framework (Institutional Analysis). Developed based on institutional analysis (E.
Ostrom's IAD framework) [25]. In the context of this study, MAIA allows conceptualizing the digital platform not
just as a passive environment, but as a formal "Action Arena". The platform has strict institutional Rules: sorting
algorithms, paywall systems, publication limits. MAIA requires modeling agent actions exclusively under these
systemic constraints, taking into account their "Evaluative capabilities" to read interface signals (e.g., reacting to a
"Top listing" badge).

3. Parameterization Approach by Smajgl et al. (empirical initialization). This methodology is a
recognized standard for integrating empirical microdata into ABM, which prevents the arbitrary "guessing" of
parameters [26]. Of the S-phase approach, Phase 4 is key, applied for clustering arrays of raw clickstream logs using
data mining methods. This allows the extraction of objective behavioral user profiles. Statistical patterns (e.g.,
conversion from view to click depending on the position in the search results) are transformed into probabilistic agent
attributes.

4. ODD+D Protocol (documenting cognitive behavior). The ODD standard was created to unify the
description of ecological models. The "+D" (Decision-making) extension is specifically designed to document
complex human cognitive behavior [27]. The most important concept in it is the formalization of the Sensing block
(how an agent perceives information). In the platform model, Sensing is strictly limited: the agent can process only
objects within the visibility zone of its screen (Top-N), completely ignoring all other offers.

5. TRACE End-to-End Validation Framework. TRACE (TRansparent and Comprehensive
Ecological Modeling Documentation) is a methodology of continuous validation and verification (V&V) [28]. It
requires critical testing of the model at every stage: from the textual justification of the conceptual structure (Problem
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formulation) and the assessment of input data bias (Data evaluation) to unit testing the code for errors (Implementation
verification) and comparing simulated macro-patterns with empirical ones.

2.2. Synthesis of Methodologies into a Unified Framework

Each of the described methodologies covers a separate development stage, forming a single integrated
algorithm for creating a data-driven simulation (Table 1).

Table 1
Integration of development methodologies into a unified framework

Development FREIDA MAIA Smajgl et al. ODD+D TRACE

Stage

1. Expected System "Action  Arena" Phase 1: Overview: Formulating a

Conceptualization Behaviors (ESBs) structure, Identification of Purpose, Entities, problem,
institutional rules goals and Scales Conceptual model

typologies

2. Cognitive Core Calibration Evaluative Phases 2-3: Design concepts, Sub-model

Statements (CS), capabilities Structuring  logic Decision-making formulation,
cognitive (decision trees) (Sensing) logical
boundaries justification

3. Synthesis of Information Phase 4: Initialization, Data  evaluation

Parameterization metrics and expert infrastructure Clustering arrays Input data (assessment of

judgments (Data layer) of clickstream (database snapshot quality and bias)
logs t=0)

4. Implementation — Validation of Timing of the user Details: Implementation
architecture  for lifecycle Submodels verification (Unit
compliance  with (Schedule / tests of code)
rules Sequence of

events)

S. Analysis Validation Assessing the Phase 5: Macro- Observation: Model output

(V&V) Statements (VS) impact of validation, Collection of verification (POM
algorithms on Sensitivity emergent macro- validation)
outcomes analysis metrics

3. RESULTS

3.1. Architecture of the Algorithmic Core: Abandoning Aggregation in Favor of Emergence

Abstract aggregated formulas (e.g., calculating the general market price through the intersection of global
supply and demand curves, macroeconomic elasticity equations, or aggregated matching macro-functions) are
fundamental antagonists to the philosophy of agent-based modeling. Their use at the micro level completely
undermines the logic of emergence, since no participant in a digital market has complete information about
macroeconomic aggregates when making local decisions.

The algorithmic core of the developed model is based exclusively on a system of discrete decision trees and
state machines that reflect local behavioral heuristics during interaction with the marketplace interface. The complex
macroscopic dynamics of the system (changes in average prices, overall platform conversion, time-on-market of
objects) arise only as an emergent consequence of millions of local micro-actions. The behavioral logic relies on the
following rules:

° Search and Filtering Rule (Search Heuristic): The agent initiates a query with strict constraints
(budget, number of rooms), cutting off irrelevant options using interface filters. The global utility of the entire market
is fundamentally not calculated.

° Bounded Attention Rule: The agent is physically capable of analyzing only the Top-N listings
proposed by the algorithm. Objects on further pagination pages objectively "do not exist" for them.
° Micro-conversion Rule (Click Rule): The probability of a click (CTR) on a specific listing is based

on visual triggers in a local comparison, considering only the nearest neighbors on the search engine results page
(SERP).

° Satisficing Rule: Instead of maximizing global utility (unlike homo economicus), the buyer stops
searching and makes a choice as soon as they find an object that exceeds their internal psychological threshold of
acceptability [3].

° Seller Adaptation Rule (Adaptation Rule): The seller adjusts the price not based on the global
economic situation, but exclusively based on the clickstream analytics of their own object. If, over period T, the listing
received hundreds of impressions in the search results but zero clicks (low conversion), the seller lowers the price or
buys paid promotion (Boost).
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3.2. Step-by-Step Implementation of the Model

The integration of the five described methodologies allows the model development to be structured into 5
logical steps.

Step 1. Conceptualization of the Platform Environment and Ontology Definition

° Step Description: Definition of system boundaries and transition from the paradigm of
geographical space to the architecture of digital choice. Key agents (seekers, owners/realtors) and the platform as an
independent institutional actor managing the interaction architecture are identified.

° FREIDA Elements: Formulation of "Expected System Behaviors" (ESBs) based on expert
interviews with PropTech market representatives to understand how the platform infrastructure affects market
dynamics.

° MAIA Elements: Description of the platform as an "Action Arena". Formalization of institutional

Rules, which cover: 1) Filtering mechanisms; 2) Pagination mechanisms; 3) Ranking algorithms; 4) Agent routing
algorithms; 5) Infrastructure constraints.

° Parameterization Approach by Smajgl et al.: Phase 1 — identification of target audience
typologies of the platform and conceptual structuring of its elements.

° ODD+D Artifacts: "Overview" block — defining the Purpose, Entities, State variables, and Scales.

° TRACE Description: Problem formulation & Conceptual model — detailed justification for the
necessity of modeling a digital platform instead of traditional spatial ABMs.

° Expected Result: Documented conceptual model (ontology) with clearly defined agent roles,

extended institutional rules of the platform (filtering, pagination, ranking, routing), and basic modeling hypotheses.
Agents (Entities):

* Seekers
+ Realtors

Output Algorithms:

Problem: MAIA Ontology: « 1. Filtering
Ignoring the digital layer Digital Action Arena « 2. Pagination
» 3. Ranking

Business Rules:
+ 4, Lead routing
« 5. Paywalls & Promo
packages

Fig. 1. Structural diagram of the MAIA methodology in the context of a real estate platform

Step 2. Designing the Cognitive Core and Decision-Making Rules

° Step Description: Transition from macro-intentions to micro-steps. Formalization of interaction
logic with the interface and the transactional funnel based on heuristics, avoiding mathematical general equilibrium
equations. An important feature is the probabilistic nature of each micro-step: the transition from view to click, from
click to lead generation, lead routing to a specific agent, the agent's probabilistic decision to work with the lead, and
the final deal closing are treated not as deterministic but as stochastic events.

° FREIDA Elements: Formulation of Calibration Statements (CS) regarding the cognitive and time
boundaries of seekers, as well as the criteria and motivation by which real estate agents evaluate leads.
° MAIA Elements: Description of the "evaluative capabilities" of users — reactions to badges and

interface signals, as well as the institutional rules of the platform regarding lead routing based on ratings and purchased
services.

° Parameterization Approach by Smajgl et al.: Phases 2 and 3 — theoretical structuring of
decision-making models in the form of logical graphs or decision trees covering the entire chain from search to deal.

° ODD+D Artifacts: "Design concepts" and "Decision-making" blocks. Description of the Sensing
process as reading information from the device screen by the seeker and receiving data by the lead agent.

° TRACE Description: Sub-model formulation. Logical justification of the chosen behavioral
heuristics and probability distributions at each stage of the funnel.

° Expected Result: Documented decision trees for each type of actor, step-by-step describing the full

transactional chain of actions, taking into account their probabilistic nature.
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Scrolling
(Scrall / Skip) 6. Deal
Success
(Deal closing)
1. Query & Sensing 2. Click? m 5. Deal?
Filtering and SERP (P_click) (P_deal)
3. Lead?
Ve Failure Return
- (P_lead) 4. Agent? (Resume search)
(P_accept)
Rerouting
Reje
(Lead rerouting)

Fig. 2. Diagram of decision-making logic and agent behavior

Step 3. Empirical Parameterization and Initialization with Clickstream Data

° Step Description: Transformation of the theoretical abstract model into a data-driven simulation.
Filling in empty agent parameters with real data from server logs.

° FREIDA / MAIA Elements: Synthesis of quantitative logs and qualitative expert judgments where
logs do not provide an understanding of internal motivation (e.g., reasons for session abandonment).

° Parameterization Approach by Smajgl et al.: Phase 4 — application of Data Mining methods (in
particular, clustering) to arrays of clickstream logs for extracting user profiles.

° ODD+D Artifacts: "Initialization" and "Input data" blocks. Initialization of variables based on
historical snapshots of the platform database (moment t=0).

° TRACE Description: Data evaluation. Assessing representativeness and identifying algorithmic
bias in raw logs.

° Expected Result: An agent population whose attributes and behavioral parameters are fully
calibrated based on the statistical distributions of the behavior of real marketplace users.

[ ]

. Clustering & Data Mining Extraction of empirical ODD+D Protocol: Initialization of attributes
Raw clickstream logs b - o P .
(Smajgl Approach) probability distributions Initialization Block of Agents in the Model

Fig. 3. Stages of empirical parameterization based on clickstream data

Step 4. Implementation of the Algorithmic Core into Code

° Step Description: Programmatic implementation of the developed heuristics in a computational
simulation environment (via Object-Oriented Programming).

° FREIDA / MAIA Elements: Validation of the software code architecture for compliance with
conceptual institutional constraints.

° Parameterization Approach by Smajgl et al.: Setting the frequency of action execution (ticks) in
accordance with the real-life cycle of interaction with the platform.

° ODD+D Artifacts: "Details: Submodels" block. Formal schedule of event execution.

° TRACE Description: Implementation verification. Conducting unit testing of individual behavioral
rules to guarantee the accurate reproduction of decision trees in code.

° Expected Result: Verified program code of the agent-based model (bug-free), in which the

sequence of actions (ticks) imitates the real temporal progression of interactions on the digital platform.

Unit testin
Logic coding L Schedule formation

Impl tati
(Rule-based code) (0 Etmen, ation (Schedule architecture)
verification)

1. Ranking ‘ 2. Click & lead ‘ ‘ 3. Lead routing ‘ 4. Decision & deal ‘ 5. Price adaptation
(Ranking) ‘ (Click & Lead) ‘ ‘ (Lead routing) ‘ (Deal closing) ‘ (Price adaptation)

Fig. 4. Process of software implementation for the model's algorithmic core

Step 5. Emergence Analysis and Multi-level Validation and Verification (V&YV)
° Step Description: Final proof that the developed micro-rules generate reliable macroscopic market
dynamics.
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° FREIDA / MAIA Elements: Application of Validation Statements (VS) and assessment of the
impact of institutional changes in algorithms on the overall conversion rate of the platform.

° Parameterization Approach by Smajgl et al.: Phase 5 — macro-validation and sensitivity
analysis.

° ODD+D Artifacts: "Observation" block. Collection of simulated emergent metrics.

° TRACE Description: Model output verification. Application of the Pattern-Oriented Modeling

(POM) methodology — comparing simulated conversion funnels and time-on-market with real aggregated platform
logs.

° Expected Result: A fully validated model whose emergent behavior reliably reproduces real market
patterns (via POM validation), making it a ready-to-use tool for scenario testing of business hypotheses.
Calibration

parameter adjustment

Large-scale simulations
and macro-metrics

collection EWEN]

POM validation

with platform logs . . Results evaluation
Match Sensitivity analysis
- ty b Confirmation of hypotheses

Fig. 5. Multi-level validation and emergence analysis framework

4. DISCUSSION AND CONCLUSION

4.1. Discussion

The methodological approach proposed in this article significantly shifts the paradigm of real estate market
research from abstract macroeconomic determinism to the plane of applied digital behavioral economics. Abandoning
global equilibria in favor of local decision trees and introducing the digital platform as an independent institutional
choice architect enable exploration of fundamentally new market phenomena: the filter bubble effect, the impact of
algorithmic ranking on pricing, and the quantitative impact of digital friction on overall asset liquidity.

The main challenge in applying this approach is its extremely high computational complexity, as simulating
millions of micro-events for each individual click requires substantial hardware resources. In addition, the model's
rigid dependence on empirical clickstream data places stringent demands on dataset quality, as it risks transferring the
platform's algorithmic bias into the simulation's core. Nevertheless, it is exactly this micro-granularity and the
transition to data-driven micro-foundations that provide the model with unprecedented predictive validity compared
to traditional econometric (EBM) approaches.

4.2. Conclusions

1. The article critically analyzes the evolution of approaches to modeling real estate markets and
expands the review of current scientific literature. The conceptual unacceptability of using aggregated macroeconomic
formulas within the ABM paradigm is demonstrated, since the system's macroscopic behavior must be generated
exclusively "bottom-up" through emergent mechanisms.

2. A critical methodological gap in the existing scientific literature is the lack of integration of the
digital interface (Real Estate platform) as an independent institutional environment, which limits the visibility of
objects to market participants and creates new friction in digital search.

3. A new algorithmic core is developed, based on discrete decision trees (bounded attention, local
micro-conversion, satisficing heuristic) and on the empirical initialization of agents using clickstream analytics.
4. For the first time in this domain, a multi-step framework has been developed and structured to

conceptually synthesize five leading global methodologies for development and validation (FREIDA, MAIA, the
Smajgl et al. approach, ODD+D, and TRACE). This integrated protocol guarantees high transparency, reproducibility,
and scientific reliability of the process of creating a data-driven simulation platform.

Prospects for future research in this direction involve the programmatic implementation of the developed
algorithmic core within an agent-based modeling environment (in particular, using NetLogo), the parameterization of
agent attributes based on real log datasets from a specific PropTech marketplace, and the execution of simulation
experiments to evaluate the impact of the ranking algorithm, agent routing, and other adjustments on the market
liquidity of real estate properties.
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METOIOJIOITYHI 3ACA/IV TA ATITOPUTMIYHE SI[IPO ATEHT-OPIEHTOBAHOI MOJIEII
TUIAT®OPMUW HEPYXOMOCTI

ITETPEHKO Osnexcasmp
CyMcbKIMi TepXXaBHUV YHIBEpCUTET

Tpaduyiini maxpoexornomiuni ma azenmui modeai (ABM) punxy nepyxomocmi 30ebiabuioeo ienopyioms yugpobuil wap cy4acHux
PropTech-naamdgpopm. Modeawoiouu npoyecu Memuurey uepes adcmpakmui Makpo@pyuxuyii, yi nioxoou we 30ammui Gidobpasumu xoenimubHo
obMesxeHi pearii oHAatH-nouLyKy Hepyxomocmi. Ilpome yughpobi inmepdpeticu ditomsv Ax akmubni «apximekmopu 6udopy». 3axiadeni 6 Hux
aseopummu pamxybanns, naeinayii ma girempayii cmboproioms Hobi yuppobi mepms nouwyxy, wo 3ymobaroloms acumempitno ingopmayii ma
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cymmeBo obmexcytoms Budumicms docmynnux 06'exmib 01 kopucmyBauib. [1aa nodosanus yiei Memooos02iunoi npoeasuny y 00cAioxeHHi
PO3podAeHO KOHYENMYAAbHI 3ACaA0U Ma AA20pUImMiHe S0po azeHmHoi MoOeai nAANGpOPMU HEPYXOMOCHTE, WO TPYHIMYEMbCA HA eMNIPUUHUX OAHUX
Kaikcmpimy. 3 memorto 3abesnevenns apximexmypuoi yiricnocmi ma nayxoboi iomBoprobanocmi, sanpononobanuii nioxio inmeepye n'amo
npobionux cBimobux memodosoein — FREIDA, MAIA, nioxio Smajgl et al., npomoxoar ODD+D ma ¢penimbopx TRACE — 6 edunun
n' amuxpokoButl npomokos po3pobku ma Basidayii. Y pesysvmami cmboperno Hobe aseopummine A0po, Ake NoBHicMI0 3aMiHIoE azpecoBani
MAKPOGOPMYAU HA CHOXACHUUHY cucmemy Ouckpemuux Oepeb piutens. IloBedinka acenmib Ounamiuno popmarisyemvcs uepes npabuia
obmexenol yBaeu, aokasvHoi Mikpokoubepcii, yinoboi adanmayii npodabys ma ebpucmuxu 3a00601enna. Boonouac emnipuuna iniyiarisayis
ampubymib acenmib 30iicHIOEMbCA WAAXOM KAACHepu3ayii cupux cepbeprux 102ib, wjo sabesneuye naoiuny data-driven mixpoocroBy. Inmeepayis
yugppoboi naamegpopmu Ax camocminHo20 incmumyyiiinoeo cepedobuuya 0036045€ abmenmuuno eenepybamu «3Hu3y 2opy» ckaaoni emepoKeHmHi
Makpogperomenu, maxi sAx egpekm ingpopmayitnoi byavbauiKy ma KisbkicHuil 6naub aseopummiunoe0 panxybanna na AikGionicms axmubib.
3pewmoro, sacmocyBants ypoeo ghpeiMBopKy 3miugye napaouemy 00CAI0XKeHHs HepYXOMOCHIE 3 ADCIPAKINH020 MAKPOEKOHOMIUHO20 OemepMiHizMy
0o npuxaadHoi yugpoboi nobedinkoboi exornomiku, eapanmyouy bucoxy npoeHocmuuny basionicms i cméoprolouu HAOTUHULL THCMpPYMeHM 044
cyenapHoeo mecmybanns bisHec-einomes.

Kaiouobi  croba:  acenm-opienmoBane modeaobanns, PropTech, pumnok wnepyxomocmi, kaikcmpim, yugppoba niamgopma,
eMepOKeHIHicHb, 00MexXeHa payioHasbHICb.
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