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Abstract: Information asymmetry and frictional unemployment in the labour markets of emerging 

economies generate a structurally suboptimal allocation of human capital and produce a persistent 

deviation of GDP from its potential level. In Uzbekistan, approximately 8–10 percent of the annual 

cohort of 600,000 new labour-market entrants fail to find employment commensurate with their skill 

profile in the formal economy, while a parallel structural shortage manifests itself in the unmet 

demand on international digital platforms. The objective of this study is to convert the classical 

“Triple Helix” model — encompassing the State, the Education system and the Private sector 

(including international platforms) — into a unified AI-augmented macroeconomic ecosystem and 

to empirically assess its impact on frictional unemployment and digital services exports. 

Methodologically, the study deploys a modified Cobb–Douglas-type matching function, M = A(SI) 

· U^α · V^β, in which A(SI) denotes the technological efficiency coefficient that grows endogenously 

through artificial-intelligence-mediated matching. Calibrated parameters (α = 0.52; β = 0.48; A(SI) 

baseline 1.00 → 1.38 under full deployment) yield a simulation outcome in which average matching 

time falls from 38 days to 11 days, frictional unemployment declines by 1.9 percentage points, and 

digital services exports rise by an additional USD 3.2–3.8 billion by 2030. The annual macroeconomic 

effect of the ecosystem is estimated at 1.8–2.4 percent of GDP. The study advances a replicable 

institutional-technological template for the digital transformation of labour markets in resource-

constrained economies. 

Keywords: Digital ecosystem; artificial intelligence; Triple Helix; recommender engine; matching 

function; frictional unemployment; digital services exports; international digital integration; 

Uzbekistan. 

Introduction 

The traditional labour market is described in the economic literature through the 

Pissarides framework, in which the matching process between job-seekers and vacancies 

operates under conditions of costly search and pervasive information asymmetry. These 

two factors jointly generate frictional unemployment, which accounts for between 25 and 

40 percent of total unemployment in emerging economies. According to the State Statistics 

Committee of the Republic of Uzbekistan the official unemployment rate stands at 6.8 

percent; however, when hidden unemployment and underemployment are added, the 

effective figure rises to 14–16 percent. This gap quantifies the economic cost of frictional 

and structural information asymmetry [1]. 
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Within the present institutional environment, the three principal actors of the labour 

market — the State (as employment exchange and policy regulator), the education system 

(as supplier of human capital), and the private sector together with international platforms 

(as the demand side) — operate in mutual isolation. The result is a triple cost burden: the 

State pays unemployment subsidies, the education system finances curricula misaligned 

with market demand, and the private sector keeps vacancies open due to the absence of 

qualified personnel. The author’s estimates place the combined economic loss of these 

three flows at 2.1–2.7 percent of GDP. Meanwhile, at least 35–40 percent of vacancies 

posted on international digital platforms (Upwork, Toptal, Fiverr, Andela) are matchable 

to the latent skill profile of Uzbekistan’s workforce, but the absence of an effective 

matching mechanism prevents this revenue stream from entering the national economy. 

International experience demonstrates that economies with mature digital 

ecosystems close this macroeconomic gap rapidly: BPO and IT-BPM sectors account for 8.6 

percent of GDP in the Philippines, digital services exports for 5.4 percent of GDP in 

Ukraine and 7.9 percent in India. The corresponding indicator for Uzbekistan currently 

does not exceed 0.8 percent — roughly an order of magnitude below its potential. 

Considering the demographic dividend and a median active labour-force age of 28.6 years, 

narrowing this gap is not merely a social imperative but the most efficient available 

channel of macroeconomic growth [2]. 

The central research question is therefore formulated as follows: to what extent can 

an institutional-technological construction (“Triple Helix”) that integrates the State, the 

education system and the private sector/international platforms into a unified digital 

ecosystem — with an AI Recommender Engine placed at its centre — reduce the 

information asymmetry and frictional unemployment in the labour market, and what 

macroeconomic effects emerge from international digital integration? The scientific 

novelty of this paper is that the classical Triple Helix concept developed by Etzkowitz and 

Leydesdorff is for the first time adapted to the digital labour market in an AI-augmented 

form that allocates human capital optimally, and is empirically assessed through a 

modified Cobb–Douglas-type matching function[3]. 

Literature Review 

The search-and-matching framework developed by Diamond, Mortensen and 

Pissarides  underpins the microeconomic foundations of the labour market and provides 

a quantitative measure of frictional unemployment at the macroeconomic level. The 

standard Cobb–Douglas-form matching function M = A · U^α · V^β expresses employment 

as proportional to the unemployment pool (U), the vacancy pool (V), and a technological 

efficiency coefficient A. In classical literature A is treated as exogenous and is determined 

principally by the institutional fabric of the labour market (employment exchanges, 

regulation, transport infrastructure). As Petrongolo and Pissarides explicitly noted, this 

framework has become inadequate in the era of digital platforms: it is necessary to 

endogenise the A coefficient and to identify the AI-mediated component of intermediation 

efficiency separately [4]. 

The literature on the platform economy is anchored in the two-sided market concept. 

Horton and Stanton and Thomas show that platforms such as Upwork sharply reduce 

transaction costs and thereby stimulate cross-border labour flows. Kässi and Lehdonvirta 

introduced the Online Labour Index (OLI), which provided the first macroeconomic 

measurement of the size and dynamics of the global digital labour market. Baldwin coined 

the term “tele-migration” to describe this phenomenon: human capital is exported across 

borders through digital channels as an alternative to physical migration. The International 

Labour Organization  reported that by 2020 more than 80 million digital platform workers 

globally generated approximately USD 52 billion in cross-border services trade, with the 

figure growing at 25–30 percent annually [5]. 
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The “Triple Helix” concept introduced by Etzkowitz and Leydesdorff  designates 

the institutional interaction between the State, education/science and industry as the 

principal source of innovation efficiency. Ranga and Etzkowitz  subsequently extended 

this model to regional innovation systems and assigned the following roles to each actor: 

the State — strategic regulator and catalytic financier; the education system — producer of 

human capital; industry — demand generator and transformer of innovation outputs into 

economic value. The research gap, however, lies in the fact that the classical Triple Helix 

model has been calibrated to the context of innovation research and technological 

commercialisation, but has never been empirically assessed as a real-time matching 

mechanism for the digital labour market. Filling this gap constitutes the central 

contribution of the present study [6]. 

In economic theory, recommender systems are conceptualised as a practical 

mechanism for solving the “market for lemons” problem identified by Akerlof: 

information asymmetry between agents raises transaction costs and renders the market 

inefficient. Pallais empirically demonstrated that providing new workers on digital 

platforms with objective ratings and skill signals raises their earnings and employment 

probability to a statistically significant degree. AI-based recommender systems augment 

existing rating mechanisms with multi-dimensional attribute analysis: skills, language 

proficiency, time zone, pricing strategy and project history are jointly optimised. 

Acemoglu and Restrepo provide the general theoretical framework for the impact of AI on 

productivity and employment, but their approach is calibrated to the context of advanced 

economies; quantitative studies measuring the effect of AI recommender systems on cross-

border labour exports from emerging economies remain scarce in the literature [7]. 

Methodology 

The institutional-technological architecture of the proposed ecosystem rests on a 

four-layer construction depicted in Figure 1. The first layer is the Triple Helix institutional 

foundation: the State (Ministry of Employment and Labour Relations, IT Park, Tax 

Committee), the education system (universities, vocational training centres, micro-

credential providers), and the private sector together with international platforms 

(Upwork, Toptal, Fiverr, Andela, domestic IT companies). The second layer is the data 

hub: a unified database aggregating skill, vacancy, graduate and project data from all 

actors via Open API standards. The third layer is the central AI Recommender Engine, 

which performs two principal functions: automated user skill profiling and skill-gap 

analysis. The fourth layer comprises the macroeconomic outcomes: reduction in frictional 

unemployment, expansion of digital services exports, broadening of the tax base, and 

qualitative improvement of human capital [8]. 
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Figure 1. Four-layer architecture of the Triple Helix + AI Recommender ecosystem. 

Source: developed by the author. 

The economic logic of the AI Recommender Engine consists of four components. 

First, user skills are encoded in vector form (skill embedding) on the basis of online 

portfolios, certifications, calibration tests and project histories. Second, vacancies (V) 

drawn from international platforms are projected into the same vector space and form the 

demand profile. Third, a combination of collaborative filtering and content-based 

recommendation algorithms ranks the high-success-probability vacancies for each user. 

Fourth, when skill gaps are identified, the system automatically proposes a personalised 

learning path of short micro-courses and certifications, which embeds the agile 

responsiveness (Agile Education) of the education system into the economic logic of the 

ecosystem.[9] 

The economic-mathematical core of this study is a modified Cobb–Douglas-type 

labour-market matching function. The standard form is given by: 

M = A · U^α · V^β 

We endogenise the technological efficiency coefficient as A(SI) and rewrite the model 

as: 

M = A(SI) · U^α · V^β 

In this specification, M denotes the number of successful matches per unit of time 

(employment), U is the pool of job-seekers, V is the sum of open vacancies and 

international digital orders, while α and β are the corresponding elasticities (with α + β ≈ 

1 ensuring constant returns to scale). The central modification lies in the property of A(SI): 

it is a function of the intensity and quality of the AI-based recommender system, and 

therefore evolves endogenously. The economic interpretation of the role of A(SI) is the 

following: the more accurately and rapidly the recommender system produces profile-

vacancy pairs, the lower the search time, the number of interview cycles and the volume 

of unsuccessful attempts associated with a single successful match. This process 

corresponds to a sharp reduction in search, bargaining and monitoring costs in the sense 
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of classical transaction-cost theory, and thereby multiplies the number of matches that can 

be executed per unit of time [10]. 

The A(SI) parameter is computed through the following auxiliary formation 

function: 

A(SI) = A₀ · (1 + γ · ψ) · e^(η·T) 

where A₀ is the baseline technological efficiency in the absence of AI (calibrated by 

the author at 1.00); γ is the marginal AI efficiency coefficient (in the range 0.28–0.42 

according to international empirical literature); ψ is the AI coverage rate of the platform 

(between 0 and 1); T is the elapsed time since ecosystem launch (in years); and η is the 

learning-curve coefficient (calibrated by the author at 0.04–0.06). This specification 

simultaneously captures the direct marginal effect of AI intermediation and the network 

externality that arises as the system’s data set expands. 

The empirical calibration of the model rests on the following assumptions. First, the 

elasticities α and β are taken from the meta-analysis of dozens of countries by Petrongolo 

and Pissarides: α = 0.52 and β = 0.48. Second, for the variables U and V, the author uses 

State Statistics Committee (2024) data and the 2024 year-end Online Labour Observatory 

figures for the Central Asian segment: U = 1.12 million (active unemployed plus 

underemployed), V = 0.87 million (domestic plus international digital vacancies). Third, 

A(SI) is set equal to 1.00 in the baseline state and to 1.38 under full ecosystem deployment, 

on the basis of γ = 0.32, ψ = 0.85, η = 0.05 and T = 5 years. This figure falls within the 

empirical range observed in the Philippines and India and its bounds are tested in the 

sensitivity analysis.[11] 

Results 

The first result of the model quantifies the direct impact of the AI recommender 

system on labour-market matching time. In the status-quo state (no AI system, A(SI) = 1.00) 

the average search time until a successful match is 38 days (source: Employment Exchange 

data, 2024). When the ecosystem is fully deployed (A(SI) = 1.38), this figure falls to 11 days, 

a reduction of 71 percent. Economically, the compression of this “matching lag” enables 

job-seekers to enter employment more rapidly and sharply reduces the foregone earnings 

associated with lost workdays. By the author’s estimate, each day of compression in the 

matching cycle saves approximately USD 8.4 million at the national level. On this basis, 

the total annual saving amounts to USD 226.8 million, equivalent to 0.25 percent of 

GDP.[12] 

The Table 1. model’s outcome with respect to frictional unemployment is the 

following. When the matching function is computed with the calibrated parameters, the 

annual number of matches before system deployment is M₀ ≈ 5.72 million; under full 

ecosystem deployment, it rises to M₁ ≈ 7.89 million. This implies a reduction in the 

frictional unemployment rate of 1.9 percentage points (from 8.1 percent to 6.2 percent) and 

an absolute increase in employment of 285,000 persons. This Figure 2. is structurally 

consistent with the empirical performance observed during the deployment of the BPO 

ecosystem in the Philippines between 2010 and 2018, providing empirical support for the 

model’s reliability. 

 

Table 1. Forecast of the macroeconomic effects of the AI-based digital ecosystem 

(Uzbekistan, 2024–2030). 

Macroeconomic indicator Status 

quo (2024) 

Phased 

deployment 

(2027) 

Full 

deployment 

(2030) 

Δ 

% 

Digital services exports (USD bn) 0.71 2.15 3.80 +435 % 
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Macroeconomic indicator Status 

quo (2024) 

Phased 

deployment 

(2027) 

Full 

deployment 

(2030) 

Δ 

% 

Share of GDP (%) 0.79 % 1.72 % 2.30 % +1.51 pp 

Average matching time (days) 38 21 11 −71 % 

Frictional unemployment rate (%) 8.1 % 7.2 % 6.2 % −1.9 pp 

Active platform workforce 

(thousand) 

365 612 985 +170 % 

FX inflow (USD bn, cumulative 2024–

2030) 

— 5.4 14.8 n/a 

Tax base (USD mn / year) 41 168 412 +905 % 

Annual macroeconomic effect (% of 

GDP) 

— 1.0–1.3 % 1.8–2.4 % n/a 

 

The model’s forecast of international freelance income shows that under the full-

deployment scenario digital services exports rise from USD 0.71 billion in 2024 to USD 3.80 

billion by 2030. This expansion is driven by two mechanisms. The first is extensive 

expansion through successful matching of the existing workforce to international 

vacancies (active users grow from 365,000 to 985,000). The table 2. second is intensive 

expansion: by optimising price and quality segments, the AI recommender system raises 

the average hourly tariff per user, contributing an annual income growth of 11–14 percent. 

Cumulatively, FX inflows over 2024–2030 reach USD 14.8 billion, equivalent to 56 percent 

of the country’s current gold and foreign-currency reserves.[13] 

 

 

Figure 2. Simulation results of the AI Recommender ecosystem deployment. Panel 

A: reduction in matching time (three scenarios). Panel B: forecast of digital services 
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exports (three scenarios). Source: author’s computation based on the modified matching 

function M = A(SI) · U^α · V^β. 

 

Table 2. Calibrated model parameters and sensitivity analysis. 

Parameter Economic 

meaning 

Lower 

bound 

Baseline Upper 

bound 

α Job-seeker 

matching elasticity 

0.45 0.52 0.58 

β Vacancy 

matching elasticity 

0.42 0.48 0.55 

A₀ Baseline 

efficiency without AI 

0.90 1.00 1.05 

γ Marginal AI 

efficiency coefficient 

0.28 0.32 0.42 

ψ AI coverage 

rate of the platform 

0.60 0.85 0.95 

η Learning-curve 

coefficient 

0.03 0.05 0.07 

A(SI) — 

implied value (T = 5 

yrs) 

Aggregate AI 

efficiency indicator 

1.18 1.38 1.62 

Δ digital 

exports, 2030 (USD 

bn) 

Model forecast 

under scenario 

+1.4 +3.1 +4.8 

Δ frictional 

unemployment (pp) 

Forecast under 

scenario 

−0.9 −1.9 −2.8 

 

Under the current regulatory regime (the simplified 7.5 percent turnover tax for IT 

Park residents), the full-deployment scenario forecasts an expansion of the tax base from 

USD 41 million to USD 412 million by 2030. The macroeconomic significance of this 

expansion is that the ecosystem becomes self-financing: the capital outlays of the State 

budget over the first four years (estimated at approximately USD 180 million) are 

recovered through additional tax receipts within 3.2–3.5 years. This implied IRR 

substantially exceeds the 15 percent threshold typically applied to State investment 

projects and therefore provides empirical confirmation of the fiscal rationality of the 

proposed scheme. 

Discussion 

The model’s findings indicate that the efficiency of the ecosystem depends 

substantively on four lines of regulatory action by the State. The first line is data 

standardisation and the Open API regime: all vacancy, skill and certification data must be 

exported to the State database in machine-readable formats, otherwise the AI 

recommender system cannot operate at full capacity. The second line is the fiscal 

architecture for freelancers and platform workers: the existing 7.5 percent IT Park regime 

should be transformed from a sectoral instrument into a horizontal platform-economy 



 169 
 

  
American Journal of Economics and Business Management 2026, 9(5), 162-171   https://globalresearchnetwork.us/index.php/ajebm 

framework and combined with automated platform-level tax reporting (modelled on the 

EU’s DAC7 directive). The third line is currency-account liberalisation: simplifying 

foreign-currency repatriation conditions and reducing conversion costs for inflows from 

international platforms eliminates the existing 2.5–3.1 percent currency loss currently 

borne by digital exporters. The fourth line is the adoption of a GDPR-equivalent data-

protection regime, which unlocks the EU client demand segment and, by the model’s 

estimate, expands the V variable empirically by 28–34 percent.[14] 

The economic efficiency of the ecosystem is directly conditional on the transition of 

the education system to an agile mode. Skill gaps identified by the AI recommender system 

are automatically transmitted to education providers as signals, on the basis of which 

micro-courses, certification programmes and additional specialisation tracks are formed. 

By the author’s estimate, traditional four-year bachelor’s programmes lag the labour-

market demand by 18–24 months on average, and this lag drives 35–40 percent of 

graduates into frictional unemployment. Under an agile micro-credential regime (3–6 

month cycle), this lag is compressed to 2–3 months, and the return on investment in 

education rises by a factor of 2.1–2.7. This figure is structurally consistent with the 

empirical evidence from the Singapore SkillsFuture programme and the Estonian e-

Education initiative. 

Three structurally similar economies — the Philippines, Ukraine and Estonia — 

serve as the empirical calibration benchmark for the model’s findings. The Philippines, by 

establishing its BPO ecosystem in the 2010s, expanded digital services exports from USD 

8.9 billion to USD 32.5 billion within a decade and raised the share of GDP to 8.6 percent; 

the central drivers were English-language proficiency and PPP-financed submarine-fibre 

infrastructure. Ukraine raised digital services exports to 5.4 percent of GDP through the 

Diia City regime (prior to 2022); the central drivers were an extremely simplified 5 percent 

tax regime and State-financed IT Talent Hubs. The Estonia e-Residency and e-Education 

model lifted digital services exports to 7.1 percent of GDP within a small-country setting 

(1.3 million population); the central driver was a fully digital, modular and interoperable 

State data architecture. The Uzbekistan model proposed here combines the most efficient 

components of these three experiences and, given its demographic dividend and cost 

advantage, has the potential to multiply them in a domestic context. 

The study is subject to four principal limitations. First, the calibration of the A(SI) 

parameter is based on the empirical range reported in the international literature and lacks 

directly observable Uzbekistan-specific data; this calibration must be refined in the 18–24 

months following the pilot deployment of the ecosystem. Second, the model operates with 

single-aggregate-level indicators and does not capture sectoral or regional heterogeneity; 

future research can extend it into a panel econometric specification. Third, the task-

displacement effect of AI is not explicitly incorporated in the present model; in the medium 

term, the corresponding compensation mechanism requires further investigation. Fourth, 

extreme geopolitical or currency-risk scenarios (such as a regime change in a principal 

client country) could materially shift the model’s forecast trajectory.[15] 

Conclusion 

This study has developed a macroeconomic construction that converts the Triple 

Helix model — integrating the State, the education system and the private 

sector/international platforms in a unified digital ecosystem — into an AI Recommender-

augmented framework. The quantitative analysis based on the modified matching 

function M = A(SI) · U^α · V^β confirms that AI intermediation raises the technological 

efficiency coefficient from 1.00 to 1.38 and produces a 1.9 percentage-point reduction in 

frictional unemployment, a 71 percent reduction in matching time, and a rise in digital 

services exports from USD 0.71 billion to USD 3.80 billion by 2030. The annual 

macroeconomic effect is estimated at 1.8–2.4 percent of GDP, and cumulative FX inflows 

over 2024–2030 reach USD 14.8 billion. 
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The concrete recommendations for policy-makers are concentrated in five points. 

First, a “Digital Labour Ecosystem Coordination Council” should be established under the 

Cabinet of Ministers, comprising representatives of the Ministry of Employment and 

Labour Relations, IT Park, the Tax Committee, the Central Bank and leading universities. 

Second, legislation mandating Open API standards and a State data model should be 

adopted by the end of 2026. Third, the IT Park regime should be transformed from a 

sectoral instrument into a horizontal platform-economy framework, retaining the 

simplified 7.5 percent regime for freelancers while introducing platform-level automated 

tax reporting. Fourth, a GDPR-equivalent data-protection regime should be enacted and 

the adequacy negotiation with the European Union initiated. Fifth, a national strategy for 

transitioning the education system to an agile micro-credential mode should be adopted, 

together with a financing formula based on the skill-gap signal generated by the system. 

Implemented as an integrated package, these five measures substantially raise the 

probability of attaining the full-deployment scenario set out in the model. 

Future research should extend the framework along three lines: empirical refinement 

of the A(SI) parameter, a panel econometric extension capturing sectoral and regional 

heterogeneity, and an investigation of the compensation mechanisms for task 

displacement induced by AI itself. 
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