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Abstract: This study provides a causal investigation into howAdult Higher Education (AHE)
stimulates innovation capabilities and facilitates entrepreneurial pathways within
Kyrgyzstan's evolving economic landscape. By compiling a unique panel dataset spanning
2010–2023 that integrates Labor Force Survey data, Ministry of Education records, and
Social Security Fund information, we leverage three significant education policy reforms as
quasi-natural experiments. Applying the multi-period difference-in-differences (MP-DID)
framework developed by Callaway and Sant'Anna (2021), we quantify AHE enrollment
effects on critical developmental metrics: income potential, occupational stability, and
transitions into innovation-intensive sectors. Our results demonstrate a substantial but
gradually emerging impact: statistically significant benefits materialize by the third year
following enrollment. By the fifth year, AHE participants achieve a 12.3% wage premium
(95% CI: [9.1, 15.6])—establishing crucial entrepreneurial capital—alongside an 8.7%
reduction in employment volatility and a 6.1% increased probability of entering
innovation-conducive industries. Treatment effect heterogeneity reveals strongest impacts
among younger cohorts, service sector workers, and urban residents, indicating targeted
opportunities for ecosystem enhancement. Mechanism analysis demonstrates that human
capital accumulation (measured through standardized skill assessments) explains 43% of
observed gains, while credential signaling (evaluated via resume audit experiments) accounts
for 21%. Economic evaluation confirms AHE's viability, showing a 14.2% private internal
rate of return that exceeds conventional higher education benchmarks (12.1%), validating its
strategic position as a high-leverage investment for entrepreneurial ecosystem development.
This study offers robust, causally-identified evidence that repositions adult education as a
strategic catalyst for building innovation capacity and entrepreneurial dynamism in
transitional economies.
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1. Introduction
The contemporary global economy, characterized by accelerated technological

transformation and shifting skill requirements, has elevated lifelong learning to a fundamental
component of national competitiveness and entrepreneurial vibrancy. Within this context,
Adult Higher Education (AHE) transcends its conventional boundaries, emerging as a vital
mechanism for addressing innovation skill shortages, cultivating entrepreneurial capabilities,
and enabling career transitions toward high-growth ventures. Despite this recognized
potential, rigorous empirical evidence documenting AHE's capacity to stimulate innovation
and entrepreneurship remains limited, particularly within transitional economies like
post-Soviet Central Asia, where distinctive institutional legacies create unique educational
and economic environments.

Kyrgyzstan presents an instructive setting for examining these dynamics. Since gaining
independence in 1991, the nation has pursued substantial economic restructuring while
simultaneously expanding its AHE infrastructure. This dual trajectory has produced a hybrid
system blending Soviet-era institutional frameworks with market-oriented reforms, creating a
distinctive environment for developing the human capital essential for a modern innovation
ecosystem[1] (Abdraeva et al., 2021). As Toktogulov (2022)[14] observes, "The Soviet legacy
of educational credentialism, where diplomas frequently disconnected from market-relevant
skills, generates specific challenges for assessing AHE's genuine economic value in
contemporary Kyrgyzstan," particularly its contribution to authentic innovation versus mere
credential signaling.

This investigation makes three original contributions to the literature. First, it provides
the inaugural causal evaluation of AHE's impact on innovation and entrepreneurship in
Central Asia, specifically testing the applicability of employer and investor learning models
(Lange, 2020)[11] within a transitional context. Second, it advances methodological
sophistication by creatively utilizing Kyrgyzstan's staggered policy reforms and
implementing cutting-edge econometric approaches to address identification challenges.
Third, it deepens theoretical comprehension by quantifying the mechanisms—human capital
development versus signaling effects—through which AHE translates into entrepreneurial
outcomes, supported by a comprehensive cost-benefit assessment, thereby generating
actionable policy insights for cultivating innovation-led growth in post-Soviet nations.

Building upon established theoretical frameworks and Central Asian perspectives, we
propose four testable propositions: H1 (AHE participation exerts positive causal effects on
innovation-related outcomes); H2 (Returns demonstrate significant variation across
demographic and geographic characteristics); H3 (Effects display a temporal delay consistent
with employer/investor learning models); and H4 (AHE participation meaningfully increases
the likelihood of transitioning into entrepreneurial activities or industries with high
innovation potential). This research represents a pioneering endeavor to connect AHE directly
to structural transformation within Kyrgyzstan's substantial informal sector, extending human
capital theory's relevance to development economics during institutional transition.
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2. Conceptual Framework and Contextual Background

2.1. Theoretical Foundations for Innovation Ecosystem Development
The economic returns to education literature traditionally centers on the dichotomy

between human capital and signaling theories. Human capital theory conceptualizes
education as an investment that enhances individual productivity through skill acquisition
(Becker, 1964)[5], while signaling theory posits that credentials primarily function as
informational proxies for unobserved abilities (Spence, 1973)[13]. Within Kyrgyzstan's
emerging innovation ecosystem, these theories generate distinct predictions. We integrate
them with Entrepreneurial Competencies Theory, emphasizing skills like opportunity
recognition and risk management (Lackéus, 2015)[8], and Innovation Ecosystem Theory,
viewing individual skill enhancements as contributions to a broader, interconnected system
comprising firms, institutions, and policies (Autio et al., 2018)[3].

The employer learning model [7](Lange, 2020; Farber & Gibbons, 1996) proves
particularly relevant for understanding delayed returns in markets with limited pre-entry
screening. As Abdullaeva [2](2023) notes, "Employers—and by extension, investors—in
transitional economies frequently rely heavily on observable credentials initially but
progressively update their assessments based on observed productivity or venture
performance, creating distinctive temporal patterns in educational returns." This theoretical
integration provides a comprehensive framework for analyzing how AHE influences
entrepreneurial development through multiple pathways.

2.2. Institutional Evolution of AHE in Kyrgyzstan
The development of Kyrgyzstan's AHE system illustrates the complex interaction

between Soviet legacies and post-independence market reforms. Three policy interventions
underpin our identification strategy: the 2003 tuition standardization (representing a negative
cost shock), the 2011 credit modularization (a positive quality shock), and the 2018
authorization of online education (an accessibility shock). These staggered reforms establish
a powerful quasi-experimental setting. The Kyrgyz Institute of Education (2023)[8] observes
that historical emphasis on formal credentials persists, potentially amplifying signaling
effects. This context complicates direct application of Western models and necessitates a
nuanced, context-specific empirical investigation into how AHE can be strategically
leveraged for national innovation advancement.

2.3. Regional Scholarship and Research Propositions
Rigorous evidence concerning AHE's impact in Central Asia remains underdeveloped.

Recent econometric advances for staggered adoption, including the MP-DID approach, have
substantially improved causal identification (Roth et al., 2023)[12], particularly given
traditional two-way fixed effects estimators' biases under heterogeneous effects [4](Baker et
al., 2022). Regional analyses [9](Isakov, 2022; Kyrgyz Statistical Committee, 2023) confirm
considerable heterogeneity in educational returns, marked by urban-rural and age disparities
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reflecting uneven development patterns. These findings directly inform our propositions
regarding heterogeneous treatment effects across key demographic and geographic segments,
crucial for designing targeted interventions to strengthen the national innovation ecosystem.

3. Data Sources and Methodological Approach

3.1. Data Integration and Sample Construction
We constructed a person-quarter panel dataset spanning 2010–2023 by deterministically

matching three administrative and survey sources using encrypted personal identifiers: the
Kyrgyzstan Labor Force Survey, Ministry of Education AHE enrollment records, and Social
Security Fund wage data. This integrated methodology represents a significant contribution,
substantially reducing measurement error and selection bias. The sample includes formally
employed individuals aged 18–60 with complete demographic and employment records.
Individuals from the informal sector were excluded due to data reliability concerns. The final
analytical sample constitutes an unbalanced panel of 52,000 individuals observed for an
average of 3.5 years, yielding approximately 1.8 million person-quarter observations.

Figure 1.Multi-Source Data Integration Framework for Innovation Impact Assessment

Note: The refinement process yields an unbalanced panel of 52,000 individuals observed for
an average of 3.5 years, resulting in approximately 1.8 million person-quarter observations
for analysis. Data sources were collected between 2015 and 2021. All personal identifiers
were encrypted prior to matching to ensure privacy protection. AHE = Adult Higher
Education.
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Table 1. Descriptive Statistics for Primary Analysis Variables

Variable Full Sample Treatment Group Control Group Missing Rate (%)

Log Real Monthly Wage 10.52 (0.85) 10.71 (0.81) 10.49 (0.85) 2.3

Employment Stability 0.78 (0.41) 0.85 (0.36) 0.77 (0.42) 1.8

Industry Upgrading 0.09 (0.28) 0.15 (0.36) 0.08 (0.27) 2.7

Age 38.5 (9.2) 34.1 (7.5) 39.2 (9.3) 0.4

Female 0.62 (0.49) 0.68 (0.47) 0.61 (0.49) 0.6

Observations 1,800,000 40,800 1,759,200 -

Note: Wage statistics represent real quarterly Kyrgyzstani som (KGS), inflation-adjusted to
2015 levels. Parentheses contain standard deviations. Missing rates indicate the percentage of
observations with incomplete data. Employment stability is measured as the probability of
remaining employed in formal sector jobs. Industry upgrading indicates transition to
innovation-intensive sectors as defined by OECD classification.

3.2. Empirical Strategy
The central empirical challenge involves establishing causal effects of AHE participation

on innovation-related outcomes. We implement the multi-period difference-in-differences
(MP-DID) estimator developed by Callaway and Sant'Anna (2021)[6], which outperforms
traditional two-way fixed effects models in staggered adoption contexts. This methodology
constructs counterfactual outcomes for each treated group-time cohort by reweighting
never-treated and not-yet-treated units, thereby accommodating treatment effect
heterogeneity and avoiding negative weighting issues.

The model estimates group-time specific Average Treatment Effects on the Treated,
denoted as ATT(g,t), for individuals in treatment group g at time period t.The key identifying
assumption is that, conditional on covariates, the untreated potential outcomes of the
treatment and control groups would have followed parallel paths over time.

ATT(g,t)=E[Yit(1)−Yit(0)∣Gi=g]
Where:

Yit(1) and Yit(0) represent the potential outcomes for individual i at time t under
treatment and control conditions, respectively.

Gi indicates the individual's treatment group, defined by the initial time period when
they received the treatment.

We employ the robust inference procedure recommended by de Chaisemartin and
D'Haultfœuille to account for potential bias arising from effect heterogeneity.

The conditional parallel trends assumption is crucial for identification. Figure 2 presents
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event study coefficients for log wages with 95% confidence intervals, demonstrating
statistically indistinguishable pre-treatment trends, thereby supporting this assumption.

Figure 2. Parallel Trends Assessment with 95% Confidence Intervals

Note: This figure displays pre-treatment coefficients with 95% confidence intervals, showing
no statistically significant differences from zero in any pre-treatment period (all p > 0.25),
thus validating the parallel trends assumption. The dashed vertical line indicates the treatment
implementation period.

3.3. Robustness Validation
To ensure result robustness, we conducted multiple validation exercises (Roth et al.,

2023)[12]. These included placebo tests with artificial treatment dates, alternative comparison
groups restricted to never-treated individuals, and re-estimation excluding individual policy
reforms. For the 2018 online education reform, we implemented entropy balancing to address
self-selection, achieving excellent covariate balance (standardized mean differences < 0.05).
All robustness checks confirmed the consistency of our primary findings.

4. Empirical Strategy

4.1. Main Results
Table 2 reports the ATT estimates five years post-enrollment. AHE participation

generates statistically and economically significant returns that are foundational for
entrepreneurship. Dynamic treatment effects, illustrated in Figure 3, confirm our H3
proposition regarding delayed effects. Effects are insignificant for the first two years, become
significant in year three (+5.0%), and peak in year five (+12.3%). This temporal pattern
aligns with "employer/investor learning" frameworks (Lange, 2020)[11], where a period is
required to assess new skills and venture potential.
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Table 2. Average Treatment Effects (ATT) at Five Years Post-Enrollment

Outcome Variable ATT (%) 95% Confidence Interval Robust SE

Log Real Monthly Wage 12.3 [9.1, 15.6] (0.016)

Employment Stability 8.7 [5.4, 12.0] (0.017)

Industry Upgrading 6.1 [3.2, 9.0] (0.015)

Note: Employment stability measured as reduction in employment volatility; Industry
upgrading measured as transition to innovation-intensive sectors (ICT, professional services,
high-tech manufacturing). All estimates are statistically significant at p < 0.01.

Figure 3. Dynamic Treatment Effects of AHE on Log Wage (Event Study Analysis)

Note: This figure presents dynamic treatment effects of AHE participation on log wages with
95% confidence intervals. Effects become statistically significant in the third year
post-enrollment and peak in the fifth year, illustrating the "innovation and entrepreneurship
preparation period". The shaded area represents 95% confidence intervals.

4.2. Heterogeneity Analysis
Heterogeneity analysis (Table 3) reveals substantially higher returns for individuals

under 30 (16.1% vs. 8.9% for 30+), service-sector workers, and Bishkek residents (18.4%).
These findings support H2 and reflect Kyrgyzstan's uneven development, where urban
centers capture disproportionate benefits. The 10.6 percentage point gap between Bishkek's
18.4% return and rural areas' 7.8% highlights a critical "innovation divide," indicating
concentrated skill-biased technological change and agglomeration effects in cities.
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Table 3. Heterogeneous Treatment Effects Analysis (Wage ATT %)

Sub-sample ATT (%) 95% CI Difference from Reference (p.p.)

Age

Under 30 16.1 [12.8, 19.4] -

30–40 10.2 [7.1, 13.3] -5.9

40 and Above 7.1 [4.3, 9.9] -9.0

Region

Bishkek City 18.4 [14.9, 21.9] -

Other Urban 11.3 [8.2, 14.4] -7.1

Rural Areas 7.8 [5.1, 10.5] -10.6

Note: All subgroup differences are statistically significant at p < 0.05. Reference groups are
Under 30 for age and Bishkek City for region.

Figure 4. Heterogeneous Treatment Effects by Demographic and Geographic Characteristics

Note: This figure illustrates the variation in AHE treatment effects across different
demographic and geographic subgroups, highlighting the pronounced urban-rural innovation
divide and age-based differential impacts. Error bars represent 95% confidence intervals.

5. MechanismAnalysis and Policy Implications
We decompose the underlying mechanisms using causal mediation analysis . The human

capital channel, proxied by skill assessments from the Labor Force Survey's competency
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modules (including problem-solving, digital literacy, and managerial capabilities), explains
43% (95% CI: [38, 48]) of the total wage effect. The signaling channel, evaluated via a
resume audit experiment where fictitious job applications were sent to Kyrgyzstani
employers, contributes 21% (95% CI: [17, 25]). These results affirm AHE's dual role: it
builds genuine innovation-relevant skills (human capital) while also providing a credential
that signals potential to investors and partners (signaling).

Figure 5.Mechanism Analysis: Human Capital vs. Signaling Effects

Note: This figure illustrates the relative contribution of human capital accumulation (43%)
and credential signaling (21%) to the total wage premium observed among AHE participants.
The remaining 36% represents unexplained variance and potential indirect effects.

Economic evaluation shows AHE's private internal rate of return (14.2%) surpasses
conventional higher education benchmarks (12.1%). The IRR calculation incorporates direct
costs (tuition, materials) and opportunity costs (foregone earnings), discounted at market
rates. Sensitivity analysis varying discount rates between 8-12% confirms the robustness of
this finding. Policy simulations for rural online education indicate that a 1 percentage point
increase in rural participation, while requiring investment, yields substantial present-value
wage gains that justify the cost.

Based on these findings, we propose the following evidence-based policies tailored to
strengthening Kyrgyzstan's innovation ecosystem:

Enhanced Flexibility for "Learn-to-Innovate" Pathways: Establish institutional
mechanisms for AHE credit transfer to formal degrees, creating flexible pathways that allow
aspiring entrepreneurs to accumulate credentials while building ventures. This addresses the
temporal mismatch between educational investment and entrepreneurial opportunity.

Innovative Financing for Aspiring Entrepreneurs: Deploy Income-Share Agreements
(ISAs) targeting younger and rural learners. ISAs, where repayments are a fixed percentage
of future earnings, mitigate investment risk for those with high potential but limited initial
capital, a common barrier to venture creation.
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Bridging the Urban-Rural Innovation Divide: Develop accessible, interactive online
courses for rural and older learners through partnerships with community centers and telecom
providers. This directly addresses the pronounced disparities and democratizes access to
innovation-relevant skills, leveraging the 2018 online education reform.

Integrating Entrepreneurship into AHE Curricula: Mandate the inclusion of modules on
opportunity recognition, business modeling, and innovation management within AHE
programs, particularly those targeting the service sector and urban populations where returns
are highest.

6. Conclusion
This study provides the first rigorous causal evidence on AHE's role in fostering

innovation and entrepreneurship in Kyrgyzstan. It reveals significant, persistent, and
heterogeneous benefits characterized by a delayed emergence pattern consistent with investor
learning models. The findings support AHE's effectiveness as a strategic investment for
building an innovation-driven economy. However, the observed regional and demographic
disparities underscore the need for targeted policies to ensure inclusive growth.

Limitations and Future Research: While this study has limitations inherent in
observational research—particularly the focus on formal sector outcomes and indirect
measures of entrepreneurial readiness—it opens a vital new research avenue. Future work
should directly measure AHE's impact on startup formation, innovation outputs (e.g., patents),
and firm-level productivity. The distinctive Central Asian context offers a rich laboratory for
understanding how education can catalyze innovation in economies undergoing rapid
institutional transformation.

Policy Significance: Our findings demonstrate that strategically designed AHE programs
can serve as powerful levers for building entrepreneurial capabilities in transitional
economies. By addressing both human capital development and credential signaling, AHE
can help bridge the innovation gap between emerging economies and advanced innovation
ecosystems. The evidence-based policy recommendations provided offer concrete pathways
for maximizing AHE's contribution to Kyrgyzstan's economic transformation.
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