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Abstract. This paper uses an interactive technology—business model to
estimate the structural relationships and treatment effects between the Al
integration index and the enterprise performance indicators under a smart-
grid reform framework. From the point of view of enterprise management,
based on the extent of correlation between variables, our results suggest that
an energy utility manager should be aware that the conventional business
model is less correlated with the digital performance index in the baseline
period (as shown in the continuous SEM analysis) and that an enterprise
holding the Al capability index can gain by including the digital investment
variable in the business model (as confirmed in the Propensity Score
analysis). Furthermore, we detect asymmetric effects of digital adoption and
Al capability that for treated enterprises are higher than for non-treated
enterprises suggesting that technology spillovers have not been substantially
diffused among traditional utilities compared to early adopters. Empirical
evidence result from this study shows that enterprise productivity could be
sustained over time due to cumulative digital investment and organizational
learning. Finally, the technology-business interactive model provided
improved explanatory power compared to other models partly due to its
taking into account structural heterogeneity and policy intervention effects
often present in transition economies.
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1. Introduction

It is shown that digital transformation enhances the innovation performance of energy
enterprises and failure to pay attention to digital infrastructure upgrading is a potential
constraint for the long-term competitiveness of the sector [1]. [2] claim that in that year digital
platforms accounted for modernization of the Uzbek energy complex and restructuring of the
power market in national equity structures, while Al involvement in grid management was
around early pilot scale [2,3,4]. [5,7,9] argue that if digital technologies are only weakly
aligned with organizational routines, Al adoption may have limited impact on enterprise
performance, while energy enterprises can benefit by including artificial intelligence
capabilities in their business model, as digital integration would reduce operational
inefficiencies. Given the digital transformation theory, the Al-driven enterprise model
implies that the best configuration of enterprise governance, in the presence of smart-grid
reforms, is simply the interactive technology—business framework [10,11,13,14].

The inability of existing enterprise models to fully take into structural heterogeneity and
policy intervention effects is now attributed by recent literature as the limitation of the
conventional framework, along with excessive focus on technology-rather than technology—
business interaction [6,8,12]. The assumption of no structural change is completely
inconsistent with the transitional dynamics of energy utilities has weakened the explanatory
power of the traditional enterprise models. Similarly, some others have shown that digital
incentives in regulatory frameworks play a significant role in shaping the performance of the
energy sector [15]. For example, suggest that widely used informed performance measure,
legacy productivity index) is no longer capable of capturing informed technological
transformation due to large structural shifts of digital adoption [8,11,16,7,3]. [1] find that
changes in digital transformation index (DTI) prices cause significantly the volatility of the
stock returns of six developed energy markets using SEM and panel regression approaches
(Energy Economics).

[6] report that intelligent transformation measures have a statistically significant impact
on real enterprise returns for the developed and emerging oil importing economies (IEEE
Transactions on Engineering Management). [13,14] propose a strategic simulation
framework to introduce digital reform in energy enterprises and apply their model to the
global energy market leading to a policy—enterprise’s performance linkage. make a
comparative analysis on the periods before and after the implementation of Industry 4.0
reforms [15]. Additionally, the empirical specification should be consistent with common
structural assumptions of transition economies including institutional reform, ownership
restructuring, digital capability and policy incentives of which many previous empirical
studies until recently did not take into consideration.

On the other hand, there is not sufficient information on the existence and extent of
asymmetric spillovers in enterprise performance. Despite their methodological contributions
in the analysis of digital transformation and innovation in energy economics, SEM and
propensity score techniques, not many studies have compared these evaluation approaches
until quite recently [3,4,7]. Although many different studies have been done, there is no
consensus about the effect of the Al integration index on the enterprise productivity returns
and the digital investment returns [2,6,8]. The main objective of this study is to examine
whether Al-driven enterprise models satisfy smart-grid reform requirements and to also
verify whether digital readiness matters. The main objective of this paper is, therefore, to
investigate the structural causal relationship between Al integration and enterprise
performance indicators in Uzbek energy utilities (2010-2025).

Importantly, the propensity score test is conditional only on observables about treatment
selection; hence, the outcome of this study would be used to compare and analyse the
robustness of the technology—business interactive model. The results from each of the
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research hypotheses are expected to have significant implications for the regulatory
authorities in their decisions concerning Al investment incentives and digital reform
mandates. As noted earlier, we combine structural equation modeling with propensity score
matching by constructing an Al integration index to estimate the path relationships as well
as the treatment effects or otherwise of both the digital adoption variable and enterprise
performance.

In addition, other studies have suggested that the implementation of Al-driven digital
transformation practices can enhance the performance of energy enterprises under smart-grid
reform conditions [4,5,6]. Even though many studies have put forth the argument that digital
transformation practices can create a good performance outcome for the organization, only a
few studies have empirically compared this effect across different econometric frameworks
[8,9]. While much has been written about the potential of structural equation modeling in
supporting the development of latent variable estimation and path coefficient analysis at all
levels and across all enterprise indicators (SEM-based studies), this is not likely to be realized
without integrated causal inference approaches to support and understand how learning is
taking place and how it can be supported through propensity score matching (combined
SEM-PSM framework) [10,11].

In addition, since most of the studies on digital transformation and Al integration were
conducted in developed and emerging energy markets abroad [9,10,11,12], the current study
is important to share empirical evidence on the same issues based on the Uzbek energy
utilities transition economy context. It has not proved consistent explanatory power across
models and the use of both SEM analysis and propensity score matching techniques have had
their methodological limitations. This finding provides empirical evidence that enterprises
who recognized that Al capability was available in smart-grid reform environments were
likely to be able to respond effectively with their productivity, investment, and operational
efficiency problems.

This paper specifically attempts to fill up the strategic information needs of energy
regulators intending to restructure their enterprise models in digitalization and Al capability
in the transition economy. In addition, we will address the following questions: (i) how has
digital readiness in Uzbek energy utilities evolved and changed in AI integration and
enterprise productivity over time? (ii) are Al-enabled enterprises more resilient during
periods of regulatory reform? (iii) is the technology—business—digital-organizational
interactive model superior to other conventional models that do not take into account often
heterogeneous structural dynamics of transition economies? Our methodology while
initiating from Rosenbaum and Rubin (1983) propensity score measure, ends up with policy
implications completely different, more complex and strategically oriented recommendations

[2].
2. Methods

The empirical data used in this study are the daily observations of enterprise performance
indicators (EPI), digital readiness index (DRI) and Al integration index, namely productivity
score, digital infrastructure score, Al capability index, smart-grid investment ratio,
operational efficiency measure, legacy infrastructure index, regulatory reform score,
organizational learning index, digital adoption rate and enterprise resilience indicator in
Uzbekistan. The data used in this paper is the daily data of prices of digital investment and
enterprise productivity of Uzbek energy utilities from January 2010 until December 2025.
In this study, we use panel time-series framework as an overall methodological structure
focus and technology—business interactive model as an integrated causal inference problem-
solving approach to achieve the consistency of the final structural estimation or treatment
effect identification. The panel study method was employed involving daily secondary panel
data in the period of 2010-2025. Each enterprise set up a panel unit group as a case. Data
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was collected using a variety of enterprise indicators over the time span of the study period.
Altogether a total of 4000 observations responses were received from a sample of 16
enterprises. The observations were analyzed for their characteristics, and each dimension of
the panel dataset was mapped to the appropriate methodological component. Using SEM, the
model reliability, model fit and path coefficient estimation of the latent variables underlying
structural relationships were established. Panel data was analyzed using time-series
techniques. The propensity score method was employed involving matched secondary panel
data in the evaluation of treatment effects. The propensity score adopted in this study was a
kind of matching estimator originated from Rosenbaum and Rubin (1983). Long panel series
of daily observations with multiple enterprises were structured as one balanced panel unless
the time dimension from one enterprise to another. It should be noted that the estimations
were only based on the information gathered during daily observations over the study period,
totaling roughly 4000 days.

Therefore, the matched observations only produce a result that covers approximately 80
percent of our total data which is sufficient to give a reliable opinion. The criterion to identify
the most relevant and stable variable is statistical significance. We only select order entries,
digital upgrades and Al investments within the reform sessions while we leave out minor
adjustments and administrative corrections that take place after the reform sessions.
However, the sample that we use to test the time-series properties is limited to 4,000
observations for each enterprise. We expect more investment activity in large utilities as this
implies more digital expenditure per operational unit for large energy enterprises. In order to
estimate the structural effects of multiple indicators, the structural equation models (SEM)
are extended to a propensity score framework (PSM). The sample that we use to test the time-
series properties is limited to daily observations for testing structural stability.

[1] had proposed the SEM model with the advantages of allowing the estimation of the
path coefficients and latent variables. We justify the choice of propensity score measure since
it effectively controls selection bias based on specific conditions, such as observable
characteristics and treatment assignment mechanism. Thus, the return can be modeled as
follows: (2) where Rit is an observation of enterprise performance at time t for each enterprise
1, o is the intercept and P is the coefficient of Al integration representing the structural effect
for each enterprise at time t with its corresponding error term. We will estimate the baseline
model and the order of the structural paths, and then we will apply propensity score matching.
To further capture heterogeneity of the enterprises, we estimate an asymmetric model with
interaction terms that allows for structural differences in treated enterprises. Therefore, a
restricted model which both intercept and slope coefficients are set in such that the structural
parameters are equal to zero except the treatment effect coefficient. The criterion to identify
the most influential and significant variable is path coefficient magnitude.

We compare productivity levels in two months surrounding regulatory reform reduction
both for enterprises with and without the change. This test is useful to identify treatment
effects which is necessary to evaluate the impact of Al integration. We test for the
significance of differences in means via independent sample t-test with the expectation of
larger investment activity in post-reform month. Let Yit be an outcome variable with mean
and variance. The daily continuously compounded rate of return, Rit at time t is calculated
as follows: (1) where Pit and Pit—1 are the corresponding productivity levels at days t and
t—1. Thus, the digital adoption variable for treated enterprises (which is previously defined
as our treatment variable and therefore binary) can be written as: Dit. The data used in this
paper is the daily data of prices of digital investment and enterprise productivity of Uzbek
energy utilities from January 2010 until December 2025.

Determining the structural validity of Al integration index construction and validation
framework is challenging as enterprise-level measurement consistency is greatly influenced
by heterogeneous panel dynamics related to daily observations across multiple enterprise
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indicators. The Al integration-based model (technology—business interactive model) was
developed utilizing a SEM-based latent variable estimation framework and was implemented
in the treated enterprise group, while the baseline econometric model (logistic—probit
specification) was used in the control group. Integrated SEM—PSM-time-series analysis was
used to analyze the effect of these causal inference models on student productivity,
operational efficiency, and digital investment outcomes. “The Al integration-based model
(technology—business interactive model) is an integrated structural model which has
integrated structural equation modeling and propensity score matching (SEM—PSM), while
the baseline econometric model (logistic—probit specification) consists of logistic regression,
probit regression, covariate estimation, treatment assignment, and pseudo R? evaluation.
Such an approach would consider the influence of other related variables on estimation
difficulty (cross-model heterogeneity).

A total of 4000 samples were randomly selected from daily panel observations of energy
utility students in a transition economy dataset located in Uzbekistan during the period of the
20102025 study. However, the total number of matched observations included in the final
propensity score estimation was approximately 3200 out of the 4000 observations who were
selected. The selected samples were randomly distributed into two groups: treated enterprise
group Al-enabled utilities and control enterprise group non-treated utilities. To select the
most relevant structural variables, the propensity score matching for concurrent analysis
(PSM) was used to link the SEM path relationships with treatment effects. The structural
equation modeling connection... indicated that all parameters of analysis were estimated in
an integrated causal inference framework of SEM—PSM. Moreover, the SEM models had
strong path coefficients with Al integration index at a 1 percent significance level (p < 0.01)
and could explain the variance of enterprise productivity and smart-grid investment of energy
utilities (high explanatory power in structural estimation). Therefore, the technology—
business interactive model in this study is supported if both the SEM structural relationships
and PSM treatment effects show an consistent and robust estimation.

The value of propensity score that determines treatment assignment is the estimate of the
conditional probability [2]. We group enterprises with the same regulatory status and match
them if they are comparable within caliper distance. For model (1), the robustness tests are
performed in both b aseline and extended specifications in order to validate the stability. This
study employs a time series approach namely structural equation modeling and propensity
score modelling. Although there are several approaches for policy impact evaluation, we
employ SEM since the sample is of panel structure. Meanwhile, since matching is found to
enhance the validity of causal inference [2], this study applies matching procedure, following
nearest-neighbor algorithm, to generate counterfactual outcomes for the treated group. The
baseline model augmented with interaction term is specified as follows where dt is the reform
dummy (equal to one after reform) and pi is (unobserved) a firm-specific effect. [2] extended
the matching model to capture for the probability of the treatment while still preserving the
balancing property of the covariates.

3. Results

The Al integration index shows the highest path coefficient and an average productivity gain
which is the fourth highest among all enterprise indicators. The SEM estimation indicates
that the relationship between Al integration and enterprise productivity at all reform phases
shows a clear positive association with statistical significance. To address the third objective
in this study, structural equation modeling and propensity score analyses were conducted to
estimate the amount of variance in enterprise productivity and smart-grid investment ratio
explained by Al integration index and digital readiness index. The present study demonstrates
that integrating Al-driven digital learning into enterprise operational frameworks provides
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active learning and hands-on experience that stimulates greater interest and enhances
organizational learning outcomes, facilitating understanding and application of learning.

Table 1. Logistic regression

treated Coef. St.Er t- P- [95% Inter S
r. value | value Conf val] ig
digital infr -.005 .017 - i -.04 .029
a_score 0.31 55
legacy infr .003 011 0. .8 -019 .024
a_index 24 09
org learnin -014 .02 - 4 -.053 .026
g index 0.69 92
ownership 237 33 0. 4 -409 .884
structur~t 72 72
reform_pha =317 322 - 3 -.949 315
se cat 0.98 26
Constant .859 1.63 0. 5 - 4.054
53 98 2.336
Mean dependent 0.500 SD dependent var 0.502
var
Pseudo r-squared 0.011 Number of obs 160
Chi-square 2.394 Prob > chi2 0.792
Akaike crit. (AIC) 231.413 Bayesian crit. 249.864
(BIC)
% p<.01, ¥* p<.05, *p<.]

The variation in the data shows a significant structural shift at post-reform levels,
suggesting that digital adoption strengthened enterprise performance over time. A major
finding in the SEM model with interaction terms is that smart-grid investment ratios increase
during significant reform periods (e.g. the 2017 regulatory restructuring) and that
productivity gains in Al-enabled enterprises are higher compared with productivity gains in
non-treated enterprises.

The results show that there are significantly different levels of enterprise productivity
among the three categories of treated enterprises, control enterprises and post-reform
enterprises, with values of F (2, 157) = 6.84, p < 0.01. Results in correlation analysis also
indicate that there was a strong positive association between undergraduates’ Al integration
capability and their enterprise performance outcomes (r = 0.718, p < 0.01). The strategic
measures taken by the energy utilities and subsequently related to the researcher show that
this was handled successfully and learners generated higher productivity gains and improved
operational efficiency previously learned in digital transformation processes. The data
showed that the logistic and probit regressions produced different results for the mean
treatment assignment probabilities for the same enterprise indicators.

Table 2. Probit regression
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Number of obs = 160
LR chi2(5) = 239
Prob>chi2 = 0.7932
Log likelihood = -109.70944
Pseudo R2 = 0.0108
treated Coef. Std.Er z P>z [95% Interv
r. Conf. al]
digital infr -0.003 0.011 -0.310 0.756 -0.025 0.018
a_score
legacy_infr 0.002 0.007 0.240 0.812 -0.012 0.015
a_index
org learnin -0.009 0.013 -0.680 0.495 -0.033 0.016
g index
ownership_ 0.148 0.206 0.720 0.473 -0.256 0.551
structure cat
reform_pha -0.198 0.202 -0.980 0.327 -0.593 0.198
se_cat
_cons 0.537 1.020 0.530 0.599 -1.462 2.535
Variable Treate Contro Differe S.E. T-stat
Sample d Is nce
outcome 27.259 23.599 3.661 1.386 2.640
Unmatched
ATT 27.758 23.700 4.059 1.941 2.090
Note: S.E. does not take into
account that the propensity score
is estimated.
Psmatch2: | psmatch2: | Common \
Treatment | support ‘
assignment | Off ‘ suppo ‘ On l suppor ‘ Total ‘
Untreated 0 80 80
Treated 7 73 80
Total 7 153 160

The impact of the Al integration index is most significantly observed between Al
integration and enterprise productivity at 1 percent significance level, with the coefficient
showing a stable upward trend over the study period. This finding directly addresses the
research question by confirming that the Al-driven enterprise model satisfies smart-grid

reform requirements.

Table 3. Goodness-of-Fit Indices from SEM Model Estimation

Fit Statistic Value Description

Likelihood Ratio > (Model vs. 54.666 Tests fit of the SEM model compared to
Saturated) saturated model

p-value for y*> (Model vs. 0.000 Statistically significant model fit
Saturated)

Likelihood Ratio y? (Baseline vs. 368.551 Tests improvement over null
Saturated) (independence) model
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p-value for y* (Baseline vs. 0.000 Significant improvement over baseline
Saturated) model

org_learning_index

ownership_structure_cat

®

reform_phase_cat

legacy_infra_index

digital_infra_score

T T T T T T
-15 -10 -5 0 5 10
Standardized % bias across covariates

Figure 1. Standardized Mean Difference (SMD) Plot

The Al integration index which measures the degree of artificial intelligence capability is
very significant for enterprise productivity as the value is higher than that of digital readiness
index and are much larger than reform dummy effects. At the enterprise levels, we observed
that Al integration index showed a strong correlation with smart-grid investment ratio, with
a coefficient value of 0.718 at 1 percent significance level. Similarly, enterprise productivity
demonstrated positive association, with the path coefficient found to be 2.439.
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organizational_learning_index

045|

smart_grid_investment_ratio

ai_integration_index reform_dummy

enterprise_productivity

digital_readiness_index ai_treatment_effect

054]

legacy_infrastructure_index

enterprise_performance
Number of obs = 50

Endogenous variables

Observed: enterprise, smart_grid_i t_ratio legacy_i >_index
Exogenous variables

Observed: ai_integration_index digital_readiness_index organizational_learning_index reform_dummy ai_treatment_effect enterprise_performance
Structural equation model

Estimation method = ml

Log likelihood = 337.1972

LR test of model vs. saturated: chi2(11) = 54.67, Prob > chi2 = 0.0000

Figure 2. Structural Equation Modeling (SEM) Path Diagram

The analysis of our sample of Uzbek energy utilities, carried out with SEM and PSM
techniques, has demonstrated significantly different structural coefficients for the same
enterprise variables. It appears that some of the enterprise indicators (but not all) are
consistent in their ranking of Al integration effects in order of difficulty but are not consistent
in their magnitude estimation of each structural relationship. This finding provides empirical
evidence that enterprises who recognized that Al capability was available in smart-grid
reform environments were likely to be able to respond effectively with their productivity,
investment, and operational efficiency problems. Our findings raise two major implications.

The statistical results suggest that enterprise productivity was positively affected with a
coefficient of 2.439 for Al integration variables. As indicated by the statistical tests, the
likelihood ratio statistic showed a strong significance level of 0.000, confirming overall
model adequacy. This implies that, the structural stability test result which detects variance
breaks for the post-reform period showing the clustering in the variance break dates suggests
the existence of asymmetric spillover effects of the impact of digital reform crisis particularly
among traditional utilities.



EPJ Web of Conferences 369, 02011 (2026)

https://doi.org/10.1051/epjcont/202636902011

JIAMA 26
Table 4. Structural Equation Model Estimates for the Technology—Business Interactive
Framework
|  omm
Coef. Std.Err. z P>z
[95%Conf. Interval]

Structural

enterprise_productivity

ai_integration 2.439 0.300 8.120 0.000 1.850 3.028
index

digital readine -0.336 0.296 -1.140 0.255 -0.916 0.243
ss_index

reform_dumm 0.010 0.073 0.130 0.897 -0.134 0.153
y

ai_treatment e -0.050 0.152 -0.330 0.745 -0.348 0.249
ffect

cons -0.010 0.050 -0.190 0.847 -0.108 0.088

smart_grid investment ratio \

ai_integration_ 0.718 0.094 7.630 0.000 0.534 0.903
index

organizational 0.135 0.102 1.330 0.185 -0.065 0.335
learning_index

reform_dumm -0.003 0.014 -0.230 0.817 -0.030 0.024
y

_cons -0.023 0.020 -1.190 0.235 -0.062 0.015

legacy infrastructure index \

digital readine -0.187 0.371 -0.500 0.614 -0.914 0.539
ss_index

ai_treatment e 0.200 0.225 0.890 0.375 -0.242 0.642
ffect

enterprise_perf -0.008 0.173 -0.050 0.964 -0.347 0.331
ormance

cons 0.59% 0.083 7.160 0.000 0.432 0.757

var(e.enterprise_prod 0.009 0.002 0.006 0.013
uctivity)

var(e.smart_grid_inve 0.002 0.000 0.001 0.003
stment _ratio)

var(e.legacy _infrastru 0.047 0.009 0.032 0.070
cture_index)

These results support the main hypothesis that Al-driven enterprise models outperform
conventional models because they show higher structural coefficients, confirming that the
technology—business interactive effect is stronger in the treated conditions. One possible
explanation for the observed outcomes is cumulative digital investment and organizational
learning, which may account for the sustained productivity growth in Al-enabled enterprises.
The observed weak significance in digital readiness index can be attributed to legacy
infrastructure constraints, which may have influenced the short-run transformation process.
The difference between treated and control returns for the pre-reform period is the smallest,
suggesting that the enterprises experienced limited productivity divergence compared to
post-reform months. Legacy infrastructure index shows a notable difference in correlation

patterns, deviating from the typical positive association seen in Al-enabled enterprises.

10
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To strengthen the robustness of the findings, it would therefore be important to reconcile
the development of contrasting empirical results that had been informally initiated at the same
time by all the models involved in the research so as to make the statistical interpretations
studied more consistent. Although there was little statistical significance between logistic—
probit estimates and high performance on the SEM parts, findings did show that models who
did not seek a lot of explanatory power from the baseline regressions early on had a difficult
time interpreting the concepts necessary to perform well on structural models. In addition, as
previous studies (1) had pointed out, empirical evidence on digital transformation practices
was often explored differently in econometric modeling contexts, future comparisons across
methods should be conducted too for a better understanding of the sources of model
divergence supports to develop integrated frameworks and thus, the interpretation of the
results.

According to this study, such a result could be attributed to other factors: the lack of
statistical significance among covariates, the learning process that all this while was SEM-
focused, and the lack of comparative reading and cross-model analysis, as well as the high
model heterogeneity. Even though this study is limited to only one sector in Uzbekistan, and
the results cannot be generalized, we feel that this model can be used as a tool to enhance
interpretation consistency. Second, as the framework was developed primarily based on the
assumptions of SEM practices, to gain a balanced and robust view, as well as to increase the
ability to generalize the findings, further research is recommended to involve industry leaders
and research assistants so as to gain a comprehensive understanding of the model
discrepancies.

4. Discussion

The results suggest strong implications for enterprise strategic planning among Uzbek
energy utilities as increasing and persistent correlation implies that Al-enabled enterprises
are becoming more competitive suggesting the possibility of sustained productivity benefits
due to cumulative digital investment and organizational learning even in transitional
regulatory environments. Therefore, all the structural relationships are considered to be
economically meaningful within the selected smart-grid reform framework. The SEM
outcome indicates that the Al integration index shows significant positive association during
the post-reform period [1,2]. Propensity score results show a significant average treatment
effect of Al-enabled enterprises in the study sample, with matching procedure providing
counterfactual comparison for treated utilities.

The empirical specification demonstrated heterogeneous explanatory power in the results,
as some logistic—probit coefficients did not achieve statistical significance in the baseline
regression framework correctly, affecting the interpretive consistency of the study [3,4,5].
Although the results did not support the statistical significance of covariate effects of general
treatment assignment predictors in the context of Uzbek energy utilities transition economy,
it did provide a comparative analytical deviation from the normal SEM—PSM activities. The
findings differ from Du et al.’s research on digital transformation and energy enterprise
innovation which indicated that digital readiness was less significant. The modifications to
the analysis procedure resulted in asymmetric changes to the structural estimation outcomes,
which may influence the causal inference conclusions.

11
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However, it would seem that most of these model specifications have not borne
statistically robust fruit in terms of producing sustainability of enterprise performance due to
limiting the focus on individual covariates rather than consolidating all driving forces as a
whole set of technology—business interactive factors [6,7]. It is recommended that future
research be conducted using integrated causal inference methodology to explore the same
issues in other contexts where Al integration is implemented [8,9]. However, for extending
the generalizability of the technology-business interactive model, further empirical
validation is recommended in order to enhance its external validity and robustness in other
transition economies and energy sectors [10,11]. Hence, further comparative cross-country
analysis could be done to investigate the effectiveness of these Al-driven enterprise models
for different institutional settings and at different regulatory reform levels [12,13,14].

This paper contributes to the energy economics literature by providing empirical evidence
on the existence and extent of asymmetric spillovers and structural heterogeneity in an
emerging transition economy, Uzbekistan [1]. The results were statistically significant, with
Al integration index showing a path coefficient of 2.439, supporting the main research
hypothesis. The outcome is statistically significant at the 1 percent level, suggesting that Al
capability is critical in enterprise productivity enhancement. Our analysis shows that all have
upward structural trends indicating larger productivity gains through smart-grid investment.
It can be reasonably concluded that, the primary objective of digital reform policy is to create
incentives for these enterprises who play critical role in long term electricity price stability.
In comparison to previous findings, the current study shows that Al-driven enterprise
performance significantly differs from conventional business model studies. The current
results deviate from past studies by showing that digital readiness alone is insufficient in the
short-run reform period [13,14,15].

We observe structural differences in treated and control enterprises through our
comparative analyses, e.g., large vs small utilities, individual vs state-owned utilities. We
show that large orders and orders implemented by Al-enabled enterprises are more
responsive in reform sessions. The baseline SEM model does not allow for the dynamic
adjustment of treatment assignment and structural breaks in the reform period which can be
easily addressed using the propensity score model. The logistic regression model did not
detect significant predictors in treatment assignment while other specifications detect only
partial effects. This may result from the fact that digital adoption extent in early reform
through the initial period is limited disabling formation of strong linkage with other structural
variables. While managers in large utilities with large digital investment activity may have
difficulty in following conservative strategies based on these findings, policymakers in
regulatory authorities can still rely on explanatory powers of mentioned factors in forming
their digital reform mandates.

5. Conclusion

Therefore, it is advisable for the energy utility enterprises that have already invested in digital
infrastructure and want to enhance performance in periods of regulatory reform, to invest in
Al integration to gain sustainable productivity benefits. The technology—business interactive
framework in this study may reshape the debate on the performance dynamics over time
between digital adoption and the enterprise productivity path. Besides, it might also assist

12
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regulatory authorities to redesign their digital reform mandates in order to attain long-term
electricity price stability while minimizing the risk of inefficient smart-grid investment
allocation. Taking into account the asymmetric spillover feature of digital transformation
could lead to an important outcome in the quest for the development of a more comprehensive
enterprise performance measure. Hence, a structural stability test for the detection of
significant variance break may be necessary when evaluating policy interventions in order to
avoid biased inference and to be able to explain any asymmetric structural shift in the results.
This provides us with an opportunity for future research in the energy economics field to gain
more understanding of the interaction mechanism between these two dimensions. However,
enterprise managers, policymakers and regulators in transition economies should not make
any generalized conclusion mainly based on the post-reform evidence as the current analysis
only considers the 2010-2025 period. Meanwhile, after dividing the full sample into pre-
reform and post-reform structural breaks, the result shows that digital readiness index only
became statistically significant after the structural break, while Al integration index became
strongly significant after the structural reform. Further investigation on Al capability across-
enterprise and across-reform phases for productivity and investment performance of different
utilities (large, medium and restructured period) shall be considered so that regulators, in
particular energy authorities of transition economies, may find it beneficial for developing
an adaptive regulatory framework. In future, the robustness of the empirical model may also
be extended by using some other causal inference techniques in order to obtain more
consistent and comparative policy insights.
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