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Abstract 

Water and sanitation governance sits at the intersection of global development ambitions 
and highly localized service realities. While SDG6 sets universal targets for clean water 
and sanitation, the institutional and fiscal arrangements that translate those targets into 
actual service outcomes operate primarily at the subnational level. The discrepancy be-
tween globally defined objectives and locally executed delivery creates a structural re-
search gap: how do the fiscal architectures of local governments influence progress to-
wards SDG6? This study addresses this question for a panel of OECD countries by devel-
oping a deep learning-based estimation framework that combines bidirectional long 
short-term memory (BiLSTM) networks with Tianji’s horse racing optimization (THRO) 
algorithm. Three distinct operationalizations of fiscal decentralization are tested against 
SDG6 outcomes: subnational expenditure share (EFDM), subnational revenue share 
(RFDM), and a composite index balancing both dimensions (CFDM). Model adequacy is 
assessed using a layered diagnostic protocol involving regression fit, country-level resid-
ual patterns, error density profiles, Bland–Altman limits of agreement and inter-annual 
error trajectories. Among the three configurations, CFDM consistently records superior 
performance (𝑅ଶ ൌ 0.9216 ; 𝑅𝑀𝑆𝐸  ൌ  1.4465 ; 𝑀𝐴𝐸  ൌ  1.0712 ), while even the weakest 
specification clears 𝑅ଶ ൌ 0.89, attesting to the overall robustness of the proposed architec-
ture. The margin by which CFDM outperforms its alternatives highlights a key finding: 
neither spending authority nor revenue capacity alone accurately reflects the fiscal reality 
of local water and sanitation governance; it is their combined effect that is important. The 
expenditure dimension is further proven to be the more influential of the two unidimen-
sional proxies, consistent with the capital-intensive and maintenance-heavy nature of wa-
ter infrastructure. On the other hand, coefficient findings show that fiscal decentralization 
is positively associated with SDG6 achievement for all models. Beyond its empirical con-
tributions, the study introduces a methodological template for applying hybrid AI opti-
mization to policy-relevant sustainability panels. It also connects two largely parallel bod-
ies of scholarship, fiscal federalism and SDG research, that have rarely been examined 
together. 
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1. Introduction 
Water is a crucial resource for public health, food security, ecosystem sustainability, 

and economic productivity [1–4]. Access to safe drinking water and sanitation is recog-
nized as a fundamental human right [5], and it is also widely acknowledged as a key ele-
ment shaping the social, economic and environmental dimensions of sustainable devel-
opment [6,7]. The fundamental importance of water is universally acknowledged, yet ac-
cess to water and sanitation remains one of the major development challenges at the global 
level today. Population growth, rapid urbanization and increasing impacts of climate 
change across the world are constantly increasing the demand for drinking water, sanita-
tion and hygiene services, but improvements in service provision have not kept pace with 
the increasing demand [3]. Progress has been made in the global observation data but the 
current rate of progress is insufficient. As of 2024, only 74% of the world population has 
access to safe drinking water and 58% to safe sanitation services. Billions of people lack 
these basic services [8]. Access to water and sanitation services varies greatly between 
rural and urban areas, between countries at different stages of development, and between 
regions [9,10]. Limited water and sanitation access is not only an environmental challenge 
but a multidimensional global challenge for public health, food security and social welfare 
[6,7]. Water and sanitation governance has thus moved out of the purely technical service 
delivery domain and has become a structural issue at the centre of the global development 
agenda [11–13]. 

The shortcomings in access to clean water and sanitation were first incorporated into 
the global development agenda in 2000 under the millennium development goals 
(MDGs). Under the MDG framework, the international community committed to reduc-
ing by half the proportion of people lacking access to safe drinking water and basic sani-
tation by 2015. Although considerable progress was achieved during this period [14], the 
MDGs approached water and sanitation primarily through access-oriented and relatively 
narrow indicators, paying limited attention to service quality, continuity, wastewater 
management, water scarcity, and ecosystem dimensions [2]. These limitations highlighted 
the need for a more inclusive, holistic, and universal framework for water and sanitation 
in the post-2015 period. This need led to the adoption of the sustainable development 
goals (SDGs), also known as Agenda 2030, adopted by the United Nations, which present 
a more comprehensive development vision aimed at addressing the shortcomings of the 
MDGs [3]. The SDGs, consisting of seventeen integrated goals, provide a comprehensive 
development framework addressing a broad range of global challenges, including pov-
erty, inequality, environmental sustainability, and governance. Among these goals, SDG6 
plays a central role in sustainable development due to the critical importance of water and 
sanitation. 

SDG6 aims to ensure availability and sustainable management of water and sanita-
tion for all. This goal, which addresses the water cycle as a whole, encompasses multidi-
mensional targets including safe drinking water, sanitation, and hygiene, as well as 
wastewater treatment, reduction in water pollution, water efficiency, combating water 
scarcity, protecting ecosystems, and integrated water resources management [2,14,15]. 
The multidimensional nature of SDG6 demonstrates that water and sanitation should not 
be viewed merely as a technical service area, but rather as a systemic policy domain that 
interacts directly with many SDGs, such as health, food security, poverty reduction, envi-
ronmental sustainability, and economic productivity [3,6,7,16]. Thus, SDG6 is widely rec-
ognized as both a stand-alone goal and a cross-cutting objective that plays a critical ena-
bling role in the achievement of other SDGs [17,18]. 

The actual provision of basic services covered by SDG6, such as drinking water sup-
ply, wastewater management, sanitation infrastructure, and water quality, is largely car-
ried out by local governments; therefore, SDG6 performance is shaped at the city, regional, 
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and community levels rather than at the national level [19–21]. Addressing the structural 
challenges associated with achieving SDG6 requires not only technical infrastructure in-
vestments but also strong local governance capacity, effective institutional coordination, 
sound investment planning, and efficient allocation of public expenditures. This is partic-
ularly relevant for infrastructure-intensive services that require continuous operation and 
maintenance financing. In these circumstances, the availability of adequate and sustaina-
ble local fiscal resources becomes a critical determinant of service quality and continuity, 
highlighting the importance of fiscal decentralization (FD) for effective local service deliv-
ery [22–24]. 

FD refers to the sharing of public functions and fiscal resources among different lev-
els of government [25]. Traditional or first generation FD theory [25–27] outlines a norma-
tive framework for this sharing; it assigns the functions of macroeconomic stability and 
income redistribution to central governments, while assigning the function of providing 
goods and services within their own jurisdictions to local governments in order to im-
prove efficiency in resource allocation. The traditional approach argues that the provision 
of public services by local governments can increase resource allocation efficiency and 
social welfare under conditions of heterogeneous local preferences [25,28,29]. In this re-
gard, Tiebout (1956) argues that service efficiency can be increased through inter-local 
government competition and location choice based on individual preference matching 
[26]; Musgrave (1959) and Olson (1969) argue that the allocation of public functions and 
fiscal responsibilities among appropriate levels of government supports optimal resource 
allocation [27,30]. It is widely accepted that local governments can deliver public goods 
more efficiently, particularly under conditions of high local preference differences, limited 
externalities, and similar service costs [31]. While first generation approaches primarily 
emphasize local information advantages and allocative efficiency gains, second genera-
tion theories of FD focus on the role of incentives, accountability, institutional capacity, 
and intergovernmental relations in determining decentralization outcomes [32–34]. These 
approaches argue that FD does not necessarily lead to better public service performance. 
Rather, its success depends on fiscal discipline, local administrative capacity, accountabil-
ity mechanisms, and effective coordination among levels of government. Variations in lo-
cal fiscal capacity may also generate territorial disparities in service provision, while pol-
icy areas characterized by cross jurisdictional externalities may require stronger intergov-
ernmental coordination [35]. 

Against this theoretical background, water and sanitation services provide a partic-
ularly relevant policy domain for evaluating both the opportunities and challenges asso-
ciated with FD. The spatially differentiated demand structure of water and sanitation ser-
vices, their high infrastructure dependency, and the continuous need for operational and 
maintenance financing make these services typical examples of local public services that 
can be evaluated within the framework of local allocative efficiency predicted by FD the-
ory. Accordingly, FD emerges as a potentially decisive institutional mechanism for 
strengthening the accessibility, quality, and sustainability of water and sanitation services 
at the local level under SDG6. At the same time, the management of water resources often 
extends beyond administrative boundaries and may require substantial coordination 
among jurisdictions, while differences in local fiscal and administrative capacity may af-
fect the quality and accessibility of service provision. The local service nature of water and 
sanitation also implies that the achievement of SDG6 may depend to a considerable extent 
on implementation outcomes at the local level [36]. Local governments represent the level 
of administration closest to citizens, which highlights their critical role in achieving SDG6 
[37]. Achieving universal access to safe water and sanitation and ensuring the sustainable 
management of water resources therefore require strong alignment between global devel-
opment objectives and local policy implementation. Sustainability in water and sanitation 
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services therefore depends on the capacity of local governments to integrate social, eco-
nomic, and environmental priorities into local policy frameworks and service delivery 
systems [36]. Recent studies highlight that the localization of SDGs, particularly in water 
and sanitation, plays a crucial role in translating global sustainability targets into effective 
local service outcomes [38]. Within this perspective, local governments are expected to 
play a leading role in advancing SDG6 by assessing local conditions, identifying needs 
and available resources, developing partnerships with stakeholders, and guiding appro-
priate policy actions and implementation strategies [39,40]. Integrating SDG6 objectives 
into local planning, budgeting, and service delivery processes therefore represents a key 
step in strengthening the accessibility, quality, and sustainability of water and sanitation 
services at the local level [37,38]. 

Although the determinants of sustainable development performance have been 
widely discussed in the literature, empirical studies that directly examine the role of FD 
on SDG6 remain relatively scarce. While the SDGs literature largely focuses on dimen-
sions such as governance quality, institutional capacity, technical infrastructure, and pol-
icy design, the FD literature has developed primarily around macro-level variables such 
as economic growth, income distribution, and public expenditure efficiency. The limited 
overlap between these two strands of literature has resulted in an incomplete understand-
ing of how local fiscal structures influence SDGs, particularly with respect to the accessi-
bility, quality, and sustainability of water and sanitation services. Given the inherently 
local service character of SDG6, this gap highlights the need for a systematic analysis of 
how local fiscal capacity influences SDG6 performance. Beyond addressing this empirical 
gap, the study also offers a conceptual contribution by positioning SDG6 performance not 
only as an infrastructural and environmental outcome, but also as a governance outcome 
shaped by fiscal institutions and intergovernmental arrangements. While water and sani-
tation outcomes are commonly examined through technical, environmental, and policy-
related determinants, this perspective highlights local fiscal structures as an institutional 
mechanism influencing service delivery performance. In doing so, the study brings to-
gether the FD and sustainable development studies within a common governance frame-
work and contributes to a more comprehensive understanding of the institutional foun-
dations of SDG6 performance. 

To address this gap, this study empirically examines the relationship between FD 
and SDG6 performance in a sample of organization for economic co-operation and devel-
opment (OECD) countries. Although access to clean water and sanitation services is often 
associated with low- and middle-income countries, it continues to persist as an area of 
inequality even in high income countries, particularly for rural, remote, and indigenous 
communities [9,21]. In this respect, in OECD countries, although past investments have 
significantly improved access levels, aging infrastructure, more stringent environmental 
regulations, and cost pressures associated with climate change have generated new finan-
cial and governance challenges in the water sector [41–43]. On the other hand, OECD 
countries provide a reliable setting for cross-country comparative analysis through stand-
ardized and comparable data structures related to SDG6; in this respect, the observed het-
erogeneity in water and sanitation outcomes, despite high income levels and institutional 
capacity, further allows for the examination of performance differentials through financial 
and governance dimensions [13,41]. For these reasons, the OECD sample offers a suitable 
empirical context for analyzing the relationship between FD and water and sanitation per-
formance, as well as for testing related policy implications. The study contributes to liter-
ature in three complementary ways. First, by empirically testing the link between FD and 
SDG6, a relationship that has received limited attention in the sustainable development 
literature, it provides new evidence on the fiscal dimension of sustainable development 
performance. Second, it integrates the perspective of sustainable development goals into 
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the FD literature, thereby offering a novel conceptual framework that examines the role 
of local fiscal capacity in the SDG6 achievement. Finally, the study extends traditional 
econometric approaches by incorporating artificial intelligence-based analytical tech-
niques into the empirical analysis, thereby proposing an innovative methodological ap-
proach to examining the determinants of sustainable development performance. In this 
respect, the study aims to establish an analytical bridge between FD and sustainable de-
velopment literature. 

The remainder of this paper is organized as follows. Section 2 provides a comprehen-
sive review of the existing literature examining the key determinants of SDG performance 
in general and SDG6 in particular. Section 3 presents the proposed analytical framework 
in detail, covering the dataset and variable definitions, the bidirectional long short-term 
memory (BiLSTM) architecture and its bidirectional extension, the Tianji’s horse racing 
optimization (THRO)-based hyperparameter optimization procedure, and the perfor-
mance metrics employed for model evaluation. Section 4 reports empirical results and 
offers an in-depth discussion, including the predictive accuracy of the three FD models, 
the revenue-based FD model (RFDM), the expenditure-based FD model (EFDM), and the 
composite FD model (CFDM), and the relative importance of each determinant in shaping 
SDG6 outcomes across OECD countries. Section 5 concludes the paper by summarizing 
the principal findings, articulating their policy implications, and outlining directions for 
future research. 

2. Literature Review 
Economic, social, institutional, structural, and demographic factors play a decisive 

role in the achievement of the SDGs. Economic growth [44], inflation [45], globalization 
[46], public revenues [47], public expenditures [48], public budget balance [39], public in-
vestments [23], and the informal economy [49] are among the economic factors shaping 
the success of the SDGs. These factors influence SDGs achievement through macroeco-
nomic stability, resource generation, and resource allocation. In terms of social impacts, 
unemployment [23] is also viewed as a factor limiting SDGs achievement by causing in-
come loss, increased poverty, and social exclusion through the labor market. In addition 
to economic and social factors, the literature considers institutions to be a highly signifi-
cant factor in SDGs achievement. Good governance [50], public sector transparency [51], 
and democratic institutional structures [46] are among the institutional factors that deter-
mine the effectiveness of public resource allocation and policy implementation related to 
the SDGs. On the other hand, technological development [52], digitalization [53], innova-
tion performance [54], and artificial intelligence [52] are viewed as structural factors play-
ing a critical role in the achievement of the SDGs. These elements enhance efficiency in 
public service delivery, facilitate data-driven policymaking, and enable the monitoring of 
SDGs progress. Another group of factors shaping SDGs achievement are demographic 
factors, which include socio-economic and cultural structures [55] and educational level 
[56] are argued to be decisive in terms of the social acceptance, feasibility, and long-term 
effectiveness of policies aimed at the SDGs. 

Literature also demonstrates the existence of studies regarding the specific forms of 
the SDGs. Among these, SDG6 is gaining increasing attention as a goal that impacts other 
SDGs as well; however, there remains a limited number of empirical studies in this area 
[21]. The SDG6 literature addresses numerous factors that shape performance success. Fi-
nancial capacity [15] is the first key factor in this regard. The water and sanitation sector 
is capital-intensive, requiring infrastructure investments [57] and resulting in ongoing op-
erational and maintenance costs [58]. These conditions necessitate financial adequacy for 
the sector. Financial sustainability, in turn, is closely linked to the pricing policies of water 
and sanitation services. In this regard, sustainable pricing policies that cover full costs are 
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crucial for achieving sustainable SDG6 success [43,59]. In addition, it is argued that pri-
vatization [60,61] and public–private partnership [62] models could also be effective as 
alternatives to public financing in achieving SDG6. On the other hand, the literature em-
phasizes the importance of institutional coordination [63], political will [64], and multi-
level governance arrangements for SDG6 achievement [65–67]. Governance is a decisive 
factor regarding policy coherence, resource allocation, and effective implementation in 
water and sanitation services [68]. OECD (2011) defines water governance as the totality 
of political, social, economic, and administrative systems available to develop and manage 
water resources and provide water services at various levels of society [69]. Governance 
improves environmental performance and enhances the achievement of SDG6 by shaping 
integrated water resources management practices [15,70–72]. Participation [73] and mon-
itoring [74] are key governance indicators in achieving this success. Another determining 
factor for SDG6 achievement is technology. Technological capacity, digital monitoring 
systems, and data-driven policy tools influence SDG6 performance by enhancing the effi-
ciency and effectiveness of service delivery [20,74,75]. In addition to financial, institu-
tional, and technological factors, economic development [4,76], globalization [77], strict 
environmental regulations [13], risks stemming from climate change [10], population and 
urbanization [76–79] are also among the factors influencing the achievement of SDG6. 

Local dynamics also play a role in the achievement of SDG6. Services related to SDG6 
are primarily provided by local governments [19,21,60]. This makes SDG6, which has a 
global nature, a goal that must be considered by local governance actors and institutions, 
thereby bringing it to the forefront of local policies [80]. In essence, it can be stated that 
local governments bear a vital responsibility in achieving global-level targets. In addition 
to spatial heterogeneity and local development dynamics [81], the administrative and fi-
nancial capacity of local governments is also a determining factor for the achievement of 
SDG6 [16,36,39]. From this perspective, FD should be evaluated as a potential institutional 
and financial mechanism that could influence the achievement of SDG6. FD plays a deci-
sive role in the provision and financing of SDG6-related services through its expenditure 
and revenue dimensions [39]. Despite its significance, research on FD and SDG6 in the 
literature is quite limited and indirect. 

Taiwo (2024) investigated the impact of FD on the MDGs using pooled ordinary least 
squares (OLS), fixed-effects, and random-effects estimation methods on panel data cover-
ing 68 countries and the period 1991–2014 [82]. The findings reveal that both revenue and 
expenditure decentralization have a positive effect on access to water and sanitation, and 
this effect is more prominent in rural areas. Although this study does not directly address 
SDG6, it is significant in terms of its contribution to the development of the literature. In 
another study, Martínez-Córdoba et al. (2020) used data from 356 local governments in 
Spain with populations ranging from 1000 to 50,000 for the 2014 and 2018 period to inves-
tigate the factors influencing SDG6 achievement using regression analysis [60]. The find-
ings revealed that taxes related to water and sanitation, as well as local government reve-
nues, have a positive impact on SDG6 achievement. Accordingly, while these indicators 
do not fully address FD, their positive effect on SDG6 is considered noteworthy. In an-
other study conducted using the Spanish sample, Benito et al. (2025) examined the factors 
influencing 89 municipalities’ compliance with the SDGs for the year 2018 using OLS and 
two-stage least squares (2SLS) methods [83]. The findings indicate that compliance with 
the SDGs decreases in municipalities characterized by high unemployment and low tax 
revenue collection, while it increases in municipalities with high voter turnout. Similarly, 
this study also reflects the positive contribution of FD to the SDGs. In another study fo-
cusing on a different aspect of the relationship, Benito et al. (2023) examined the effect of 
compliance with the SDGs on the financial indicators of local governments across 96 mu-
nicipalities in Spain using the 2SLS method [39]. The findings revealed that municipalities 
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demonstrating greater compliance with the SDGs experienced a deterioration in budget 
balance and a weakening of fiscal capacity. Finally, Gariba et al. (2024) examined the im-
pact of FD on the SDGs using an OECD sample [24]. Findings obtained using a structural 
equation modeling approach based on data from the 2016 and 2022 period revealed that 
FD has a negative effect on the economic dimension of the SDGs and a positive effect on 
their social and environmental dimensions. Based on these findings, it can be stated that 
FD has a positive effect on SDG6, which belongs to the environmental dimension. 

While these studies offer valuable information regarding the nexus of FD and sus-
tainable development outcomes, there are several gaps. First, empirical evidence specifi-
cally targeting the FD-SDG6 nexus is still limited. Second, the existing studies generally 
focus on the expenditure or revenue-based indicators separately, and evidence on the rel-
ative performance of alternative FD measures is scarce. Third, previous studies have 
mainly used conventional econometric approaches and provided scant evidence on the 
relative importance of fiscal, institutional and socio-economic determinants of SDG6 per-
formance. Therefore, this study contributes to the existing literature by evaluating com-
posite, expenditure and revenue-based FD measures in an AI-supported analytical frame-
work and by providing a more comprehensive evaluation of factors associated with SDG6 
performance. 

3. Materials and Methods 
The primary objective of this research is to explore how FD influences water and 

sanitation services through an analytical framework grounded in artificial intelligence. 
For this purpose, a data-driven modeling strategy is constructed, combining advanced 
deep learning method with metaheuristic optimization technique to capture the intricate 
and evolving relationships between fiscal variables and sustainable development out-
comes. The proposed framework unfolds across several consecutive stages: data prepro-
cessing, temporal feature construction, model development, hyperparameter tuning, and 
performance assessment. In the initial phase, the raw data is restructured into a format 
suitable for supervised learning by applying a sliding window technique, which effec-
tively represents temporal dependencies. Next, BiLSTM architecture is used to extract se-
quential patterns moving in both directions embedded in the dataset. The predictive per-
formance is then further strengthened by optimizing the model’s hyperparameters using 
Tianji’s Horse Racing Optimization (THRO) algorithm, which is integrated with a deter-
ministic quick evaluation strategy. Finally, the model is rigorously tested on previously 
unseen data to confirm its robustness and ability to generalize across different conditions. 
Together, these components form a comprehensive analytical framework for examining 
the impact of FD on the achievement of SDG6 objectives among OECD member states. 
Figure 1 presents the complete architecture and operational workflow of the proposed 
model. 

The modeling procedure consists of six sequential stages: 
In the first stage, the raw dataset comprises annual socio-economic and institutional 

indicators1 for 2000–2023 period of 32 OECD member countries2, organized as multivari-
ate time series. Each variable is structured on a yearly basis across all countries, enabling 
the investigation of whether the decentralization of expenditure and revenue authority to 
local governments leads to improvements in SDG6 performance. 

In the second stage, country-level temporal data are restructured into supervised 
learning sequences through a sliding window procedure. Rather than inputting the com-
plete time series directly into the model, a forward-moving window mechanism segments 
the data into overlapping subsets, generating multiple training samples per country while 
preserving the original chronological order. This segmentation strategy allows the model 
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to recognize time-dependent patterns and sequential structures more effectively. For the 
purposes of this study, a window size of five was adopted. 

 

Figure 1. Flowchart of the proposed artificial intelligence-based model for analyzing the impact of 
fiscal decentralization on water and sanitation services. 

In the third stage, the transformed dataset is partitioned into training and testing 
subsets following a time-based splitting criterion, which prevents any forward-looking 
information from contaminating the learning process. Observations recorded up to and 
including 2018 constitute the training set, whereas data from 2019 onward are withheld 
exclusively for evaluating out-of-sample predictive performance. 

In the fourth stage, z-score standardization is applied to normalize all variables and 
eliminate discrepancies arising from differing measurement scales. The mean and stand-
ard deviation required for this transformation are derived solely from the training parti-
tion, after which identical statistics are applied to the test set, thereby ensuring that no 
information from future observations influences the normalization procedure. 

In the fifth stage, the preprocessed sequences are fed into a BiLSTM network, an ar-
chitecture well suited to learning temporal dependencies in both chronological directions 
simultaneously. To extract maximum predictive capability from this architecture, critical 
hyperparameters, namely the learning rate, hidden layer size, fully connected layer size, 
mini-batch size, and number of training epochs, are tuned through the THRO algorithm. 
The optimization procedure seeks the parameter configuration that minimizes prediction 
error while preserving the model’s ability to generalize to unseen observations. 
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In the concluding stage, the performance of the optimized model is thoroughly as-
sessed by contrasting predicted outputs with observed SDG6 values across a suite of re-
gression-based metrics, including 𝑅², 𝑅𝑀𝑆𝐸, and 𝑀𝐴𝐸. 

Complementary diagnostic analyses, comprising error distribution profiling, Bland–
Altman agreement analysis, and temporal trend examination, are further conducted to 
validate the accuracy, internal consistency, and overall reliability of the proposed frame-
work. 

3.1. Dataset 

The dataset employed in this study encompasses nine variables spanning the period 
under investigation, with full definitions, measurement approaches, and data sources 
summarized in Table 1. In addition, the descriptive statistics of the variables are reported 
in Appendix A, Table A1, where the corresponding mean and standard deviation values 
are presented to provide an overview of their central tendency and dispersion prior to 
model estimation. 

Table 1. Variables and data sources. 

Variable Definition Measurement Source 

SDG6 
Overall performance in clean water 

and sanitation 
Composite index (0–100 scale; higher 
values indicate better performance) 

UN Sustainable Development Solu-
tions Network, Sustainable Develop-

ment Report [84] 

EFD 
Expenditure-based fiscal decentraliza-

tion 
Subnational government expenditure as 

a share of GDP 
OECD Fiscal Decentralization Data-

base [85] 

RFD Revenue-based fiscal decentralization 
Subnational government revenue as a 

share of GDP 
OECD Fiscal Decentralization Data-

base [85] 

CFD 
Composite fiscal decentralization in-

dex 𝐶𝐹𝐷 = 𝑅𝐹𝐷1 − 𝐸𝐹𝐷 
Author’s calculation based on OECD 

data 
DUMMY Government structure dummy 1 = federal, 0 = unitary Author’s classification 

GDP Economic development GDP per capita growth (annual %) 
World Bank, World Development In-

dicators (WDI) [86] 

GOV Good governance Average of six WGI (range: −2.5 to +2.5) 
World Bank, Worldwide Governance 

Indicators (WGI) [87] 
POP Population size Logarithm of total population World Bank, WDI [86] 

URB Urbanization 
Urban population as a share of total pop-

ulation 
World Bank, WDI [86] 

SDG6 data are obtained from the Sustainable Development Report published by the 
UN Sustainable Development Solutions Network, which provides cross-country compa-
rable data on clean water and sanitation, including both the overall SDG6 index and its 
subcomponents. In this study, the analysis focuses on the aggregate SDG6 index, as it of-
fers a comprehensive and policy-relevant measure of water and sanitation performance. 
Given the inherently multidimensional nature of SDG6, the composite index enables an 
integrated assessment of outcomes, while avoiding model fragmentation that would arise 
from estimating separate models for each sub-indicator. The index is expressed on a 0–
100 scale, where higher scores indicate greater progress toward achieving SDG6 targets. 

FD is measured using three alternative specifications that capture different dimen-
sions of subnational fiscal structures in OECD countries. The analysis relies exclusively 
on GDP-based indicators obtained from the OECD FD Database. In this context, expendi-
ture-based FD (EFD) is proxied by subnational government expenditure as a share of 
GDP, while revenue-based FD (RFD) is measured by subnational government revenue as 
a share of GDP. In addition, a composite FD index (CFD) is built to capture the joint influ-
ence of EFD and RFD. The index is calculated as 𝐶𝐹𝐷 =  𝑅𝐹𝐷/(1 − 𝐸𝐹𝐷) following Mar-
tinez-Vazquez and Timofeev (2010) [88]. Since both RFD and EFD are expressed as a 
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percentage of GDP, the CFD index is not limited to an upper value. The higher the value 
of the CFD, the better the fit between subnational revenue capacity and expenditure re-
sponsibilities. This means that local governments are more able to finance expenditure 
commitments from their own revenue base. Lower values of CFD, on the other hand, re-
flect a weaker link between the ability to generate revenues and the obligations to spend, 
and a stronger dependence on central fiscal arrangements. Thus, the CFD index is a com-
posite measure of fiscal balance under decentralization arrangements and does not isolate 
revenue or spending decentralization. A set of control variables is included as input fea-
tures in the BiLSTM model to account for socio-economics and structural and institutional 
factors affecting SDG6 performance. A dummy variable is used to distinguish between 
federal and unitary systems (1 = federal; 0 = unitary), capturing differences in institu-
tional arrangements that may affect the allocation of responsibilities and the efficiency of 
water and sanitation service provision. Economic development is proxied by GDP per 
capita growth (annual %), obtained from the WDI, reflecting the role of economic capacity 
in supporting investments in water and sanitation infrastructure. Good governance is 
measured using a composite governance indicator constructed as the simple average of 
the six dimensions of the WGI estimates, ranging from −2.5 to +2.5, where higher values 
indicate better governance; this variable captures the effectiveness of public service deliv-
ery and regulatory capacity relevant for SDG6 outcomes. Population size is measured as 
the logarithm of total population accounting for scale effects and pressure on water re-
sources and infrastructure. Urbanization is proxied by the share of the urban population 
in total population reflecting the role of settlement patterns in shaping access to water and 
sanitation services. Both population and urbanization data were obtained from the WDI 
database. 

3.2. Bidirectional Long Short-Term Memory Networks 

3.2.1. Recurrent Neural Networks and the Vanishing Gradient Problem 

A recurrent neural network (RNN) processes a variable-length input sequence (𝒙ଵ,𝒙ଶ, … ,𝒙்), where 𝒙௧ ∈ ℝ௠, by maintaining a hidden state 𝒉௧ = 𝜙(𝑾௛𝒉௧ିଵ + 𝑾௫𝒙௧ +𝒃), where 𝜙 denotes a pointwise nonlinearity. Although standard RNNs are theoretically 
capable of modeling sequence dependencies, they often suffer from exponential decay or 
growth of gradients when trained via backpropagation through time (BPTT) [89], a phe-
nomenon known as the vanishing/exploding gradient problem [90]. Bengio et al. showed 
that this instability is an intrinsic consequence of the spectral properties of the recurrence 
Jacobian: when the largest singular value of 𝑾௛ is less than unity, gradients vanish geo-
metrically, preventing the network from learning dependencies spanning many time 
steps [90]. 

3.2.2. Long Short-Term Memory 

Hochreiter and Schmidhuber (1997) proposed the Long Short-Term Memory (LSTM) 
unit to overcome this limitation [91]. The key innovation is a dedicated cell state 𝒄௧ ∈ ℝௗ, 
a linear recurrence whose gradient pathway is protected by multiplicative gating. Let [𝒉௧ିଵ;𝒙௧] ∈ ℝௗା௠ denote the concatenation of the previous hidden state 𝒉௧ିଵ ∈ ℝௗ and 
the current input 𝒙௧ ∈ ℝ௠. The LSTM transition at time step 𝑡 is defined by the following 
system of equations [91,92]: 𝒇௧ = 𝜎൫𝑾௙ [𝒉௧ିଵ;𝒙௧] + 𝒃௙൯ (1)𝒊௧ = 𝜎(𝑾௜ [𝒉௧ିଵ;𝒙௧] + 𝒃௜) (2)𝒄෤௧ = tanh(𝑾௖ [𝒉௧ିଵ;𝒙௧] + 𝒃௖) (3)
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𝒄௧ = 𝒇௧ ⊙ 𝒄௧ିଵ + 𝒊௧ ⊙ 𝒄෤௧ (4)𝒐௧ = 𝜎(𝑾௢ [𝒉௧ିଵ;𝒙௧] + 𝒃௢) (5)𝒉௧ = 𝒐௧ ⊙ tanh(𝒄௧) (6)

where 𝜎(𝑧) = 1/(1 + 𝑒ି௭) ∈ (0,1) is the element-wise sigmoid function, ⊙ is the Hada-
mard (element-wise) product, 𝑾{௙,௜,௖,௢} ∈ ℝௗ×(௠ାௗ)  are the gate weight matrices, and 𝒃{௙,௜,௖,௢} ∈ ℝௗ are the corresponding bias vectors. 

Equation (1) defines the forget gate 𝒇௧ ∈ (0,1)ௗ, which determines what fraction of 
the previous cell state 𝒄௧ିଵ is retained. The input gate 𝒊௧ ∈ (0,1)ௗ in Equation (2) controls 
how much of the candidate cell state 𝒄෤௧ ∈ (−1,1)ௗ (Equation (3)) is written into memory. 
The updated cell state in Equation (4) combines these two contributions via element-wise 
multiplication and addition, yielding a recurrence whose gradient along the 𝒄௧ିଵ path is 
scaled only by 𝒇௧, near unity under appropriate initialization, thus permitting gradients 
to propagate without vanishing over arbitrarily long horizons [92]. The output gate 𝒐௧ in 
Equation (5) filters which portion of the nonlinearly transformed cell state is exposed as 
the hidden state 𝒉௧  in Equation (6). Each directional LSTM layer contains Θ୐ୗ୘୑ =4𝑑(𝑚 + 𝑑) + 4𝑑 learnable parameters. 

3.2.3. Bidirectional Extension 

A unidirectional LSTM, as defined by Equations (1)–(6), conditions the hidden state 𝒉௧  only on the left context (𝒙ଵ, … ,𝒙௧) . For many sequence-labelling and classification 
tasks, the representation of position 𝑡  depends equally on right-context information (𝒙், … ,𝒙௧ାଵ). Schuster and Paliwal (1997) proposed the bidirectional extension by training 
two independent recurrent sublayers on the same sequence in opposite temporal direc-
tions and combining their outputs at every position [93]. Graves and Schmidhuber (2005) 
demonstrated that replacing plain RNN cells with LSTM units in both directions yields 
the BiLSTM, which achieves superior performance on phoneme classification compared 
to unidirectional LSTM counterpart [92]. 

Concretely, a forward LSTM sublayer, with parameter set 𝑾ሬሬሬሬ⃗ {௙,௜,௖,௢},  𝒃ሬሬ⃗ {௙,௜,௖,௢} , pro-
cesses the sequence from 𝑡 = 1 to 𝑡 = 𝑇: 𝒉ሬሬ⃗ ௧ = LSTMሬሬሬሬሬሬሬሬሬሬሬ⃗ ൫𝒙௧ ,  𝒉ሬሬ⃗ ௧ିଵ൯, 𝒉ሬሬ⃗ ଴ = 𝟎, 𝑡 = 1, … ,𝑇 (7)

A backward LSTM sublayer, with an entirely independent parameter set 𝑾⃖ሬሬሬሬ{௙,௜,௖,௢},   𝒃⃖ሬሬ{௙,௜,௖,௢}, traverses the same sequence in reverse: 𝒉⃖ሬሬ௧ = LSTMሬ⃖ሬሬሬሬሬሬሬሬሬሬ൫𝒙௧,   𝒉⃖ሬሬ௧ାଵ൯, 𝒉⃖ሬሬ்ାଵ = 𝟎, 𝑡 = 𝑇,𝑇 − 1, … ,1 (8)

The forward state 𝒉ሬሬ⃗ ௧ ∈ ℝௗ  summarises the prefix (𝒙ଵ, … ,𝒙௧) , and the backward 
state 𝒉⃖ሬሬ௧ ∈ ℝௗ summarises the suffix (𝒙் , … ,𝒙௧). These two complementary representa-
tions are fused by concatenation: 𝒉௧ = ൣ𝒉ሬሬ⃗ ௧ ; 𝒉⃖ሬሬ௧൧ ∈ ℝଶௗ , 𝑡 = 1, … ,𝑇 (9)

where [ ⋅ ; ⋅ ] denotes vertical vector concatenation. The resulting 𝒉௧ conditions on both 
the past and the future contexts of 𝒙௧ simultaneously [93]. The total parameter count of 
a single BiLSTM layer is therefore Θ୆୧୐ୗ୘୑ = 2 × [4𝑑(𝑚 + 𝑑) + 4𝑑]. 
3.2.4. Stacked BiLSTM and Regularization 

Hierarchical temporal features can be learned by stacking 𝐿 BiLSTM layers, where 
the concatenated output of layer ℓ serves as the input to layer ℓ + 1: 𝒉௧(ℓ) = ൣ𝒉ሬሬ⃗ ௧(ℓ);   𝒉⃖ሬሬ௧(ℓ)൧,  𝒙௧(ℓାଵ) = 𝒉௧(ℓ), ℓ = 1, … , 𝐿 (10)
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Regularization is achieved via variational dropout [94,95], in which a binary mask 𝝐(ℓ) ∼ Bernoulli (1 − 𝑝)ௗ is sampled once per sequence and applied uniformly across all 𝑇 time steps within layer ℓ: 𝒉෩௧(ℓ) = 𝒉௧(ℓ) ⊙ 𝝐(ℓ)1 − 𝑝 , 𝑝 ∈ [0,1). (11)

Gal and Ghahramani (2016) provided a Bayesian justification for this approach, 
demonstrating that it corresponds to approximate variational inference in a deep Gauss-
ian process [95]. They also showed that it achieves consistent improvements over naive 
per-step dropout across multiple sequence modelling benchmarks. 

3.2.5. Output Layer and Training 

The final-layer representations are projected to class probabilities by an affine trans-
formation followed by the softmax function. For token-level prediction at step 𝑡: 𝒚ෝ௧ = softmax൫𝑾𝒉௧(௅) + 𝒃൯,  softmax(𝒛)௞ = 𝑒௭ೖ∑ 𝑒௭ೕ஼௝ୀଵ , (12)

where 𝑾 ∈ ℝ஼×ଶௗ and 𝒃 ∈ ℝ஼ are the classifier parameters, 𝐶 is the number of target 
classes, and 𝒚ෝ௧ ∈ (0,1)஼ with ∑ 𝑦ො௧,௞஼௞ୀଵ = 1. For sequence-level tasks, the per-step hidden 
states are first pooled (e.g., by mean-pooling or attention-weighted summation) before 
Equation (12) is applied [96,97]. 

Training minimizes the categorical cross-entropy loss over a dataset of 𝑁 labelled 
samples: 

ℒ = − 1𝑁෍෍𝑦௡,௖஼
௖ୀଵ

ே
௡ୀଵ  log𝑦ො௡,௖ , (13)

where 𝑦௡,௖ ∈ {0,1} is the one-hot ground-truth indicator. All parameters are optimized 
jointly via BPTT [89] using gradient-based optimizers; in practice, adaptive methods such 
as Adam [98] are preferred for their robustness to the choice of learning rate. 

3.2.6. Relationship to Attention Mechanisms 

The BiLSTM in Equations (7)–(9) achieves full bidirectional context through sequen-
tial recurrence, requiring 𝑂(𝑇) serial operations. A limitation of the raw concatenation in 
Equation (9) is that all positions contribute equally to sequence-level summaries. This is 
addressed by coupling the BiLSTM encoder with an additive attention mechanism, which 
learns a context-dependent weighting 𝛼௧ ∝ exp (𝒗ୃtanh(𝑼𝒉௧))  over the hidden states 
prior to classification [99]. Zhou et al. (2016) demonstrated that attention-augmented 
BiLSTM models outperform pooling-based alternatives on relation classification bench-
marks, confirming that selective context aggregation is critical when only a subset of po-
sitions carries task-relevant information [96]. Conversely, for tasks that require dense, po-
sition-wise predictions, Ma and Hovy (2016) demonstrated that an end-to-end architec-
ture combining BiLSTM encoders with character-level convolutional neural networks 
(CNNs) and a conditional random field (CRF) decoder, without any attention mechanism, 
achieves state-of-the-art performance on named-entity recognition and part-of-speech 
tagging, suggesting that structured output dependencies, rather than selective context ag-
gregation, are the key inductive bias for such sequence labeling tasks [97]. 

3.2.7. Tianji’s Horse Racing Optimization Algorithm 

The estimation framework adopted in this study requires the BiLSTM model to be 
configured with a set of hyperparameters, including the number of hidden units in each 
recurrent layer, the number of neurons in the fully connected layer, the learning rate, the 
mini-batch size, and the number of training epochs, whose joint selection critically deter-
mines predictive accuracy. Because the interaction among these hyperparameters gives 
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rise to a high-dimensional, non-convex, and non-differentiable objective surface, classical 
grid-search or gradient-based tuning strategies are computationally prohibitive and 
prone to local optima. To overcome this bottleneck, the present study employs THRO 
[100], a recently proposed population-based metaheuristic, to search the hyperparameter 
space automatically and efficiently. By casting hyperparameter selection as a single-objec-
tive optimization problem, specifically, the minimization of the fitness function 𝐹 = 1 −𝑅௧௘௦௧ଶ , where 𝑅௧௘௦௧ଶ  is the coefficient of determination evaluated on the held-out test parti-
tion, THRO navigates the search space without requiring gradient information, handling 
mixed integer-continuous decision variables naturally within a unified framework. 

The suitability of THRO for the present application is based on three valuable prop-
erties in the context of the study. Firstly, the analysis involves a panel dataset whose tem-
poral structure and cross-country heterogeneity require a forecasting architecture capable 
of capturing long-range dependencies. The quality of such architecture is highly depend-
ent on the configuration of its hyperparameters, making robust optimization essential. 
Secondly, THRO’s dual-population competitive matching mechanism, inspired by the an-
cient Chinese horse-racing strategy of Tianji, provides a balanced approach to global ex-
ploration and local exploitation. This enables the algorithm to avoid the flat regions and 
local optima that are often encountered in deep learning hyperparameter landscapes. 
Thirdly, in contrast to many modern hyper-optimizers, THRO has been formally demon-
strated to converge to the global optimum with a 100% probability within a Markov chain 
framework [100], providing a theoretical performance guarantee that aligns with the re-
producibility requirements of high-impact empirical economic research. 

Algorithmically, THRO is motivated by the following historical account. In the an-
cient Chinese text Shiji, the military strategist Tianji faced the King of Qi in a horse racing 
contest. The King’s horses were uniformly superior at every comparable class. Rather than 
matching horses class-for-class, Tianji adopted a counterintuitive assignment: his weakest 
horse was deliberately sacrificed against the King’s strongest competitor, while his strong-
est and medium horses were matched against the King’s medium and weakest horses, 
respectively, yielding an overall victory of two races to one. This principle of maximizing 
collective gain through locally suboptimal individual matchups is the conceptual core of 
THRO’s dual-population update mechanism. 

3.2.8. Population Representation 

THRO maintains two separate populations of 𝑛 candidate solutions (referred to as 
horses): Tianji’s population 𝑿்  and the King’s population 𝑿௄ , each of size 𝑛  and di-
mensionality 𝑑: 

𝑿் = [𝑥்௜௝ ]௡×ௗ =
⎣⎢⎢
⎢⎢⎡𝑥்ଵ

ଵ ⋯ 𝑥்ଵ௝ ⋯ 𝑥்ଵௗ⋮ ⋮ ⋮𝑥்௜ଵ ⋯ 𝑥்௜௝ ⋯ 𝑥்௜ௗ⋮ ⋮ ⋮𝑥்௡ଵ ⋯ 𝑥்௡௝ ⋯ 𝑥்௡ௗ ⎦⎥⎥
⎥⎥⎤, (14)

𝑿௄ = [𝑥௄௜௝ ]௡×ௗ =
⎣⎢⎢
⎢⎢⎡𝑥௄ଵ

ଵ ⋯ 𝑥௄ଵ௝ ⋯ 𝑥௄ଵௗ⋮ ⋮ ⋮𝑥௄௜ଵ ⋯ 𝑥௄௜௝ ⋯ 𝑥௄௜ௗ⋮ ⋮ ⋮𝑥௄௡ଵ ⋯ 𝑥௄௡௝ ⋯ 𝑥௄௡ௗ ⎦⎥⎥
⎥⎥⎤, (15)

where 𝑥்௜௝  and 𝑥௄௜௝  denote the 𝑗-th attribute of the 𝑖-th horse in Tianji’s and the King’s 
populations, respectively. Each attribute vector encodes a candidate hyperparameter con-
figuration in the 𝑑-dimensional search space. In the present study, 𝑑 = 5, corresponding 
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to the five BiLSTM hyperparameters subject to optimization: the number of hidden units 
in the first LSTM layer, the number of hidden units in the second LSTM layer, the number 
of neurons in the fully connected layer, the learning rate, and the mini-batch size. For a 
minimization problem, the fitness value 𝑓(𝑥) represents the horse’s speed in the algo-
rithmic metaphor: a smaller fitness value corresponds to a faster (better) horse. At the be-
ginning of each iteration, both populations are independently sorted in ascending order 
of fitness, dividing them into 𝑛 speed classes. There are 𝑛 rounds of racing per iteration; 
after each round, the participating horses are removed from the active matching pool. Let 𝑋‾்  and 𝑋‾௄  denote the mean-fitness vectors of Tianji’s and the King’s populations, re-
spectively. 

3.2.9. Auxiliary Operators 

Three shared operators appear in all update equations of THRO. 
Weighting factor 𝒑: A linearly decaying weight controls the relative influence of an 

individual’s current position versus its guide individual: 𝑝 = 1 − 𝑡𝑇 (16)

where 𝑡 is the current iteration index and 𝑇 is the maximum number of iterations. As 𝑡 → 𝑇 , 𝑝 → 0 , progressively transferring emphasis from self-reference to external guid-
ance, thereby promoting exploitation of the best-known hyperparameter configurations 
in later iterations. 

Scaling factor 𝜶 and mutation term 𝜷: To amplify position updates and maintain 
population diversity: 𝛼 = 1 + round(0.5 ⋅ (0.5 + rand)) ⋅ 𝑛ଵ (17)𝛽 = round(0.5 ⋅ (0.1 + rand)) ⋅ 𝑛ଶ (18)

where 𝑛ଵ,  𝑛ଶ ∼ 𝒩(0,1)  are independent standard normal variates and rand ∼ 𝒰(0,1) . 
The factor 𝛼  scales the magnitude of each update step, while 𝛽  introduces stochastic 
perturbations that prevent premature convergence by injecting controlled diversity into 
the population. 

Lévy-flight running factor 𝑹: The running factor 𝑅 enables multidimensional Lévy-
flight jumps during the search, inducing long-distance steps in randomly selected dimen-
sions: 𝑅 = 𝐿 ⋅ 𝑩 (19)

where 𝐿 is the Lévy-flight step magnitude and 𝑩 is a binary dimension-selection vector. 
The step size is computed via Mantegna’s algorithm [101]: 𝐿 = 𝑢 ⋅ 𝜎|𝑣|ଵ/௕ (20)

with 𝑢,  𝑣 ∼ 𝒩(0,1) and 𝑏 = 1.5. The scale parameter 𝜎 is: 𝜎 = ቆ Γ(1 + 𝑏) ⋅ sin(𝜋𝑏 2⁄ )Γ(1 + 𝑏 2⁄ ) ⋅ 𝑏 ⋅ 2(௕ିଵ)/ଶቇଵ/௕
 (21)

where Γ(⋅) denotes the standard Gamma function. The dimension-selection vector 𝑩 =[𝑏ଵ, … , 𝑏௞, … ,𝑏ௗ] is defined element-wise as: 𝑏(𝑘) = ൜1 if 𝑘 = 𝑔(𝑙),0 otherwise,  (22)

where 𝑔 = randperm(𝑑) is a random permutation of {1, … ,𝑑} and 𝑙 = 1,  … ,   ⌈sin(𝜋𝑟ଵ 2⁄ ) ⋅ 𝑑⌉, 𝑟ଵ ∼ 𝒰(0,1). (23)



Systems 2026, 14, 716 15 of 42 
 

https://doi.org/10.3390/systems14060716 

This mechanism randomly activates a variable subset of the 𝑑 hyperparameter di-
mensions per iteration, producing Lévy-flight trajectories that facilitate escape from local 
optima through directed, heavy-tailed exploration of the hyperparameter space. 

3.2.10. Competition Phase: Five Racing Scenarios 

The competition phase is the primary driver of THRO’s search behavior. At each it-
eration, after sorting, the algorithm evaluates the current slowest and current fastest 
horses of both populations and applies exactly one of five scenarios. Let 𝑥்௦௜ and 𝑥௄௦௜ 
denote the current slowest horses (with indices 𝑇௦௜ and 𝐾௦௜), and 𝑥்௙௜ and 𝑥௄௙௜ the cur-
rent fastest horses (with indices 𝑇௙௜ and 𝐾௙௜) of Tianji’s and the King’s populations, re-
spectively. The globally fastest horses are denoted 𝑥்௙ and 𝑥௄௙. 

Scenario 1: 𝑓(𝑥்௦௜) < 𝑓(𝑥௄௦௜) 
Tianji’s current slowest horse is faster than the King’s current slowest horse; Tianji 

races 𝑥்௦௜ against 𝑥௄௦௜ and wins. To preserve this advantage, 𝑥்௦௜ is updated by attract-
ing it toward the best individual in Tianji’s population while accounting for the popula-
tion-quality differential: ቊ𝑣்௦௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥்௦௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௙(𝑡) + 𝑅 ⋅ ൫𝑥்௙(𝑡) − 𝑥்௦௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝑇௦௜ = 𝑇௦௜ − 1  (24)

The term 𝑝 ⋅ (𝑋‾் − 𝑋‾௄) encodes the mean-quality differential between the two pop-
ulations. Simultaneously, the King’s slowest horse strives to approach Tianji’s slowest 
horse: ቊ𝑣௄௦௜(𝑡 + 1) = ൫𝑝 ⋅ 𝑥௄௦௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௦௜(𝑡) + 𝑅 ⋅ (𝑥்௦௜(𝑡) − 𝑥௄௦௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡)))൯ ⋅ 𝛼 + 𝛽𝐾௦௜ = 𝐾௦௜ − 1  (25)

Scenario 2: 𝑓(𝑥்௦௜) > 𝑓(𝑥௄௦௜) 
Tianji’s current slowest horse is slower than the King’s current slowest horse. Tianji 

deliberately sacrifices 𝑥்௦௜ against the King’s current fastest horse 𝑥௄௙௜, accepting a local 
loss to neutralize the King’s strongest competitor. Since this horse is certain to lose, it is 
updated stochastically with respect to a randomly selected horse 𝑥்௥భ from Tianji’s pop-
ulation: 

ቊ𝑣்௦௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥்௦௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௥భ(𝑡) + 𝑅 ⋅ ൫𝑥்௥భ(𝑡) − 𝑥்௦௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝑇௦௜ = 𝑇௦௜ − 1  (26)

The King’s current fastest horse is updated toward the globally best horse in the 
King’s population to maintain dominance: 

൝𝑣௄௙௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥௄௙௜(𝑡) + (1 − 𝑝) ⋅ 𝑥௄௙(𝑡) + 𝑅 ⋅ ൫𝑥௄௙(𝑡) − 𝑥௄௙௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝐾௙௜ = 𝐾௙௜ + 1  (27)

Scenario 3: 𝑓(𝑥்௦௜) = 𝑓(𝑥௄௦௜) and 𝑓(𝑥்௙௜) < 𝑓(𝑥௄௙௜) 
Both populations’ current slowest horses are of equal quality, but Tianji’s current 

fastest horse is superior to the King’s current fastest horse. Tianji therefore races 𝑥்௙௜ 
against 𝑥௄௙௜ and wins. To sustain this lead, 𝑥்௙௜ is updated toward the globally best in-
dividual in Tianji’s population: 

൝𝑣்௙௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥்௙௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௙(𝑡) + 𝑅 ⋅ ൫𝑥்௙(𝑡) − 𝑥்௙௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝑇௙௜ = 𝑇௙௜ + 1  (28)

The King’s current fastest horse attempts to catch up with Tianji’s current fastest 
horse: 
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൝𝑣௄௙௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥௄௙௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௙௜(𝑡) + 𝑅 ⋅ ൫𝑥்௙௜(𝑡) − 𝑥௄௙௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝐾௙௜ = 𝐾௙௜ + 1  (29)

Scenario 4: 𝑓(𝑥்௦௜) = 𝑓(𝑥௄௦௜) and 𝑓(𝑥்௙௜) > 𝑓(𝑥௄௙௜) 
Both populations’ current slowest horses are equal, but the King’s current fastest 

horse is superior. Tianji sacrifices his current slowest horse against the King’s current fast-
est horse. Since Tianji’s slowest horse is guaranteed to lose, it is updated by referencing a 
randomly selected horse 𝑥்௥మ from Tianji’s population: 

ቊ𝑣்௦௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥்௦௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௥మ(𝑡) + 𝑅 ⋅ ൫𝑥்௥మ(𝑡) − 𝑥்௦௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝑇௦௜ = 𝑇௦௜ − 1  (30)

The King’s fastest horse is updated toward the globally best individual in the King’s 
population, analogously to Scenario 2: 

൝𝑣௄௙௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥௄௙௜(𝑡) + (1 − 𝑝) ⋅ 𝑥௄௙(𝑡) + 𝑅 ⋅ ൫𝑥௄௙(𝑡) − 𝑥௄௙௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝐾௙௜ = 𝐾௙௜ + 1  (31)

Scenario 5: 𝑓(𝑥்௦௜) = 𝑓(𝑥௄௦௜) and 𝑓(𝑥்௙௜) = 𝑓(𝑥௄௙௜) 
Both the fastest and the slowest horses of both populations are of equal quality. 

Tianji’s current slowest horse races against the King’s current fastest horse and loses. The 
update rules mirror Scenario 4: ቊ𝑣்௦௜(𝑡 + 1) = ቀ𝑝 ⋅ 𝑥்௦௜(𝑡) + (1 − 𝑝) ⋅ 𝑥்௥య(𝑡) + 𝑅 ⋅ ൫𝑥்௥య(𝑡) − 𝑥்௦௜(𝑡) + 𝑝 ⋅ (𝑋‾்(𝑡) − 𝑋‾௄(𝑡))൯ቁ ⋅ 𝛼 + 𝛽𝑇௦௜ = 𝑇௦௜ − 1  (32)

where 𝑥்௥య is drawn uniformly at random from Tianji’s population. The King’s current 
fastest horse is updated according to Equation (31). 

Table 2 provides a concise summary of all five scenarios. The term 𝑝 ⋅ (𝑋‾் − 𝑋‾௄), pre-
sent in every update equation, serves as a global quality-differential signal: when Tianji’s 
population is on average superior, it directs updates toward higher-quality regions, rein-
forcing exploitation of promising hyperparameter configurations; when the King’s popu-
lation is stronger, it encourages broader exploration to recover from the relative deficit. 

Table 2. Summary of the five competition scenarios in THRO. 

Scenario Triggering Condition Race Matchup Outcome Update Equations 
1 𝑓(𝑥்௦௜) < 𝑓(𝑥௄௦௜) 𝑥்௦௜ vs. 𝑥௄௦௜ Tianji wins (24), (25) 
2 𝑓(𝑥்௦௜) > 𝑓(𝑥௄௦௜) 𝑥்௦௜ vs. 𝑥௄௙௜ King wins (26), (27) 

3 𝑓(𝑥்௦௜) = 𝑓(𝑥௄௦௜),  𝑓(𝑥்௙௜) < 𝑓(𝑥௄௙௜) 𝑥்௙௜ vs. 𝑥௄௙௜ Tianji wins (28), (29) 

4 𝑓(𝑥்௦௜) = 𝑓(𝑥௄௦௜),  𝑓(𝑥்௙௜) > 𝑓(𝑥௄௙௜) 𝑥்௦௜ vs. 𝑥௄௙௜ King wins (30), (31) 

5 𝑓(𝑥்௦௜) = 𝑓(𝑥௄௦௜),  𝑓(𝑥்௙௜) = 𝑓(𝑥௄௙௜) 𝑥்௦௜ vs. 𝑥௄௙௜ King wins (32), (31) 

3.2.11. Training Phase 

Following each complete round of competition, all horses in both populations un-
dergo a training phase that iteratively reinforces promising solutions while preventing 
stagnation. Two complementary strategies are combined: 

Cross-speed training: A horse train with two randomly selected partners of different 
fitness levels, enabling gradual, diversified improvement across the population and pro-
moting exploration of under-visited regions of the hyperparameter space. 

Elite training: A horse trains directly with the globally fastest individual in its group, 
focusing on exploitation of the best-known hyperparameter configuration found so far. 
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For the 𝑗-th dimension of the 𝑖-th horse in Tianji’s population: 

𝑣்௜௝ (𝑡 + 1) = ൝𝑥்௜௝ (𝑡) + 𝐿் ⋅ ൫𝑥்௥ర௝ − 𝑥்௥ఱ௝ ൯ if rand < 0.5𝑥்௙௝ (𝑡) + 𝑀் ⋅ ൫𝑥்௙௝ (𝑡) − 𝑥்௜௝ (𝑡)൯ otherwise
 (33)

with adaptive training factors: 𝐿் = 0.2 ⋅ 𝐿,  𝑀் = 12ቆ1 + 11000 ൬1 − 𝑡𝑇൰ଶ sin(𝜋 ⋅ rand)ቇ (34)

For the 𝑗-th dimension of the 𝑖-th horse in the King’s population: 

𝑣௄௜௝ (𝑡 + 1) = ൝𝑥௄௜௝ (𝑡) + 𝐿௄ ⋅ ൫𝑥௄௥భ௝ − 𝑥௄௥మ௝ ൯ if rand < 0.5𝑥௄௙௝ (𝑡) + 𝑀௄ ⋅ ൫𝑥௄௙௝ (𝑡) − 𝑥௄௜௝ (𝑡)൯ otherwise
 (35)

with: 𝐿௄ = 0.2 ⋅ 𝐿,  𝑀௄ = 12ቆ1 + 11000 ൬1 − 𝑡𝑇൰ଶ sin(𝜋 ⋅ rand)ቇ. (36)

Here, 𝑥்௙௝  and 𝑥௄௙௝  are the 𝑗-th attributes of the globally best individuals in Tianji’s 
and the King’s populations, respectively; 𝑇௥ସ, 𝑇௥ହ, 𝐾௥ଵ, 𝐾௥ଶ are the indices of randomly 
and independently drawn horses from the respective populations; and 𝐿  is the Lévy-
flight step size from Equation (20). The elite-training factor 𝑀் (and 𝑀௄) is sinusoidally 
modulated and decays over iterations, providing strong guidance toward the best-known 
solution in early iterations while enabling finer local refinement as the algorithm con-
verges. 

3.2.12. Greedy Selection and Solution Update 

After both the competition and training phases generate candidate solutions 𝑣்௜ and 𝑣௄௜, a greedy acceptance criterion retains only improving updates: 𝑥்௜(𝑡 + 1) = ൜𝑣்௜(𝑡 + 1) if 𝑓(𝑣்௜(𝑡 + 1)) < 𝑓(𝑥்௜(𝑡))𝑥்௜(𝑡) otherwise  (37)

𝑥௄௜(𝑡 + 1) = ൜𝑣௄௜(𝑡 + 1) if 𝑓(𝑣௄௜(𝑡 + 1)) < 𝑓(𝑥௄௜(𝑡))𝑥௄௜(𝑡) otherwise  (38)

The globally best hyperparameter configuration 𝑥୤ୟୱ୲ୣୱ୲ is updated at every iteration 
as 𝑥୤ୟୱ୲ୣୱ୲ = argmin௫∈௑೅∪௑಼𝑓(𝑥). 

3.2.13. Computational Complexity 

The total computational cost of THRO per run can be decomposed as follows. Initial-
ization requires 𝒪(2𝑛) operations. Over 𝑇 iterations, fitness evaluations require 𝒪(2𝑇𝑛) 
operations, while each of the five competition scenarios updates 𝒪(𝑛𝑑) variables per it-
eration, leading to 𝒪(𝑇𝑛𝑑) complexity per population. The training phase similarly in-
curs 𝒪(𝑇𝑛𝑑) complexity per population, and the two population-sorting operations each 
require 𝒪(𝑇𝑛log𝑛). Combining all terms yields: 𝒪(THRO) = 𝒪(2𝑛) + 𝒪(2𝑇𝑛) + 2 𝒪(𝑇𝑛𝑑) + 2 𝒪(𝑇𝑛𝑑) + 2 𝒪(𝑇𝑛log𝑛)= 𝒪(2𝑇𝑛log𝑛 + 4𝑇𝑛𝑑 + 2𝑇𝑛 + 2𝑛)∼ 𝒪(𝑇𝑛(𝑑 + log𝑛))  (39)
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3.2.14. Parameter Settings 

THRO requires only two user-specified control parameters: the per-population size 𝑛 and the maximum number of iterations 𝑇. All remaining quantities are either fixed the-
oretical constants or fully adaptive values derived from the algorithm’s internal state, 
making the method straightforward to deploy without extensive problem-specific tuning. 
In the present study, the algorithm is configured as follows. 

The per-population size is set to 𝑛 = 5 , yielding a total search population of ten 
agents (five horses in Tianji’s group and five in the King’s group). This compact popula-
tion deliberately limits computational overhead given that each fitness evaluation re-
quires training and validating a BiLSTM network on the panel dataset; a population of ten 
agents provides sufficient diversity to span the hyperparameter space while keeping the 
total number of model evaluations tractable. The maximum number of iterations is fixed 
at 𝑇 = 100, so that THRO performs 100 successive competition-and-training cycles. At 
ten agents per cycle, this results in a budget of 1000 BiLSTM evaluations per optimization 
run, a level that proved adequate to achieve stable convergence of the best-found fitness 
value ℱ = 1 − 𝑅୲ୣୱ୲ଶ  in preliminary trials. 

The Lévy exponent 𝑏 = 1.5 is retained at its standard value, consistent with the orig-
inal algorithm specification [100] and with established practice in Lévy-flight-based me-
taheuristics [101]. This value produces a moderately heavy-tailed distribution that bal-
ances frequent short-range refinement steps with occasional long-range jumps, a property 
well-suited to the rugged hyperparameter landscape of deep learning models. The 
weighting factor 𝑝 = 1 − 𝑡/𝑇 decays linearly from one to zero across iterations, requiring 
no manual calibration: at early iterations, large 𝑝 preserves the individual’s own posi-
tional information and promotes exploration of diverse hyperparameter regions; as 𝑡 ap-
proaches 𝑇, 𝑝 → 0 shifts the update mechanism toward exploitation of the best-known 
global configuration. The scaling factor 𝛼 and mutation term 𝛽 are computed stochasti-
cally at each update step from standard normal variates 𝑛ଵ,𝑛ଶ ∼ 𝒩(0,1) (Equations (17) 
and (18)); no tuning is involved. Similarly, the elite-training factors 𝑀் and 𝑀௄ and the 
cross-training factors 𝐿் = 𝐿௄ = 0.2 ⋅ 𝐿 are computed adaptively from the current itera-
tion index and the Lévy step size 𝐿 (Equations (34)–(36)), providing a sinusoidally mod-
ulated, iteration-decaying exploitation signal without additional hyperparameters. 

The five BiLSTM hyperparameters subject to optimization, the number of hidden 
units in the first LSTM layer, the number of hidden units in the second LSTM layer, the 
number of neurons in the fully connected layer, the learning rate, and the mini-batch size, 
define the 𝑑 = 5 -dimensional search space over which THRO operates. The search 
bounds for each dimension are specified in Section 3.2. To reduce computational cost 
without sacrificing the reliability of fitness assessments, a deterministic rapid-evaluation 
strategy is applied: rather than training each candidate configuration to full convergence, 
the BiLSTM model is trained for a fixed number of epochs sufficient to yield a repeatable 
fitness ranking, thereby accelerating the optimization loop while preserving the relative 
ordering of candidate solutions. 

3.3. Performance Metrics for Prediction 

The predictive accuracy of the proposed THRO-BiLSTM model is evaluated using 
the coefficient of determination (𝑅ଶ), mean absolute error (MAE), and root mean squared 
error (RMSE) [102]. Let 𝑦௜ , 𝑦ො௜ , 𝑦‾ , and 𝑁  denote the observed value, predicted value, 
sample mean of observations, and number of evaluation samples, respectively. The three 
metrics are defined as: 𝑅ଶ = 1 −∑ (ே௜ୀଵ 𝑦௜ − 𝑦ො௜)ଶ∑ (ே௜ୀଵ 𝑦௜ − 𝑦‾)ଶ  (40)



Systems 2026, 14, 716 19 of 42 
 

https://doi.org/10.3390/systems14060716 

MAE = 1𝑁෍|𝑦௜ − 𝑦ො௜|ே
௜ୀଵ  (41)

RMSE = ඩ1𝑁෍(ே
௜ୀଵ 𝑦௜ − 𝑦ො௜)ଶ (42)

𝑅ଶ measures the proportion of variance in the observed data explained by the model, 
with values closer to 1 indicating a better fit. It also serves as the basis for the THRO ob-
jective, ℱ = 1 − 𝑅test

ଶ , described in Section 3.3. MAE quantifies the average magnitude of 
prediction errors in the original units of the target variable and is robust to outliers, while 
RMSE penalizes large errors more heavily by squaring the residuals. The joint use of these 
three complementary metrics ensures a comprehensive and unbiased assessment of 
model performance. 

4. Results and Discussion 
This section presents a comprehensive evaluation of the predictive performance of 

the THRO-optimized BiLSTM model applied to a panel dataset comprising annual socio-
economic and institutional indicators of OECD countries. Model performance is examined 
across five complementary analytical frameworks: regression curve analysis, country-
level scatter analysis, prediction error distribution, Bland–Altman agreement analysis, 
and year-based error trend analysis. All three models, CFDM, EFDM, and RFDM, were 
evaluated over 100 independent runs in terms of 𝑅ଶ, 𝑅𝑀𝑆𝐸, and 𝑀𝐴𝐸. All experiments 
were conducted on a personal computer equipped with an Intel Core i7-12700H processor, 
a 6 GB NVIDIA GeForce RTX 3060 GPU, and 16 GB RAM, using MATLAB R2022b. The 
evaluation period covers the test dataset spanning 2019–2023. 

4.1. Regression Curve Analysis 

The regression curves of the THRO-optimized BiLSTM-based models for CFDM, 
EFDM, and RFDM are presented in Figure 2. In each sub-panel, the horizontal axis repre-
sents the actual SDG6 values, and the vertical axis represents the model-predicted values; 
data points are color-coded according to the magnitude of the absolute prediction error. 

(a) (b) (c) 

Figure 2. Regression curves of the THRO-optimized BiLSTM-based models: (a) CFDM, (b) EFDM, 
and (c) RFDM. 

Data points are color-coded by the magnitude of the absolute prediction error. 
Across all three models, the majority of predicted values cluster tightly along the ref-

erence line (𝑦 = 𝑥), confirming that the THRO-BiLSTM framework achieves a high overall 
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prediction accuracy in the multi-country time-series setting. However, a comparative ex-
amination reveals meaningful qualitative differences among the models. 

In CFDM, dark-colored data points, indicating low prediction errors, are promi-
nently concentrated along the reference line, and the distribution of low errors is nearly 
uniform across the entire prediction range. The compact and balanced dispersion of points 
around the reference line suggests that the model has developed a consistently stable pre-
diction behavior across a broad SDG6 value range. In EFDM, while overall predictions are 
generally successful, the color distribution forms a relatively wider band in certain SDG6 
value intervals, accompanied by a modest increase in local deviations. In RFDM, the scat-
ter around the reference line is noticeably wider, with brighter color clusters concentrated 
in the high SDG6 region, suggesting elevated prediction uncertainty at extreme values. 

These observations are consistent with the quantitative metrics reported in Table 3. 
The 𝑅ଶ values of 0.9216, 0.9155, and 0.8997 for CFDM, EFDM, and RFDM, respectively, 
align well with the qualitative differences observed in the regression curves. The regres-
sion analysis establishes that CFDM not only achieves the highest global accuracy but also 
demonstrates the strongest prediction stability and generalizability across the full SDG6 
value range. 

Table 3. Comparative prediction performance of the THRO-optimized BiLSTM models for CFDM, 
EFDM, and RFDM. 

Metric CFDM EFDM RFDM 𝑅ଶ 0.9216 0.9155 0.8997 
RMSE 1.4465 1.5018 1.6358 
MAE 1.0712 1.0747 1.1472 

4.2. Country-Level Scatter Analysis 

Figure 3 presents the country-level comparison between the SDG6 predictions gen-
erated by the THRO-BiLSTM models and the corresponding observed values. Each coun-
try is assigned a distinct color, enabling a visual assessment of whether any model exhibits 
a systematic prediction bias toward specific country profiles. In all three models, the ma-
jority of data points concentrate around the reference line, confirming that the THRO-
BiLSTM framework exhibits a strong predictive capacity within the multi-country panel 
structure. However, notable differences emerge among the models upon closer inspec-
tion. 

In CFDM, country-specific colors are distributed homogeneously along the reference 
line, with no discernible systematic over- or under-prediction tendency attributable to any 
particular country group. This finding indicates that the model successfully generalizes 
across OECD countries with diverse socio-economic and institutional profiles, demon-
strating a country-agnostic prediction behavior largely free from country-specific biases. 

In EFDM, the color distribution remains broadly balanced; however, a limited num-
ber of countries exhibit relatively greater deviations from the reference line. This pattern 
suggests that the EFD specification is less adept at capturing the structural characteristics 
of certain country profiles that are better characterized by alternative fiscal dimensions. 

In Model RFDM, notable deviations from the reference line are observed for specific 
countries, particularly in the lower SDG6 range. This pattern implies that the RFD variable 
is comparatively less capable of explaining the structural heterogeneity prevalent among 
countries with low sustainability performance. This finding underscores the importance 
of considering fiscal pressures on water and sanitation services not in isolation through 
revenue-sharing mechanisms alone, but jointly with institutional capacity, expenditure 
efficiency, and integrated fiscal architecture. 
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(a) (b) 

 
(c) 

Figure 3. Country-level regression scatter plots of the THRO-optimized BiLSTM-based models: (a) 
CFDM, (b) EFDM, and (c) RFDM. Each color represents a distinct OECD country. 

Overall, the country-level scatter analysis confirms that CFDM exhibits the most bal-
anced and least biased prediction structure across all country profiles. 

4.3. Prediction Error Distribution 

Figure 4 presents a comparative distribution of prediction errors 𝑒 = 𝑦 − 𝑦ො  for 
CFDM, EFDM, and RFDM, assessed through both histograms and kernel density estima-
tion (KDE) curves. 

(a) (b) (c) 

Figure 4. Prediction error distribution of the THRO-optimized BiLSTM-based models: (a) CFDM, 
(b) EFDM, and (c) RFDM. Bars represent histogram counts; curves represent KDE estimates. 
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Across all three models, prediction errors are concentrated around zero and the mean 
error is positioned close to the center. This pattern indicates that the THRO-BiLSTM 
framework is largely free from systematic over- or under-prediction bias, providing a 
strong foundation for the general validity of the models. 

In CFDM, the KDE curve forms a notably sharp peak over zero with markedly lim-
ited tails. This high-kurtosis profile indicates that small-to-moderate errors dominate the 
distribution and that large deviations are extremely rare. This finding demonstrates that 
CFDM is statistically superior not only in terms of mean accuracy but also with respect to 
the shape of the error distribution itself. 

EFDM also exhibits a symmetric and centrally concentrated error distribution; how-
ever, compared to CFDM, the peak of the KDE curve is relatively lower, and the tail re-
gions cover a somewhat wider area. This pattern suggests that, while the overall distribu-
tion remains within acceptable bounds, a limited number of observations display elevated 
prediction uncertainty. 

In RFDM, while the error distribution is broadly symmetric, more pronounced devi-
ations in the tail regions indicate increased local prediction uncertainty for certain coun-
try-year combinations. The mild asymmetric clustering in the positive tail further suggests 
the possible presence of systematic under-prediction tendencies for specific observation 
groups. 

Taken together, the error distribution analysis confirms that CFDM provides a more 
concentrated, narrower, and more symmetric error profile, establishing it as the most re-
liable model in terms of both statistical stability and practical predictive accuracy. 

4.4. Bland–Altman Agreement Analysis 

To assess the agreement between predicted and observed SDG6 values not only at 
the level of correlation but also within a difference-based framework, Bland–Altman anal-
ysis was applied. The resulting plots for CFDM, EFDM, and RFDM are presented com-
paratively in Figure 5. In each panel, the horizontal axis represents the mean of the pre-
dicted and observed values (𝑦ො + 𝑦)/2, and the vertical axis represents the difference 𝑦ො −𝑦. The horizontal dashed lines indicate the mean difference (𝑑‾) and the 95% limits of agree-
ment defined as 𝑑‾ ± 1.96 ⋅ SD. 

(a) (b) (c) 

Figure 5. Bland–Altman agreement analysis of the THRO-optimized BiLSTM-based models: (a) 
CFDM, (b) EFDM, and (c) RFDM. Horizontal lines indicate the mean difference and the 95% limits 
of agreement, respectively. 

In all three models, the vast majority of observations fall within the 95% limits of 
agreement, and the mean difference line is positioned close to zero. These findings indi-
cate that the THRO-BiLSTM framework is generally free from pronounced systematic 
bias, and that prediction errors remain within bounds acceptable for policy evaluation 
purposes. 
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A detailed inspection of CFDM reveals that the difference values exhibit a highly 
homogeneous dispersion around the mean line, with observations remaining within the 
agreement limits across the entire SDG6 range. The notably limited number of observa-
tions near the agreement band boundaries confirms that the model achieves high predic-
tion stability at both low and high SDG6 levels. 

In EFDM, while the mean difference line remains close to zero, the scatter increases 
at extreme SDG6 values, particularly at the lower and upper ends of the distribution. This 
pattern implies that, although the model produces reliable predictions for intermediate 
observations, prediction uncertainty is moderately elevated at the extremes. 

In RFDM, the limits of agreement widen noticeably in the high sustainability region, 
with difference values spreading across a broader band. This finding confirms that pre-
diction uncertainty increases for countries with high SDG6 values. The limited represen-
tational capacity of RFD variable in capturing the structural transformations of these 
countries may be a plausible explanation for the observed agreement deterioration. 

The Bland–Altman analysis goes beyond global goodness-of-fit metrics to reveal the 
prediction reliability of each model across the full SDG6 value range. This analysis con-
clusively confirms that CFDM constitutes the most reliable framework in terms of bias 
control, agreement stability, and balanced error behavior. 

4.5. Year-Based Error Trend Analysis 

To assess the temporal prediction stability of the models, annual RMSE and MAE 
values were computed for the 2019–2023 period. The comparative results are presented in 
Figure 6. 

(a) (b) (c) 

Figure 6. Year-based error trends of the THRO-optimized BiLSTM-based models: (a) CFDM, (b) 
EFDM, and (c) RFDM. 

Across all three models, a transient increase in RMSE and MAE values is observed 
during the 2020–2021 period. This elevation can be directly attributed to the global socio-
economic disruptions induced by the COVID-19 pandemic and their structural effects on 
SDG6 indicators in OECD countries. Factors such as interruptions in water infrastructure 
investment, reallocation of public expenditures toward immediate health needs, and the 
temporary contraction of government capacity generated short-term structural breaks in 
temporal dependency patterns, and transiently degrading prediction accuracy across all 
models. 

CFDM absorbed this structural break with a comparatively limited increase in pre-
diction error. The notable decline in error values observed during the 2022–2023 recovery 
period indicates that the model successfully adapted to the evolving structural relation-
ships that emerged in the post-pandemic phase. The low learning rate, high hidden-unit 
capacity, and stronger fully connected layer configuration identified by the THRO 
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algorithm for CFDM can be considered the principal architectural drivers of this temporal 
flexibility. 

EFDM exhibited a similar error elevation during the pandemic period, but with more 
pronounced fluctuations in certain years. The moderate stabilization of error values in 
subsequent periods suggests an intermediate level of temporal adaptive capacity. 

RFDM displays the highest variance in year-based error changes among the three 
models. The more irregular error pattern across years and the comparatively slower re-
covery pace suggest that the RFD specification leads to a more fragile prediction structure 
in the face of short-term structural changes. 

The temporal trend analysis confirms that all three models are applicable for long-
term SDG6 forecasting; however, it clearly establishes that CFDM constitutes the superior 
framework in terms of temporal prediction stability and structural adaptive capacity. 

4.6. Overall Prediction Performance 

The overall prediction performance of the proposed CFDM, EFDM, and RFDM is 
comparatively summarized in Table 3. In Table 3, bold values denote the best-performing 
result for each metric, with higher 𝑅² and lower 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 values indicating bet-
ter predictive performance. The reported results represent the average performance of 
over 100 independent runs. 

Several important findings emerge from Table 3. First, the consistently high 𝑅ଶ val-
ues across all three models, with even the weakest model, RFDM, achieving an 𝑅ଶ value 
of 0.8997, confirm that the THRO-BiLSTM framework provides a robust predictive struc-
ture for modeling the SDG6 outcomes in OECD countries. Nevertheless, the observed per-
formance differences indicate that the choice of FD measurement dimension has a mean-
ingful influence on predictive accuracy. 

CFDM achieves the best performance across all three metrics, with 𝑅ଶ = 0.9216 , 
RMSE = 1.4465 , and MAE = 1.0712 . These results suggest that the CFD index, which 
jointly incorporates both expenditure and revenue dimensions, provides the most com-
prehensive representation of the institutional and fiscal transmission channels through 
which water and sanitation outcomes are shaped. Since local governments in OECD coun-
tries influence SDG6-related service delivery through both expenditure prioritization and 
independent revenue capacity, the integrated measure appears to capture this multidi-
mensional institutional dynamic more effectively than the single-dimension alternatives. 

EFDM also demonstrates strong and consistent predictive performance, with 𝑅ଶ =0.9155 , RMSE = 1.5018 , and MAE = 1.0747 , closely following CFDM. The relative 
strength of the expenditure-based specification supports the view that local government 
decisions regarding resource allocation for water infrastructure and sanitation services 
play a decisive role in SDG6 outcomes. However, the exclusion of the revenue dimension 
leaves an important informational layer, namely subnational financing capacity, outside 
the model specification. 

RFDM records the weakest performance, with 𝑅ଶ = 0.8997 , RMSE = 1.6358 , and 
MAE = 1.1472. The relative underperformance of the revenue-based specification sug-
gests that local tax revenues and intergovernmental transfers alone do not provide suffi-
cient explanatory power for predicting water and sanitation performance. This finding is 
consistent with the broader interpretation that expenditure flexibility, prioritization ca-
pacity, and institutional governance quality may influence SDG6 outcomes independently 
of the overall budgetary capacity of local governments. 

Finally, the relatively moderate differences between 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 values across 
all models suggest that the prediction errors are not dominated by extreme deviations. 
This pattern indicates a broadly balanced error structure and is consistent with the error 
distribution analysis presented in Figure 4. 
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4.7. Optimal BiLSTM Hyperparameters Identified by the THRO Algorithm 

The optimal BiLSTM hyperparameter configurations identified by the THRO algo-
rithm for each model are presented in Table 4. The hyperparameter profiles in Table 4 
demonstrate that the THRO algorithm adopted distinct optimization trajectories for each 
model, confirming its capacity to identify discriminating solutions within a high-dimen-
sional hyperparameter space. 

Table 4. Optimal BiLSTM hyperparameters for CFDM, EFDM, and RFDM. 

Hyperparameter CFDM EFDM RFDM Description 
Learning Rate 0.0006069 0.00554493 0.000307733 Effective learning rate 

Hidden Unit (BiLSTM-1) 160 64 736 First LSTM Layer 
Hidden Unit (BiLSTM-2) 448 416 304 Second LSTM Layer 

Fully Connected Units 216 40 16 Dense layer size 
Batch Size 64 48 32 Mini-batch size 

Epochs 187 189 216 Training duration 

For CFDM, the learning rate of 0.0006069 represents the most balanced value among 
the three models. The preference by THRO for a low yet stable learning rate indicates that 
the balance between early convergence and generalization capacity is effectively managed 
throughout the training process. The two-layer BiLSTM structure with 160 and 448 hidden 
units, with the particularly high capacity of the second LSTM layer, enables temporal de-
pendencies to be learned in a progressively abstract hierarchical manner. The 216-neuron 
fully connected layer provides a strong projection capacity for translating the temporal 
representations into the final prediction stage. The batch size of 64 maintains a diversity-
efficiency balance in stochastic gradient optimization, while the 187-epoch training dura-
tion incorporates an early-stopping approach that limits overfitting. 

For EFDM, the selected configuration of 64 and 416 hidden units with a 40-neuron 
fully connected layer points to a more compact architectural structure relative to CFDM. 
The relatively high capacity of the second LSTM layer, however, supports the model’s 
ability to learn long-range temporal dependencies. 

The configuration identified for RFDM reveals that THRO followed a distinctly dif-
ferent optimization trajectory. The first LSTM layer comprising 736 units represents the 
largest representational capacity among the three models, while the 16-neuron fully con-
nected layer constitutes an extremely compact projection stage. Despite this asymmetric 
architecture, the relatively low 𝑅ଶ of RFDM highlights that network capacity alone is not 
the decisive factor in determining predictive accuracy; rather, the explanatory power of 
the independent variables with respect to SDG6 and the adequacy of the variable selection 
strategy are equally, if not more, critical. 

This divergent hyperparameter search behavior of the THRO algorithm demon-
strates that it is not merely an optimization routine but an adaptive configuration frame-
work that responds to the unique data structure and variable set of each model. This find-
ing supports the use of THRO as a robust automated hyperparameter optimization tool 
in SDG-related research and analogous policy-oriented forecasting problems. 

4.8. Comparative Analyses of THRO and Particle Swarm Optimization (PSO) Algorithm for 
SDG6 Prediction 

The performance of the BiLSTM-based models with hyperparameters optimized by 
the THRO and PSO algorithms is comparatively presented in Table 5 using 𝑅ଶ, RMSE, 
and MAE metrics. To ensure a fair and controlled benchmark comparison, both optimiza-
tion algorithms were evaluated under identical experimental conditions. Specifically, 
THRO and PSO were tested using the same training and test partitions, the same BiLSTM 
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architecture, the same five-dimensional hyperparameter search space, the same search 
bounds, the same objective function, and the same deterministic rapid-evaluation strat-
egy. The fitness function was defined as ℱ = 1 − 𝑅test

ଶ  for both algorithms. In addition, 
the total search budget was kept identical across the two optimizers. Since THRO uses 
two sub-populations with 𝑛 = 5 agents each, corresponding to ten candidate agents per 
iteration, the PSO population size was also fixed at ten particles. Likewise, the maximum 
number of iterations was set to T = 100 for both algorithms, yielding 1000 BiLSTM fitness 
evaluations per optimization run in each case. Therefore, the comparative results reported 
in Table 5 reflect differences in the search dynamics and hyperparameter optimization 
capability of THRO and PSO rather than differences in data partitioning, model architec-
ture, search budget, or computing resources. 

Table 5. Comparative performance analysis of THRO- and PSO-optimized BiLSTM models for 
CFDM, EFDM, and RFDM. 

Algorithm CFDM EFDM RFDM 
 𝑹𝟐 RMSE MAE 𝑹𝟐 RMSE MAE 𝑹𝟐 RMSE MAE 

THRO 0.9216 1.4465 1.0712 0.9155 1.5018 1.0747 0.8997 1.6358 1.1472 
PSO 0.9022 1.6151 1.1550 0.8868 1.7381 1.3589 0.8887 1.7236 1.2093 

For the CFDM, THRO achieved 𝑅ଶ = 0.9216, 𝑅𝑀𝑆𝐸 = 1.4465, and 𝑀𝐴𝐸 = 1.0712, 
whereas PSO obtained 𝑅² = 0.9022, 𝑅𝑀𝑆𝐸 = 1.6151, and 𝑀𝐴𝐸 = 1.1550. These results 
indicate that THRO provides an approximately 2.15% improvement in 𝑅ଶ  compared 
with PSO, while reducing RMSE and MAE by approximately 10.44% and 7.26%, respec-
tively. 

For the EFDM, THRO also demonstrates a clear performance advantage over PSO. 
The 𝑅² value increases from 0.8868 to 0.9155, corresponding to an improvement of ap-
proximately 3.24%. Moreover, RMSE decreases from 1.7381 to 1.5018, while MAE de-
creases from 1.3589 to 1.0747, indicating error reductions of approximately 13.60% and 
20.91%, respectively. This result suggests that THRO is particularly effective in optimizing 
the expenditure-based BiLSTM structure. 

A similar trend is observed for the RFDM. THRO improves the 𝑅² value from 0.8887 
to 0.8997 and reduces RMSE from 1.7236 to 1.6358 and MAE from 1.2093 to 1.1472. Alt-
hough the improvement margin is relatively smaller than those observed for CFDM and 
EFDM, THRO still consistently outperforms PSO across all evaluation metrics. 

Overall, when the three models are evaluated together, THRO provides an average 
R2 improvement of approximately 1.97 percentage points compared with PSO. In addi-
tion, THRO reduces RMSE by approximately 5.09–13.60% and MAE by approximately 
5.13–20.91% across the three model structures. These findings confirm that THRO pro-
vides a more effective hyperparameter optimization strategy than PSO for BiLSTM-based 
SDG6 prediction models. 

4.9. Robustness Check: Excluding the COVID-19 Period 

As an additional robustness check, the models were re-estimated after excluding the 
observations corresponding to 2020 and 2021, the two years most severely disrupted by 
the COVID-19 pandemic. This restricted-sample experiment was designed to examine 
whether the main model hierarchy and the predictive association between fiscal decen-
tralization measures and SDG6 performance were driven by pandemic-period observa-
tions. The same BiLSTM architecture, THRO-based hyperparameter optimization proce-
dure, training strategy, and evaluation metrics were retained in the robustness experi-
ment. 
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The restricted sample results confirm that the core findings remain substantively sta-
ble. After excluding 2020–2021 observations, the CFDM continued to provide the strong-
est predictive performance, with 𝑅² = 0.9184, 𝑅𝑀𝑆𝐸 = 1.4728, and 𝑀𝐴𝐸 = 1.0915. The 
EFDM also preserved its advantage over the RFDM among the two unidimensional fiscal 
decentralization specifications, achieving 𝑅² = 0.9098 , 𝑅𝑀𝑆𝐸 = 1.5486 , and 𝑀𝐴𝐸 =1.1194. By comparison, the RFDM recorded 𝑅² = 0.8935, 𝑅𝑀𝑆𝐸 = 1.6822, and 𝑀𝐴𝐸 =1.1896. These results indicate that the superior performance of the composite fiscal decen-
tralization model is not driven solely by the pandemic-period observations. More im-
portantly, the ranking of the three model specifications remains unchanged, with CFDM 
outperforming EFDM and RFDM, thereby confirming that the balance between subna-
tional expenditure responsibilities and revenue capacity provides the most informative 
fiscal signal for SDG6 prediction. 

4.10. Integrated Comparative Discussion 

The integrated evaluation of regression analysis, country-level scatter patterns, error 
distributions, Bland–Altman agreement analysis, year-based error trends, the restricted-
sample robustness check, and overall performance metrics reveals that the differences 
among the three models form a coherent and theoretically meaningful pattern across both 
statistical and policy interpretation dimensions. 

First and foremost, the fact that all three models achieve 𝑅ଶ > 0.89 confirms that the 
THRO-BiLSTM framework is capable of learning the temporal patterns of SDG6 compo-
nents in OECD countries with high accuracy. This finding aligns with the growing body 
of literature demonstrating that deep learning architectures can be successfully adapted 
to the forecasting of social policy indicators. 

RFDM, with 𝑅ଶ = 0.8997, 𝑅𝑀𝑆𝐸 = 1.6358, and 𝑀𝐴𝐸 = 1.1472, delivers the weak-
est performance among the three models. The increasing error structure at low-to-me-
dium SDG6 levels and the higher variance in year-based error changes suggest that the 
RFD dimension alone is insufficient to reflect the institutional transmission channels 
through which water and sanitation services are shaped. This finding supports the theo-
retical frameworks arguing that local revenue capacity becomes determinative for SDG6 
outcomes only when jointly considered with expenditure flexibility, infrastructure invest-
ment, and institutional governance quality. 

EFDM, with 𝑅ଶ = 0.9155 , 𝑅𝑀𝑆𝐸 = 1.5018 , and 𝑀𝐴𝐸 = 1.0747 , delivers a strong 
and balanced performance. The relative strength of the expenditure-based specification 
supports the view that local governments’ direct allocation decisions toward water infra-
structure and sanitation play a meaningful role in shaping SDG6 outcomes. Nevertheless, 
the increased scatter at extreme values in the Bland–Altman analysis and the year-based 
prediction fluctuations indicate that this model exhibits comparatively limited stability 
under certain conditions relative to CFDM. 

CFDM, with 𝑅ଶ = 0.9216, 𝑅𝑀𝑆𝐸 = 1.4465, and 𝑀𝐴𝐸 = 1.0712, emerges as the su-
perior framework across all evaluation metrics. Three interrelated factors underlie this 
performance advantage. First, the CFD index jointly incorporates both expenditure and 
revenue dimensions, providing the richest institutional representation of the fiscal chan-
nels through which water and sanitation services are shaped. Second, the hyperparameter 
configuration identified by THRO for CFDM, a low learning rate, high hidden-unit capac-
ity, and a stronger fully connected layer, establishes an optimal equilibrium between 
learning stability and representational power. Third, the rich informational environment 
created by the composite variable set enables the bidirectional temporal learning mecha-
nism of the BiLSTM to capture more complex dependency patterns, directly reinforcing 
the model’s temporal stability. 
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Although the present study uses the aggregate SDG6 index as the dependent varia-
ble, the multidimensional structure of SDG6 suggests that EFDM, RFDM, and CFDM may 
be associated with different subcomponents through distinct channels. EFDM can be ex-
pected to be particularly relevant for infrastructure-intensive dimensions such as drink-
ing-water access, sanitation facilities, wastewater treatment, and maintenance of water-
related infrastructure, because these areas depend directly on local budget allocation, cap-
ital expenditure, procurement capacity, and operational spending discretion. RFDM may 
be more strongly related to the financial sustainability of service provision, especially 
where local governments rely on own-source revenues, user charges, and predictable rev-
enue streams to sustain routine operation and maintenance. CFDM is theoretically ex-
pected to be more informative for sub-dimensions requiring both investment discretion 
and stable financing, such as water-quality management, integrated water-resource gov-
ernance, and resilience-oriented service continuity. Therefore, the superior predictive per-
formance of CFDM at the aggregate level is consistent with the theoretical expectation that 
SDG6 achievement requires not only expenditure authority or revenue capacity in isola-
tion, but an institutional balance between the two. Future studies could extend this anal-
ysis by separately estimating SDG6 sub-indicators to test whether these theoretically ex-
pected differences are empirically observed across water access, sanitation, wastewater, 
water scarcity, and ecosystem-related components. 

The present findings are broadly consistent with the core literature linking decentral-
ization, local fiscal capacity, and sustainability-related outcomes, while also extending this 
literature in several important ways. Similar to previous studies, the results suggest that 
fiscal decentralization and local fiscal capacity are positively associated with water, sani-
tation, and sustainability performance. However, the present study moves beyond earlier 
evidence by focusing directly on SDG6 rather than broader development or general SDG 
outcomes. It also differs from municipal-level single-country analyses by providing com-
parative evidence from an OECD panel. More importantly, the study evaluates EFDM, 
RFDM, and CFDM within the same predictive framework and shows that RFDM alone is 
less informative than CFDM in predicting aggregate SDG6 performance. In this respect, 
the paper contributes to the literature by isolating SDG6 as a specific water–sanitation 
governance outcome, distinguishing alternative fiscal decentralization metrics, introduc-
ing CFDM as a balance-oriented fiscal signal, and combining THRO-optimized BiLSTM 
prediction with GRA-based relational interpretation. 

These findings are consistent with comparative analysis literature showing that com-
posite measurement approaches in FD research provide stronger explanatory power than 
one-dimensional metrics. Furthermore, they reinforce the conclusion that in AI-enabled 
SDG forecasting studies, the design of the variable set is at least as determinative of model 
performance as the choice of network architecture. 

The results of the model performance confirm the high predictive capacity of the AI-
based method, and the further analysis of the directional effects and the relative impact 
shares of the variables allows for a more complete interpretation of the fiscal, socio-eco-
nomic and institutional dynamics that influence the performance of SDG6. Therefore, the 
directional effects of the variables were first identified by the average coefficients resulted 
from the 100-iteration convergence process. Then, a multi-criteria decision-making 
(MCDM) method was used to compute the integrated impact levels of the variables on 
SDG6 across the three models. As one of the MCDM methods, the reciprocal approach 
was used to determine the relative priorities of the models, considering the multiple cri-
teria in the ranking of the impact intensities of the variables. The weighting results, in 
determining indexes of impact intensities of the variables, computed by the model perfor-
mance indicators (𝑅ଶ, 𝑀𝐴𝐸 and 𝑅𝑀𝑆𝐸) were reported as w values in Table 6. Therefore, 
the models’ contributions to the integrated impact calculations were weighted by their 
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performance levels. The results show that the CFDM has the highest weight in the inte-
grated impact calculations, which is 42.6%. Following the weighting procedure, Grey Re-
lational Analysis (GRA) was employed to identify the relative temporal association shares 
of the variables. At this stage, it is important to clarify the conceptual boundary between 
the THRO-BiLSTM model and the GRA procedure. The THRO-BiLSTM model constitutes 
the main predictive architecture of the study and is used to learn nonlinear temporal de-
pendencies between fiscal, socio-economic, institutional variables and SDG6 outcomes. 
By contrast, GRA is not used to extract variable importance directly from the internal pa-
rameters, gates, hidden states, gradients, or learned representations of the BiLSTM net-
work. Instead, it is employed as a complementary post-estimation relational analysis that 
evaluates the degree of similarity and association between each normalized explanatory 
series and the SDG6 reference series. Therefore, the GRA-based rankings should be inter-
preted as temporal relational association scores rather than neural-network-derived fea-
ture-importance values. 

Table 6. Directional effects and variable impact shares. 

A: Coefficients 
 FD DUMMY GDP POP URB GOV 

CFDM 0.2433 −0.3132 −0.2538 0.0716 −0.4862 0.2754 
EFDM 0.3769 −0.2834 −0.2760 −0.0190 −0.3928 0.1455 
RFDM 0.2311 −0.2784 −0.2102 0.0633 −0.4493 0.2669 

B: Model performance indicators and w 
 𝑅ଶ MAE RMSE w   

CFDM 0.9147 1.1182 1.5032 0.4260   
EFDM 0.9090 1.1190 1.5581 0.3611   
RFDM 0.8930 1.2147 1.6899 0.2130   

C: GRA-based variable impact shares and index rankings 
 FD DUMMY GDP POP URB GOV TOTAL 

CFDM 0.1483 0.1898 0.1539 0.0465 0.2949 0.1666 1.000 
EFDM 0.2528 0.1894 0.1847 0.0131 0.2626 0.0974 1.000 
RFDM 0.1547 0.1856 0.1401 0.0421 0.2999 0.1775 1.000 
Index 0.6305 0.5712 0.5169 0.3333 1.0000 0.4741  
Rank 2 3 4 6 1 5  

Note. The distributions of the coefficients in all models, belonging to 100 iteration series (18 series), 
were examined using Shapiro–Wilk normality distributions. It was determined that all distributions 
were not normally distributed at a statistical significance level of 0.001. The one-sample t-test and 
its equivalent non-parametric Wilcoxon signed-rank test strongly indicated that the coefficients for 
all 18 series are non-zero, at a statistical significance level of 0.001. Thus, it is concluded that all 
coefficients in Table 6 are statistically significant and are factors affecting SDG6. 

GRA is a popular MCDM technique that measures the degree of similarity and asso-
ciation between reference and comparative series. According to Yin (2013), GRA has been 
extensively applied in ISI-indexed studies and is considered an effective approach, partic-
ularly under conditions of insufficient information, large datasets, and uncertainty [103]. 
The method has also been applied in a variety of areas, such as stock selection [104], opti-
mization processes [105], and sales forecasting [106]. In panel time-series applications, 
GRA offers several advantages because it is scale-free after normalization, does not re-
quire strict distributional assumptions, performs well under limited and heterogeneous 
information structures, and provides an interpretable way to compare the relative close-
ness of multiple variables to a reference outcome. Within this framework, the variable 
indexes obtained from GRA were evaluated as complementary relational association 
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magnitudes across the three models, while the predictive accuracy and generalization ca-
pacity of the study remained assessed through the THRO-optimized BiLSTM framework. 

The findings regarding coefficient directions and variable impact shares are pre-
sented in Table 6. 

The positive coefficients of the CFD, EFD, and RFD variables across all models indi-
cate that FD is positively associated with SDG6 and the ranking of the coefficient magni-
tudes, EFD (0.3769) > CFD (0.2433) > RFD (0.2311), suggests that the relationship is partic-
ularly strong in terms of local expenditure capacity. This finding is consistent with the 
core principle of fiscal federalism theory that local decision-making authority and re-
source allocation will improve service effectiveness [25]. The positive coefficient of the 
RFD model indicates that local revenue-generating capacity contributes to water and san-
itation outcomes by supporting local service delivery. Meanwhile, the positive impact 
found for CFD supports the idea that the combined performance of the revenue and ex-
penditure mechanisms is more comprehensive for the SDG6 performance. However, the 
relatively higher coefficient obtained for EFD means that, as theory predicted, the ex-
penditure authority and the effective use of local spending capacity are more decisive in 
application- and infrastructure-intensive sectors such as water and sanitation. This 
stronger association can be explained by some of the institutional and service delivery 
mechanisms. Water and sanitation services are essentially local public services, and re-
quire ongoing maintenance, operation and investment in infrastructure. Greater discre-
tion over local spending may therefore allow subnational governments to allocate re-
sources more efficiently to meet local needs and service priorities, improving the respon-
siveness and effectiveness of service delivery. Expenditure autonomy could also bring 
about more flexible infrastructure planning and quicker responses to local challenges re-
lated to water supply, wastewater management and system maintenance. Local govern-
ments are usually closer to the users of services and decentralization of expenditure deci-
sions may also improve accountability and ensure a better match between public expend-
itures and community needs. These mechanisms are generally compatible with theoretical 
arguments of FD that stress the advantages of local information and the efficiency gains 
from matching public expenditures with local preferences. Although this study does not 
directly test these transmission channels, the stronger association of EFD suggests that 
local spending authority could be an important governance mechanism to improve SDG6 
outcomes. 

These findings imply that FD is not only about fiscal autonomy but also about im-
proving the efficiency of service delivery through local decision-making and implemen-
tation capacity. In particular, the ability of local authorities to set expenditure priorities in 
accordance with regional needs may enable a more efficient allocation of resources, espe-
cially in sectors with high infrastructure intensity and a strong dependence on public ser-
vices. Furthermore, the use of an OECD sample shows that FD is not only a policy instru-
ment for developing countries, but also an important determinant of service performance 
in economies with relatively high institutional capacity. 

The findings indicating the positive contribution of FD to SDG6 are broadly con-
sistent with the limited but growing literature emphasizing the role of decentralized fiscal 
structures in water, sanitation, and sustainability outcomes. Although the existing empir-
ical evidence remains relatively fragmented and indirect, previous studies generally sug-
gest that stronger local fiscal capacity enhances service delivery performance and sustain-
ability-oriented public outcomes. In particular, the positive effects identified for all mod-
els of FD are compatible with the findings of Taiwo (2024), who reported that both ex-
penditure and revenue decentralization improve access to water and sanitation within the 
MDG framework [82]. While that study did not directly focus on SDG6, the consistency 
of the findings suggests that decentralized fiscal structures may improve water and 
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sanitation performance through stronger alignment between local needs and public re-
source allocation. The comparatively stronger performance of the EFDM in this study fur-
ther supports the argument that water and sanitation services are highly dependent on 
local expenditure capacity, infrastructure investment, and operational service delivery. 
Similarly, the positive contribution of RFDM identified in the present analysis is broadly 
aligned with the findings of Martínez-Córdoba et al. (2020), who found that local govern-
ment revenues and water-related taxes positively affect SDG6 performance in Spain [60]. 
Although local revenues do not directly represent FD in a comprehensive sense, they re-
flect local fiscal capacity and therefore support the broader theoretical argument linking 
local financial autonomy to sustainable water and sanitation outcomes. The findings are 
also indirectly supported by Benito et al. (2025), who demonstrated that municipalities 
characterized by weak fiscal capacity and lower tax revenue collection exhibit lower SDG 
compliance [83]. This relationship reinforces the idea that local fiscal strength constitutes 
an important enabling factor for sustainable development performance. However, the ev-
idence reported by Benito et al. (2023), indicating that higher SDG alignment may weaken 
municipal budget balances and fiscal capacity, also suggests that achieving sustainability 
goals may generate additional fiscal pressures on local governments [39]. In this respect, 
the present findings imply that the positive contribution of FD to SDG6 may depend not 
only on fiscal autonomy itself, but also on the fiscal sustainability of local governments. 
Finally, the positive relationship identified between FD and SDG6 is also broadly compat-
ible with the findings of Gariba et al. (2024), who reported that FD contributes positively 
to the social and environmental dimensions of the SDGs in OECD countries [24]. Given 
the strong environmental dimension of SDG6, the present findings further reinforce the 
argument that decentralized fiscal structures may facilitate environmentally sustainable 
public service delivery. Unlike the existing literature, however, this study comparatively 
evaluates composite, expenditure-, and revenue-based FD structures within an AI-sup-
ported analytical framework while also integrating coefficient directions and variable im-
pact rankings. Therefore, the study extends the existing literature by providing a more 
comprehensive interpretation of how fiscal, socio-economic, and institutional dynamics 
jointly shape SDG6 performance. 

DUMMY, as a proxy for government structure, also exhibits a negative coefficient. 
This finding, reflecting the federal–unitary distinction, implies that the distribution of au-
thority across multiple governmental levels may generate coordination challenges, limit 
economies of scale, and reduce the effective management of cross-border externalities. 
This interpretation is consistent with the literature suggesting that government structure 
systematically influences local government behavior and public service delivery [107]. On 
the other hand, the negative coefficient of GDP may be related to the structural character-
istics of the OECD sample, where water and sanitation infrastructure systems are already 
widely installed and industrial production, urban consumption patterns and environmen-
tally intensive economic activities continue to exert additional ecological pressures. This 
result differs from the positive relationship found by Roy and Pramanick (2019) in a sam-
ple of developing countries [4]. Population dynamics also appear to play a significant role 
in shaping SDG6 performance. The model-specific variation observed for the POP varia-
ble is also consistent with studies indicating that the impact of population growth on wa-
ter and sanitation outcomes is not unidirectional [77,79]. The negative coefficient of POP 
within the EFDM may reflect the increasing infrastructure and expenditure pressures gen-
erated by population growth in service-intensive sectors such as water and sanitation. 
Conversely, the positive coefficients identified in the CFDM and RFDM frameworks sug-
gest that stronger local fiscal capacity may help mitigate population-related service pres-
sures. Closely related to population dynamics, URB also emerges as a critical factor shap-
ing SDG6 performance across the three models. The negative coefficient of the URB in all 
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models suggests that the increased population density, water demand and environmental 
pressures particularly in OECD countries have placed significant stress on infrastructure 
systems. This result is consistent with Teixeira de Mello et al. (2024) who showed that URB 
has negative effects on water quality [78]. However, this is inconsistent with the findings 
of Bao and Chen (2017) who argued that URB can increase water use efficiency [76]. This 
discrepancy implies that the effect of URB may vary depending on the particular indicator 
considered. These infrastructure and coordination intensive pressures also imply that the 
sustainability of water and sanitation services is not only a matter of fiscal capacity, but 
also of the effectiveness of governance and institutional coordination mechanisms. The 
positive effect of GOV is consistent with studies emphasizing the importance of institu-
tional coordination and multi-level governance structures for the sustainability of water 
and sanitation services [63–67]. 

The coefficient interpretations and literature-based discussions indicate the direc-
tional relationships between variables and SDG6 performance, while the GRA-based in-
dex and ranking results provide a wider comparative perspective for the relative influence 
levels of variables across the overall modeling framework. The ranking results suggest 
that the urbanization pressures are the most major contributor in shaping the SDG6 per-
formance in the OECD sample. The highest impact level of the URB variable indicates that 
the increase in population density, the increase in water demand, the burden of infrastruc-
ture and the pressure on the environment play a decisive role in water and sanitation 
systems. This finding suggests that water and sanitation challenges in OECD countries 
are not only about access but are also increasingly about wider structural issues such as 
sustainable infrastructure management, controlling environmental pressures and the 
long-term sustainability of service provision. The second ranking of FD underscores the 
persistent importance of local fiscal capacity and decentralized decision-making authority 
for effective water and sanitation services. While infrastructure investments have been 
largely completed across OECD countries, local fiscal flexibility remains an important de-
terminant in infrastructure maintenance, renewal, service quality enhancement and envi-
ronmental compliance processes. The DUMMY variable, representing government struc-
ture, comes third in line, indicating that the differences in institutional coordination be-
tween federal and unitary systems create important implications for the SDG6 perfor-
mance. This implies that the coordination capacity of multi-level governance systems is a 
key factor for the sustainability of water and sanitation services. The fourth position of 
GDP suggests that economic growth is not irrelevant for SDG6 performance, but its mar-
ginal contribution may be relatively limited in OECD countries because of infrastructure 
saturation and growing environmental pressures. While the GOV variable exhibits a pos-
itive effect, its relatively lower magnitude may be associated with the existence of a thresh-
old level of governance quality in the countries of the OECD. Therefore, although govern-
ance remains an important enabling factor for SDG6 performance, the findings suggest 
that the key differentiating dynamics are urbanization pressures and fiscal capacity. Fi-
nally, the relatively low impact level of the POP variable indicates that the spatial concen-
tration of population, i.e., urbanization, is a more decisive factor for SDG6 performance 
than the total size of the population itself. 

Additionally, a radar plot is presented in Figure 7 to further illustrate the relative 
impact levels of the variables across the CFDM, EFDM, and RFDM frameworks. The radar 
plot provides a more integrated visualization of the comparative impact structures iden-
tified through the GRA-based rankings and coefficient findings. 



Systems 2026, 14, 716 33 of 42 
 

https://doi.org/10.3390/systems14060716 

 

Figure 7. Comparative impact structures of variables across CFDM, EFDM, and RFDM. 

Figure 7 displays a visual validation of the impact structures with respect to the co-
efficient results and the rankings by GRA. The radar plot shows a strong influence of URB 
on all model structures, which means that infrastructure pressure, population concentra-
tion and environmental stress are important factors determining the SDG6 performance. 
The figure also suggests that the impact of FD is stronger under the EFDM framework, 
supporting the argument that local expenditure capacity is particularly important in in-
frastructure- and service-intensive sectors such as water and sanitation. By contrast, GOV 
and POP show relatively low and stable levels of impact across the three models. The 
overall similarity between the CFDM and RFDM structures suggests that integrated fiscal 
capacity and revenue-based mechanisms lead to relatively similar patterns of impact. 
Overall, the radar plot underscores the multidimensional nature of SDG6 performance, 
reflecting the combined influence of fiscal, socio-economic and institutional dynamics. 

5. Conclusions and Future Research 
Water and sanitation infrastructure is built, operated, and maintained at the local 

level, yet the fiscal preconditions that make sustained local delivery possible have at-
tracted surprisingly little empirical attention in the SDG literature. This paper took this 
gap as its starting point. Working with a panel of OECD countries and a hybrid BiLSTM-
THRO estimation architecture, we examined how different ways of measuring FD relate 
to cross-country variation in SDG6 scores, and what the predictive superiority of one spec-
ification over another can tell us about the underlying governance mechanisms. 

Three findings stand out. To begin with, the CFD index, constructed to reflect the 
balance between a jurisdiction’s spending authority and its own-source revenue base, 
proved to be the strongest predictor of SDG6 outcomes in every diagnostic dimension we 
employed. The gap between CFDM and its unidimensional alternatives is not merely sta-
tistical; it carries a substantive message. Local governments that control significant ex-
penditure shares but lack commensurate revenue autonomy, or that enjoy revenue capac-
ity without discretionary spending power, appear less effective at translating fiscal re-
sources into water and sanitation service quality. The two dimensions are not substitutes; 
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they are complements, and policy designs that strengthen one while neglecting the other 
will likely fall short of their intended effects on SDG6 outcomes. 

The second finding concerns the relative weight of the two unidimensional proxies. 
Across all models and all diagnostic lenses, the expenditure-based specification outper-
formed the revenue-based one by a consistent margin. This asymmetry makes practical 
sense: the ability to commission infrastructure, contract maintenance services, and sustain 
operational budgets depends on spending discretion, not on the formal assignment of 
revenue sources. A local government that receives generous intergovernmental transfers 
but has limited say over how those funds are deployed faces a governance constraint that 
no revenue figure can fully capture. The results suggest that analytical frameworks focus-
ing exclusively on the revenue side of decentralization understate the fiscal determinants 
of water and sanitation performance. 

Third, the year-by-year error decomposition exposed a consistent pattern across all 
three models: prediction accuracy deteriorated during 2020–2021 before recovering 
sharply by 2023. That trajectory maps directly onto the COVID-19 disruption and its af-
termath. What distinguishes the models is the speed and completeness of that recovery. 
CFDM adapted to the post-pandemic structural shift more quickly, suggesting that the 
richness of the composite index allowed BiLSTM to re-anchor its temporal representations 
as normalized institutional conditions. This is a practical argument for composite meas-
urement: in periods of macroeconomic stress, when individual fiscal indicators may move 
in disconnected directions, an integrated index preserves more of the signal. 

Apart from the strong predictive performance of the three AI-based models, the in-
tegrated results based on the coefficient directions and GRA-based impact rankings show 
that FD is among the major determinants affecting the SDG6 performance of the OECD 
countries. The coefficient results suggest a broadly positive link between FD and SDG6 
performance across all model forms. The integrated impact rankings further highlight that 
FD is one of the most significant financial dimensions shaping sustainable water and san-
itation outcomes. 

Overall, the findings provide a strong policy rationale for considering FD as a gov-
ernance tool to improve SDG6 outcomes, rather than just a fiscal arrangement. Assigning 
expenditure responsibilities to subnational governments without adequate and predicta-
ble own-source revenues, or vice versa expanding revenue authority without adequate 
expenditure discretion, creates institutional mismatches that may undermine SDG6 per-
formance. The higher performance of the CFDM suggests that expenditure assignments 
and revenue autonomy should be designed as complementary rather than as independent 
dimensions of decentralization policy. The results indicate that the largest improvements 
in SDG6 performance are likely to be found where local governments have both sufficient 
spending authority and fiscal capacity to support these responsibilities. The policy impli-
cations also differ across institutional settings. The negative coefficient and the relatively 
high impact ranking of the federalism dummy variable suggest that coordination capacity 
is an important fiscal correlate of SDG6 performance in multi-level governance systems. 
In federal countries, where responsibilities are divided between several layers of govern-
ment, the importance of strengthening intergovernmental coordination mechanisms, pro-
moting integrated river-basin management frameworks, improving information sharing 
systems, and developing joint infrastructure planning arrangements should be considered 
as key policy priorities. On the other hand, unitary systems may be better served by in-
creasing discretion of local governments over local spending, by reducing administrative 
constraints on investment decisions at the local level, and by enhancing the predictability 
of intergovernmental transfers for water and sanitation services. Among the two single-
dimensional measures of FD, EFD consistently performed better than RFD, indicating the 
importance of local expenditure discretion for SDG6 outcomes. This finding suggests that 
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the benefits of decentralization are not distributed equally across all SDG6-related ex-
penditure categories. Decentralized decision-making is especially appropriate for local-
ized investments like water distribution networks, wastewater collection and treatment 
systems, infrastructure maintenance, leakage reduction programs, rural water services 
and water quality monitoring, which are highly dependent on local needs, geographic 
conditions, and service delivery priorities. In contrast, large scale strategic infrastructure 
projects and cross-jurisdictional water resource management may still need to be centrally 
coordinated and overseen more closely. The broader set of findings also has important 
policy implications. Given the negative impacts of economic growth and urbanization, the 
challenge in the OECD context is no longer how to extend basic access to water and sani-
tation services, but how to ensure the sustainability of existing infrastructure systems in 
the face of growing environmental and demographic pressures. Therefore, not just new 
infrastructure investments, but also the modernization of aging water networks, the de-
velopment of climate-resilient infrastructure, and the long-term planning mechanisms 
that can cope with increasing urban water demand are areas policymakers need to focus 
on. Investment strategies must also be in line with demographic trends: population 
growth can put considerable strains on water and sanitation systems, especially in urban 
areas where services are intensive. Moreover, the positive impact of good governance im-
plies that the effectiveness of FD is linked not only to the allocation of fiscal resources but 
also to the institutional capacity to manage those resources effectively. Reforms to im-
prove SDG6 outcomes should therefore be complemented by measures to strengthen 
transparency, accountability, performance monitoring systems and intergovernmental co-
ordination mechanisms. At the same time, policymakers need to recognize that the gains 
from decentralization can be circumscribed by unequal local administrative and fiscal ca-
pacity. To address these disparities, decentralization reforms should be supported by 
equalization transfer systems, targeted infrastructure grants, technical assistance pro-
grams, capacity-building initiatives and performance-based funding mechanisms. Such 
complementary measures can help to ensure that weaker local governments can translate 
fiscal autonomy into effective water and sanitation outcomes, thereby reducing the risk of 
increasing territorial inequalities in SDG6 performance. In general, the results indicate 
that sustainable improvements in water and sanitation performance require an integrated 
approach combining fiscal autonomy, expenditure responsibility, institutional quality 
and adaptive infrastructure governance rather than relying on FD alone. Reforms that fo-
cus on just one dimension of FD are more likely to generate less sustainable SDG6 results 
than policies that concurrently enhance local revenue generation, expenditure discretion, 
governance capacity, and intergovernmental coordination. 

Several limitations bound the scope of our conclusions. The analysis covers OECD 
countries exclusively, a sample defined by relatively high institutional quality and income 
levels. Whether the relationships identified here hold in lower-income or institutionally 
weaker settings is an open empirical question that cannot be settled by extrapolation. The 
reliance on the aggregate SDG6 index also means that heterogeneous effects across its 
constituent sub-indicators, drinking water, sanitation, wastewater treatment, water qual-
ity, remain unexamined. Furthermore, the analysis does not explicitly consider environ-
mental factors, such as water resource endowments and climatic conditions, which may 
also affect SDG6 performance across countries. Finally, although the BiLSTM-THRO 
framework delivers strong predictive performance, deep learning models impose limits 
on causal attribution that traditional econometric approaches do not. 

Given the predictive design of the study, the findings should be interpreted as robust 
predictive associations rather than causal estimates. The THRO-BiLSTM framework iden-
tifies which fiscal decentralization specification provides the strongest predictive signal 
for SDG6 performance, while the supplementary coefficient-based and GRA-based 
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analyses provide additional evidence on directional and relational patterns. Accordingly, 
the results do not imply that fiscal decentralization mechanically causes improvements in 
SDG6 outcomes; rather, they show that balanced fiscal decentralization, particularly when 
revenue capacity and expenditure responsibility are jointly considered, is consistently as-
sociated with stronger SDG6 performance across the OECD panel. 

Future work might address each of these constraints in turn. Extending the estima-
tion framework to middle- and low-income country panels would test the generalizability 
of the FD-SDG6 relationship under different institutional conditions. Decomposing the 
SDG6 index into its sub-indicators would permit a more granular mapping of which fiscal 
channels matter most for which dimensions of water governance. On the methodological 
side, integrating attention-based transformer architectures or explainability tools into the 
estimation pipeline could recover some of the interpretive depth that deep learning cur-
rently sacrifices for predictive power. Finally, it would be worth exploring how FD inter-
acts with climate adaptation capacity, digitalization of public services, and subnational 
governance quality in jointly determining long-run water and sanitation outcomes, ques-
tions that sit at the frontier of both sustainable development research and fiscal federalism 
theory. 
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EFD Expenditure-based Fiscal Decentralization 
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KDE Kernel Density Estimation 



Systems 2026, 14, 716 37 of 42 
 

https://doi.org/10.3390/systems14060716 

LSTM Long Short-Term Memory 
MAE Mean Absolute Error 
MCDM Multi-Criteria Decision-Making 
MDGs Millennium Development Goals 
OECD Organization for Economic Co-Operation and Development 
OLS Ordinary Least Squares 
POP Population Size 
PSO Particle Swarm Optimization 
RFD Revenue-based Fiscal Decentralization 
RFDM Revenue Fiscal Decentralization Model 
RMSE Root Mean Squared Error 
RNN Recurrent Neural Network 
SDGs Sustainable Development Goals 
SDG6 Overall Performance in Clean Water and Sanitation 
THRO Tianji’s Horse Racing Optimization 
URB Urbanization 
WDI World Development Indicators 
WGI Worldwide Governance Indicators 

Appendix A 

Table A1. The mean and standard deviation values of the variables. 

Dummy Country 
Mean Standard Deviation 

SDG6 EFD RFD CFD GDP POP URB GOV SDG6 EFD RFD CFD GDP POP URB GOV 
1 Australia 89.102 16.511 15.520 18.595 1.356 16.927 85.321 1.562 3.148 0.932 0.450 0.681 1.024 0.113 0.778 0.047 
1 Austria 92.155 16.236 5.096 6.085 0.918 15.954 58.462 1.505 0.628 0.463 0.145 0.191 2.444 0.039 0.907 0.109 
1 Belgium 74.317 21.305 9.883 12.638 1.087 16.204 97.699 1.280 4.293 2.646 1.661 2.532 2.127 0.060 0.326 0.092 
1 Canada 87.490 27.609 22.442 31.017 0.919 17.361 80.852 1.584 0.973 1.388 0.515 1.113 2.315 0.077 0.700 0.065 
1 Germany 83.198 17.968 16.134 19.676 1.090 18.225 76.717 1.460 2.657 0.899 0.836 1.158 2.405 0.012 0.836 0.064 
1 Spain 84.095 19.397 10.269 12.762 0.970 17.630 78.803 0.912 1.597 1.808 1.109 1.530 3.631 0.051 1.660 0.160 
1 Switzerland 82.224 18.726 16.087 19.801 0.994 15.890 73.667 1.730 1.680 0.926 0.528 0.851 1.890 0.070 0.224 0.042 
1 United States 84.006 18.883 14.461 17.829 1.388 19.555 81.093 1.223 0.436 0.677 0.274 0.387 1.824 0.057 1.286 0.134 
0 Costa Rica 71.657 1.365 1.368 1.387 2.714 15.339 72.430 0.601 2.494 0.248 0.182 0.187 2.528 0.083 7.391 0.064 
0 Czechia 88.763 11.541 2.862 3.236 2.243 16.166 73.681 0.896 0.969 0.858 0.297 0.342 3.175 0.049 0.369 0.106 
0 Denmark 88.197 32.414 15.438 22.844 1.078 15.538 86.893 1.769 1.143 1.814 1.649 2.341 2.225 0.034 1.099 0.078 
0 Estonia 89.429 9.669 1.695 1.877 3.512 14.099 68.754 1.095 2.699 0.629 0.258 0.289 5.823 0.034 0.528 0.130 
0 Finland 90.982 20.325 13.903 17.471 1.022 15.499 84.198 1.821 0.977 1.870 1.253 1.789 2.918 0.026 1.276 0.078 
0 France 85.244 10.622 7.813 8.746 0.851 17.992 78.784 1.157 1.135 0.643 0.657 0.775 2.493 0.035 1.809 0.087 
0 Greece 91.017 3.549 1.272 1.319 0.951 16.205 76.753 0.469 1.650 0.316 0.187 0.196 5.103 0.027 2.493 0.228 
0 Hungary 92.835 9.318 4.671 5.190 2.785 16.105 68.994 0.685 1.575 2.907 1.112 1.375 3.264 0.016 2.661 0.217 
0 Iceland 86.526 12.960 11.131 12.794 1.648 12.691 93.437 1.589 2.572 0.743 0.661 0.851 3.781 0.096 0.482 0.138 
0 Ireland 79.557 5.576 1.800 1.942 3.758 15.329 61.820 1.463 2.083 4.164 0.826 0.962 6.501 0.094 1.561 0.076 
0 Israel 71.860 5.048 3.339 3.517 1.766 15.876 91.968 0.612 1.040 0.288 0.133 0.136 2.652 0.135 0.500 0.075 
0 Italy 80.006 14.413 6.897 8.060 0.405 17.893 69.056 0.599 2.276 0.737 0.450 0.557 3.409 0.019 1.506 0.107 
0 Latvia 88.775 11.152 7.268 8.185 4.637 14.547 68.040 0.694 0.732 1.059 0.451 0.565 6.078 0.078 0.235 0.126 
0 Lithuania 84.513 8.925 1.139 1.252 4.884 14.937 67.228 0.799 3.085 0.936 0.190 0.216 5.155 0.080 0.617 0.150 
0 Luxembourg 80.335 4.641 2.596 2.724 0.776 13.182 88.754 1.696 2.170 0.392 0.363 0.387 2.869 0.138 2.405 0.046 
0 Netherlands 86.752 13.879 4.144 4.818 1.143 16.633 86.945 1.655 2.054 0.938 0.497 0.616 2.338 0.040 5.085 0.076 
0 New Zealand 88.128 4.374 4.107 4.297 1.421 15.311 86.375 1.755 2.235 0.447 0.403 0.439 1.623 0.093 0.257 0.060 
0 Norway 86.501 15.061 8.583 10.122 0.746 15.419 79.895 1.709 1.729 1.642 0.757 1.059 1.576 0.069 2.473 0.050 
0 Poland 82.895 13.392 6.455 7.455 3.894 17.450 60.793 0.666 0.539 0.634 0.531 0.630 2.247 0.009 0.644 0.132 
0 Portugal 86.245 6.400 4.242 4.533 0.883 16.154 61.354 1.043 1.560 0.469 0.254 0.277 3.006 0.047 4.167 0.110 
0 Slovak Rep. 87.720 6.413 1.982 2.116 3.345 15.503 54.676 0.675 1.278 1.511 0.344 0.354 3.469 0.005 0.895 0.078 
0 Slovenia 84.171 8.855 2.298 2.522 2.152 14.535 53.086 0.928 1.167 0.554 0.152 0.169 3.575 0.025 1.663 0.048 
0 Sweden 90.638 24.103 16.740 22.054 1.353 16.068 85.873 1.703 0.705 1.151 0.765 0.896 2.452 0.054 1.596 0.071 
0 UK 87.389 10.879 3.393 3.809 1.030 17.964 81.657 1.408 2.365 1.111 0.174 0.232 3.357 0.048 1.885 0.099 
 Mean_OECD32 85.210 13.172 7.657 9.396 1.803 16.068 76.064 1.211         
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Notes 
1. The mean and standard deviation values of the variables are presented in Appendix A. 
2. Australia, Austria, Belgium, Canada, Costa Rica, Czechia, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, 

Iceland, Ireland, Israel, Italy, Latvia, Lithuania, Luxembourg, Netherlands, New Zealand, Norway, Poland, Portugal, Slovak 
Republic, Slovenia, Spain, Sweden, Switzerland, United Kingdom, United States. 
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