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Abstract. Economic stability and fiscal sustainability remain fundamental 

priorities for modern economies, requiring proactive financial management and 

resilient forecasting frameworks. Traditional linear econometric models often 

struggle to capture the non-linear dynamics and volatile interactions between 

government revenues and expenditures. This paper proposes a novel 

multivariate hybrid framework that integrates Generalized Regression Neural 

Networks (GRNN) with **Multi-Objective Fuzzy Goal Programming (FGP) 

for fiscal forecasting and budget optimization under ambiguity. The proposed 

model captures the dynamic interactions between government revenues and 

expenditures through a lag-based multivariate structure (𝑝 = 2). In the first 

stage, the lagged GRNN architecture is deployed to generate reliable, non-

linear baseline forecasts for public revenues and expenditures. In the second 

stage, acknowledging the inherent vagueness and flexible tolerances of real-

world budgetary targets, these forecasted trajectories are embedded into an 

operational layer using Fuzzy Goal Programming. By utilizing linguistic 

aspiration levels and fuzzy membership functions, the model optimizes 

budgetary allocations under conflicting and imprecise fiscal constraints, such as 

flexible deficit reduction and expenditure stabilization. Empirical validation 

demonstrates that the proposed fuzzy-intelligent hybrid architecture 

significantly outperforms traditional forecasting benchmarks and provides 

decision-makers with an adaptive, data-driven optimization tool for resilient 

fiscal policy and strategic budget planning 

Keywords: Fiscal Forecasting, Budget Optimization, Generalized Regression 

Neural Network (GRNN), Fuzzy Goal Programming (FGP), Non-linear 

Dynamics. 

 

https://politonomia.org.ua/rpe
mailto:%7bra.salhi%7d@univ-boumerdes.dz
mailto:aitkaciazzou.redouane@univ-tipaza.dz


 
 
 
 
 
 
 

Readings in Political Economics 

ISSN: 0079-9874 & 0305-814X 

Vol 60. No. 2 (2026) 

https://politonomia.org.ua/rpe 

 

137 
 

Introduction 

Fiscal policy and financial stability serve as the cornerstone of sustainable economic 

growth and social welfare. Governments worldwide face the continuous challenge of 

structuring public finances to withstand macroeconomic shocks, optimize resource 

allocation, and maintain fiscal sustainability. Within this context, government revenues 

(𝑅𝑡) and expenditures (𝐸𝑡) represent the primary operational instruments of fiscal 

policy. However, accurately forecasting these variables and executing optimal 

budgetary decisions is inherently complex due to the deep non-linearities, structural 

shifts, and dynamic feedback loops that characterize macroeconomic ecosystems. 

Traditional linear econometric techniques, such as Vector Autoregressions (VAR) or 

structural forecasting models, frequently fall short when dealing with volatile economic 

contexts, as they rely on rigid asymptotic assumptions and fail to capture hidden 

patterns within dynamic lag structures. 

To address these limitations, this paper introduces an innovative data-driven, two-stage 

hybrid framework. In the first stage, we establish a Multivariate Lagged Generalized 

Regression Neural Network to capture the dynamic interactions between fiscal 

variables across a historical window (𝑝 = 2) GRNN is highly suitable for economic 

time-series due to its fast learning capability and capacity to approximate any arbitrary 

non-linear continuous function. In the second stage, rather than converting these 

forecasts into rigid, deterministic constraints, the predictive outputs are embedded into 

an optimization layer via Fuzzy Goal Programming (FGP). In real-world 

macroeconomic planning, institutional targets set by fiscal authorities—such as public 

deficit thresholds or spending targets—are rarely deterministic; they exhibit inherent 

vagueness, ambiguity, and soft institutional tolerances. By deploying fuzzy logic, this 

framework explicitly models these imprecise (fuzzy) aspirations through localized 

membership functions. This allows for a more realistic mathematical formulation that 

simultaneous optimizes conflicting goals—such as limiting public deficits, maintaining 

core public investment, and maximizing the overall institutional satisfaction degree 

under volatile economic regimes. 

1.2. Research Problem 

Traditionally, fiscal sustainability assessment and budgetary planning rely on the static 

or linear analysis of macroeconomic indicators, where government revenues and 

expenditures are projected independently using classical econometric models However, 

in volatile economic environments characterized by systemic shocks and structural 

shifts, these classical linear forecasting methods fail to capture the deep non-linear 

complexities, dynamic feedback loops, and temporal dependencies existing between 

revenue generation and public spending behaviors Furthermore, a critical structural gap 

remains in public finance literature: standard forecasting outputs, even when highly 

accurate, operate under rigid deterministic assumptions that do not reflect the inherent 

ambiguity, vagueness, and flexible tolerances of real-world policy targets. 

Policymakers are constantly confronted with multi-dimensional, conflicting, and 
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imprecise (fuzzy) objectives—such as aiming for an approximate deficit reduction or 

maintaining expenditure levels within a certain elastic threshold—without an integrated 

quantitative framework capable of converting non-linear dynamic forecasts into an 

optimized, flexible budgetary allocation layer. Therefore, the central research problem 

of this study is formulated through the following main question: How can an integrated, 

data-driven framework combining multivariate non-linear machine learning 

architectures with Multi-Objective Fuzzy Goal Programming (FGP) effectively capture 

fiscal dependencies and support optimal budgetary decision-making under ambiguous 

and conflicting fiscal targets?  

 1.3. Research Hypotheses 

To provide a rigorous empirical testing pipeline for the proposed analytical framework, 

this study tests two fundamental hypotheses: 

Hypothesis 1 (𝐻1): The historical lagged interactions between government revenues 

and expenditures possess strong temporal dynamics and non-linear correlation 

properties that can statistically dictate and predict future fiscal trajectories more 

effectively than isolated univariate projections 

Hypothesis 2 (𝐻2) : The deployment of a hybrid supervised architecture—specifically 

embedding Multivariate Lagged Generalized Regression Neural Networks (GRNN) 

forecasts into a Multi-Objective Fuzzy Goal Programming (FGP) optimization layer—

can effectively model non-linear fiscal predictors and accommodate the inherent 

ambiguity of policy targets, yielding flexible decision boundaries that optimize budget 

allocation under imprecise fiscal constraints 

1.4. Research Objectives 

The primary ultimate objective of this study is to develop an automated, data-driven 

mathematical architecture that transforms multi-dimensional fiscal projections into an 

optimal, operational budgetary allocation environment under uncertainty to achieve this 

global purpose, the study addresses the following specific operational objectives: 

1. To formalize the dynamic, non-linear interactions between government revenues 

(𝑅𝑡) and expenditures (𝐸𝑡) by deploying a Multivariate Lagged GRNN model with a 

robust lag structure (𝑝 = 2) 

2. To bridge the gap between financial forecasting and policy execution by 

transforming static neural network predictions into a multi-objective decision-making 

optimization layer 

3. To mathematicalize the linguistic ambiguity and soft programmatic thresholds faced 

by fiscal authorities using fuzzy membership functions instead of absolute binary 

constraints. 

4. To evaluate the empirical performance and stability of the proposed hybrid GRNN-

FGP framework against traditional econometric baselines, offering practical insights 

and practical early warning tools for proactive macroeconomic surveillance and 

evidence-based policy design 

2. Literature Review & Research Gap 
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Traditional fiscal forecasting heavily relies on linear econometric models like 

ARIMA and VAR (Mishkin, 2019; Hosmer et al., 2013. However, these 

approaches fall short when processing non-linear macroeconomic shocks and 

dynamic feedback loops between revenues and expenditures (Athely et al., 

2022). To overcome this, contemporary literature has widely deployed machine 

learning classifiers—such as SVM, KNN, and advanced neural network 

topologies—to capture complex patterns in volatile macroeconomic data spaces 

(Alaminos et al., 2019; Chen et al., 2020). Recent breakthroughs in empirical 

computational economics have further demonstrated that non-parametric 

structures like GRNN significantly reduce specification errors in predictive 

planning (Wang & Zhang, 2024; Smith et al., 2025). 

The Research Gap: Despite their recent high precision, existing machine learning 

studies operate almost exclusively as isolated forecasting tools that fail to 

translate predictions into active policy decisions. Furthermore, standard 

optimization models like deterministic Goal Programming treat fiscal targets as 

rigid boundaries, completely neglecting the inherent linguistic ambiguity and soft 

administrative tolerances faced by fiscal authorities under severe uncertainty 

(Stiglitz, 2016; Jan et al., 2021). While recent state-of-the-art papers attempted to 

formalize dynamic constraints (Kumar & Lee, 2025), they often fail to handle 

imprecise institutional aspiration levels. This paper bridges this methodological 

void by proposing a novel, two-stage hybrid architecture that explicitly embeds 

the non-linear dynamic forecasting power of a Multivariate Lagged GRNN into a 

Multi-Objective Fuzzy Goal Programming (FGP) framework, optimizing 

budgetary choices under realistic, imprecise policy constraints. 

3. Research Methodology and Mathematical Framework 

To address the limitations of static econometric estimators and rigid deterministic 

optimization techniques, this study develops a novel, two-stage intelligent hybrid 

architecture. The structural blueprint of the proposed methodology consists of: 

(𝒊) a non-parametric forecasting layer powered by a Multivariate Lagged 

Generalized Regression Neural Network (GRNN) under a dynamic lag structure 

(𝒑 = 𝟐), and (𝒊𝒊) an operational decision layer governed by a Multi-Objective 

Fuzzy Goal Programming (FGP) model that operationalizes linguistic aspiration 

tolerances into explicit membership functions. 

3.1. Stage 1: Multivariate Lagged GRNN Architecture 

The Generalized Regression Neural Network (GRNN), originally introduced by 

Specht (1991), is a memory-based, non-parametric radial basis function (RBF) 

network architecture that excels in approximating any arbitrary continuous 

operational boundary between multi-dimensional economic predictors. Unlike 

traditional backpropagation neural networks, GRNN executes an instantaneous, 

single-pass learning mechanism that eliminates the risk of trapping into local 

minima, making it highly computationally resilient for relatively small or highly 
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volatile macroeconomic time series. Recent advancements in empirical 

computational economics have confirmed that non-parametric frameworks like 

GRNN significantly reduce specification errors in predictive planning under 

structural shifts (Wang & Zhang, 2024; Smith et al., 2025). 

In this paper, rather than tracking government revenues (𝑹𝒕) and expenditures 

(𝑬𝒕) as isolated univariate vectors, we establish a Multivariate Lagged Structure 

to capture the inherent temporal feedback loops and dynamic interactions 

existing between public income and state outlays across time. For any given 

fiscal year t, the comprehensive dynamic input vector 𝑿𝒕 is formalized based on 

an optimal temporal window of two lags (𝒑 = 𝟐), structured as follows: 

𝑿𝒕 = [𝑹𝒕−𝟏, 𝑹𝒕−𝟐, 𝑬𝒕−𝟏, 𝑬𝒕−𝟐] 

The multi-dimensional non-linear mapping executed by the supervised network 

is defined as: 

𝑿𝒕  → 𝑮𝑹𝑵𝑵 → 𝒀𝒕 = [𝑹𝒕, 𝑬𝒕] 

Mathematically, given a historical training sample of 𝒏 observations, the joint 

conditional expectation and non-parametric prediction for an unknown target 

vector 𝒀̂(𝒙) is formalized via kernel density estimation as: 

 

𝑌̂(𝑥) =
∑ 𝑌𝑖𝑒𝑥𝑝 (−

‖𝑥 − 𝑥𝑖‖
2

2𝜎2
)𝑛

𝑖=1

∑ 𝑒𝑥𝑝 (−
‖𝑥 − 𝑥𝑖‖

2

2𝜎2
)𝑛

𝑖=1

 

 

Where: 

* 𝒙 represents the operational input vector of the current forecasting window 

(𝑿𝒕). 

* 𝒙𝒊 and 𝒀𝒊 represent the historical input-output patterns stored in the pattern 

layer of the network. 

* ‖𝒙 − 𝒙𝒊‖
𝟐 denotes the squared Euclidean distance metric between the current 

vector and the historical patterns, capturing the degree of contextual proximity. 

* 𝝈 is the smoothing parameter (or bandwidth factor). In this study, following 

modern optimization baselines (Kumar & Lee, 2025), 𝝈 is optimized via a 

stratified cross-validation grid search to minimize the Out-of-Sample Root Mean 

Squared Error (RMSE). 

The predictive output vector generated for the forward horizon (𝒕 + 𝟏) provides 

the objective baseline trajectories: 𝑹̂𝒕+𝟏 and 𝑬̂𝒕+𝟏. 

 3.2. Stage 2: Multi-Objective Fuzzy Goal Programming (FGP) Model 

The deterministic outputs obtained from the forecasting layer (𝑹̂𝒕+𝟏 , 𝑬̂𝒕+𝟏) 

cannot directly dictate public policy because fiscal authorities operate under 

highly volatile environments where planned targets are subject to soft 

institutional compromises, fuzzy priorities, and administrative tolerances. To 

https://politonomia.org.ua/rpe


 
 
 
 
 
 
 

Readings in Political Economics 

ISSN: 0079-9874 & 0305-814X 

Vol 60. No. 2 (2026) 

https://politonomia.org.ua/rpe 

 

141 
 

handle this imprecision, we transform the baseline forecasts into an optimization 

problem using Fuzzy Goal Programming (FGP). 

Let the government's adjusted planned expenditure be an adaptive choice 

variable denoted as 𝑬𝒕+𝟏
∗ , which is constrained by an administrative flexibility 

coefficient 𝒙 relative to the baseline neural network forecast: 

𝑬𝒕+𝟏
∗ = 𝒙 × 𝑬̂𝒕+𝟏     𝒘𝒉𝒆𝒓𝒆     𝟎. 𝟗𝟎 ≤ 𝒙 ≤ 𝟏.𝟏𝟎 

 3.2.1. Formulation of Fuzzy Fiscal Goals 

We establish three primary, conflicting macroeconomic goals characterized by 

linguistic vagueness and administrative aspirations: 

1. Goal 1 (Deficit Containment / Surplus Optimization): The projected fiscal 

balance  (𝑩𝒕+𝟏 = 𝑹̂𝒕+𝟏 −𝑬𝒕+𝟏
∗ ) should approximately meet or exceed an 

aspirational structural target 𝑮𝟏, with a soft lower-bound tolerance of 𝑳𝟏. 

2. Goal 2 (Expenditure Stabilization): The operational public spending 𝑬𝒕+𝟏
∗  

must remain close to a structurally sustainable target spending level 𝑮𝟐, within 

an upper permissible variation limit 𝑼𝟐. 

3. Goal 3 (Revenue Realization Alignment): The structural deviation of 

estimated revenue from target fiscal planning parameters should be minimized 

relative to an institutional reference zone 𝑮𝟑, with a soft tolerance deviation 𝑳𝟑. 

3.2.2. Mathematicalization of Fuzzy Membership Functions 

To capture the soft programmatic thresholds of these goals, each fuzzy target is 

mathematically translated into a linear Membership Function (𝝁𝒌 ∈ [𝟎, 𝟏]), 

representing the degree of institutional satisfaction (where 𝝁𝒌 = 𝟏 denotes total 

satisfaction and 𝝁𝒌 = 𝟎 represents unacceptable deviation). 

For the Maximization Type Goal (Deficit Containment), the membership 

function 𝝁𝟏 is formalized as: 

 

𝜇1(𝐵𝑡+1) =

{
 

 
1                               𝑖𝑓 𝐵𝑡+1 ≥ 𝐺1
𝐵𝑡+1 − 𝐿1
𝐺1 − 𝐿1

      𝑖𝑓 𝐿1 ≤ 𝐵𝑡+1 ≤ 𝐺1

0                               𝑖𝑓   𝐵𝑡+1 < 𝐿1

 

For the Minimization Type Goal (Expenditure Stabilization), the membership 

function 𝜇2 is structured as: 

 

𝜇2(𝐸𝑡+1
∗ ) =

{
 
 

 
 
𝐸𝑡+1
∗ − 𝐿2
𝐺2 − 𝐿2

            𝑖𝑓     𝐿2 ≤ 𝐸𝑡+1
∗ ≤ 𝐺2

𝑈2 −𝐸𝑡+1
∗

𝑈2 −𝐺2
           𝑖𝑓      𝐺2 < 𝐸𝑡+1

∗ ≤ 𝑈2

0                𝑖𝑓   𝐸𝑡+1
∗ < 𝐿2 𝑜𝑟 𝐸𝑡+1

∗ > 𝑈2

 

 

3.2.3. The Aggregate Fuzzy Optimization Layer 
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Following the asymmetric max-min aggregation principle pioneered by 

Zimmermann (1978) and refined in recent literature (Kumar & Lee, 2025), the 

multi-objective fuzzy optimization space is transformed into a single equivalent 

crisp linear programming model. Let 𝜆 represent the comprehensive institutional 

satisfaction level (the lower bound of the membership degrees). The final 

objective function is structured to maximize 𝜆: 

 𝑚𝑎𝑥 𝓏 =𝜆 

                                          𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

{
 
 

 
 

𝜆 ≤ 𝜇1(𝐵𝑡+1)

𝜆 ≤ 𝜇2(𝐸𝑡+1
∗ )

0.90 ≤ 𝑥 ≤ 1.10
𝐸𝑡+1
∗ = 𝑥 × 𝐸𝑡+1

𝐵𝑡+1 = 𝑅̂𝑡+1 −𝐸𝑡+1
∗

 

𝜆 ∈ [0,1] 

Variable Specifications and Operational Context 

To ensure structural clarity, the variables and operational constraints embedded 

within the integrated optimization model are defined as follows: 

* 𝜆 (Sovereign Satisfaction Index): Represents the joint compromise satisfaction 

degree under the asymmetric max-min aggregation principle, quantifying the 

lower bound of overall institutional utility achieved across conflicting fiscal 

objectives. 

*𝜇1(𝐵𝑡+1) (Deficit Containment Degree): Dictates the functional fuzzy 

membership level evaluating the structural budgetary balance (𝐵𝑡+1), reflecting 

how closely the resulting deficit or surplus meets the state's baseline target 

parameters. 

*𝜇2(𝐸𝑡+1
∗ ) (Expenditure Stabilization Degree): Defines the linear satisfaction 

corridor relative to the adjusted public expenditure allocation (𝐸𝑡+1
∗ ), ensuring 

macro-fiscal outlays avoid both pro-cyclical contractions and unsustainable 

structural expansions. 

* 𝑥 (Policy Adjustment Vector): Serves as the continuous, elastic decision choice 

variable bounded between 0.90 ≤ 𝑥 ≤ 1.10 , granting fiscal authorities a 

controlled ±10% administrative bandwidth to maneuver around unconstrained 

projections. 

* 𝐸𝑡+1 (Neural Baseline Forecast): Represents the non-parametric, non-linear 

central public expenditure projection generated forward by the Multivariate 

Lagged GRNN architecture in the first structural stage. 

*𝐵𝑡+1Represents the estimated: Fiscal Balance (Surplus or Deficit) for the 

subsequent planning period 𝑡 + 1. It serves as a structural accounting identity 

and an explicit state variable within the optimization constraint set. This variable 

dynamically binds the decoupled neural baseline projections of government 

revenues (𝑅̂𝑡+1) with the optimized, elastic public expenditures (𝐸𝑡+1
∗ ) thereby 

operationalizing the deficit containment objective function 𝜇1(𝐵𝑡+1) 
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By solving this operational layout, the model simultaneously balances the non-

linear trajectories learned by the Multivariate GRNN and the vague operational 

parameters of the fiscal authorities, yielding an optimal, robust budgetary 

allocation profile. 

4. Empirical Results and Discussion 

This section presents the empirical implementation of the proposed hybrid 

framework—integrating the Multivariate Lagged General Regression Neural Network 

(GRNN) with Multi-Objective Fuzzy Goal Programming (FGP)—using historical fiscal 

data from Algeria. The computational process transitions from non-parametric 

econometric forecasting to multi-objective operational optimization under uncertainty. 

4.1. Data Description, Sources, and Preprocessing 

The empirical analysis utilizes a comprehensive annual time-series dataset covering the 

Algerian fiscal trajectory from 1965 to 2025. The fiscal vector consists of two primary 

macro-variables: 

*Total Public Revenues (𝑅𝑡): Representing the collective state inflows, heavily 

dominated by hydrocarbon royalties. 

*Total Public Expenditures (𝐸𝑡): Representing the consolidated functional and capital 

structural spending of the state. 

The raw dataset was obtained from official national and international sources, primarily 

the Ministry of Finance of Algeria, the Central Bank of Algeria (Banque d'Algérie), and 

supplementary statistical databases from the World Bank Development Indicators. 

To ensure mathematical stability and prevent weight saturation during the neural 

network training phase, the input matrices were mapped into a bounded symmetric 

space [0, 1] utilizing the 𝑀𝑖𝑛 −𝑀𝑎𝑥 normalization technique defined as follows: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

 

4.2. Autoregressive Feature Engineering (Lag Selection) 

In alignment with the structural specification of the Multivariate GRNN framework 

outlined in Section 3, an autoregressive feature layer was constructed using a uniform 

lag depth of 𝑝 = 2. This translates the raw series into a continuous matrix of 

interconnected temporal dependencies: 

𝑋𝑡 = [𝑅𝑡−1, 𝑅𝑡−2, 𝐸𝑡−1, 𝐸𝑡−2]
𝑇 

The complete dataset was split chronologically to preserve the temporal vector 

integrity: 80% of the historical observations were allocated to the in-sample training 

and architectural calibration phase, while the remaining 20% were reserved strictly for 

the out-of-sample testing and validation protocol. 

4.3. Structural Architecture of the Proposed Adaptive Lagged GRNN 

To provide a transparent computational perspective of the empirical framework, the 

connectionist processing topology of the proposed Multivariate Adaptive Lagged 

GRNN (𝑝 = 2) is systematically mapped. 
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Fig 1 : Figure 1: Structural Topology and Connectionist Information Flow of the 

Proposed Multivariate Adaptive Lagged GRNN (𝑝 = 2). 

 

The information processing framework illustrated above consists of four specialized 

functional layers: 

1. The Input Layer: Comprises four structural neurons representing the 

multidimensional lagged vector 𝑋𝑡 = [𝑅𝑡−1, 𝑅𝑡−2, 𝐸𝑡−1, 𝐸𝑡−2]
𝑇. This layer ensures that 

the network directly ingests the relevant short-term autoregressive and cross-variable 

fiscal memory of the Algerian macroeconomic system. 

2. The Pattern Layer: Contains n hidden neurons (matching the total number of 

training observations). Each pattern node represents a localized Gaussian kernel 

centered at a specific historical fiscal vector 𝑋𝑖. This layer computes the Euclidean 

distances 𝐷𝑖
2 = ‖𝑋𝑡 − 𝑋𝑖‖

2, scaled by the dynamic, Adaptive Localized Smoothing 

Parameter (𝜎) optimized in the validation phase (σ = 0.0549 for the base framework) to 

capture abrupt macro-structural breaks. 

3. The Summation Layer: Performs parallel processing divided into two distinct 

channels: 

       *The Denominator Node (𝑆𝐷): Computes the sum of the exponential scalar        

weights ∑ 𝑒𝑥𝑝𝑛
𝑖=1 (−

𝐷𝑖
2

2𝜎2
)  to normalize the kernel space. 

*The Numerator Nodes (𝑆𝑁,𝑅 𝑎𝑛𝑑𝑆 𝑁,𝐸) Independently multiply the Gaussian weights 

by the target actual historical revenue (𝑅𝑖) and expenditure (𝐸𝑖) values. 

4. The Output Layer: Formulates the final, non-parametric synthesized expectations 

via bounded rational division: 

𝑅̂𝑡=
𝑆𝑁,𝑅
𝑆𝐷

     𝑎𝑛𝑑     𝐸̂𝑡=
𝑆𝑁,𝐸
𝑆𝐷

 

This layer outputs the optimal,unconstrained fiscal baseline for the target horizon 

4.4. Predictive Performance and Empirical Characterization 

To evaluate the predictive power of the proposed model, the out-of-sample forecasting 

tracking for public expenditures was analyzed against the traditional fixed-sigma 

baseline. 
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Fig 2: Out-of-Sample Predictive Tracking and Dynamic Generalization of Public 

Expenditures. 

 

The statistical validation metrics resulting from this predictive tracking are summarized 

in  

 

Econometric & 

Computational 

Frameworks 

Dynamic 

Optimization 

Vector 

Out-of-

Sample 

𝑹𝟐 Score 

Performance 

Evaluation 

Proposed Adaptive 

Lagged GRNN 

𝜎𝑏𝑎𝑠𝑒 =0.0384 

(Adaptive 

Localized 

Kernel)  

0.9413 Optimal tracking 

with dynamic 

structural flexibility 

Standard Fixed-

Sigma GRNN 

Baseline 

𝜎 =0.0549  

(Rigid 

Symmetric 

Kernel) 

0.1984 Failed to map non-

linear shocks 

(Underfitting) 

Table 1  : Out-of-Sample Predictive Accuracy and Statistical Validation Metrics. 

As demonstrated by the empirical outcomes, the adaptive framework yields an 𝑅2 score 

of 0.9413. This high predictive capacity proves that allowing the Gaussian kernel 

widths to adjust adaptively enables the network to accurately capture non-linear 

structural shifts (such as oil shocks and pandemic-related fiscal pressures) without 

falling into the traditional flat-line or underfitting limitations. 

4.5. Multi-Objective Fuzzy Goal Programming Resolution 

Following the generation of the optimized baseline predictions (𝑅̂  𝑎𝑛𝑑  𝐸̂) the Multi-

Objective Fuzzy Goal Programming (FGP) framework was executed to balance two 

competing sovereign goals: containing the structural budget deficit under revenue 

uncertainty (𝜇1) and preventing contractionary expenditure drops(𝜇2). 
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Fig.3 : Multi-Objective Fuzzy Goal Programming Solution Space and Symmetric 

Satisfaction Convergence 

The exact operational parameters obtained from the structural optimization are 

organized in Table 2: 
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0.9000 
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(𝜆∗) =
0.636 

Table  2: Empirical Solutions and Decision Vector Optimization of the Fuzzy Goal 

Programming Routine 

Economic and Structural Interpretation: 

1. The Corner Solution (𝑥∗ = 0.9000): The optimization routine pushes the structural 

adjustment vector precisely to its lower analytical bound (𝑥 =  0.90). Economically, 

this provides a strict policy signal: under the projected oil revenue volatility, the fuzzy 

system determines that a 10% proactive rationalization relative to the unrestricted 
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baseline forecast is mathematically required to maintain long-term fiscal stability. 

2. The Joint Satisfaction Compromise (𝜆∗) = 0.636:The system reaches an equilibrium 

satisfaction level of 63.60% for both constraints simultaneously. As visualized by the 

exact intersection point in the fuzzy solution space, this intermediate value directly 

mirrors the intense structural conflict between the state's drive to eliminate deficits and 

its institutional commitment to public funding. 

3. Optimized Expenditure Execution (𝐸∗): The model identifies the optimal public 

expenditure envelope at 3,439,530.54 Million DZD. This exact figure represents the 

mathematical compromise where the Algerian treasury can realistically buffer 

international revenue shocks without causing severe structural halts in core 

developmental sectors. 

5. Conclusion and Policy Recommendations 

5.1. Conclusion 

This study introduced a novel hybrid computational framework combining an Adaptive 

Localized Smoothing General Regression Neural Network (GRNN) with Multi-

Objective Fuzzy Goal Programming (FGP) to optimize fiscal planning and policy 

design under severe macroeconomic uncertainty. Applied to Algeria’s historical fiscal 

trajectory (1965–2025), a country highly exposed to hydrocarbon price volatility, the 

empirical architecture successfully bridged the gap between advanced predictive 

machine learning and institutional operational decision-making. 

The econometric and connectionist validation proved that the proposed Adaptive 

GRNN model completely overcomes the flat-line limitations and underfitting issues 

inherent in traditional fixed-kernel neural networks. By allowing the Gaussian kernel 

width (𝜎) to dynamically adapt to local historic data densities, the model achieved an 

out-of-sample predictive power of 𝑅2  =  0.9413 for public expenditures. This high 

forecasting precision provided a statistically rigorous, unconstrained baseline forecast 

for the Algerian treasury. 

When channeled into the multi-objective fuzzy optimization layer, the model 

successfully navigated the structural friction between two conflicting sovereign goals: 

aggressive deficit containment (𝜇1) and public investment stabilization (𝜇1). The 

system converged at a tight operational compromise with a joint satisfaction index of 

(𝜆∗) = 0.636, forcing the policy adjustment factor precisely to its lower bound of 𝑥∗ =

 0.9000. This empirical outcome demonstrates that rigid traditional fiscal rules are 

mathematically suboptimal during resource shocks, and that soft administrative 

corridors provide a more sustainable mathematical framework for macroeconomic 

stabilization. 

5.2. Policy Recommendations for the Algerian Fiscal Authority 

Based on the empirical results generated by the hybrid Adaptive GRNN-FGP model, 

the following strategic policy recommendations are proposed for macro-fiscal planning 

in Algeria: 
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1. Institutionalization of Dynamic Fiscal Rules (𝒙∗ =  𝟎. 𝟗𝟎𝟎𝟎): 

The convergence of the policy vector at exactly 0.90 signals that the Algerian fiscal 

authority should adopt a structural rule requiring a 10% proactive rationalization of 

public spending during downswings relative to unrestricted baseline projections. This 

structural buffer should be codified into the organic budget laws to replace ad-hoc, 

reactive austerity measures, thereby smoothing the transition during oil market 

contractions. 

2. Adoption of the Bounded Expenditure Envelope (𝑬∗): 

The model identifies 3,439,530.54 Million DZD as the mathematically optimal budget 

envelope. The Ministry of Finance should utilize this figure as a baseline ceiling for 

consolidated operational and capital spending. Aligning capital allocations with this 

optimized threshold ensures that core infrastructural projects remain funded while 

preventing the accumulation of unsustainable structural deficits. 

3. Transition to Soft Bounded Corridors (Fuzzy Budgeting):  

The budget planning apparatus should shift from rigid, deterministic revenue targets 

toward flexible fuzzy satisfaction intervals (𝜆∗). By defining explicit tolerance 

corridors for deficits (with a floor established at 𝐵∗ = −1.5 trillion DZD), the state can 

absorb revenue shocks within acceptable membership degrees, avoiding abrupt 

disruptions to social transfers and public investment. 

4. Integration of Machine Learning into Macroeconomic Forecasting:  

The superior performance of the Adaptive GRNN over classical frameworks 

underscores the necessity of embedding non-parametric artificial intelligence models 

into the forecasting units of the Ministry of Finance and the Bank of Algeria. Utilizing 

models with time-varying parameters allows for early detection of structural breaks 

caused by international hydrocarbon shocks. 

5.3. Limitations and Future Research Directions 

While the hybrid model demonstrates high statistical precision and robust policy 

relevance, certain limitations suggest avenues for future academic inquiry. First, the 

current framework utilizes an annual dataset; updating the data structure to quarterly 

intervals—subject to availability—could enhance the network's capacity to capture 

rapid, intra-year fiscal shocks. Second, the input layer can be expanded in future studies 

to include exogenous global variables, such as international Brent crude price volatility 

indices and global supply-chain stress metrics. Finally, exploring the integration of 

Genetic Algorithms (GA) or Particle Swarm Optimization (PSO) to dynamically 

optimize the membership function tolerances in the FGP layer could yield deeper 

insights into asymmetrical fiscal behavior. 
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