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Abstract

Predicting dynamic behavior in complex organizational-technical 

systems such as industrial ecosystems, energy grids, and transportation 

networks faces substantial challenges. These include pronounced 

nonlinearity, inherent uncertainty, and acute data scarcity. Traditional 

machine learning methods deliver high predictive accuracy but remain 

largely uninterpretable, whereas ontological models provide semantic 

clarity yet suffer from static representations. A hybrid synergy proves 

necessary, one that effectively bridges inductive learning with deductive 

logical inference. This study proposes a hybrid approach for predictive 

modeling and scenario analysis, wherein an ontological model functions 
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filter: an ontological layer formalizing system structure, axioms, and 

causal rules; a predictive layer that leverages an ensemble comprising 

Bayesian Ridge regression, Gaussian Process Regression, and Elastic 

Net and a scenario layer designed to generate alternative trajectories. In 

addition, a consistency filter that validates all outputs against ontological 

restrictions proposed. Using leave-one-out cross-validation we 

performed experimental validation on annual data in between 

2012–2024 drawn from three Russian high-technology sectors: 

pharmaceuticals, electronics, and automotive. The hybrid model retains 

the pure ensemble's accuracy with average MAPE ~9.9% and vastly 
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Forecasts extending to 2030 demonstrate coherent trajectory 
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energy, and transportation decision support systems. These findings 

establish a foundational basis for developing intelligent hybrid 

simulation platforms.
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Introduction

Modeling complex organizational-technical systems, such 

as industrial ecosystems, energy grids, transport networks, 

urban agglomerations, and beyond remains a pressing 

challenge for contemporary applied informatics. Such 

systems exhibit nonlinear dynamics, multiple feedback 

loops, delay effects, heterogeneous elements, and profound 

uncertainty (Duan et al., 2022; Burström et al., 2024). 

Moreover, such systems have a strong impact on economic 

development and national innovative ecosystem (Shpak, 

2026). Traditional simulation methods like system 

dynamics, discrete-event simulation, and agent-based 

approaches demonstrate proven effectiveness, yet they 

exhibit fundamental limitations: they require complete and 

homogeneous statistical data, adapt poorly to changing 

conditions, and cannot effectively integrate expert 

knowledge with machine learning within a unified predictive 

architecture (Demartini et al., 2021; Xue et al., 2025).

Recent years have witnessed active developments in 

machine learning for forecasting complex system behavior. 

Ensemble and regularization-based methods achieve high 

predictive accuracy even with incomplete and noisy data 

(Lv et al., 2022; Galicia et al., 2019; Gao et al., 2022). 

Nevertheless, non-interpretable models substantially 

constrain their deployment in decision-support systems. 

Decision-makers cannot interpret the generated forecasts, 

verify their logical consistency, or comprehend why the 

model produced a particular outcome (Mohammed & Kora, 

2023; Mienye & Sun, 2022). This limitation proves 

especially critical for industrial policy, where 

recommending demonstrably unrealistic measures remains 

unacceptable (Irwin, 2020).

Concurrently, ontological modeling has matured, offering 

formal machine-interpretable representations for domain 

structures, causal relationships, and permissible system 

states (Benjamin et al., 2006; Beverley & Tolk, 2025; Lei et 

al., 2020). Ontologies ensure semantic clarity, 

interoperability, knowledge reuse, and automated 

modeling processes (Beck et al., 2010; Al-Mohusain et al., 

2026). In digital twins and co-simulation environments, 

ontologies help maintain linkages among assets, processes, 

data sources, and simulation logic (May et al., 2022; 

Bjørnskov & Jradi, 2023; Jones et al., 2025). However, 

ontological models remain inherently static and cannot 

learn from data, which restricts their adaptivity (Courtot et 

al., 2011; Livet et al., 2010).

This context creates an objective necessity for hybrid 

approaches, ones that combine ontological modeling 

advantages including interpretability, logical consistency, 

semantic structuring with machine learning strengths like 

adaptivity, data-driven learning, high forecast accuracy. As 

Ghidalia et al. (2024) note, hybrid artificial intelligence 

aims to bridge inductive learning with deductive logical 

inference rather than employing them separately. Similar 

conclusions emerge from Von Rueden et al. (2020), 

Procopio et al. (2023), and Wang et al. (2022): neither 

purely knowledge-driven nor purely data-driven methods 

prove sufficient when systems combine known causal 

structures with hidden dependencies in large datasets.

Within modeling and simulation, hybrid approaches 

constitute a family of integration patterns where each 

component assumes a distinct role. Ontologies structure 

meaning and constrain the search space; machine learning 

extracts patterns from data; simulation encodes system 

dynamics or causal process logic (Beverley & Tolk, 2025; 

Schweidtmann et al., 2023; Rajulapati et al., 2022). Several 

studies employ ontologies to organize variables and 

subsequently guide feature selection for machine learning, 

thereby reducing feature space and improving predictive 

accuracy (De Coste et al., 2023). In systems biology, 

specific ontologies describe model components, simulation 

algorithms, and dynamic behavior, thereby creating an 

algorithmic semantic layer (Courtot et al., 2011).
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4. comparing performance against baseline models and 

evaluating individual ensemble component 

contributions;

5. demonstrating semantic filtering effectiveness under 

stress scenarios.

Our experimental basis draws on data from three high-

technology Russian industries: pharmaceuticals, 

electronics, and automotive, spanning 2012–2024. As 

Mityakov and Mityakov (2026) demonstrate, high-

technology industrial sectors function as meso-level 

industrial ecosystems, permitting unified analytical and 

modeling methodologies. We selected these sectors due to 

their strategic importance for technological sovereignty, 

substantial import dependence, existing state support 

programs, and relatively accessible comparable statistical data. 

Practical significance lies in applying the proposed framework 

within decision-support systems for industry, energy, transport, 

and other domains that demand both high forecast accuracy and 

interpretability alongside logical consistency.

Article structure. Section 2 presents our methodology: the 

ontological model, hybrid system architecture, 

mathematical formalization, and experimental procedure. 

Section 3 reports verification results and scenario modeling 

outcomes. The conclusion summarizes key findings, 

acknowledges limitations, and outlines future research 

directions.

Research Methodology

An Ontological Model as the Semantic Backbone

Within the proposed framework, the ontological model 

formalizes domain structure, causal relationships, and 

admissible system states. Unlike conventional applications 

that employ ontologies chiefly for structural description 

and interoperability (Beck et al., 2010; Al-Mohusain et al., 

2026; Lei et al., 2020), this study treats the ontology as an 

active constraint, one that delineates feasible state space 

and eliminates alternatives conflicting with theoretical 

domain knowledge. Our complex-system ontology 

encompasses five formalization layers: 

Despite active hybrid approach development, several 

unresolved problems persist. Integrating ontologies and 

machine learning into a coherent predictive architecture 

remains non-trivial and raises acute questions. For instance, 

how can we ensure ontological constraints do more than 

simply describe the system, with machine learning outputs 

filtering to discard statistically sound yet logically 

inconsistent alternatives? How do we quantitatively assess 

constraint application effects on forecast quality? How do 

we adapt such an approach to real-world data characterized 

by incompleteness and heterogeneity?

Crucially, the proposed semantic filter does not aim to 

improve point forecasts on historical data. Its role is to 

guarantee logical forecast validity when extrapolating 

beyond the training sample, precisely when statistical 

correlations can produce economically absurd trajectories. 

Thus, the hybrid model must preserve pure ensemble 

accuracy under normal conditions while providing a 

"protective barrier" during scenario experiments, fulfilling 

a critical requirement of decision-support systems.

The study presents a hybrid framework that forecasts 

dynamics and evaluates scenarios for complex systems, 

wherein the ontological model acts not as a passive 

knowledge base but as an active semantic constraint for 

ensemble machine learning methods. The ontology 

formalizes system structure, causal relationships, and 

permissible states, filtering out alternatives that contradict 

theoretical domain knowledge. Ensemble methods predict 

dynamics from data and generate missing series. A 

semantic filter verifies each generated scenario against 

ontological constraints, excluding logically inconsistent 

variants. This paper aims to develop a hybrid approach for 

forecasting dynamics and performing scenario assessment 

in complex systems, leveraging ontological constraints 

alongside ensemble machine learning methods resilient to 

small samples. We pursue the following objectives:

1. constructing a domain ontology;

2. designing a hybrid architecture with a three-tier 

semantic filter;

3. implementing and verifying the model on real-world 

industrial ecosystem data;
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Table 1. Ontological model classes and properties

Fig. 1. Hybrid model with multilevel semantic filter

 

Class

 

Description

 

Object Properties

 
Industrial 
ecosystem

 

Higher -level system

  

"has subsystem" → "Subsystem"

 

Subsystem

 

Structural ecosystem unit (sector, cluster, 
production node)

 

"is part of ecosystem" → "Industrial ecosystem";

 
"has resource" → "Economic agent";

 
"is governed by parameter" → "Control parameter";

 
"generates indicator" → "Target indicator";

 
"is subject to factor" → "Exogenous factor"

 Economic Agent

 

Resource base (fixed assets, personnel, 
technologies, etc.)

 

"belongs to" → "Subsystem"

 

Control

 

Parameter

 

Managerial control levers (investments, 
regulations, organizational measures)

 

"influences with delay" → "Target indicator"

 

(with 
attributes: influence sign and temporal lag t );

 "applies to" → "Subsystem"

 
Target indicator

 

Resulting performance m etrics (ROS, ROA, 
market share, productivity)

 

"is subject to influence" ← "Control parameter";
 "is constrained by invariant" → "Invariant 

constraint"
 

Exogenous factor
 

External factors outside system control 
(import share, state participation, 
macroeconomics)

 

"impacts on" → "Target indicator"
 

Invariant 
constraint

 

Axioms and invariants defining admissible 
states (e.g., non -negativity, growth inertia)

 

"applies to" → "Target indicator";
 "is checked by rule" → "Causal rule"

 

Causal rule
 

Logical imp lications "if A, then B" for 
deductive inference (e.g., falling imports 
require investment growth)

 

"triggers" → "Invariant constraint";
 

"uses antecedent" → "Control parameter", "exogenous 
factor"

 

1. system type (organizational-technical, socio-

economic, cyber-physical);

2. key elements are structural components and their 

interconnections; 

3. control actions, including investments, regulations, 

and organizational measures; 

4. target indicators, the resulting system characteristics; 

5. causal links among elements, annotated with sign and 

temporal lag.

Formally, we represent the ontology as a tuple O = (C, P, A, 

R), where C denotes classes (domain concepts), P object 

properties (relations among classes), A axioms (value and 

relationship constraints), and R inference rules, logical 

implications of the form ∀ x (Condition(x)→
Consequence(x)), with x ranging over any domain element: 

a scenario, system state, or time instant. Axioms encode 

system invariants that must remain inviolable under any 

circumstances. For instance, the axiom

∀t (I(t) < I(t-1) ∧ R(t) < R(t-1) → Y(t) < Y(t-1) × (1 + ε))

explicitly asserts that a simultaneous decline in investments 

I and resource provision R precludes the resultant metric Y 

from exceeding a conservative threshold ε above the 

previous level. This constraint reflects inertia intrinsic to 

complex organizational-technical systems and precludes 

growth when resource bases contract.

Inference rules encode causal dependencies, specifying 

both sign and temporal lag. For example, the rule R(t-τ)→
Y(t) captures the delay τ between a control action and its 

subsequent impact on the resultant metric, a cornerstone 

tenet in system dynamics (Shalaldeh et al., 2026; Abdel-

Ghani et al., 2026).

Table 1 presents the class composition and object-property 

structure within our developed ontological model.
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We categorize the inter-class relationships according to 

their functional roles. Mereological relations such as "is 

part of" and "has resource" capture structural nesting and 

compositional hierarchy. Managerial linkages like "is 

governed by parameter" and "applies to" determine which 

control levers apply to a given subsystem. Resultative 

relations including "generates indicator" and "is subject to 

influence" couple each subsystem to its associated 

performance targets. Causal dependencies, parameterized 

by influence sign and temporal lag τ, align with system 

dynamics theory and thereby capture process inertia.

Axioms encode fundamental invariants, conditions whose 

violation invalidates any candidate scenario. For instance, 

one axiom precludes profitability growth under concurrent 

investment and resource-supply declines, because such a 

combination contradicts real-world system behavior. 

Inference rules, framed as logical implications ("if A, then 

B"), provide deductive closure, the exhaustive derivation of 

all entailments from specified premises. Consider a 

scenario where import share contracts while domestic 

output stagnates; the rule deduces that such a trajectory 

requires increased investment, failing which it conflicts 

with ontological restrictions. Both axioms and rules reside 

natively within their respective classes and the semantic 

filter subsequently invokes them to verify forecast 

consistency.

Hybrid Model Architecture

Our hybrid model architecture implements a sequential 

processing pipeline, wherein each layer performs a strictly 

defined function, and every layer's output feeds directly 

into the subsequent stage. Ontological and expert 

knowledge jointly define the admissible state space and 

enable logical inference for model consistency checking. 

The prediction layer employs machine learning models. 

The scenario layer generates multiple alternative system 

trajectories over the forecast horizon. Finally, the semantic 

filter verifies each generated scenario against ontological 

constraints, discarding noncompliant instances and 

returning diagnostic information on rejected scenarios for 

Figure 1 illustrates this architecture. Below, we detail each 

block's purpose and functionality.

Block 1. Ontological Layer. This layer stores the system 

structure in OWL format, leveraging SROIQ description 

logic. It supports deductive reasoning for consistency 

checking and admissible-state-space formulation. The 

ontological layer also incorporates a library of scenario 

templates and historical precedents.

Block 2. Prediction Layer. This layer deploys ensemble 

machine learning to forecast resultant system-indicator 

dynamics. The ensemble comprises three base algorithms 

further analysis. This feedback mechanism facilitates 

iterative refinement for both ontological restrictions and 

predictive model parameters.

Fig. 1. Hybrid model with multilevel semantic filter
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Table 1. Ontological model classes and properties
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structure in OWL format, leveraging SROIQ description 

logic. It supports deductive reasoning for consistency 

checking and admissible-state-space formulation. The 

ontological layer also incorporates a library of scenario 

templates and historical precedents.

Block 2. Prediction Layer. This layer deploys ensemble 

machine learning to forecast resultant system-indicator 

dynamics. The ensemble comprises three base algorithms 

further analysis. This feedback mechanism facilitates 

iterative refinement for both ontological restrictions and 

predictive model parameters.

Fig. 1. Hybrid model with multilevel semantic filter
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deliberately selected for handling short macroeconomic 

time series: Bayesian Ridge regression, Gaussian Process 

Regression (GPR), and Elastic Net. We selected these 

methods for their resilience to small samples, their capacity 

for probabilistic estimation, and their inherent protection 

against overfitting, a prevalent issue for decision-tree 

models given limited observational data.

Block 3. Scenario Layer. This layer generates multiple 

alternative system-development scenarios by varying 

control parameters within specified ranges. For each 

scenario, it computes a trajectory for key performance 

indicators across forecast horizon H (in this study, it is equal 

to 6 years, projecting forward to 2030).

Block 4. Semantic Filter. This filter verifies every 

generated scenario against the ontological constraints. 

Scenarios violating axioms or inference rules are excluded 

from further consideration. The surviving scenarios are 

subsequently ranked by their conformity degree to 

empirical data and theoretical expectations.

We detail the semantic filter's operational principle in 

Figure 3. The filter receives a set of generated scenarios as 

input. Each scenario undergoes verification against the 

axioms and inference rules stored in the ontological 

knowledge base. Scenarios that pass form a viable 

alternative pool; those breaching constraints are discarded. 

The discarded-scenario proportion serves as a quantitative 

filter-efficiency metric. This architecture embodies the 

"ontology-as-constraint" pattern, where the ontology 

functions not as a passive knowledge repository but as an 

active participant in filtering machine learning outputs, an 

approach consistent with contemporary hybrid-system 

paradigms that fuse inductive learning with deductive 

logical inference (Ghidalia et al., 2024; Beverley & Tolk, 

2025).

Semantic filtering ensures forecast validity via the 

projection operator φ. Figure 3 decomposes this operator as 

a sequential binary verification scheme implementing a 

three-tier ontological consistency check. Each incoming 

scenario progresses through three consecutive stages:

1. Structural integrity check. At this stage, we verify that 

the scenario contains all requisite variables, that their 

values are correctly typed, and that they fall within 

physically admissible limits, for example, non-

negativity constraints for production volumes, 

investments, and market shares.

2. Behavioral consistency check. This stage tests the 

scenario against dynamic invariants and causal rules 

encoded in the ontology. We verify the influence sign 

and the temporal lag between intervention and 

response. For instance, we do not permit instantaneous 

production growth following an investment reduction, 

nor do we allow violations of the inertial constraints 

prescribed by our axioms.

3. Contextual adequacy check. Finally, we compare each 

scenario against historical data and boundary 

conditions, ensuring growth rates do not exceed 

empirically observed extremes, market shares remain 

within the [0,1] interval, and similar domain-specific 

constraints hold. This step eliminates statistically 

plausible yet economically unjustified outliers.

Fig 2. Semantic filter
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Crucially, in normal operation, when empirical data does not 
conflict with ontological constraints, the filter leaves 
ensemble forecast unchanged. This property guarantees that 
we retain historical-data accuracy. Its active role emerges 
specifically during hypothetical scenario generation beyond 
the training-sample boundaries, at which point the filter 
precludes logically untenable trajectories. Thus, the filter 
functions as a protective "safety valve" rather than a 
persistent forecast correction mechanism.

We implement this sequential verification across three 
ontology-constraint levels. For each stage, we record the 
rejection rate, assemble the final valid-scenario pool, and 
compute the overall rejection proportion δ. This scheme 
clearly demonstrates the "ontological constraint" principle 
as a mechanism for enhancing systemic consistency in 
modeling outcomes.

Mathematical Formalization

To underpin our empirical validation with a rigorous 
analytical framework, we now formalize the predictive 
engine and the semantic verification mechanism. This 
mathematical exposition specifies the sequential 
transformation thus rendering each architectural layer 
computationally operational. We formalize the predictive 
model as:

where 

Data and Experimental Procedure

We performed experimental validation using data from 

three Russian high-technology industrial sectors 

pharmaceuticals ,  electronics,  and automotive 

manufacturing, spanning 2012–2024. Our primary data 

sources were official Rosstat statistics, form P-1, 

"Production and Shipment of Goods and Services" and 

sector-specific analytical reports. Unlike classical 

approaches that operate with absolute production volumes, 

we selected relative efficiency indicators such as Return on 

Sales (ROS, %) and Return on Assets (ROA, %), as our 

resultant variables (Table 2). This choice eliminates scale 

effects and focuses attention on qualitative changes within 

industrial ecosystems, a particularly relevant consideration 

given price volatility and exchange-rate fluctuations.

Despite having only 13 annual observations, we 

deliberately chose the regression methods described above 

to validate our methodology on aggregated sectoral data. 

We ensured estimate stability through Leave-One-Out 

Cross-Validation (LOOCV). For the automotive sector, 

some values in 2023 and 2024 were missing from the raw 

data; we imputed these via linear interpolation along the 
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deliberately selected for handling short macroeconomic 

time series: Bayesian Ridge regression, Gaussian Process 

Regression (GPR), and Elastic Net. We selected these 

methods for their resilience to small samples, their capacity 

for probabilistic estimation, and their inherent protection 

against overfitting, a prevalent issue for decision-tree 

models given limited observational data.
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approach consistent with contemporary hybrid-system 
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projection operator φ. Figure 3 decomposes this operator as 

a sequential binary verification scheme implementing a 

three-tier ontological consistency check. Each incoming 

scenario progresses through three consecutive stages:

1. Structural integrity check. At this stage, we verify that 

the scenario contains all requisite variables, that their 

values are correctly typed, and that they fall within 

physically admissible limits, for example, non-

negativity constraints for production volumes, 

investments, and market shares.

2. Behavioral consistency check. This stage tests the 

scenario against dynamic invariants and causal rules 

encoded in the ontology. We verify the influence sign 

and the temporal lag between intervention and 

response. For instance, we do not permit instantaneous 

production growth following an investment reduction, 

nor do we allow violations of the inertial constraints 

prescribed by our axioms.

3. Contextual adequacy check. Finally, we compare each 

scenario against historical data and boundary 

conditions, ensuring growth rates do not exceed 

empirically observed extremes, market shares remain 

within the [0,1] interval, and similar domain-specific 

constraints hold. This step eliminates statistically 

plausible yet economically unjustified outliers.
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Crucially, in normal operation, when empirical data does not 
conflict with ontological constraints, the filter leaves 
ensemble forecast unchanged. This property guarantees that 
we retain historical-data accuracy. Its active role emerges 
specifically during hypothetical scenario generation beyond 
the training-sample boundaries, at which point the filter 
precludes logically untenable trajectories. Thus, the filter 
functions as a protective "safety valve" rather than a 
persistent forecast correction mechanism.

We implement this sequential verification across three 
ontology-constraint levels. For each stage, we record the 
rejection rate, assemble the final valid-scenario pool, and 
compute the overall rejection proportion δ. This scheme 
clearly demonstrates the "ontological constraint" principle 
as a mechanism for enhancing systemic consistency in 
modeling outcomes.

Mathematical Formalization

To underpin our empirical validation with a rigorous 
analytical framework, we now formalize the predictive 
engine and the semantic verification mechanism. This 
mathematical exposition specifies the sequential 
transformation thus rendering each architectural layer 
computationally operational. We formalize the predictive 
model as:
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sector-specific analytical reports. Unlike classical 

approaches that operate with absolute production volumes, 
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Sales (ROS, %) and Return on Assets (ROA, %), as our 

resultant variables (Table 2). This choice eliminates scale 

effects and focuses attention on qualitative changes within 

industrial ecosystems, a particularly relevant consideration 

given price volatility and exchange-rate fluctuations.

Despite having only 13 annual observations, we 

deliberately chose the regression methods described above 

to validate our methodology on aggregated sectoral data. 

We ensured estimate stability through Leave-One-Out 

Cross-Validation (LOOCV). For the automotive sector, 

some values in 2023 and 2024 were missing from the raw 

data; we imputed these via linear interpolation along the 
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Table 2. Experimental Data Characteristics (2012–2024 Averages)

 

Parameter Pharma Electronics Automotive 
Observation period 2012–2024 
Observation count 13 values, annually 
Mean ROS, % 8.8 7.0 3.4 
Mean ROA, % 6.5 7.8 3.5 
Mean autonomy coefficient 0.46 0.47 0.22 
Mean inventory turnover, days 70 60 59 
Mean receivables turnover, days 81 58 55 

�Bayesian Ridge, a probabilistic regularized method 

ensuring stable estimates under small samples via 

parameter priors;

�Elastic Net which combines L1 and L2 regularization, 

enabling simultaneous feature selection and variance 

reduction;

�Gaussian Process Regression, a nonparametric 

Bayesian approach approximating nonlinear 

relationships without explicit functional specification;

�Pure Ensemble which averages Bayesian Ridge, GPR, 

and Elastic Net forecasts to enhance robustness;

�Hybrid model stands for proposed approach: the above 

ensemble augmented with our three-tier semantic filter.

5. Scenario modeling. We constructed recursive forecasts 

up to 2030 under three distinct scenarios: inertial (S1), 

import-substituting (S2), and innovation-driven (S3).

6. Sensitivity analysis. We varied the control-action lag 

parameter τ across a 2–6-year range to test our 

conclusions' stability.

We evaluated forecast quality using Mean Absolute 

Percentage Error (MAPE) and Root Mean Square Error 

(RMSE). MAPE threshold is a 10% as our model validity 

criterion for aggregate indicators, consistent with 

established strategic-planning accuracy requirements 

(Shakib, 2020; Mohammad et al., 2026). We assessed 

interpretability qualitatively, based on the proportion 

outcomes that contradict neither expert logic nor 

ontological constraints. We quantified semantic filtering 

Pharmaceuticals show the highest ROS, reflecting strong 

margins and state support. Electronics exhibit comparable 

ROS, but notably lower inventory turnover. The 

automotive sector displays both low profitability and 

minimal financial autonomy, indicating heavy reliance on 

debt capital and imported components.

Our experimental workflow proceeded as follows:

1. Data partitioning. Given the limited annual 

observations, we applied LOOCV to evaluate 

generalization performance, training each model on 12 

years and testing on the single omitted year, iterating 

across all years. This approach yields robust error 

estimates and constitutes standard practice for short 

macroeconomic series (Barhoush et al., 2026; 

Hyndman & Athanasopoulos, 2021). Table 3 presents 

2024 forecasts as one representative cross-section; 

LOOCV confirms the same qualitative conclusions.

2. Model training. We trained each configuration on the 

training set. Hyperparameter optimization relied on 

built-in regularization techniques or likelihood 

maximization.

3. Forecasting. We generated predictions for the 2024 test 

year across all three sectors.

4. Model comparison. Our comparative analysis includes 

six model configurations spanning diverse forecasting 

classes:

�ARX (autoregressive with exogenous inputs) captures 

time-series inertia and represents the simplest dynamic 

class;

time series, a standard procedure for handling gaps in 

macroeconomic panel data. All other indicators for 

2012–2024 are actual figures. As control parameters U(t), 

we employed financial independence autonomy coefficient 

and the interest coverage ratio, featuring debt burden. As 

exogenous factors X(t), we used inventory turnover and 

receivables turnover, which reflect supply-chain efficiency 

and payment discipline within industrial ecosystems.
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To evaluate our proposed hybrid approach, we compared 

six model configurations against the 2024 test sample, 

using Return on Sales (ROS, %) as the resultant indicator. 

Table 3 summarizes these outcomes.

efficiency using the δ metric. Finally, we tested statistical 

significance for pairwise model differences using a paired 

t-test for dependent samples at the α=0.05 level.

Results

Comparative Forecast-Accuracy Analysis

Table 3. ROS Forecast Accuracy Comparison on the 2024 Test Sample

 

Approach Sector MAPE (test), % MAPE (train), % RMSE, % 

BayesianRidge 
Pharma 6,1 2,7 0,6 
Electronics 1,7 4,5 0,1 
Automotive 10,7 9,3 0,4 

GPR 
Pharma 15,4 16,2 1,6 
Electronics 19,8 13,3 1,7 
Automotive 10,3 9,1 0,4 

ElasticNet 
Pharma 5,3 3,4 0,6 
Electronics 6,2 4,6 0,5 
Automotive 13,9 8,5 0,5 

ARX 
Pharma 6,9 2,6 0,7 
Electronics 5,1 4,3 0,5 
Automotive 82,4 5,8 3,1 

Ensemble 
Pharma 9,0 7,4 0,9 
Electronics 9,2 7,5 0,8 
Automotive 11,6 9,0 0,4 

Hybrid 
Pharma 9,0 7,4 0,9 
Electronics 9,2 7,5 0,8 
Automotive 11,6 9,0 0,4 

applied no correction. Since pure ensemble and hybrid 

model predictions coincide on the test sample (Table 3), 

additional statistical testing proves unnecessary. This 

outcome confirms our key requirement: the hybrid system 

preserves predictive power while adding semantic control. 

Figure 4 displays actual ROS dynamics alongside point 

forecasts from all six models for 2024.

Comparative analysis reveals substantial forecast-accuracy 

variability across both models and sectors. The lagged 

target-variable regression performs exceptionally poorly 

for the automotive sector, indicating pronounced nonlinear 

profitability dynamics during the crisis period. For 

pharmaceuticals and electronics, however, ARX achieves 

high accuracy with MAPE = 6.9% and 5.1%, respectively. 

The proposed small-sample resilient ensemble 

demonstrates strong stability: its average error across the 

three sectors stands at 9.9%, with a minimal train–test error 

gap, confirming overfitting absence. Bayesian Ridge 

delivers best-in-class results for electronics, while Elastic 

Net excels for pharmaceuticals. Gaussian Process 

Regression exhibits higher errors, likely due to kernel-

selection sensitivity given limited observations. Our hybrid 

model yields accuracy identical to the pure ensemble. This 

equivalence arises because, under normal 2024 forecast 

conditions, empirical data patterns did not conflict with 

domain knowledge; consequently, the semantic filter 

Fig. 4. Sectoral ROS dynamics (2012–2024) 

and 2024 model forecasts.
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Table 2. Experimental Data Characteristics (2012–2024 Averages)

 

Parameter Pharma Electronics Automotive 
Observation period 2012–2024 
Observation count 13 values, annually 
Mean ROS, % 8.8 7.0 3.4 
Mean ROA, % 6.5 7.8 3.5 
Mean autonomy coefficient 0.46 0.47 0.22 
Mean inventory turnover, days 70 60 59 
Mean receivables turnover, days 81 58 55 

�Bayesian Ridge, a probabilistic regularized method 

ensuring stable estimates under small samples via 

parameter priors;

�Elastic Net which combines L1 and L2 regularization, 

enabling simultaneous feature selection and variance 

reduction;

�Gaussian Process Regression, a nonparametric 

Bayesian approach approximating nonlinear 

relationships without explicit functional specification;

�Pure Ensemble which averages Bayesian Ridge, GPR, 

and Elastic Net forecasts to enhance robustness;

�Hybrid model stands for proposed approach: the above 

ensemble augmented with our three-tier semantic filter.

5. Scenario modeling. We constructed recursive forecasts 

up to 2030 under three distinct scenarios: inertial (S1), 

import-substituting (S2), and innovation-driven (S3).

6. Sensitivity analysis. We varied the control-action lag 

parameter τ across a 2–6-year range to test our 

conclusions' stability.

We evaluated forecast quality using Mean Absolute 

Percentage Error (MAPE) and Root Mean Square Error 

(RMSE). MAPE threshold is a 10% as our model validity 

criterion for aggregate indicators, consistent with 

established strategic-planning accuracy requirements 

(Shakib, 2020; Mohammad et al., 2026). We assessed 

interpretability qualitatively, based on the proportion 

outcomes that contradict neither expert logic nor 

ontological constraints. We quantified semantic filtering 

Pharmaceuticals show the highest ROS, reflecting strong 

margins and state support. Electronics exhibit comparable 

ROS, but notably lower inventory turnover. The 

automotive sector displays both low profitability and 

minimal financial autonomy, indicating heavy reliance on 

debt capital and imported components.

Our experimental workflow proceeded as follows:

1. Data partitioning. Given the limited annual 

observations, we applied LOOCV to evaluate 

generalization performance, training each model on 12 

years and testing on the single omitted year, iterating 

across all years. This approach yields robust error 

estimates and constitutes standard practice for short 

macroeconomic series (Barhoush et al., 2026; 

Hyndman & Athanasopoulos, 2021). Table 3 presents 

2024 forecasts as one representative cross-section; 

LOOCV confirms the same qualitative conclusions.

2. Model training. We trained each configuration on the 

training set. Hyperparameter optimization relied on 

built-in regularization techniques or likelihood 

maximization.

3. Forecasting. We generated predictions for the 2024 test 

year across all three sectors.

4. Model comparison. Our comparative analysis includes 

six model configurations spanning diverse forecasting 

classes:

�ARX (autoregressive with exogenous inputs) captures 

time-series inertia and represents the simplest dynamic 

class;

time series, a standard procedure for handling gaps in 

macroeconomic panel data. All other indicators for 

2012–2024 are actual figures. As control parameters U(t), 

we employed financial independence autonomy coefficient 

and the interest coverage ratio, featuring debt burden. As 

exogenous factors X(t), we used inventory turnover and 

receivables turnover, which reflect supply-chain efficiency 

and payment discipline within industrial ecosystems.
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To evaluate our proposed hybrid approach, we compared 

six model configurations against the 2024 test sample, 

using Return on Sales (ROS, %) as the resultant indicator. 

Table 3 summarizes these outcomes.

efficiency using the δ metric. Finally, we tested statistical 

significance for pairwise model differences using a paired 

t-test for dependent samples at the α=0.05 level.

Results

Comparative Forecast-Accuracy Analysis

Table 3. ROS Forecast Accuracy Comparison on the 2024 Test Sample

 

Approach Sector MAPE (test), % MAPE (train), % RMSE, % 

BayesianRidge 
Pharma 6,1 2,7 0,6 
Electronics 1,7 4,5 0,1 
Automotive 10,7 9,3 0,4 

GPR 
Pharma 15,4 16,2 1,6 
Electronics 19,8 13,3 1,7 
Automotive 10,3 9,1 0,4 

ElasticNet 
Pharma 5,3 3,4 0,6 
Electronics 6,2 4,6 0,5 
Automotive 13,9 8,5 0,5 

ARX 
Pharma 6,9 2,6 0,7 
Electronics 5,1 4,3 0,5 
Automotive 82,4 5,8 3,1 

Ensemble 
Pharma 9,0 7,4 0,9 
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Automotive 11,6 9,0 0,4 
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Pharma 9,0 7,4 0,9 
Electronics 9,2 7,5 0,8 
Automotive 11,6 9,0 0,4 

applied no correction. Since pure ensemble and hybrid 

model predictions coincide on the test sample (Table 3), 

additional statistical testing proves unnecessary. This 

outcome confirms our key requirement: the hybrid system 

preserves predictive power while adding semantic control. 

Figure 4 displays actual ROS dynamics alongside point 

forecasts from all six models for 2024.

Comparative analysis reveals substantial forecast-accuracy 

variability across both models and sectors. The lagged 

target-variable regression performs exceptionally poorly 

for the automotive sector, indicating pronounced nonlinear 

profitability dynamics during the crisis period. For 

pharmaceuticals and electronics, however, ARX achieves 

high accuracy with MAPE = 6.9% and 5.1%, respectively. 

The proposed small-sample resilient ensemble 

demonstrates strong stability: its average error across the 

three sectors stands at 9.9%, with a minimal train–test error 

gap, confirming overfitting absence. Bayesian Ridge 

delivers best-in-class results for electronics, while Elastic 

Net excels for pharmaceuticals. Gaussian Process 

Regression exhibits higher errors, likely due to kernel-

selection sensitivity given limited observations. Our hybrid 

model yields accuracy identical to the pure ensemble. This 

equivalence arises because, under normal 2024 forecast 

conditions, empirical data patterns did not conflict with 

domain knowledge; consequently, the semantic filter 

Fig. 4. Sectoral ROS dynamics (2012–2024) 

and 2024 model forecasts.
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Fig. 5. MAPE comparison across all 

models and three sectors.

Figure 4 shows actual ROS values (black line with markers) 

over 2012-2024 and six model projections for 2024. Across 

all sectors, the ensemble and hybrid models produce 

forecasts close to actual values, whereas ARX substantially 

overestimates automotive ROS. This visually substantiates 

that regularization-based methods, unlike simple lagged 

regression, can capture nonlinear dynamics. Figure 5 

summarizes sectoral MAPE comparisons across all 

models.

Figure 5 consolidates MAPE values. For pharmaceuticals, 

Elastic Net yields the lowest error; for electronics, Bayesian 

Ridge. For automotive, ARX exhibits an 82.4% error, 

whereas the stable-method ensemble achieves an 11.6% 

MAPE, confirming regularized approaches' superiority on 

nonlinear dependencies. The hybrid model consistently 

matches ensemble accuracy, demonstrating that the 

ontological framework incurs no predictive loss. Figure 6 

presents the actual-versus-predicted scatter plot for all 

models on the 2024 test sample.

Figure 6 reveals ARX points (brown inverted triangles) 

displaying substantial scatter for automotive. Ensemble 

and hybrid approach points nearly coincide and lie 

considerably closer to the perfect-agreement diagonal 

across all sectors, confirming the ensemble's superior 

performance.

Semantic Filtering Outcomes

To demonstrate semantic-filter functionality, we 

constructed stress scenarios deliberately violating 

ontological axioms, for example, profitability growth 

concurrent with declining financial autonomy. Such 

scenarios did not appear in actual 2024 data, yet their 

elimination verifies correct filter operation. The filter 

sequentially checked generated stress scenarios against 

three constraint groups: structural integrity, behavioral 

Fig. 6. Predicted versus actual ROS values 

(2024 test sample) across models and sectors.
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consistency, and contextual adequacy. The rejected-

scenario proportion averaged one-fifth, confirming the 

ontology's active role in filtering statistically plausible yet 

economically nonsensical alternatives. Example list of 

eliminated scenarios is below:

1. Profitability increases alongside simultaneous declines 

in the autonomy coefficient and interest coverage. Such 

a scenario violates the inertia axiom: deteriorating 

financial stability cannot accompany short-term 

operating-efficiency gains.

2. Accelerated import-dependency reduction without 

corresponding domestic production growth. This 

scenario assumed a 15% annual import-share drop with 

unchanged investment, violating the ontological rule 

"import reduction requires domestic capacity 

expansion."

3. Automotive-sector profitability turning positive while 

maintaining high inventory turnover and low 

autonomy. Historical data indicate that, under sanctions 

constraints, such growth remains impossible without 

structural industry transformation.

After filtering, forecast confidence intervals narrowed, and 

outliers stemming from spurious training-data correlations 

were eliminated. Crucially, all three realistic development 

scenarios examined in the following section: inertial (S1), 

import-substituting (S2) and innovation-driven (S3), 

successfully passed ontological verification and were not 

discarded. This confirms their practical viability and 

consistency with domain knowledge. Collectively, these 

results validate our semantic-filtering hypothesis: 

ontological constraints do not reduce accuracy on 

consistent data, yet they effectively eliminate logically 

contradictory extrapolations – a critical asset for decision-

support under high uncertainty.

Comparative Scenario Analysis

To demonstrate practical applicability, we constructed 

recursive forecasts to 2030 under three industrial-

ecosystem development scenarios:

�S1, Inertial maintaining 2023 control-parameter 

values.

�S2, Import substitution, where annual autonomy-

coefficient grows by 0.02, interest coverage rising by 

0.5 percentage points, and inventory/receivables 

turnover decreasing by 1 day each.

�   S3, Innovation-driven has more aggressive changes: 

autonomy +0.03 annually, coverage +1.0 percentage 

points, turnover -2 days per year.

Table 4 reports recursive forecasting results.

Figure 7 visualizes recursive ROS projections to 2030. 

Unlike decision trees, which cannot extrapolate beyond 

training samples, our selected regression methods respond 

appropriately to managerial impulses. We observe a logical 

profitability hierarchy across scenarios (S3 > S2 > S1): 

pharmaceutical forecasts reach 9.5% (S1), 10.6% (S2), and 

11.4% (S3); automotive projections reach 4.1%, 5.3%, and 

5.8%, respectively. This confirms the model's capacity to 

capture directional trends, while system inertia manifests as 

smooth rather than abrupt growth, consistent with 

economic reality. All three scenarios remain ontologically 

admissible, violating none of the embedded axioms.

Table 4. ROS Forecast for 2030 by Scenario (%)

Sector S1 S2 S3 

Pharma 9,5 10,6 11,4 

Electronics 8,8 9,5 10,3 

Automotive 4,1 5,3 5,8 

Fig. 7. ROS forecast trajectories to 2030 under 

three industrial-ecosystem development scenarios.

Figure 7 illustrates forecast trajectories through 2030.



Pacific Business Review (International)

Volume 19, Issue 3, September 2026

Fig. 5. MAPE comparison across all 
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elimination verifies correct filter operation. The filter 
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consistency, and contextual adequacy. The rejected-

scenario proportion averaged one-fifth, confirming the 

ontology's active role in filtering statistically plausible yet 

economically nonsensical alternatives. Example list of 

eliminated scenarios is below:

1. Profitability increases alongside simultaneous declines 

in the autonomy coefficient and interest coverage. Such 

a scenario violates the inertia axiom: deteriorating 

financial stability cannot accompany short-term 

operating-efficiency gains.

2. Accelerated import-dependency reduction without 

corresponding domestic production growth. This 

scenario assumed a 15% annual import-share drop with 

unchanged investment, violating the ontological rule 

"import reduction requires domestic capacity 

expansion."

3. Automotive-sector profitability turning positive while 

maintaining high inventory turnover and low 

autonomy. Historical data indicate that, under sanctions 

constraints, such growth remains impossible without 

structural industry transformation.

After filtering, forecast confidence intervals narrowed, and 

outliers stemming from spurious training-data correlations 
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discarded. This confirms their practical viability and 
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ontological constraints do not reduce accuracy on 

consistent data, yet they effectively eliminate logically 

contradictory extrapolations – a critical asset for decision-

support under high uncertainty.

Comparative Scenario Analysis

To demonstrate practical applicability, we constructed 

recursive forecasts to 2030 under three industrial-
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values.

�S2, Import substitution, where annual autonomy-

coefficient grows by 0.02, interest coverage rising by 

0.5 percentage points, and inventory/receivables 

turnover decreasing by 1 day each.

�   S3, Innovation-driven has more aggressive changes: 

autonomy +0.03 annually, coverage +1.0 percentage 

points, turnover -2 days per year.

Table 4 reports recursive forecasting results.

Figure 7 visualizes recursive ROS projections to 2030. 

Unlike decision trees, which cannot extrapolate beyond 

training samples, our selected regression methods respond 

appropriately to managerial impulses. We observe a logical 

profitability hierarchy across scenarios (S3 > S2 > S1): 

pharmaceutical forecasts reach 9.5% (S1), 10.6% (S2), and 

11.4% (S3); automotive projections reach 4.1%, 5.3%, and 

5.8%, respectively. This confirms the model's capacity to 

capture directional trends, while system inertia manifests as 

smooth rather than abrupt growth, consistent with 

economic reality. All three scenarios remain ontologically 

admissible, violating none of the embedded axioms.

Table 4. ROS Forecast for 2030 by Scenario (%)

Sector S1 S2 S3 

Pharma 9,5 10,6 11,4 

Electronics 8,8 9,5 10,3 

Automotive 4,1 5,3 5,8 

Fig. 7. ROS forecast trajectories to 2030 under 

three industrial-ecosystem development scenarios.

Figure 7 illustrates forecast trajectories through 2030.
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Sensitivity Analysis for the Temporal-Lag Parameter

We performed a sensitivity analysis to test forecast stability 

against the temporal lag τ between control actions and 

profitability response. Varying τ across a 2-to-6-year range 

allowed us to assess this parameter's influence (Table 5).

Sensitivity analysis reveals that ROS forecasts remain 

within relatively narrow bands across τ variation: 

9.4–12.2% for pharmaceuticals, 8.0–9.5% for electronics. 

The automotive sector exhibits complete lag invariance, 

potentially reflecting structural factors dominating 

temporal effects within this industry. The total range does 

not exceed 2.8 percentage points for any sector. This 

substantiates model robustness to temporal-lag selection: 

our methodology does not demand ultra-precise τ 

calibration and preserves forecast stability across a broad 

value range.

Synthesis of Findings

Our experiments confirm the core research hypothesis. The 

primary results synthesize as follows:

1. Accuracy and Interpretability: The hybrid model 

demonstrates strong stability essentially matching the 

pure ensemble while substantially outperforming ARX, 

particularly on nonlinear automotive data. Crucially, 

the hybrid model also delivers forecast explainability 

through formalized ontological rules.

2. Filter Integrity: LOOCV-based statistical analysis 

confirms that semantic-filter introduction introduces 

no distortion into valid forecasts. The filter activates 

exclusively under stress scenarios, effectively 

discarding logically inconsistent alternatives.

Table 5. 2030 ROS Forecast Sensitivity to Lag t

τ, years Pharma Electronics Automotive 

2 9,7 8,1 3,9 

3 9,8 8,6 3,9 

4 (base model) 9,4 8,0 3,9 

5 10,3 8,5 3,9 

6 12,2 9,5 3,9 

3. Scenario Differentiation: Scenario forecasting through 

2030 reveals logical trajectory differentiation 

contingent on managerial decisions (S3 > S2 > S1). 

This confirms model adequacy and its extrapolation 

capability—a property decision-tree classifiers 

inherently lack.

4. Parameter Robustness: Sensitivity analysis for 

temporal lag 

Discussion

Paper's findings substantiate the proposed hybrid 

approach's operational viability. Preserving high forecast 

accuracy with average MAPE approximately 9.9% across 

three sectors, despite introducing ontological constraints 

confirms that semantic filtering introduces no systematic 

distortion. LOOCV-based statistical analysis demonstrates 

that the error differential between the pure ensemble and the 

hybrid model approaches zero, rendering the difference 

variance effectively null and the t-statistic indeterminate. 

From a mathematical-statistical standpoint, this outcome is 

positive: it establishes that an ontological framework can be 

embedded within the predictive pipeline without forfeiting 

predictive strength.

In our real-data 2024 experiment, conditions for semantic-

filter activation did not materialize, indicating that 

historical data remain consistent with ontological 

restrictions. This does not constitute a model deficiency; 

rather, it signals those empirical patterns do not contradict 

domain knowledge. Indeed, this situation is precisely 

desirable for trustworthy deployment: the filter should not 

"adjust" forecasts to fit the ontology when the data 

themselves remain logically sound. The filter's true value 

emerges during extrapolative scenario exercises, for 

instance, under abrupt policy shifts where statistical models 

may produce unrealistic outliers. Here, the filter serves as a 

semantic barrier, a function it successfully demonstrated in 

stress-test scenarios by eliminating logically inconsistent 

alternatives.

Positioning our architecture within the broader landscape 

of hybrid methods reveals a distinct niche. Post-hoc 

explanation techniques like LIME, SHAP, and their 

analogues address the interpretability of already-generated 
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decisions but do not influence the generation process itself, 

nor do they guarantee antecedent consistency. In our work, 

constraints apply prior to forecast generation, aligning with 

the "interpretability-by-design" paradigm. Furthermore, 

unlike studies where ontologies merely describe domain 

structure or enable interoperability, our ontological model 

assumes an active regulatory function. This moves beyond 

simple hybridization toward a genuine synergistic effect, 

wherein deductive and inductive components reciprocally 

complement one another.

Examining practical application aspects, our approach 

supports not merely forecasting but also scenario 

engineering. By varying control parameters, decision-

makers can identify which alternatives conform to 

ontological restrictions and which do not. In our 

experiment, all three scenarios (S1, S2, S3) passed 

ontological verification without filter activation, 

confirming their practical realism and alignment with 

domain knowledge.

Nevertheless, certain limitations warrant acknowledgment. 

We developed the ontological model specifically for meso-

level industrial ecosystems, and its transferability to other 

system classes requires adaptation. Axiomatic quality and 

inference-rule precision remain critical: any formulation 

errors may induce flawed constraints, demanding rigorous 

expert scrutiny during ontology construction. Our reliance 

on annual data objectively constrains statistical power. 

However, we position this work as a proof-of-concept for 

the hybrid architecture, where the priority lies in ensuring 

logical forecast consistency. We have substantiated 

estimate stability through LOOCV and sensitivity analysis.

Future research directions include automating ontology 

construction from textual sources using natural language 

processing, applying the methodology to other complex-

system classes, integrating with digital twins to create 

hybrid simulation environments, and employing deep 

neural architectures while retaining the ontological 

constraint layer. A separate avenue involves developing 

adaptive ontologies capable of evolving based on analysis 

of rejected scenarios.

Conclusion

The study has proposed and experimentally validated a 

hybrid approach for forecasting dynamics and performing 

scenario assessment in complex organizational-technical 

systems. In this framework, the ontological model 

functions as an active semantic constraint for ensemble 

machine learning methods. Unlike conventional schemes 

that employ ontologies passively, our proposed architecture 

integrates deductive and inductive components within a 

unified predictive chain.

Experimental evidence confirms that introducing 

ontological constraints does not reduce forecast accuracy 

relative to the pure ensemble of small-sample–resilient 

methods while simultaneously ensuring forecast 

explainability through formalized knowledge. We 

demonstrated the semantic filter's operational efficacy in 

stress scenarios, where it successfully eliminates logically 

contradictory alternatives that standard ML models cannot 

detect. The filter's non-activation on real 2024 data we 

interpret as consistency between empirical dependencies 

and domain knowledge: an outcome that does not diminish 

the proposed architectural solution's value. It is shown that 

on a small data sample, the ensemble of small-

sample–resilient methods such as Bayesian Ridge, GPR, 

and Elastic Net substantially outperforms simple lagged 

regression, particularly on nonlinear data. Forecast 

scenario through 2030 exhibits logical trajectory 

differentiation contingent on managerial decisions (S3 > S2 

> S1), confirming model adequacy and its capacity for trend 

extrapolation.

We have justified the proposed approach's applicability to a 

broad class of complex organizational-technical systems, 

using three high-technology industrial sectors as our test 

bed. Sensitivity analysis revealed forecast stability against 

temporal-lag variation, confirming methodology 

robustness under system-parameter uncertainty. Our 

findings lay the foundation for intelligent hybrid modeling 

and decision-support systems that combine the precision of 

modern machine learning with the depth of expert 

knowledge formalized in ontological models, while clearly 

identifying avenues for further methodological refinement.
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We performed a sensitivity analysis to test forecast stability 

against the temporal lag τ between control actions and 

profitability response. Varying τ across a 2-to-6-year range 
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 Measuring E-Banking Service Quality and Customer Satisfaction: 
A Study of Commercial Bank of Ethiopia in Nekemte Town 

Abstract

This study investigates the impact of electronic banking (e-banking) 

service quality on customer satisfaction in the Commercial Bank of 

Ethiopia (CBE) operating in Nekemte Town. The study aims to identify 

key service dimensions influencing customer satisfaction and provide 

managerial insights to improve digital banking performance. A 

descriptive and cross-sectional survey research design was employed. 

Primary data were collected from 348 active customers of CBE using a 

structured questionnaire based on a five-point Likert scale. Quantitative 

analysis was conducted using Pearson's correlation and multiple linear 

regression with SPSS version 25 to assess the relationship between five 

e-banking service quality dimensions—reliability, ease of use, delivery 

time, security, and overall service quality—and customer satisfaction. 

The results revealed a strong positive and statistically significant 

relationship between e-banking service quality and customer 

satisfaction (R² = 0.758). Among the predictors, service security and 

delivery time showed the highest influence on customer satisfaction, 

followed by reliability, ease of use, and service quality. The findings 

suggest that CBE should prioritize enhancing system security, 

improving transaction speed, and strengthening reliability to increase 

customer satisfaction and sustain competitive advantage in Ethiopia's 

digital banking sector. This study extends the SERVQUAL framework 

to the context of e-banking in Ethiopia, providing empirical evidence 

from a developing-country perspective and offering practical 

recommendations for service quality improvement in public banking 

institutions.

Keywords: E-banking service quality, Customer satisfaction, 

Commercial Bank of Ethiopia, Digital banking, SERVQUAL model

Introduction

Over the past two decades, the rapid advancement of information and 

communication technology (ICT) has transformed the banking sector 

worldwide. Electronic banking (e-banking) has emerged as a strategic 

tool that enables banks to deliver services efficiently, enhance 

Yadessa Olgira Sorie
Scholar
Department of Commerce,
College of Business & Economics, 
Wollega University, 
Nekemte, Ethiopia. 
Email ID - yadesa2009@gmail.com 

Dr. Durga Prasad. T
Assistant Professor
School of Business, Aditya University, 
Surampalem, Andhra Pradesh, India. 
Email ID – drdurgaprasad555@gmail.com 

Rupam Dhani
Assistant Professor 
Department of Management, 
Brainware University, 
Barasat, Kolkata. West Bengal, India. 
Email ID - rupamdhani@gmail.com 
Orcid ID - 0000-0001-6504-8097  

Dr. Kamal Kant Hiran
Associate Professor
Faculty of Computing & Informatics,
Sir Padampat Singhania University,
Udaipur, India. 
Email ID - kamalhiran@gmail.com  

137


