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Abstract. The article is devoted to the development of an integrated decision support system for inventory
management based on artificial intelligence. Particular attention is paid to the integration framework and data
processing workflow that enables efficient interaction between demand forecasting, inventory optimization,
supply chain risk analysis, and dynamic pricing modules. In today's digital economy, effective inventory
management is crucial for maintaining competitiveness amid complex supply chains and volatile consumer
demand. The authors propose a mathematical model and use Random Forest regression models to forecast
sales patterns with high accuracy (R? = 0.92). The Inventory Optimization Unit uses clustering-based
machine learning techniques to determine optimal economic order quantities and safety stock levels.
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PA3PABOTKA Y1 BHEAPEHUE MOAEAEU MAIIIMHHOI'O
OBYYEHUA AAS TIPOTHO3UPOBAHM A TOBAPHDBIX 3AITACOB
B TEXHOAOTMYECKHNX KOMITAHMAX

AnHoTtanwst. CraThs MOCBsiIeHa pa3paboTKe HHTETPUPOBAHHO CHCTEMbI TOAAEPIKKH IIPUHSTUS PelIeH
AASL YTIPABAEHIIS 3aI1ACAMH HA OCHOBE HCKYCCTBEHHOTO HHTeAAekTa. Oco00e BHUMAHHE YACASIETCS CTPYKType
HHTErPALiH H PaboyeMy POLjecCy 06pabOTKH AAHHBIX, KOTOPbIe 00eCIIeYnBAIOT 9pPpeKTHBHOE B3ANMOAEH-
CTBHE MeXAY MOAYASIMH IIPOTHO3HPOBAHUS CIPOCA, ONTHMHU3AIIUH 3aI1aCOB, AHAAN3A PUCKOB I1eTIOYKHM ITOCTA-
BOK H AMHAMITYECKOTO IIeHO000pa3oBaHust. B ycAoBHsix coBpeMeHHOM I$POBOI SKOHOMUKH 3P PEeKTHBHOE
yIpaBAeHHUe 3a[laCaMU HMeeT pellaolijee 3HaYEHHe AAS IOAAEPIKAHISI KOHKYPEHTOCIIOCOOHOCTH. ABTOpaMu
TIpeAAaraeTCsl HCTIOAb3OBaHIE MOAeAell perpeccuu caydaiinoro aeca (Random Forest) aas nporsosupo-
BaHHS CTPYKTYPbL IPOAAXK C BbICOKOI TouHOCTBI0 (R* = 0,92), 2 TakoKe METOAOB MAIIMHHOTO 0OydeHus Ha
OCHOBe KAQCTEpPU3ALIHH AAS OTIPEACACHISI ONITHMAABHBIX 00BEMOB 3aKa30B H yPOBHEI CTPAXOBOTO 3araca.

Katouesvte cA068a: IPOrHO3UpPOBaHKE CIPOCA HA 3aIIachl, ONITUMH3AIIHS YIPAaBACHHUS 3aIlaCaMH, [IeHOBas
CerMeHTalsl, CHCTeMBI IIOAACPIKKH IPUHATHS pelIe U, PUCKHU IJeIIOYKH II0CTAaBOK, AHHAMIYECKOe LjeHO-
obpasoBanue, cAygaitHslit Aec, XGBoost, HCKycCTBEHHBIN HHTEAAEKT, MAIIHHHOE 00y4eHe, 9KOHOMIYHBII
PpasMep 3aKa3a, CTpaXoBOH 3arac.

A yumuposanus: Arnawtee M.M.M., Majid H.A., Zaiter M.F.Z. Development and implementation
of machine learning models for inventory forecasting in technology companies // Bectrux Poccuii-
cxoro HoBoro yHuBepcutera. Cepusi: CAOXHbBIE CHCTEMbl: MOAEAH, aHAAU3, yrpaBaeHHe. 2026. N 1.
C. 46-67 (ma anramtickom szpike). DOI: 10.18137/RNUV9187.26.01.P.46

1. Introduction

Design a framework for real-time dynamic inventory management using cloud-based Al
deployment to enable adaptive decision-making in response to demand fluctuations, solve the
problem of traditional systems failing to accommodate complex demand drivers, and improve
inventory forecasting accuracy. In the modern digital economy, efficient inventory manage-
ment has become a critical factor in maintaining the competitiveness and operational efficien-
cy of companies, especially those operating in dynamic and technology-driven markets. The
increasing complexity of global supply chains, the volatility of consumer demand, and the
growing volume of data generated by sales channels have necessitated the adoption of ad-
vanced information technologies for inventory forecasting and optimization [1]. Among these
technologies, artificial intelligence (AI) and machine learning (ML) methods have shown
great promise in improving the accuracy and efficiency of inventory prediction models [2].
This study focuses on technology companies operating in data-rich environments, where ad-
vanced machine learning methods can be effectively leveraged for integrated inventory deci-
sion support.
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On Al-based decision support systems for inventory management is underlined by a set of
converging elements that have positioned inventory optimization as a strategic priority and not
an operational problem [3]. Firstly, inventory represents a significant capital expense for
organizations in any industry, with the global inventory management software market expected
to reach $3.2 billion by 2026, underscoring the significant economic relevance of the domain.
Second, the pandemic of COVID-19 has disclosed significant vulnerabilities of global supply
chains, ruthlessly illuminating the consequences of overstocking (wastage and obsolescence)
and poor inventory levels (stockouts and forgone sales), thereby more forcefully emphasizing
the need for more resilient and responsive inventory control practices [4]. Third, the resultant
exponential rise in data availability—through enterprise resource planning systems, Internet of
Things sensors, and digital supply chain platforms-has created unprecedented opportunities
for sophisticated analytics previously not possible, but most organizations are struggling to
leverage this data abundance to derive meaningful inventory insights. Fourth, despite the
advances in machine learning and Al, research indicates that almost 79% of companies still
significantly rely on spreadsheets or basic software for inventory choice, indicating a colossal
gap between technological potential and actual adoption [S]. Fifth, increasing pressure for
sustainability across business activities means enhanced precise inventory management to
reduce waste, reduce carbon emissions, and improve circular economic practices. Sixth,
inventory positioning has become more difficult with e-commerce and omnichannel retailing
and decreased the desirable level of inventory imbalance, as the customer expects instant
availability of the product through every channel [6]. Finally, academic research has tended to
focus on individual building blocks of inventory management-demand forecasting,
optimization models, risk analysis, or pricing policy-without much regard for overall
frameworks that deal with the interdependencies between these components. This research
answers such fragmentation by an overarching methodological approach that leverages artificial
intelligence for the entire lifecycle of inventory management, particularly relevant to the
present period of dynamic business where operational efficiency and supply chain resilience
have become central drivers of competence. General issues of machine learning and predictive
modeling have been extensively examined in the works of T. MITCHELL, I. GOODFELLOW,
A.NG, and Y. BENGIO. Significant contributions to feature selection techniques, particularly
recursive feature elimination and ensemble learning approaches, have been made by
J. FRIEDMAN, L. BREIMAN, S. SHALEV-SHWARTZ, and A. STREHL. In the context of
inventory management and demand forecasting, the studies of P. W. C. PRASTACOS,
C. CHIEN, S. V. CHOPRA, and M. A. FISHER have highlighted the potential of machine
learning models to optimize supply chains and predict sales dynamics. Furthermore, the
integration of intelligent technologies into inventory optimization strategies has been
investigated by L.R. MARTIN and E.G. DEMEYERS [7].

2. Methodology

The methodological framework of the Al-powered decision support system for inventory
management establishes the structural foundation upon which the four analytics blocks are
integrated [8]. This structure details the conceptual architecture, integration framework, and
data processing pipeline that enables efficient interaction between the demand forecasting,
inventory optimization, supply chain risk analysis, and dynamic pricing blocks. The architecture
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is designed to facilitate both real-time decision support as well as strategic planning in an
integrated system where component autonomy is facilitated while coordinating their tasks [9].

The methodological choices adopted in this study are guided by a comparative assessment
of alternative approaches commonly applied in inventory forecasting and control. Classical
statistical models and rule-based inventory policies are widely used due to their simplicity and
interpretability; however, they typically rely on strong assumptions regarding demand
stationarity, linearity, and independence, which are rarely satisfied in dynamic and data-
intensive environments characteristic of technology companies.

Machine learning models, in contrast, offer greater flexibility in capturing non-linear
relationships and complex feature interactions but are often applied in isolation to specific
subproblems, such as demand forecasting or pricing optimization. The proposed methodology
addresses this limitation by integrating multiple machine learning components within a unified
decision support framework, allowing predictive outputs from one module to systematically
inform and constrain the behavior of others. This design choice distinguishes the proposed
approach from single-model or single-task methodologies and enables consistent decision-
making across the inventory management lifecycle.

From a generalizability perspective, the methodology emphasizes structural robustness
rather than reliance on a particular dataset or algorithm. The use of modular architecture,
standardized data interfaces, and time-aware validation strategies allows individual components
to be retrained or replaced without altering the overall system logic. Moreover, validation
procedures based on expanding time windows, scenario-based simulations, and stress testing
under demand and supply uncertainty are incorporated at the methodological level to assess
model stability beyond average-case performance.

As a result, the proposed methodology is not tied to a specific industry configuration or
demand distribution but provides a transferable framework that can be adapted to different
operational contexts through feature engineering, parameter tuning, and domain-specific data
integration.

2.1. Conceptual Design of the Decision Support System

Conceptual design of the decision support system is modular architecture in structuring
the four analytical components into a networked but autonomous framework. Every module—
demand forecasting, inventory optimization, supply chain risk analysis, and dynamic pricing—
exists as an independent analytical module with clearly defined inputs and outputs. Modular
architecture enables independent run-time execution when there are special inventory
decisions to be made and coordinated run-time execution when end-to-end inventory
management is desired [10]. The system employs a layered architecture composed of a data
layer, analytical layer, integration layer, and presentation layer. Data layer controls the collection,
cleansing, and warehousing of data using a custom-built schema tailored to time-series
inventory data. The analytical layer holds the machine learning models and optimization
algorithms that power each component. The integration layer facilitates inter-component
communication with standard API interfaces and data translation protocols [11]. The
presentation layer provides decision-makers with dashboards and visualization tools and
configurable views for operational, tactical, and strategic inventory management functions.
This conceptual architecture aims for flexibility, scalability, and interpretability to address
diverse organizational settings and decision-making requirements [12].
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2.2. Multi-component Analysis Integration Architecture

The integration of architecture establishes standards for sharing information and functional
coordination among the four analysis components. The architecture has a hub-and-spoke
design with a central integration engine coordinating component interaction. This integration
engine has a shared state representation of inventory parameters and governs sequence of
execution when multiple components are fired. Inter-component communication is through
standardized JSON message formats with traceability and validation metadata [13].

Data Sources ETL Process Centralized Data Lake

ERF Systeme Format Normalization | Demand Data | o Speed Cach

Point-of-Sale Entity Resolution Inventory Data | | (Freauent Features)
Warehouse Mgmt issing Value Imputatio Supply Chain Data Persistent Storage
Market Indicators Data Standardization . | Pricing Data (Complete Feature Sets)

Component-Specific Feature Engineering

Demand Forecasting Inventory Optimization Supply Chain Risk Dynamic Pricing
Lag Variables Stock Level Metrics Categorical Encodings Polynomial Transformations
Time Series Features Turnover Rates Risk Indicators Elasticity Features
\ J
'8 '
Temporal Data Partitioning Data Quality Monitoring Processing Methods
Distribution Drift Detection :
Training Validation | |Operational [ ] Re.alftllme B.ach ]
[ Outlier Detection J Pipeline Pipeline
~ Data Integrity Checks o

Figure 1. Decision Support System Conceptual Architecture

Presentation Layer
Tools = Configurable Views

(Operational, Tactical, and Strategic Funclions)
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Figure 2. Multi-component Analysis Integration Architecture
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The design dictates three main integration patterns: sequential workflows whereby output
from one component (e.g, demand planning) drives output into another (e.g., inventory
optimization); parallel processing whereby several components concurrently analyse the same
inventory situation; and feedback loops whereby output from downstream stages drives
refinements to upstream stages [ 14].

3. Demand Forecasting and Pattern Recognition Methodology

Demand forecasting and pattern recognition methodology provides a formal framework
for generating forecasts of future inventory requirements from analysis of historical sales data
and environmental conditions. This module forms the core of the decision support system by
offering predictive estimates of demand that are used to inform future inventory decisions. The
methodology employs advanced feature engineering techniques specifically designed for time
series data, trains Random Forest regression algorithms to detect intricate non-linear patterns
of demand and applies strict temporal validation methods to test predictive performance at
varying horizons [15].

Table 1
Metrics Evaluation methods
Metric Description
MSE (Mean Measures the average squared difference between predicted and actual values. Lower
Squared Error) values are better.

MSE Normalized | The MSE is divided by the variance of the actual sales, to adjust for scale and provide more
comparable results.

R* Score Indicates the proportion of variance explained by the model. A higher R* score indicates
better performance.

MAE (Mean Measures the average absolute error between predicted and actual sales. Lower values

Absolute Error) indicate better accuracy.

RMSE (Root Mean | The square root of MSE, providing a more interpretable value for error magnitude
Squared Error) in the original units of the target variable.

3.1. Feature Engineering for Time Series Data

The time series feature engineering step turns raw chronological sales records into a high-
density representation that captures temporal patterns at various scales of time. Calendar
features are always derived from transaction timestamps, i.e., day of week, day of month, month
of year, quarter, and year to identify cyclical patterns and trends at longer scales [16]. These
core temporal characteristics are supplemented by cyclical encoding via sine and cosine
transformations that preserve circularity in time characteristics. Lag features are calculated at
different intervals (1-day, 7-day, 14-day, 30-day, 90-day, 365-day) to detect the autocorrelation
effect in the demand signal. Rolling window statistics like moving averages, standard deviation,
min and max, and percentiles are calculated across various window lengths (7, 14, 30, 90 days)
to pick up onlocal trend patterns. Specialized features within the industry include promotional
indicator flags, holiday indicator flags, and seasonality indicator flags defined at product
category level. External factors are introduced via weather data, macroeconomic indicators,
and competitor prices where applicable.
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Raw Chronological Sales Records
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Figure 3. Feature Engineering for Time Series Data

Interaction terms are created systematically to capture combinatorial effects between
temporal features and product attributes [17]. Feature selection techniques like mutual
information scoring, recursive feature elimination, and permutation importance are utilized
within a cross-validation framework to determine the optimal subset of features for each
product category in order to address the curse of dimensionality. Missing values in the feature
set are handled by forward-fill for time-series features and conditional mean imputation for
contextual features [18].

Equation for Demand Forecasting:

R 1%
P = far(X,) = E; Ti(X;)

where:

+ J,is the predicted demand at time ¢,

¢ fueis the Random Forest regression function,

+ X is the feature vector at time t (e.g., temporal features like day, month, and product charac-
teristics),

+ T represents the i-th decision tree in the Random Forest ensemble,

+ Nis the number of trees (e.g., 100 as specified in the document).
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3.2. Random Forest Regression Model Configuration

The Random Forest regression model is configured with a comprehensive hyperparameter
approach maximizing predictive performance under computational efficiency constraints [19-
20]. The tree base set consists of 100 decision trees, each generated by a bootstrap sample of the
training data to ensure diversity in the ensemble. Tree complexity is controlled by a maximum
depth parameter initially set to 20 but modified through model tuning. The minimum samples to
split an internal node are established at 10 to prevent overfitting noise in the training data. Feature
randomization in tree building uses the square root of the number of features as the sampling
parameter in an effort to balance between tree variety and feature usage.

Random Forest Ensemble
100 Decision Trees with Bootstrap Sampling

L o o & 2 £

L "'\ A Bootstrap Sarﬁ;‘)les J
v Epsemble :A-grg regaiign” v i
( Tree Configuration ) Training Parameters
Maximum Depth: 20 (tunable) Error Estimation: Out-of-Bag (O0B)
Minimum Samples Split: 10 Warm Start: Enabled
Feature Sampling: sqri(n_features) Loss Function: Weighted MSE
Minimum Samples Leaf: 5 Weighting: Recency-based
Leaf Prediction: Mean of samples Qutlier Handling: Winsorization (1-99%)
' v v M\

Implementation Details

Computational Efficiency Model Persistence Performance Balance
Job-level Parallelism Sernialization Praotocol Predictive Accuracy
Optimized Node Partitioning Preprocessing Preservation Computational Efficiency
_ J

Figure 4. Random Forest Regression Model Configuration

Model persistence is enabled through serialization protocols that preserve the trained model
structure along with associated preprocessing transformations to ensure consistency at the time
of deployment [21].

3.3. Temporal Validation Strategy and Model Selection

The time validation method follows a systematic schedule for testing model performance
across varying forecast horizons while maintaining the time order integrity of the time series
data. A time cross-validation is applied through an expanding window strategy wherein initial
training is performed with the oldest data segment and validation on a subsequent time
window.
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Table 2
Temporal Validation Strategy and Model Selection
Aspect Description
Validation Method Expanding Window (Time Cross-Validation)
Procedure Initial training on oldest data segment; Validation on subsequent time window;
Training window expands by including previously validated data
Forecast Horizons Short-term: 1-7 days; Medium-term: 8-30 days; Long-term: 31-90 days
Performance Metrics RMSE (Root Mean Squared Error): Penalizes large errors; MAPE (Mean Absolute
Percentage Error): Measures relative accuracy; Bias Metrics: Detects over/under
forecasting
Seasonal Adjustment Applied to error measures to account for varying forecast difficulties across periods
Models Compared ARIMA; Exponential Smoothing; Machine Learning Models; Random Forest
Implementation
Ensemble Methods Averaging forecasts from multiple models; weights optimized via Bayesian
Optimization
Robustness Testing Sensitivity Analysis: Evaluates performance under data perturbations and different

initialization conditions

Model Selection Criteria

Quantitative: Performance metrics; Qualitative: Interpretability, update frequency,
computational efficiency

Retraining Strategy

Periodic retraining based on data update and forecast horizon needs; Automated
notifications for performance degradation triggering special retraining cycles

The ensemble methods that average forecasts from multiple model families are compared
extensively using weighted averages where the weights are optimized via Bayesian optimization.

Table 3
Training Models Values
Model MSE MSE R? MAE RMSE
XGB Regressor 0.06 0.7474 0.85 0.12 0.12
dd 0.29 0.8913 0.72 0.22 0.17
Ridge Regression 0.29 0.8913 0.72 0.22 0.17
Lasso Regression 0.30 0.8961 0.71 0.22 0.17
Decision Tree 0.20 0.8323 0.77 0.14 0.15
Random Forest 0.08 0.7589 0.84 0.13 0.13
Gradient Boosting 0.09 0.7674 0.83 0.15 0.13
Extra Trees 0.17 0.8190 0.78 0.13 0.15
K-Nearest Neighbors 0.14 0.7971 0.80 0.16 0.14
LightGBM 0.01 0.7166 0.88 0.13 0.11
CatBoost 0.02 0.7261 0.87 0.12 0.11

3.4. Inventory Simulation and Reorder Point Optimization

Inventory simulation and reorder point optimization strategy uses a stochastic simulation
environment to evaluate inventory policies under realistic demand and supply conditions
before implementation [22]. The simulated world replicates day-to-day inventory movements
with the assistance of Monte Carlo methods that generate synthetic demand profiles mimicking
historic distributions as well as autocorrelation structures present in actual demand data.
Reorder points are established using the formula:
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Reorder Point = Average Demand During Lead Time + Safety Stock

with extensive testing of the multiplier factors to arrive at the most suitable trigger levels. The
simulation encompasses a number of inventory policies including continuous review (5,Q),
periodic review (R,S), and hybrid models with comparative analysis to ascertain the optimum
method for every class of products. Explicitly, supply chain disruptions are modeled through a
sequence of random shock events with frequency and severity parameters that are estimable
from disruption history [23].

Stochastic Simulation Envirenment Reorder Point Calculation

RP = Average Demand During Lead Time + Safety Stock

Monte Carlo Methods Supply Chaln Disrupt:
Multipliar Factor Testing for Trigger Lavels

Synthetic Damand Profiles Random Shack Evants
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Figure S. Inventory Simulation and Reorder Point Optimization

4. Supply Chain Risk Assessment and Disruption Management Methodology

The supply chain risk assessment and disruption management methodology establish a
systematic framework for identifying, quantifying, and mitigating potential disruptions within
the inventory management ecosystem. This component employs advanced classification
techniques to predict supply chain stability across multiple risk categories, enabling proactive
intervention before disruptions impact inventory operations. The methodology combines
structured feature engineering specific to supply chain risk indicators, implements a multi-class
classification approach for nuanced stability prediction, and utilizes specialized temporal
validation techniques to ensure predictive reliability across varying time horizons. This
comprehensive approach provides decision-makers with actionable intelligence regarding
potential supply chain vulnerabilities and their projected impact on inventory availability.

4.1. Multi-class Classification Framework for Stability Prediction

The multi-class classification framework implements a hierarchical approach to supply
chain stability prediction that categorizes risk levels across five distinct stability classes (0-4),
representing graduated levels from severe disruption to complete stability. The framework
employs Random Forest classification as its core algorithm, configured with 100 decision trees
and balanced class weights to address the inherent imbalance in stability categories where
extreme disruptions occur less frequently than normal operations. Each decision tree is
constructed with a maximum depth of 20 nodes and a minimum of 10 samples per leaf to
prevent overfitting while maintaining sufficient granularity in decision boundaries.
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Equation for Supply Chain Stability Classification:
1
PlcylX,) = I E?rzlf(Ti (X)) = i)

where:

+ P(c|X) is the probability of supply chain stability class ¢, (e.g., one of five stability categories)
given feature vector X,

+ X, includes features like manufacturer reliability and supply chain risk indicators,

« T is the i-th decision tree in the Random Forest classifier,

+ Iisthe indicator function (1 if the tree predicts class ¢, 0 otherwise),

+ Nis the number of trees in the Random Forest ensemble.

4.2. Feature Selection for Supply Chain Risk Indicators

The feature selection process for supply chain risk indicators implements a domain-driven
approach combined with statistical validation to identify the most relevant predictors of supply
chain stability. The methodology begins with a comprehensive feature space encompassing
four primary risk domains: supplier reliability indices (measuring historical performance of
key suppliers), distributor efficiency metrics (quantifying logistics network responsiveness),
manufacturer production stability indicators (tracking production consistency and quality),
and retailer inventory management effectiveness (assessing downstream inventory control).
Within each domain, both direct performance metrics and derived indicators are calculated,
resulting in an initial candidate feature set of over 50 potential predictors.
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Figure 6. Time Series Cross-validation for Temporal Risk Assessment
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4.3. Time Series Cross-validation for Temporal Risk Assessment

The time series cross-validation methodology for temporal risk assessment implements a
specialized validation framework that preserves the chronological integrity of supply chain
data while providing robust estimates of predictive performance across different time horizons.
The approach employs a rolling window validation strategy where models are initially trained
on a fixed-length historical window and validated on a subsequent period, with both windows
then advanced forward in time for the next validation iteration. Window sizes are calibrated to
capture complete business cycles, typically spanning 12 months for training and 3 months for
validation, ensuring that seasonal patterns are fully represented.

Performance evaluation employs a multi-metric approach including accuracy, precision, re-
call, F1-score, and area under the ROC curve, with particular emphasis on class-specific met-
rics to identify any stability categories where predictive performance may be deficient. Tempo-
ral drift detection is incorporated through statistical tests that compare performance across
sequential validation windows, automatically flagging significant performance degradation
that may indicate changing supply chain dynamics requiring model retraining.

S. Dynamic Pricing and Procurement Optimization Methodology

Dynamic pricing and procurement optimization methodology offers a unified approach to
establishing product pricing strategies that are simultaneously optimal with respect to profitabil-
ity and market competitiveness. This module utilizes a segmented modeling approach that recog-
nizes the variation in pricing dynamics across product value segments, from budget to premium
products.The method integrates machine learning and economic pricing theory to develop adap-
tive pricing models that respond to market conditions, cost factors, and competitive strategy.

S.1. Price Segmentation Strategy and Model Specialization

Price segmentation strategy follows a systematic approach to split the product price con-
tinuum into mutually exclusive segments, which have comparable price dynamics and drivers.
The strategy employs quantile-based segmentation, which divides the price continuum into
five segments (Very Low, Low, Medium, High, Premium) on the basis of percentile ranges (0-
20th, 20th-40th, 40th-60th, 60th-80th, and 80th-100th percentiles) of the historical price dis-
tribution. A specialization architecture of models assigns independent model instances to ev-
ery segment, allowing algorithmic parameters and hyperparameters to be distinctively opti-
mized for every price range . The distribution of training data is stratified to ensure representa-
tion of all product subcategories within every price segment. The segmentation strategy in-
cludes routine boundary recalibration protocols that retest segment thresholds against evolv-
ing price distributions, so segmentation stays relevant with altering market conditions.

S$.2. XGBoost Configuration for Different Price Segments

The XGBoost configuration process follows a segment-wise approach to the parameteriza-
tion of gradient boosting algorithms that optimizes the predictive power for the different price
segments. A distinct XGBoost model is configured for every price segment, with segment-spe-
cific hyperparameters catering to the individualistic characteristics of the particular segment.
The Very Low segment configuration employs a relatively shallow tree depth (max depth of
3-4) to prevent noise fitting in the typically dense but less feature-dependent budget price
space, while employing a higher learning rate (0.1-0.15) to pick up on the stronger cost-price
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relationships in this segment quickly. The Low and Medium segments utilize medium tree
depths (5-6) and learning rates (0.05-0.1), balancing model complexity and generalization
ability in these composite-factor pricing segments [49]. The High and Premium segment mod-
els utilize deeper trees (7-8) to capture the complex, non-linear interactions of premium prod-
uct attributes and pricing, while utilizing lower learning rates (0.01-0.05) to carefully model
the subtle price determinants for luxury segments.
Equation for Dynamic Pricing:
M

Be = Fres() = ) Win (X

m=1
where:
+ p,is the predicted price for a product at time ¢,
s fyop is the XGBoost model function for a specific price segment,
+ X, is the feature vector (e.g., polynomial transformations, market features),
+ ¢, isthe m-th tree’s contribution in the XGBoost ensemble,
« w_isthe weight of the m-th tree,

« Mis the number of trees in the XGBoost model.

Very Low | Low ‘ Medium | High Premium
Tree Depth 34 5-6 5-6 7-8 7-8
——
Learning Rate 0.1-0.15 0.05-0.1 0.05-0.1 0.01-0.05 0.01-0.05
B L1 (alpha) L1 (alpha) Balanced L2 (lambda) L2 (lambda)
Begularization Favored Favored L1&L2 Favored Favored
<
Number of Trees 100-300 100-300 150-350 200-500 200-500
;T‘:'r‘nﬂ;‘z 0.80.9 0.80.9 0708 0607 0607
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———
Objective MSE MSE MSE Pseudo-Huber Pseudo-Huber
Absolute Accuracy Absolute Accuracy Absolute Accuracy Outlier Resistant = Outlier Resistant
e R
Shallow Trees Decp Trees
Higher Leaming Rate Lower Leamning Rate

Figure 7. XGBoost Configuration for Different Price Segments

For each segment, the number of estimators (trees) is selected by early stopping rules during
cross-validation, typically concluding with 100-300 trees for lower segments and 200-500 trees
for premium segments where additional model capacity is required to capture more complex pat-
terns. Column subsample and sample parameters are established to allow appropriate randomiza-
tion during training, with tighter sampling in lower segments (0.8-0.9) where data is abundant
and patterns more predictable, and looser sampling in premium segments (0.6-0.7) to prevent
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overfitting to the typically smaller luxury product datasets. The objective function is customized
on a per-segment basis, with mean squared error used for lower segments where absolute price
accuracy is critical, and a pseudo-Huber loss function used for premium segments to achieve
lower sensitivity to outliers at no cost of differentiability to calculate gradients.

6. Experimental Results and Discussion

The decision support system’s prediction models demonstrated excellent performance across
all aspects, validating the selection of machine learning techniques for the inventory manage-
ment tasks. Performance indicators reveal great predictive capability in demand forecasting, sup-
ply chain stability classification, and price prediction with varying degrees of accuracy depending
on the specific business situation and market niche.

6.1. Demand Forecasting Model Performance

The demand forecasting module executed with superb predictive accuracy with R of 0.92.
This means that 92% of the variability in the sales data is accounted for by the model. The Root
Mean Square Error (RMSE) of 8.1S units indicates a very minimal difference between pre-
dicted and actual sales values across the test dataset. Feature importance calculation revealed
that item-specific features (“item”) were the top predictor with approximately S5% predictive
capacity, followed by store location (18%) and month (12%). This points to the significant in-
fluence of product characteristics and seasonality on consumer purchasing behavior. The Mean
Absolute Error (MAE) of 6.26 also speaks to the model’s accuracy, with predictions typically
within 6-7 units of actual sales values. Performance was strong across product categories and
volumes sold, with slightly higher accuracy for mid-selling products compared to extreme out-
liers. Time series cross-validation revealed the model’s imperviousness to temporal shifts in
consumer behavior, with consistent performance across different points of the business cycle.

6.2. Supply Chain Stability Classification Accuracy

The supply chain risk assessment model showed excellent classification accuracy of above
99% for all stability classes with nearly perfect ROC curves with AUC (Area Under Curve)
scores of 1.00 for all.
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Figure 8. Supply Chain Stability Classification Accuracy



60 YiipaBAeHMe CAOXKHBIMH CHCTeMaMH

Becraux Poccuiickoro HOBOro yHUBepCUTeTA
Ceprst « CAOXKHDIE CHCTEMBI: MOAGAH, AHAAM3 U YIIpaBAeHHe>. 2026. N¢ 1

The confusion matrix revealed minimal misclassification, with the model correctly classify-
ing 16,241 samples of Category 0 stability, 41,214 samples of Category 1, 48,905 samples of
Category 2, 15,959 samples of Category 3, and 6,143 samples of Category 4, with insignificant
errors only between adjacent categories.

6.3. Optimization Results and Economic Effects

The deployment of Al-based optimization methods throughout inventory management
pieces realized significant economic gains, lowering cost of operations while preserving high
service levels and improving revenue through improved pricing strategies. Measurable gains
were realized in carrying costs, stockout avoidance, and profit margin increase, proving the
measurable business value of the decision support system integrated.

Table 4
Model Evaluation
Random Forest XG mBoost Light GBM Voting Ensemble
MSE 57.7740 53.7945 78.0550 56.5337
RMSE 7.6009 7.3344 8.8348 7.51889
MAE 5.9453 5.9122 6.6804 6.0543
R2 0.9949 0.9952 0.9931 0.9950

A deeper comparative analysis reveals that the advantage of ensemble-based machine learn-
ing models becomes more pronounced as forecasting complexity increases. Classical statistical
approaches and linear regression models demonstrate acceptable performance under stable
demand conditions but show a rapid degradation in accuracy when demand exhibits strong
non-linearity, seasonality shifts, or interaction effects between product and temporal features.

Ensemble methods such as Random Forest, XGBoost, and LightGBM maintain consis-
tently lower RMSE and MAE values across short-, medium-, and long-term forecasting hori-
zons, indicating superior robustness to demand volatility. This behavior is particularly evident
in medium- and long-term horizons, where tree-based ensembles outperform linear and sin-
gle-tree models by effectively capturing delayed effects and higher-order feature interactions.

These results confirm that the proposed forecasting module systematically outperforms
commonly used baseline approaches rather than relying on isolated metric improvements,
thereby justifying the selection of ensemble learning as the core predictive mechanism within
the decision support system.

6.4. Service Level Maintenance (95%+) During Stockout Simulations

Inventory simulation verified the ability of the system to allow high service levels even for
demanding scenario cases, and the desired service level of 95% was achieved consistently
throughout the 30-day simulation period. When high demand instances were encountered,
where the number of units ordered daily exceeded 300 units (two times the average units de-
manded daily of 137.31 units), the system was capable of filling orders of customers by utilizing
optimally staged safety stock. The inventory simulation showed that the system effectively sus-
tained the stockout risk vs. inventory cost tradeoff, and theoretical inventory profile closely
followed actual inventory behavior throughout the simulation period, thereby proving the us-
ability of the model in reality.
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Figure 9. Service Level Maintenance During Stockout Simulations

To illustrate the practical decision-making implications of the proposed system, a represen-
tative inventory simulation scenario was analyzed in detail for a high-demand product catego-
ry. Under a sudden demand surge exceeding twice the historical average, the system dynami-
cally adjusted reorder points and safety stock levels based on updated demand forecasts and
risk indicators.

As a result, inventory availability was maintained without excessive overstocking, demon-
strating how predictive signals from the forecasting and risk modules are translated into action-
able replenishment decisions. This case highlights the system’s ability to replace static inven-
tory policies with adaptive, data-driven control logic, even under adverse operating conditions.

6.S. Cost-Driven versus Manufacturer-Driven Price Drivers across Segments

A feature importance investigation across price segments revealed distinct price drivers for
different market segments, with a stark divergence between cost-driven premium prices and
manufacturer-driven budget prices. Among Premium, Unit Cost Squared (5.6% importance)
and Unit Cost (5.3%) were the significant predictors combined, accounting for over 10% of
price determination, with manufacturer-specific traits showing secondary importance (3.3%
for dominant manufacturer). In contrast, for Very Low, manufacturer identity was the dominant
price determinant, with Manufacturer Northwind Traders contributing a 17.5% importance



62 YiipaBAeHMe CAOXKHBIMH CHCTeMaMH

Becraux Poccuiickoro HOBOro yHHBepCcHUTeTa
Ceprst « CAOXKHDIE CHCTEMBI: MOAGAH, AHAAM3 U YIIpaBAeHHe>. 2026. N¢ 1

score—three times that of unit cost (5.5%). This indicates an inherent shift in pricing strategy
across the market range, whereby premium products utilizing cost-plus costing practices and
budget offerings are competing on brand placement and manufacturing efficiency.

Feature Importance Analysis Correlation Analysis
Contribution to Supply Chain Stability Prediction Strong Associations with Manufacturer Reliability

RI_ManufacturerTotal_Cost RI_Retader1

\ J,

M{nufacturor Reliability by Stability Catogcry' Supply Chain Hierarchy Impact
Feature Importance Across Different Stability Levels Di D

3% %
2%

Category Oategory Gategory Gategory Gategory 4

Figure 10. Manufacturer Reliability as Key Supply Chain Stability Factor

6.6. Product Category-Specific Inventory Management Patterns
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Figure 11. Product Category-Specific Inventory Management Patterns

Inventory management trends were distinguished by having exclusive characteristics in
product groups, where best parameters varied tremendously based on product type. The eco-
nomic order quantity calculation revealed category-specific trends with EOQ-to-average-dai-
ly-demand ratios ranging from 4.2 days’ supply for Cell phones to 8.7 days’ supply for Cameras
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and camcorders, reflecting different optimal ordering frequencies. Stockout simulation results
also supported these trends, with Cell phones experiencing the best service level (98.2%) dur-
ing demand peaks, while Computers experienced most stockouts even with higher safety stock
due to their greater demand uncertainty.

6.7. Stockout Prediction Accuracy and Prevention Rates

The inventory system was highly accurate in predicting potential stockout incidents, with
96.2% of stockout threats accurately predicted at least 5 days in advance of occurrence—provid-
ing sufficient time for corrective action. During the 30-day simulation period, the system pre-
dicted 8 potential stockout occurrences across different product categories, of which 7 were
correctly predicted (true positives) and only 1 was a false positive, for a precision rate of 87.5%.
Among the 7 correctly predicted stockout risks, preventive measures successfully prevented S
incidents (71.4% prevention rate), and 2 stockouts did indeed happen despite mitigation ef-
forts due to extremal demand spikes above the 99.9th percentile of historical patterns.
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Predcted Conet Gy Precision Rate: 87.5%
8 7 5 Prevention Rate: 71.4%
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Figure 12. Stockout Prediction Accuracy and Prevention Rates

Although the experimental evaluation is conducted on datasets derived from technology-
oriented companies, the robustness of the proposed framework is reinforced through multiple
validation and stress-testing mechanisms. Time-series cross-validation with expanding win-
dows ensures temporal generalization, while Monte Carlo-based demand simulations and dis-
ruption modeling expose the system to extreme but plausible operational scenarios.

These procedures partially compensate for limitations related to dataset size by evaluating
model behavior under distributional shifts, demand spikes, and supply interruptions. At the
same time, it is acknowledged that direct transfer of the proposed system to industries with
fundamentally different demand structures may require domain-specific feature adaptation
and retraining, which represents a natural direction for further research.
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In addition to the reported performance metrics, it is important to place the obtained re-
sults in the context of alternative approaches commonly used in inventory forecasting and con-
trol. The comparative evaluation presented in this study includes classical statistical models,
linear regression techniques, and single-model machine learning approaches, which serve as
baseline references for assessing the effectiveness of the proposed system. The results demon-
strate that traditional methods tend to perform adequately under relatively stable demand con-
ditions but exhibit a noticeable decline in predictive accuracy when demand patterns become
highly volatile or non-linear.

Ensemble-based machine learning models consistently outperform these alternatives
across all evaluated horizons, achieving lower forecast errors and higher explanatory power.
This performance gap becomes more pronounced for medium- and long-term forecasts, where
complex interactions between temporal, product-specific, and contextual features play a criti-
cal role. The observed results indicate that the superiority of the proposed approach is not lim-
ited to isolated cases but reflects a systematic advantage over widely adopted baseline methods
in inventory management practice.

With respect to the general applicability of the proposed framework, the experimental eval-
uation is conducted using datasets representative of technology companies operating in data-
intensive environments. While this context provides a suitable foundation for validating the
system, the robustness of the results is further supported through time-series cross-validation
with expanding windows, Monte Carlo-based demand simulations, and stress testing under
extreme demand and supply disruption scenarios. These procedures allow the assessment of
model stability under distributional shifts and atypical operating conditions.

At the same time, it is acknowledged that direct transfer of the proposed system to indus-
tries with fundamentally different demand structures or limited data availability may require
domain-specific feature adaptation and model retraining. This limitation does not diminish the
value of the proposed methodology but rather highlights its modular design and scalability,
which enable adaptation to a wide range of inventory management contexts.

An additional analysis of model behavior across different demand regimes provides further
insight into the observed performance differences. When demand variability remains within
moderate bounds, the gap between classical forecasting models and machine learning ap-
proaches is relatively limited, suggesting that simpler methods may still be adequate for nar-
rowly defined operational contexts. However, as demand volatility increases and structural
changes emerge in the time series, such as abrupt level shifts or irregular seasonal effects, the
performance of traditional models deteriorates disproportionately.

In contrast, ensemble-based learning methods demonstrate a more stable error profile
under these conditions. This stability can be attributed to their inherent ability to aggregate
multiple decision boundaries and to mitigate the influence of noise through averaging mech-
anisms. As a result, forecast errors remain bounded even under scenarios characterized by
sudden demand spikes or temporary disruptions in the supply chain. From an inventory
management perspective, this behavior is particularly critical, as forecasting errors during
high-variance periods tend to propagate non-linearly into inventory costs and service level
degradation.

The analysis also indicates that the integrated nature of the proposed decision support system
contributes to its overall effectiveness. Forecast outputs are not evaluated in isolation but are con-
tinuously translated into inventory control parameters, such as reorder points and safety stock
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levels, and subsequently tested through simulation. This closed-loop evaluation reveals that even
marginal improvements in forecast accuracy can lead to disproportionate reductions in stockout
risk and inventory holding costs, thereby amplifying the practical impact of predictive perfor-
mance gains.

These findings suggest that the value of the proposed approach lies not only in higher point-
wise forecasting accuracy but also in its systemic effect on downstream decision-making pro-
cesses. Consequently, the general applicability of the framework should be understood in
terms of its structural adaptability rather than strict numerical transferability of model param-
eters across domains.

7. Conclusion and Future Work

This research has made major contributions to the field of inventory management by devel-
oping an integrated Al-enabled decision support system addressing core problems across the
whole life cycle of inventory management. The most significant contribution is the new inte-
gration of the four complementary analysis components of demand forecasting, inventory op-
timization, supply chain risk analysis, and dynamic pricing into a single system that offers ho-
listic inventory intelligence. The implementation of segment-specific modeling techniques to
all components is a methodological approach that acknowledges and embraces the heteroge-
neous character of inventory items in order to circumvent weaknesses of one-size-fits-all tech-
niques in existing systems. Our demand forecasting module achieved exceptional accuracy
(R? = 0.92) by identifying product-specific characteristics as significant predictors of sales,
demonstrating that item-level characteristics heavily outweigh temporal variables in terms of
predictive power.

Most innovative is probably the dynamic pricing module’s segment-wise XGBoost models,
which found considerably differing price determinants across price segments (cost-oriented in
lower segments and manufacturer-oriented in high-end segments), supporting precision-based
pricing strategies for market positioning. Apart from these point contributions, the integration
design of the system itself is a breakthrough in decision support method demonstrating how
nominally unrelated inventory activities can be integrated on shared data structures and ancil-
lary AT models to create a platform of decision intelligence optimizing operations, reducing
risk, and maximizing profit in a single process. This research ultimately establishes a new para-
digm for inventory management systems—one that liberates from traditional functional silos to
deliver end-to-end inventory intelligence through the strategic application of artificial intelli-
gence.

8. Feature Representation

Developing a systematic approach to inventory forecasting models for managing organiza-
tional systems in technology companies, including a comprehensive four-component frame-
work that addresses demand forecasting, inventory optimization, supply chain risk analysis,
and dynamic pricing, taking into account the relationship between product attributes, pricing,
and supply chain dynamics, based on the results of predictive models.
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