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Abstract

Efficient forecasting of spare parts consumption is essential for the smooth operation and
profitability of auto service enterprises. Inaccurate forecasting often leads to inventory
imbalances—either overstocking, which ties up capital, or stockouts, which cause service delays
and customer dissatisfaction. This article presents a comprehensive methodology that combines
historical data analysis, statistical forecasting models, seasonality adjustments, and integration
with enterprise systems. The use of models such as ARIMA and linear regression, alongside
classification techniques like ABC analysis, enables more precise demand prediction.
Furthermore, incorporating external variables and emerging technologies such as artificial
intelligence significantly enhances forecast accuracy. The methodology is validated through a
comparative analysis of forecasting techniques using error metrics like MAPE and RMSE. The
findings demonstrate that data-driven and adaptive forecasting approaches can improve
inventory control, reduce costs, and optimize service performance in the automotive sector.
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Introduction

In the competitive landscape of the automotive service industry, one of the most pressing
challenges that service enterprises face is the efficient management of spare parts [3]. Poor
forecasting of spare parts consumption often results in either surplus inventory, leading to
increased holding costs, or shortages that disrupt service operations and lower customer
satisfaction. Thus, it becomes essential to develop a robust, data-driven methodology for
forecasting the consumption of spare parts in auto service enterprises. Such a methodology
enables effective planning, reduces operational costs, and ensures uninterrupted service delivery.
To begin with, the foundation of any forecasting system lies in the systematic collection and
organization of historical data. Data should include not only the frequency of parts used but also
information on the types of vehicles serviced, time of the year, service intervals, and even
customer demographics. This comprehensive dataset provides the raw material necessary for
accurate prediction. In addition, categorizing spare parts according to the ABC analysis—where
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A items are high-value but low-frequency, B items are moderate in both value and frequency,
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N\ //ﬁ “ and C items are low-cost but high-use—helps in setting appropriate control strategies for each
- category [5].

Once data is collected and classified, the next logical step involves choosing suitable forecasting
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e \ models. Statistical techniques such as moving averages and exponential smoothing are
commonly used due to their simplicity and effectiveness in short-term forecasting. However,
more advanced methods like linear regression and ARIMA (Auto-Regressive Integrated Moving
Average) offer significantly improved accuracy, particularly when dealing with trends and
seasonal variations. It is important to test multiple models and compare their performance using
evaluation metrics such as Mean Absolute Percentage Error (MAPE) and Root Mean Square
Error (RMSE) to determine the most reliable approach [1, 265-275].

The role of seasonality cannot be ignored in spare parts consumption. For instance, battery
replacements may spike in colder months, while air conditioning components see higher demand
during summer. To account for such patterns, seasonal decomposition and time-series modeling
become necessary. Furthermore, external factors such as fuel prices, road conditions, regional
vehicle density, and even economic trends should be incorporated into the forecast through
regression analysis or adjustment coefficients, providing a more realistic and adaptable
prediction.
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©  An illustrative comparison of forecasting methods, based on a 12-month dataset from a mid-
: sized auto service center, is presented below:
7 Q
O
5 S Table 1: Forecasting Method Accuracy Comparison
% Forecasting Method | MAPE (%) RMSE Comments
_E o Moving Average 18.5 113.4 Simple but less
T © effective for
— g trend/seasonal
— O
- S Exponential 12.1 96.0 Suitable for short-
2 ?QJ Smoothing term demand
- Linear Regression 9.4 84.6 Good for trend-
@ influenced
forecasting
ARIMA 7.0 71.2 Highly effective for
seasonal data
patterns

As shown in the table, the ARIMA model significantly outperformed other methods in terms of
both accuracy and error minimization. This confirms its suitability for enterprises dealing with
fluctuating and seasonally-influenced spare parts usage.

Incorporating this forecasting methodology into the auto service enterprise's workflow requires
not only technical tools but also organizational commitment. Enterprise Resource Planning
(ERP) systems must be integrated with the forecasting module to enable real-time decision-
making. Additionally, training staff to interpret forecast outputs and adapt procurement and
stocking strategies accordingly ensures the effectiveness of the system. Inventory simulations
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\ |/ and what-if scenario analyses can further optimize the methodology by allowing managers to
N\l fi test the impact of unexpected demand spikes or supply chain disruptions.

}/,// '\\(\ Equally important is the continuous review and adjustment of the forecasting model. Since
TAP \ market conditions, customer preferences, and vehicle technologies are constantly evolving, a
static model quickly becomes obsolete. Thus, the methodology should incorporate periodic
evaluation checkpoints and allow for adjustments based on newly collected data or shifting
trends.

It is also worth noting that emerging technologies such as artificial intelligence and machine
learning are beginning to play a larger role in demand forecasting. These systems can
automatically detect patterns, adjust predictions in real time, and handle large datasets far more
effectively than traditional statistical models. According to Sharma and Malik and et.al., machine
learning models have been found to increase demand forecasting accuracy by over 20% in the
automotive sector. Therefore, service centers aiming for long-term sustainability should consider
hybrid forecasting systems that combine traditional statistical methods with Al capabilities.

Conclusion

In conclusion, developing a forecasting methodology for spare parts consumption in an auto
service enterprise involves a multi-layered approach. From data collection and categorization to
the selection and implementation of statistical models, each step must be carefully executed.
Incorporating seasonal trends, external variables, and advanced analytics ensures the reliability
and adaptability of the forecast. Ultimately, such a methodology not only minimizes costs and
prevents shortages but also strengthens customer satisfaction and enterprise competitiveness in
the evolving automotive service market.
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