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INTRODUCTION
The growing competition in themanufacturing industry demands continuousimprovement [1]. Supply chain management(SCM) is a key factor in maintainingcompetitiveness, particularly in thefabrication sector, which faces high demandfluctuations and the risk of productstockpiling [2], [3]. Efficient SCM ensuresproduction sustainability by balancingproduct availability and operational costswhile also coordinating the flow ofproduction, finance, and marketing activities[4], [5]. Challenges remain in managing multi-product data, which often leads to inventoryimbalances and production failures [6].Artificial neural networks (ANN) have beenincreasingly applied in supply chainforecasting, providing more accuratedemand analysis than conventional methodsthat rely on manual classification [7], [8], [9].
In recent years, the development of artificialneural network models has becomeincreasingly popular in the manufacturingindustry, particularly in supply chainmanagement [10]. The application of artificialneural network (ANN) models in themanufacturing industry can help optimizeproduction processes, predict equipmentfailures, and improve product quality throughmore effective data analysis [11]. Unliketraditional methods such as exponentialsmoothing, linear regression, ARIMA, or Holt-Winters, which generally assume linearrelationships and tend to be less able tohandle multi-product demand volatility [12],[13], [14], ANN is able to capture complexnonlinear relationships and adapt to dynamicchanges in supply chain data. This capabilitymakes ANN more effective in addressingchallenges such as demand fluctuations,limited information, and multi-productforecasting needs [15]. However, ANNmodels still require the availability and

quality of complete data for training in orderto produce accurate predictions. Incompleteand inaccurate data can result in incorrectpredictions [16]. Incorrect predictions riskhindering the optimization process [17].
Artificial neural network demand predictionmodels are often used in the manufacturingindustry to improve the accuracy ofpredicting demand for goods in industrialmachinery production [18]. Artificial neuralnetwork technology has been proven tofacilitate various supply chain activitiesthrough computation [19]. Artificial neuralnetworks are capable of performing multi-product analysis by inputting product datainto a data library, which is then processedwith pre-built analysis, resulting in output inthe form of product data in accordance withdemand with a wider variety of products[20]. Similar to transformer manufacturingindustries, industrial machinery productionshows seasonal patterns and demandfluctuations that require sophisticatedforecasting tools to manage supply chaineffectively [21]. Artificial neural networkmodels have the ability to learn fromhistorical data and simulations to optimizeoperational policies.
This study aims to optimize supply chainmanagement for the needs of themanufacturing machinery project industrythrough an integrated approach thatcombines autocorrelation-based clusteringwith ANN for multi-product demandforecasting. While previous studies generallyfocus on single-product forecasting or relysolely on traditional statistical methods [22],[23] there is still very limited researchintegrating systematic clustering to addressthe challenges of multi-product demandvolatility. The contribution of this study liesin the systematic preprocessing stagethrough PACF-based input determinationand differentiated performance evaluation
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between clusters. This framework not onlyenables better management of demandfluctuations across multiple products butalso provides practical insights to reducestock imbalances and production failures,thereby strengthening decision-making insupply chain management.
RESEARCH METHOD
Data CollectionThe data used in this study consists ofdemand records for water tanks, mixermachines, and conveyors over the past 24months. The dataset was obtained directlyfrom the production and sales records of a

manufacturing company located in Surabaya.The verification process was carried out bycross-matching production reports, salesinvoices, and inventory records to ensureaccuracy and completeness. Missing orinconsistent entries were cleaned andvalidated before analysis. The verifieddataset was compiled using Microsoft Excel,while statistical calculations and ANNmodeling were performed using Python onGoogle Colab. The research stages, includingdata collection, time series clustering,stationarity testing, ANN modeling,evaluation, and practical implementation insupply chain demand forecasting, arepresented in the flowchart in Figure 1

Figure 1 Research Flowchart of ANN-Based Multi-Product Demand Forecasting for Supply ChainOptimization
Understanding the variability of productdemand is essential in developing anaccurate forecasting model for supply chainoptimization. In this study, 24 months ofhistorical demand data were collected forthree manufacturing products, namely watertanks, mixer machines, and conveyors. Eachproduct exhibits unique fluctuation patternsthat reflect different levels of seasonality,

irregular variations, and demand volatility.Such differences increase the complexity ofmanaging multi-product supply chains, asimbalances in one product category candisrupt overall production planning andinventory control. To illustrate thesedynamics, the historical demand trends forthe three products are presented in Figure 2.
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Figure 2 Multi - product demand data for manufacturing companies

Figure 2 presents demand fluctuations over24 months for the three products. The Watertank shows moderate and consistentvariation, Mixer Machine exhibits highvolatility, while Conveyor has more stabletrends. These patterns help identifysimilarities across products before applyingpredictive models.
Data PreprocessingA time series cluster analysis was applied tothe demand data. Distance measures werecalculated using autocorrelation-baseddistances, and cluster membership wasdetermined with the complete linkagealgorithm. The optimal number of clusterswas identified through dendrogram analysis,formulated as:

𝑑 𝑥𝑦 𝑧 = max 𝑑𝑥𝑧,𝑑𝑦𝑧

𝑇(𝑌𝑡) =
𝑌𝜆

𝑡
𝜆 − 1,𝜆 ≠ 0

𝐼𝑛𝑌𝑡    ,𝜆 = 0

(1).

Clusters that meet the stationary assumptionare identified using the PACF plot todetermine the observation lags that affectthe input data for the ANN model. Normalizethe ANN input data using the equationformula:
𝑦 = 𝑥1𝑤1 + 𝑥2𝑤2 + 𝑥3𝑤3 (2).

ANNModel DevelopmentClusters were identified as input data for theANN model by creating a time series plot foreach cluster to determine the data condition.The dataset was divided into training (80%)and validation (20%) subsets to evaluatemodel performance. The ANN was trainedusing backpropagation with a maximum of1,500 epochs and a learning rate of 0.001. Toprevent overfitting, early stopping wasapplied based on validation error, and weightregularization (L2 penalty) was used duringtraining. Based on the identified input data,an ANN model was created according to theprocedure with the equation:
Calculation of hidden neuron output:

𝑧_𝑛𝑒𝑡𝑗 = 𝑣𝑗0 +
𝑚

𝑖=1
𝑥𝑖𝑣𝑗𝑖 (3).

Calculation according to activation function:
𝑧𝑗 = 𝑓(𝑧_𝑛𝑒𝑡𝑗) (4).

Output neuron calculation:
𝑦_𝑛𝑒𝑡𝑘 = 𝑤𝑘0 +

𝑝

𝑗=1
𝑧𝑗 𝑤𝑘𝑗 (5).
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Recalculation according to activationfunction:
𝑦𝑘 = 𝑓(𝑦_𝑛𝑒𝑡𝑘) (6).Calculation of δ of output neuron based onoutput neuron error:
𝛿𝑘 = (𝑡𝑘 − 𝑦𝑘)𝑓′(𝑦_𝑛𝑒𝑡𝑘) (7).

Calculation of weight change withacceleration rate:
Δ𝑤𝑘𝑗 = 𝛼𝛿𝑘𝑧𝑗 (8).

Calculation of δ hidden neurons based onhidden neuron errors:
𝛿_𝑛𝑒𝑡𝑗 =

𝑚

𝑘=1
𝛿𝑘𝑤𝑘𝑗 (9).

Calculation of the δ factor of hidden neurons:
𝛿𝑗 = 𝛿_𝑛𝑒𝑡𝑗𝑓′(𝑧_𝑛𝑒𝑡𝑗)
𝛿𝑗 = 𝛿_𝑛𝑒𝑡𝑗𝑧𝑗(1 − 𝑧𝑗) (10).

Calculation of the weight change rate
Δ𝑣𝑗𝑖 = 𝛼𝛿𝑗𝑥𝑖 (11).

Calculation of all weight changes:
𝑤𝑘𝑗(𝑏𝑎𝑟𝑢) = 𝑤𝑘𝑗(𝑙𝑎𝑚𝑎) + Δ𝑤𝑘𝑗 (12).

Hidden neuron calculations are bias andweighted:
𝑣𝑗𝑖(𝑏𝑎𝑟𝑢) = 𝑣𝑗𝑖(𝑙𝑎𝑚𝑎) + Δ𝑣𝑗𝑖 (13).

Calculation of stopping condition test (end ofiteration):
𝑦 𝑘 = 𝑓0

𝑞

𝑗=1
[𝑤0

𝑗 𝑓ℎ
𝑗 (

𝑝

𝑖=1
𝑤ℎ

𝑗𝑖 𝑥𝑖 𝑘 + 𝑏ℎ
𝑗 + 𝑏0]] (15).

Evaluation MetricsThe goodness of fit of each cluster model wascalculated based on the MAPE value usingthe equation:
𝑀𝐴𝑃𝐸 =

𝑁

𝑡=1

|𝑃𝐸𝑖 |
𝑇

(16).

MAPE measures the extent to whichforecasting results deviate from actual data.The lower the MAPE value, the better theforecasting accuracy. MAPE was chosenbecause it is intuitive, scale-free, and widelyused in supply chain management researchand practice, facilitating performancecomparisons between products and studies[24], [25]. Furthermore, MAPE presentserrors as a percentage, making it easier forpractitioners and decision-makers tounderstand. However, MAPE has limitations,particularly its sensitivity when actual values​​approach zero, which can result in very higherror values [26]. Compared to other metricssuch as RMSE or MAE, which indicate theabsolute magnitude of error, MAPE is moreinterpretive in the context of demandforecasting because it presents errorinformation in percentage units, which arerelevant for decision-making [27]. Similarperformance evaluation approaches havebeen successfully implemented in varioussupply chain contexts, where comprehensiveperformance measurement frameworks helpidentify both high-performing andunderperforming areas, providing basis forstrategic improvements [28]
To assess the prediction performance of theArtificial Neural Network (ANN) model used,the Mean Absolute Percentage Error (MAPE)is employed as an accuracy metric. Theclassification of MAPE values is shown inTable 1.
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Table 1 MAPE criteria of ANN model
Nilai MAPE Information<10% Very good predictive ability10%-20% Good predictive ability20%-50% Fair predictive ability>50% Poor predictive ability

Table 1 presents MAPE-based evaluationcriteria, where lower values indicatehigher accuracy, ranging from very good(<10%) to poor (>50%), and are used toassess the ANN model’s demand forecasts.
RESULT AND DISCUSSION
Conceptual ANN Model of Multi-ProductDemand Supply ChainThe ANN model is created through severalstages aimed at optimizing the supplychain to meet multi-product demandforecasting requirements.a. Complete report data input.Historical demand data (24 months)for three products were used. Theassumption is that data must becomplete and consistent; missing orpoor-quality data may reduce modelreliability.b. Concept of the ANN supply chainmodel for multi-product demandprediction.The ANN was built with a learning rateof 0.001, 20 hidden neurons, andsignificant PACF lags as inputs. Thelimitation is its dependence onparameter tuning and the risk ofoverfitting.
c. Testing the ANN supply chain modelfor multi-product demand forecasting.
Performance was evaluated using MAPE.Cluster one showed high accuracy (MAPE<30%), while cluster two achieved fairaccuracy (MAPE <50%). The assumption isthat MAPE is an appropriate metric,

though it can be sensitive when actualvalues are very small.
This study was conducted to test the abilityof the supply chain ANN model used tomeet multi-product demand forecastingneeds. The supply chain ANN model wasused to improve prediction accuracy basedon MAPE input data and compared withthe prediction results.
Time Series Cluster Analysis of Multi-Product DemandTime series cluster analysis of multi-product demand was used in the datapreprocessing stage. The analysis wasperformed to group each multi-productdemand that was close in distance.Distance calculations for time seriesclusters were performed usingautocorrelation-based distance, with theweight matrix used being the identitymatrix. The algorithm for determiningcluster members used a hierarchicalmethod, namely complete linkage.
The dendrogram clustering in Figure 5Figure 3 shows that Months 6, 7, 10, 14,15, 18, 21, and 24 form one group (clusterone) which is combined at a relatively lowdistance on the vertical axis of thedendrogram, indicating that the demandpattern in cluster one tends to be similar,both in terms of quantity and fluctuation.Months 1, 2, 3, 4, 5, 8, 9, 11, 12, 13, 16, 17,19, 20, 22, and 23 form a cluster two groupshowing a more varied and dynamic levelof demand.
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Figure 3 Time series clustering dendogram graph
Based on Table 2, cluster one shows atendency for low and stable demand. Theaverage demand for water tanks andconveyors is 2.375, while mixers have alower average of 1.875. The coefficient ofvariation shows a small value, with watertanks accounting for 29.30%, mixers31.97%, and conveyors 36.08%, indicatingthat the variation in the data relative tothe average is quite controlled.

Cluster two shows an average demandreached 2,625 for water tanks, 2,437 formixers, and 2,562 for conveyors. Thecoefficient of variation in cluster twoincreases significantly, reaching 48.04%for mixers and 45.70% for conveyors. Thehigh coefficient of variation indicates thatdemand in cluster two is more volatile,requiring a more flexible and responsiveproduction strategy
Table 2 Time series cluster calculation

Cluster Variable Mean Max Min StdDev Coefficient ofVariation (%)
1

Water Tank Demand 2.375 3 1 0.69 29.30Mixer MachineDemand 1.875 3 1 0.59 31.97
Conveyor Demand 2.375 4 1 0.85 36.08

2
Water Tank Demand 2.625 4 1 0.92 35.32Mixer MachineDemand 2.437 4 1 1.17 48.04
Conveyor Demand 2.562 4 1 1.17 45.70

Table 2 indicates that cluster one exhibitsrelatively stable demand with low variation(CV 29%–36%), whereas cluster two showshigher volatility (CV 35%–48%) despiteslightly higher average demand. Thisdistinction suggests that products incluster one are more suitable for forecast-driven planning, while products in cluster

two require a more responsive supplychain approach such as an agile supplychain. These findings align with Octavianiet al.[29], who emphasized the need fordifferentiated forecasting strategies basedon demand volatility, and Hung et al.[30],who demonstrated that integratingclustering into multi-product forecasting
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can improve accuracy by tailoring modelsto specific group characteristics.
Identification of ANN Inputs for Multi-Product DemandANN data input is used to identifyforecasting models for each cluster. Theinput data determination procedure isperformed by examining significant lags inthe PACF plot of stationary data. ANNinput data is determined based onsignificant PACF lags, limited to lag 1 to lag7. Then, it is evaluated based on themodel's goodness-of-fit criterion, namelythe smallest MAPE. Forecasting modelidentification for each cluster is carried outas follows.
The demand cluster in Figure 4 shows thatthe demand for water tanks decreases inthe 7th month with only one unitrequested. In the 10th month, demandincreases by three units and remains stableat three units from the 15th to the 21stmonth. The fluctuations in water tankdemand indicate that demand tends to beconsistent and predictable. The demandfor mixer machines in the 6th and 14th

months was at its lowest point of one unit,increasing in the 21st month by threeunits. Fluctuations in the demand for mixermachines indicate that the demand formixer machines is unstable. The demandfor conveyors in the 6th month was threeunits, decreased to one unit in the 10thmonth, and in the 21st month the demandfor conveyors increased by four units. Thehighly fluctuating pattern of conveyordemand indicates that the demand forconveyors is uncertain. Cluster one showsthat the demand for water tanks appearsto be varied and relatively stable, withdemand from 2 to 4. Months 4, 12, and 22saw an increase in demand, while months2 and 9 saw a decrease. The demand formixer machines showed a significantfluctuating pattern. Demand for mixermachines reached its lowest point inmonths 9 and 17. The demand forconveyors showed a slight stability, butthere was a decrease in months 8 and 20.High demand for conveyor productsoccurred in months 11 and 19, indicatinga consistent demand pattern.

Figure 4 Cluster time series plot graph
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The ACF (Autocorrelation Function) plot isused to identify autocorrelation patternsin time series data to determine datastationarity. Based on the graph in theFigure 5, the ACF plot of water tank clusterone demand at lags 1 to 7 shows mildfluctuations, but most are within theconfidence limits. At lags 2 and 5, the ACFvalue is high. The high ACF value indicatesthat there is no consistent significantautocorrelation, the pattern is random,and the water tank demand data is fairlystationary. The ACF plot of mixer machinedemand shows a low ACF value and iswithin the confidence limits. At lag 6, thereis a high negative ACF value. The highnegative value indicates that there is nosignificant autocorrelation pattern in mixermachine demand and the mixer machinedemand data appears stationary.Conveyor demand has ACF values at lags 1

to 4 showing significant fluctuations, withlags 2 and 4 being outside the confidencelimits. Significant fluctuations indicate thatthe conveyor demand data is notstationary.
The ACF plot of the water cluster two tankand conveyor demand data shows asignificant decrease at lag 1, withautocorrelation values at other lagsapproaching zero and insignificant. Thissignificant decrease indicates that bothdemand variables are stationary, meaningthat their mean and variance are relativelyconstant. The demand for mixer machinesshows that lag 1 still has a significantautocorrelation value, which means thatthe mixer machine demand data is notstationary. To ensure the stationarity ofthe data in the Figure 5 it is necessary toconduct an ADF test.

Figure 5 ACF graph of cluster
The initial identification stage is applied toall clusters. It must be ensured that thestationarity assumption in the cluster datais met. There are two types of stationarity:stationarity with respect to the mean and

stationarity with respect to the variance.The Augmented Dickey-Fuller (ADF) testwas employed to verify the stationarity ofthe data with respect to the mean, whichis critical for ensuring valid time series
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modeling and avoiding spurious regressionresults [31]. The Box-Cox transformationwas applied to stabilize variance andachieve stationarity with respect toheteroscedasticity, thereby improving thereliability of the ANN model inputs [32].These steps ensure that the demand datameets fundamental assumptions of timeseries forecasting and enhances therobustness of the subsequent ANN analysis[33]. The ADF test hypothesis is formulated

as follows:H0 ∶ 𝜋 = 0 (The ACF plot data for thedemand variable is not stationary)
H1 ∶ 𝜋 < 0 (The ACF plot data for thedemand variable is stationary)
The decision-making condition is to rejectH0 if P < 𝛼, where 𝛼 = 0.05.

Table 3 Calculation of ADF test
Demand Variable Dickey-FullerStatistic Lag Order p-value Conclusion

Water Tank cluster one -2.415 7 0.137 Non-stationary (fail to reject H₀)Mixer Machine cluster one -2.672 7 0.078 Non-stationary (borderline)Conveyor cluster one 0.231 7 0.973 Non-stationary (fail to reject H₀)Water Tank cluster two -2.938 7 0.0411 Stationary (reject H₀)Mixer Machine cluster two -4.493 7 0.0002 Stationary (reject H₀)Conveyor cluster two -2.648 7 0.083 Non-stationary (fail to reject H₀)Alternative Hypothesis: The series is stationary.

Based on the Table 3, the demand forwater tanks cluster one has a p-value of0.137. The p-value of 0.137 is greater thanthe significance threshold of 0.05, so H0 isaccepted, which means the water tankdemand data is not statistically stationary.The demand for mixer machines shows ap-value of 0.078. The p-value of 0.078 isclose to the significance limit of 0.05compared to the demand for water tanks,the p-value of the demand for mixermachines is still not low enough to acceptH1. The demand for conveyors displays avery high p-value of 0.973. The p-value of0.973 indicates that the conveyor demanddata is not stationary and statisticallyshows strong fluctuations in the data. Thevariables demand for water tanks, formixer machines, and for conveyors requirea differencing process to make the datastationary. Differentiating serves toeliminate trend components or seasonal

patterns, with the aim of making the datastationary.
The demand for water tank cluster two hasa p-value of 0.0411. The p-value of 0.0411is smaller than the significance limit of0.05, so H1 is accepted, which indicatesthat the water tank demand data is notstatistically stationary. The demand formixer machines shows a p-value of 0.0002.The p-value of 0.0002 is lower than thesignificance limit of 0.05, the p-value ofthe demand for mixer machines can acceptH1. The demand for conveyors displays avery high p-value of 0.083. The p-value of0.083 indicates that the conveyor demanddata is not statistically stationary. Theconveyor demand variable requires adifferencing process to make the datastationary.
The results of the differencing process areshown in the Table 4, the water tank
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demand variable obtained a p-value of0.00003. The conveyor demand showedquite significant results, with a p-value of0.000009. The mixer machine demandafter differencing showed a p-value of0.0082. The p-value for the water tankdemand, mixer machine demand, andconveyor demand is less than 0.05, so H0can be rejected, which indicates that afterdifferencing, the data for the water tankdemand, mixer machine demand, and

conveyor demand have becomestatistically stationary. The conveyorcluster two demand variable wassubjected to two data differencingprocesses to obtain a p-value lower thanthe significance limit. The p-value forconveyor demand is 0.00071, the p-valuefor conveyor demand is lower than thesignificance limit of 0.05, indicating thatthe conveyor demand data is statisticallystationary.
Table 4 Calculation of differencing of ADF cluster one test

Demand Variable Dickey-FullerStatistic LagOrder p-value Conclusion
Water Tank cluster one -5.366 7 0.00003 Stationary (reject H₀)Mixer Machine cluster one -3.491 7 0.0082 Stationary (reject H₀)Conveyor cluster one -8.149 7 0.000009 Stationary (reject H₀)Conveyor cluster two -4.177 7 0.00071 Stationary (reject H₀)Alternative Hypothesis: The series is stationarySignificance Level: 5%

The λ (lambda) estimation is performed todetermine the stationarity of the data withrespect to the variance of the demandvariable data that has been differencingonce to ensure that the stationarityassumption with respect to the variance ismet. The λ (lambda) value selected is onethat produces a sufficiently small MSE(Mean Squared Error). If the λ (lambda)value is equal to one (or close to it), thenthe analyzed data is stationary withrespect to the variance, and notransformation is required. The results ofthe λ (lambda) estimation can be seen inthe box-cox plot in Figure 6.
Based on the results of the box-coxtransformation plot cluster onecalculations in the Figure 6, the water tankcluster one demand variable has anoptimal λ value of 0.2516, which indicatesthat the data needs to be transformedusing a square root so that its distributionbecomes normal. The λ value of 0.2516

indicates that the original data from thewater tank demand has a non-normaldistribution and requires. The mixermachine demand variable has an optimalλ value of 1.2519. The optimal λ value of1.2519 is close to 1, which indicates thatthe data is relatively close to a normaldistribution, and requires a littletransformation to improve the data. Theconveyor demand has an optimal λ valueof 0.0625. The optimal λ value of 0.0625indicates that the data distribution isskewed and requires a powertransformation to adjust to a normaldistribution. Based on the results of theCox box re-transformation cluster one inthe Figure 6, the value of the water tankdemand variable is 1.1762, the value ofthe mixer machine demand variable is1.0031, and the value of the conveyordemand variable is 1.0679. The lambdavalue of the three variables shows that thedata is close to the estimated value oflambda = 1, which means that the data of
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the three demand variables are consideredstationary with respect to variance ornormally distributed data.
Based on the results of the box coxtransformation plot cluster two in theFigure 6 the water tank cluster twodemand variable has an optimal λ value of0.5088, the lambda value of 0.5088 is closeto 0.5, indicating that the data needs to betransformed using a square root to makethe data normally distributed. The mixermachine demand variable has an optimalλ value of 1.066. The optimal λ value of1.066 is close to 1, indicating that the datais relatively close to a normal distributionand no transformation is required. Theconveyor demand has an optimal λ value

of 0.5436. The optimal λ value of 0.5436indicates that a power transformation isneeded to adjust to a normal distribution.Based on the results of the box cox re-transformation cluster two in the Figure 6the optimal lambda value for the watertank demand variable is 0.9718. Thelambda value for the water tank demandvariable shows that the data is close to theestimated value of lambda = 1, indicatingthat the data is considered to be normallydistributed. The optimal lambda value forthe conveyor demand variable is 1.0976.The lambda value for the conveyordemand variable shows that the data isclose to the lambda value = 1, indicatingthat the data is considered stationary withrespect to variance.

Figure 6 Box-cox transformation graph
Determination of input data for ANNmodeling is based on significant PACF lags limited to lag 7. The PACF plots of the threedemand variables can be seen in Figure 7.
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Based on the PACF plot of water tankdemand, it shows that lag 1 exceeds thesignificance limit, with a high negativevalue. The PACF plot of mixer machinedemand shows a pattern that exceeds thesignificance limit at lag 1 and lag 3. ThePACF plot of conveyor demand shows apattern of quite high negative values thatexceed the significance limit at lag 1 andlag 2. Lags with negative values that exceedthe significance limit can be used as inputdata for the ANN model.
Based on the results in the Figure 7significant PACF lags are limited to lag 7.

The PACF plots of the three demandvariables can be seen in Figure 7. Based onthe PACF plot of the water tank demand, itshows that only lag 1, lag 2, and lag 3exceed the significance limit, with quitehigh negative values. The PACF plot of themixer machine demand shows a patternthat exceeds the significance limit at lag 1,lag 2, lag 5, and lag 7. The PACF plot of theconveyor demand shows a pattern ofnegative values that exceed thesignificance limit at lag 1, lag 2, and lag 4.Lags with negative values that exceed thesignificance limit can be used as input datafor the ANN model.

Figure 7 Plot PACF graph
Multi-Product Demand ANN ModelThe multi-product demand ANN model isconstructed based on significant PACF lagsby identifying significant lags in the PACFplot of stationary data. Significant lags

included in the input data for the modelare limited to lag 1 to lag 7. The number ofhidden neurons used in the multi-productdemand ANN model is 20 neurons, withone hundred replications, a learning rate
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of 10−3, and a maximum iteration of1.5×103. The results of the multi-productdemand ANN model are shown in Table 7.
Based on the Table 7, cluster one has amore stable prediction performance and ahigh level of accuracy. The three demandvariables in cluster one of the ANN modelshow relatively low in-sample MAPEvalues, indicating that the training dataprocess is running well. The out-sampleMAPE values of cluster one showfluctuations, but tend to be quite low,ranging below 30%. A MAPE value below30% indicates that the ANN model cangeneralize the data well. Cluster one has aprediction result of 1 unit for all threevariables in the 25th month. The ANN

model of cluster two experienced asignificant decrease in out-sample MAPEperformance. The out-sample MAPEvalues of the mixer machine demandvariable and the conveyor demandvariable increased sharply to 46.31% and48.44%, respectively. A MAPE value below50% indicates that the ANN model is quitegood at generalizing the input data. Thein-sample MAPE value of cluster two isquite low, indicating that the training dataprocess is running well. Cluster two haspredicted results for the water tankdemand variable of 1 unit, the mixermachine demand variable of 4 units, andthe conveyor demand variable of 3 units.

Table 7 Artificial neural network model prediction results
Cluster Variable Input Variables MAPE (In Sample) MAPE (Out ofSample)In Sample Out Sample

1 Water Tank Yt-1 12,48% 4,32% 1Mixer Machine Yt-1, Yt-3 5,16% 24,68% 1Conveyor Yt-1, Yt-2 18,05% 12,65% 1
2 Water Tank Yt-1, Yt-2, Yt-3 13,76% 20,95% 2Mixer Machine Yt-1, Yt-3, Yt-5, Yt-7 6,22% 46,31% 4Conveyor Yt-1, Yt-2, Yt-4 7,29% 48,44% 2

Table 7 shows that the ANN modelachieved relatively low in-sample MAPEacross both clusters, indicating that thetraining process was effective. In clusterone, out-of-sample MAPE values remainedbelow 30%, demonstrating stronggeneralization and reliable predictiveability for stable demand patterns.Conversely, cluster two exhibitedsignificantly higher out-of-sample errors,particularly for mixer machines (46.31%)and conveyors (48.44%), reflecting thechallenges of modeling highly volatiledemand. These results highlight that whileANN can effectively capture stable demanddynamics, its performance may degradeunder high variability, consistent with

findings by Bhuiyan et al.[34] and Ali etal.[35], who reported that hybrid modelsor advanced architectures may be neededto improve robustness in volatile multi-product environments. These findingssuggest that manufacturers dealing withvolatile product demand may need tocomplement ANN with hybrid or ensembleforecasting techniques to minimize risks ofstock imbalance and productioninefficiencies.
CONCLUSION
Based on the results, the ANN model formulti-product demand forecastingdemonstrated fairly good accuracy, as
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indicated by out-sample MAPE valuesbelow 50%. Predictions in cluster one evenshowed MAPE values below 30%,reflecting high accuracy in productdemand forecasting. These findingsconfirm that ANN is effective inanticipating demand fluctuations in theindustrial machinery manufacturingsector. In practical terms, these findingsimply improved efficiency in supply chainmanagement. More accurate demandforecasting enables companies to planinventory more precisely, reduce the risksof overstocking or shortages, and minimizeoperational costs. In the multi-productcontext, this approach allows firms tomanage demand variability moreadaptively compared to traditionalmethods, thereby supporting productionsustainability and strategic decision-making in supply chain operations. Thepredicted results for cluster one are

recommended as a basis for inventoryrestock in the 25th month. In practice,these forecasts can guide productionscheduling, raw material procurement,and warehouse capacity planning toensure that stock levels remain alignedwith actual demand, reducing the risks ofoverstocking or shortages. However, thisstudy has certain limitations, including theuse of historical data limited to 24 monthsand only three product types. The ANNmodel is also highly dependent on dataquality, meaning incomplete or inaccuratedata may reduce predictive performance.Future research is recommended toexplore longer time horizons, include abroader range of products, and compareANN with other machine learning methodssuch as Long Short-Term Memory (LSTM)or Gradient Boosting to gain morecomprehensive insights.
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