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Forecasting is a vital tool that helps us make informed decisions by predicting future 

events based on past data. For forecasts to be accurate, it is important that the data is 

reliable, complete, and consistent. Yet, the intermittent data is a unique data that is 

challenging to forecast. Intermittent data contains a characteristic that the data has a 

lot of long zeros in some periods. The zero value will influence the model to generate 

a forecasting model. This study aims to tackle those problems by applying a hybrid 

approach. We integrate the regression model and neural network to create a novel 

approach for forecasting intermittent data. The dataset used for this data is from 

Kaggle, sales at Walmart supermarket for one category only. The sales data always 

produce an intermittent demand pattern, because not every day are the items always 

sold to customers. This irregular pattern makes the data difficult to forecast using a 

naïve approach, such as the Croston method, exponential smoothing, and ARIMA. To 

evaluate the performance of our model, some metrics were calculated. We use mean 

squared error, root mean squared error, and root mean squared scaled error. The result 

shows that our proposed method outperforms the benchmark model, with an RMSSE 

of 0.98, which is the lowest compared to other benchmark models in the root mean 

squared scaled error value. This result shows promise as an exciting solution for 

overcoming the challenges posed by irregular data in future forecasting tasks. 
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1. Introduction 

Time series analysis is a popular technique used to make predictions about future events. However, 

some data sets can be quite challenging to predict, especially when they contain a lot of zero values. A 

common example of this is sales data, such as the sale of vehicles and a lot of products that are difficult 

to sell. These sales don't happen every day, and periods without any sales are recorded as zeros in the 

data [1]. Traditional time series methods like Autoregressive Integrated Moving Average (ARIMA) 

struggle with this type of data because the large number of zeros can lead to inaccurate predictions, 

sometimes even generating negative forecast values. This type of data, often referred to as intermittent 

data, has its own unique characteristics. Intermittent data can be categorized into four types: intermittent, 

lumpy, erratic, and smooth [2]. Among these, the intermittent and lumpy types contain more zero values 

compared to erratic and smooth data [3] [4]. Given the challenges of predicting intermittent sales data, 

it's clear that a more specialized approach is required to address this issue effectively [5]. 

This study aims to tackle the challenges of forecasting data with many zero values by using a hybrid 

model that combines Neural Networks and Time Series Regression. This approach is particularly well-

suited for datasets like these, as it helps produce more accurate and realistic predictions [6]. To assess 

how well the model performs, we also use the Root Mean Square Scaled Error (RMSSE), which is ideal 

for datasets that include a significant number of zeros. Unlike other metrics, such as Mean Absolute 

Error (MAE) or Mean Absolute Percentage Error (MAPE), which can lead to unreliable results when 
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there are many zeros in the data, the RMSSE offers a more stable and accurate measure of model 

performance [7]. 

Research on intermittent is rarely conducted, yet it is common. Various models are developed, such 

as the Neural Network method, Croston, and ARIMA. Hence, the results were not good enough and 

sometimes tended to stagnate. Cause of the data has too many zero values [8]. This approach aims to 

increase the goodness of the resulting model. Combined with the Exponential Smoothing method, they 

managed to get the best results, but were not robust for all types of intermittent data. Then, Ref [9] used 

the Deep Learning approach directly with the Recurrent Neural Network model. This approach is quite 

expensive for modeling intermittent data. The results are not much different from the exponential 

smoothing or Croston methods. So, it is not efficient enough to be used on intermittent data. 

Furthermore, the Neural Network model uses a modified error criterion [10]. The error criterion is 

named sMDL, and it can optimize the calculation process of the NN method. But sometimes, there are 

still obstacles, such as the model becoming underfit or overfitting. 

Ref [11] was the first researcher to introduce a mixed method to improve the accuracy of the 

forecasting model. A mixed method between Time Series Regression and Neural Networks can provide 

significant results [12] [13]. Using an activation function that does not produce negative values, Neural 

Networks can provide maximum results on the model [14]. This mixed concept relies on the Time Series 

Regression method as the main model. In the regression model, there is an error or residual value, which 

is then re-modeled using the Neural Network model. After that, the error forecast results are returned to 

the Regression model to produce forecast values. The forecast results are evaluated using the RMSSE 

value, which is very suitable for sparse data. The selection of parameters in the Neural Networks model 

uses optimization methods such as grid search [15]. That way, the forecast results are very robust, even 

with sparse data. 

The data used in this study comes from daily sales records at a supermarket, and the period is five 

years, with a total of 1941 days of data. This dataset is part of the M5 competition hosted on the Kaggle 

website [16]. For the purposes of this study, the researcher selected just one specific dataset to focus on. 

The key variables used in the analysis include the running average of the sales data and its lag values, 

both of which are critical in understanding and predicting sales trends. 

2. Methods 

To use time-series regression, the model needs some input, in this case, a variable. To decide the 

variable to train the time-series regression model, the autocorrelation function analysis is performed. 

Choosing the lag as a variable based on the partial autocorrelation function plot, the time-series 

regression model can be done. After the time-series regression model is produced, the partial hypothesis 

testing is performed to select which lag is significant. After the error collected from the time-series 

regression model is moved into a neural network, it is used in the further modeling phase. 

The time series model regression has similarities with a linear regression model. Assuming the 

output as a series, so we have 𝑌𝑡 with 𝑡 =  1,2, … , 𝑛, and will be influenced by other variables in the 

input layer [17]. Then, the time series regression model is combined with a neural network. The neural 

network in this case will tackle the nonlinear problems in the data. So, the regression model will be 

robust in terms of forecasting the nonlinear part of the data [18]. The neural network equation with one 

hidden layer consisting of 𝐾 inputs, one hidden layer consisting of 𝑗 units, and connected to the output, 

can be written as follows: 

𝑌̂𝑡 = 𝑓0 [𝑏0 ∑ [𝑤𝑗
0𝑓𝑗

1 (𝑏𝑗
1 + ∑ 𝑤𝑗𝑖

1𝑥𝑖,𝑡

𝐾

𝑖=1

)]

𝐽

𝑗=1

] (1) 
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where 𝑓𝑗
1 is the activation function at the jth hidden layer and 𝑓0 is the activation function at the output 

layer, 𝑤𝑗
0 is connecting the weight from the jth hidden layer to the output layer and 𝑤𝑗𝑖

1 is connecting 

the weight from the 𝑖-th input to the 𝑗-th hidden layer [19]. 

This hybrid model combines two time series analysis methods: regression and neural networks. 

Thus, this hybrid modeling consists of two main stages. The first stage is the original data, which is 

modeled using time series regression and predictor variables in the form of significant PACF lags. The 

results of this regression will produce residuals that are the difference between the original and predicted 

data [20]. The second stage is to model the residuals of the regression model with a neural network using 

input in the form of significant PACF lags from the residuals of the regression model. The final predicted 

value of this hybrid model is the sum of the predicted results from the regression model and the neural 

network. 

 
Figure 1. The Hybrid Method of Neural-Network and Time-Series Regression 

This work contains some steps based on Figure 1: 

a. Divide the original data into two parts: training data and testing data. 

b. Model the original data using time series regression 

i. Identify significant PACF lags from the training data. 

ii. Model the training data using time series regression with predictor variables being lagged data 

identified in the previous step. 

iii. Calculate predicted values, residuals, and forecasts for the testing data based on the regression 

model. 

c. Model the residuals of the regression model using a Neural Network: 

i. Identify significant PACF lags from the residuals. 

ii. Determine the number of neurons in the hidden layer using the cross-validation method. 

iii. Estimate the parameters of the Neural Network model using the backpropagation algorithm. 

iv. Calculate predictions and forecasts from the best Neural Network model. 

d. Combine the predicted values from the regression model with the Neural Network as the predicted 

values for training data, and the forecast values from the regression model with the Neural 

Network as the predicted values for testing data. 

e. Calculate the MSE, RMSE, and RMSSE values as the evaluation metric for the hybrid model. 

Model evaluation in this study uses the calculation of the Root Mean Square Scaled Error (RMSSE) 

value [21]. In addition to using RMSSE, it also uses the Mean Squared Error (MSE) and Root Mean 

Squared Error (RMSE). The equations of MSE, RMSE, and RMSSE are given in Equations (2-4), where 

𝑁 is the length of the training data and L is the length of the testing data [22] [21]. 

https://doi.org/10.52435/jaiit.v7i2.704


JAIIT (Journal of Advanced in Information and Industrial Technology) 

Vol. 7, No. 2 Nov 2025, ISSN 2716-1935, E-ISSN 2716-1927 

 

    

108     DOI: https://doi.org/10.52435/jaiit.v7i2.704 

𝑀𝑆𝐸 =
∑ (𝑦𝑙 − 𝑦̂𝑙)2𝐿

𝑙=1

𝐿
(2) 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑙 − 𝑦̂𝑙)2𝐿

𝑙=1

𝐿
(3) 

𝑅𝑀𝑆𝑆𝐸 = √

1
𝐿

∑ (𝑦𝑙 − 𝑦̂𝑙)2𝑁+𝐿
𝑙=𝑁+1

1
𝑁 − 1

∑ (𝑦𝑛 − 𝑦𝑛−1)2𝑁
𝑛=2

(4) 

These metrics are all connected, they each provide different perspectives on model performance. 

MSE measures the average of the squared differences between predicted and actual values, giving more 

weight to larger errors. However, since the result is in squared units, it can be harder to interpret. To 

make it more understandable, RMSE takes the square root of MSE, bringing the error measurement back 

to the same unit as the original data, which helps make the typical size of prediction errors clearer. 

RMSSE, in contrast, is especially helpful when working with time series forecasting. It normalizes the 

prediction error by comparing it against the variation of a naïve forecast (e.g., using the last observed 

value as the prediction). The result is a small metric that allows for easier comparison across models 

and datasets. An RMSSE value less than one indicates that the model performs better than the naïve 

benchmark, while a value greater than one suggests otherwise. Overall, MSE and RMSE are widely 

applied in general regression tasks, whereas RMSSE is especially effective for assessing model accuracy 

in time series forecasting scenarios. 

3. Results and Discussions 

The total of the data row is 1907 for the training set, and the testing set has six data points. We split 

the data at the beginning of the modeling phase, so the model will not contain the information from the 

training set. To understand further about the data, the descriptive numbers are present in Table 1. 

Table 1. Descriptive of Training Set 

Mean Variance SD 

0.258 0.346 0.588 

Based on Table 1, we see that the mean value is lower than the variance, this characteristic could be 

called overdispersion. Overdispersion happens cause of a lot of zero values in the data, the zero values 

represent nothing to be sold on the current day. Yet, when the sale happens, the value is quite high and 

far from zero, like five items, and vice versa. To build the hybrid model, we need to create the regression 

model first. 

 
Figure 2. Partial Autocorrelation Function Analysis 
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In building the time series regression part, lagged variables were utilized as predictors, a practice 

common to regression modeling time or sequential data. To identify which lags had the most impact, an 

autocorrelation analysis was performed, the results of which are shown in Figure 2. The autocorrelation 

plot showed several statistically significant lags, which are 1, 2, 21, 34, 36, 42, 49, 51, 52, and 56. These 

lags were chosen due to their high correlation with the target variable. These ten lagged variables were 

chosen as regression model input variables, the model can be written as (5).  

𝑦̂ = 0.104 + 0.093𝑦𝑡−1 + 0.048𝑦𝑡−2 + 0.075𝑦𝑡−21 + 0.065𝑦𝑡−34 + 0.051𝑦𝑡−36

+ 0.051𝑦𝑡−42 + 0.048𝑦𝑡−49 + 0.07𝑦𝑡−51 + 0.049𝑦𝑡−52 + 0.073𝑦𝑡−56 
(5) 

The result from regression analysis will then be merged with the nonlinear model, in this case, a 

neural network, creating a stronger and more precise hybrid model altogether. Yet before the neural 

network is applied to the residual values, a normality test is performed to validate that the residual still 

contains some information to extract from the data. This is a great technique and robust approach if the 

process generating the data has both linear trends and complications. 

After the time series regression model has been built, it will produce the fitted values or predictions. 

From these predictions, residuals can be calculated as the difference between the actual observed values 

and the formula 𝜀 = 𝑦 − 𝑦̂. Then the residuals are also analyzed and modeled through a neural network 

methodology. For residual modeling, we use a multi-layer feedforward neural network. The input layer 

consists of seven nodes for the seven lagged residual values that had been found to be beneficial in order 

to capture time dependencies. This is followed by a hidden layer with four neurons that is intended to 

capture higher-order, nonlinear interactions between lagged inputs. The last output layer is a single 

neuron that generates the predicted residual value. 

All of the network layers are utilizing the ReLU (Rectified Linear Unit) activation function, which 

is popular due to its simplicity and effectiveness at dealing with non-linearities. Also, the use of ReLU 

is a consideration based on the data, because the data always produces non-negative values. To produce 

a non-negative result, ReLU is the best activation function because the function is max (0, 𝑥). Another 

parameter to adjust is the epoch and batch size. We use 100 epochs and 200 batch size. The data consists 

of 1914 series. A 200-batch size with 100 epochs is more than enough to train the model. With Adam 

optimization starting from a 0.001 learning rate, it will make the model learn effectively and efficiently. 

It is also noteworthy that the model does not employ any dropout or regularization techniques, meaning 

that the network is quite small and might not be overfitting, given the data used. Once the residual 

predictions have been obtained from the neural network, the values are then inserted back into the initial 

time series regression model, that is, Figure 1, to fine-tune and enhance the final prediction. To assess 

the performance of this hybrid model, it is evaluated using standard forecasting benchmarks, including 

comparison with the exponential smoothing and Croston Method, as shown in Table 2. 

Table 2. Model Evaluation Results 

Method Data MSE RMSE RMSSE 

Croston Original Training 0.337 0.581 - 

Testing 1.141 1.068 1.378 

Croston SBA Training 0.337 0.580 - 

Testing 1.148 1.071 1.382 

Exponential Smoothing Training 0.370 0.608 - 

Testing 1.015 1 1.280 

Proposed Model Training 0.354 0.549 - 

Testing 0.723 0.850 0.986 

Based on Table 2, the proposed method successfully outperforms the baseline method on each 

evaluation size metric on the testing set. This is because the exponential smoothing method cannot 

capture sudden extreme phenomena, and the Croston method is just an ad-hoc model that forecasts the 
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data based on the if-else condition. At the same time, the proposed method can overcome this problem. 

Artificial neural networks overcome zero values in the data by predicting their residual values so that 

the mixed results can approach the actual value. 

Furthermore, during the training phase, the hybrid model shows a slightly better fit, achieving a 

lower Mean Squared Error (MSE) of 0.354, compared to 0.370 from the exponential smoothing, yet not 

the Croston method. However, the contrast result happens in the Root Mean Squared Error (RMSE), 

where the hybrid model records 0.549, outperforming the 0.608 obtained by the exponential smoothing, 

0.581 by the Croston Original, and 0.580 by the Croston SBA. These results suggest that the hybrid 

model is more effective in capturing patterns within the training data, with smaller average prediction 

errors [23] [24]. Lastly, in the RMSSE metric, the proposed model outperforms both the Croston and 

Exponential smoothing with a 0.986 value compared to 1.378, 1.382, and 1.280, respectively. By this 

result, the proposed model produces a promising report compared to the traditional forecasting method 

for intermittent data. To summarize the results of the proposed method and benchmark model, we can 

see Figure 1Figure 3 and Figure 4 as a subjective report. 

 
Figure 3. Forecast Performance Comparison Result on Training Set 

 

Figure 4. Forecast Performance Comparison Result on Testing Set 

Figure 3 is a graphic that presents the training set compared to the fitted values produced by the 

Hybrid Model, Exponential Smoothing, and Croston Method. Actually, there is no significant difference 

between the three models, all of which produce the fitted number located among the mean value of the 

data. But the hybrid model can get the lowest difference between the ground truth, so that the metric 

evaluation comes the lowest among the models. With the same pattern as Figure 3, Figure 4 contains 

the same information. The hybrid model has the ability to adapt the zero pattern, the forecast result 

comes closest to the zero values of the ground truth. In this case, the performance of the forecasting 

model relies on averaging the forecasting results. Even though there is no exact forecast result that comes 

close to two, if we sum the forecasting value, it will get the same result as the total of the testing set. 

4. Conclusion 

The hybrid modeling technique that involves the use of artificial neural networks (ANN) with time 

series regression produces a promising outcome to forecast the intermittent data, especially those that 
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are afflicted with a lot of zero values. Such data are known to have a distribution where the variance is 

higher than the mean, which led to the extreme event data. The traditional methods are less applicable 

to this current condition. By using a combination of linear and nonlinear modeling methodologies, the 

hybrid approach solves these problems better than a one-model framework. 

In this hybrid framework, the time series regression component identifies the linear temporal 

patterns using lagged variables to build a strong foundation for identifying past trends. The ANN 

component, however, is used to identify the nonlinear pattern embedded in the residual patterns not 

captured by the regression model itself. Such complementarity enables the hybrid model to make more 

accurate predictions, as evidenced by the results of the evaluation. In comparison with the traditional 

exponential smoothing method and Croston method, the hybrid model performs better on all three 

performance metrics, which are MSE, RMSE, and RMSSE, especially in test data. All these findings 

indicate the strength and high capacity of the hybrid model in the ability to generalize to unseen data. 

Yet the forecasting value still does not represent the ground truth, but produces the lowest error. 

In the future, the accuracy of forecasts can be further improved by adding distribution-based time 

series models, such as the Poisson or Negative Binomial distribution models. Through the adoption of 

a distribution that better approximates the underlying structure of the data, further research would have 

the potential to enhance model precision and adaptability, particularly with sparse or event-based time 

series data. 
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