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Abstract
Aiming at the contradiction between lag of traditional sales forecasting methods and sensitivity of market fluctuation, this paper proposes a multi-index collaborative forecasting framework based on LSTM-GRU hybrid model. By fusing the long-term regularity modeling capability of LSTM with the short-term abrupt response characteristics of GRU, a joint forecasting model for sales, market share, inventory turnover and marketing cost is established. The experiment shows that the average absolute error of sales forecast in real business data is reduced to 28,000 yuan, the average absolute percentage error of market share forecast is compressed to 7.3%, the average absolute error of inventory turnover forecast is reduced to 1.2 times/quarter, and the forecast error is always lower than the risk control threshold in macroeconomic fluctuation scenarios. By analyzing the multi-index dynamic coupling mechanism, the model provides high-precision decision support for enterprise resource dynamic scheduling and management strategy optimization. 
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Introduction
The global market competition intensifies makes the enterprise sales forecast accuracy become the key support of business decision-making [1]. Linear regression or time series decomposition are usually used in traditional sales forecasting methods, but this static modeling model is difficult to adapt to nonlinear market changes. Therefore, how to proactively capture sales trends through intelligent forecasting technology has become a core challenge for enterprises to optimize resource allocation.
Traditional forecasting models are usually based on univariate time series analysis or simple multiple regression, which cannot effectively model nonlinear coupling relationships among factors and are not robust enough to deal with market noise data. Long Short-Term Memory Network (LSTM) retains the long-term trend of product life cycle level through cell state mechanism, while Gated Recurrent Unit (GRU) captures the short-term impulse effect of promotional activities efficiently by reset gate and update gate structure [2]. Although the two types of models have been applied in independent forecasting dimensions, how to coordinate their advantages to meet the multi-factor collaborative forecasting needs of enterprise business scenarios still needs further research.
In this paper, we propose a hybrid LSTM-GRU forecasting architecture, which integrates the long-term regularity modeling ability of LSTM and the short-term abrupt response characteristics of GRU. Through analyzing macro-regularity such as seasonal trend at LSTM level and decoding micro-disturbance such as promotion pulse at GRU level, it provides dynamic decision-making basis for inventory optimization and pricing strategy.
LSTM model and GRU model
LSTM Model
Long Short-Term Memory Network (LSTM) is an improved recurrent neural network (RNN) architecture designed to solve the gradient vanishing and long-term dependent forgetting problems of traditional RNNs when dealing with long sequence data. As shown in Figure 1, its core innovation lies in the introduction of gating mechanisms and cell state structures to achieve stable transmission and renewal of long-term memory through dynamic regulation of information flow.
The LSTM consists of a triple gating unit: the forgetting gate calculates the retention ratio of historical information through Sigmoid function and filters redundant data to be discarded; the input gate combines Sigmoid and Tanh functions to generate new candidate values and filter valid features to update the cell state; and the output gate determines the output content of the final hidden state based on the current cell state and input information. Cell state as the core storage carrier retains long-term dependent features through linear operation to avoid information attenuation in gradient propagation process [3].
This mechanism enables LSTM to adaptively balance the modeling requirements of long-term regularity with short-term fluctuations: cell states maintain macro trends (e.g., seasonal cycles), and gating units capture micro disturbances (e.g., unexpected events). Compared with traditional RNN, LSTM shows stronger long-distance dependency capture ability in time series prediction, natural language processing and other fields, and becomes a core tool for processing complex time series data.
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Figure 1. LSTM Network Structure
GRU Model
Gated recurrent unit (GRU) is an improved recurrent neural network architecture that solves the long-term dependency problem of traditional RNNs by simplifying the gating mechanism. As shown in Figure 2, its core structure consists of two gating units: update gate controls the degree of influence of historical hidden states on the current state and determines how much old information to retain; reset gate filters the contribution of historical information to the calculation of the current candidate state and adjusts whether to ignore part of the historical context.
The workflow of GRU is divided into three stages: firstly, update gate and reset gate generate gating signals based on current input and previous hidden state respectively; secondly, reset gate filters historical information and current input to generate candidate hidden state through nonlinear transformation; finally, update gate weights and fuses previous hidden state and candidate state to output hidden state at current time step. This state contains both current input characteristics and historical sequence information, which is passed directly to the next time step [4].
By combining the forgetting gate and input gate of LSTM into a single update gate, and eliminating the separation design of memory unit and hidden state, GRU significantly reduces the number of parameters and improves training efficiency, while maintaining the modeling ability of medium and long sequence dependencies.
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Figure 2. GRU Network Structure
Advantages of LSTM-GRU
LSTM-GRU hybrid model shows multidimensional advantages in time series prediction task by combining heterogeneous characteristics of two types of networks. From the structural design point of view, LSTM is good at capturing long-term evolution rules of more than 10-time steps by virtue of the triple gating mechanism of Cell State and forgetting gate, input gate and output gate; GRU reduces the parameter quantity by about 33% by combining update gate and reset gate, and is more sensitive to sudden short-term fluctuation response. The two cascade to form a layered modeling mechanism: the LSTM layer is responsible for extracting macro trend features, and the GRU layer analyzes micro fluctuation details to achieve full-scale coverage of complex time series patterns. At the computational performance level, GRU's simplified structure significantly reduces memory consumption and training time, making the model more suitable for resource-constrained deployment scenarios, while LSTM's gated redundancy provides stronger nonlinear fitting capabilities when data volumes are sufficient [5]. This collaborative design not only retains the advantages of LSTM for accurate modeling of long-term dependence, but also uses the efficiency of GRU to improve the response speed to dynamic changes, forming a complementary spatio-temporal feature extraction system.
Enterprise Sales Forecast Based on LSTM-GRU	
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The process starts from the determination of core indicators of enterprise operation, with sales volume, market share, inventory turnover rate and marketing cost as the core monitoring objects, which are selected according to the sensitivity characteristics of enterprise decision-making to market dynamics: sales volume directly affects short-term cash flow, market share reflects long-term competitiveness, inventory turnover rate is related to capital utilization efficiency, and marketing cost determines profit space. In the data preprocessing step, outlier detection technology is used to eliminate data acquisition errors, statistical filtering algorithm is used to identify outliers, and seasonal calibration is carried out according to industry characteristics. In the standardization stage, the multi-source heterogeneous data are normalized, and different dimensional parameters such as sales (historical extreme value interval) and market share (0~100%) are mapped to the interval [−1,1] to eliminate the interference of numerical scale differences on model training. Pearson correlation coefficient is used to screen key characteristic variables, such as the elastic relationship between promotion input and sales, or the squeezing effect of competitive pricing on market share [6].
After inputting multi-dimensional time series features, nonlinear regression fitting method is used to capture the dynamic coupling relationship between parameters [7]. LSTM-GRU hybrid model plays a central role in this stage: LSTM layer captures seasonal trends, product life cycle and other long-term cycle laws through cell state and gating mechanism; GRU layer uses update gate and reset gate to resolve short-term promotion pulses, competitive product strategy mutations and other transient disturbances. This hierarchical modeling mechanism allows the model to cover both macro trends and micro fluctuations, significantly improving prediction robustness.
Finally, the prediction model can output the sales trend and confidence interval in the next 30 days, and realize the closed-loop management from data prediction to decision optimization by dynamically adjusting inventory strategy, pricing model and marketing resource allocation, providing quantitative basis for enterprise resource collaborative allocation.
Model Construction
The structure of LSTM-GRU hybrid forecasting model proposed in this paper is shown in Figure 3. Its core architecture consists of input layer, double-layer LSTM, single-layer GRU, all-connected layer and output layer, and realizes dynamic fusion of enterprise business time series characteristics through hierarchical gating mechanism.
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Figure 3. LSTM-GRU Network Structure Diagram
The input data is a four-dimensional time series matrix containing sales, market share, inventory turnover, and marketing costs, where i represents the time step (e.g., daily sampling) and j corresponds to the operating units of different product lines or regional markets. Each row in the matrix describes the multidimensional business state at the same time, and each column records the trajectory of the same index over time [8].
The original data is input into the first layer LSTM first, and historical key information is filtered through the forgetting gate and the input gate. The second layer LSTM extracts cross-index coupling features and transmits long-period rules by using cell state. Based on the higher-order characteristics of the LSTM output, the GRU resolves short-term business fluctuations through reset gates and update gates: reset gates weaken abrupt disturbances, and update gates strengthen trend signals. Dropout operation (drop rate 0.2) is added after each layer of gating network to improve the robustness of the model to data noise and market anomalies.
The feature vectors processed by GRU are input into the fully connected layer, and the implicit states are generated by nonlinear weighted fusion. Linear activation function is used in output layer to predict the numerical sequence and confidence interval of four core management indexes in the next 30 days synchronously, which provides quantitative basis for dynamic adjustment of inventory strategy and resource allocation [9].
Parameter Setting
The parameters of this model are designed based on the time-series characteristics and multi-index coupling law of enterprise management data, and the dynamic sales forecast is realized by hierarchical feature extraction. The input data is a 30-day time series of sales, market share, inventory turnover and marketing cost indicators, and the time step is set to 30 to match the monthly business analysis cycle. The first-level LSTM network receives an input matrix with dimensions of 30×4, filters invalid historical strategies through forgetting gates, captures emerging market signals through input gates, and maps 30-step time-series data into 32-dimensional hidden state vectors [10]. The second layer LSTM analyzes the interaction mechanism between indicators on the basis of retaining 32-dimensional vectors: modeling the marginal benefit attenuation of market share expansion to marketing costs, capturing the lag relationship between inventory turnover and sales. This layer is followed by a Dropout operation (probability 0.3) that reduces the sensitivity of the model to data collection anomalies such as temporary statistical misses.
The GRU layer reconstructs the characteristics of the LSTM output: reset gates weaken sudden disturbances (such as temporary supply chain disruptions) and update gates strengthen trend effects (such as persistent competitive strategy changes). This layer extends the vector dimension to 60 dimensions to capture cross-cycle patterns (e.g., seasonal spending peaks associated with time lags in promotional resource delivery). Finally, 16 neurons are used to compress 60-dimensional features into multidimensional output space (including four core index predictors). ReLU is selected as activation function to adapt to the non-negative characteristics of business data. The learning rate was set to 0.015 to balance gradient stability with convergence efficiency. The number of neurons in all gating networks is fixed to 12, which ensures that computational efficiency and fine expression of business logic are considered when modeling the co-evolution of price elasticity and inventory constraints. Off-line verification shows that the response delay of this configuration to market mutation is controlled within 24 hours, which meets the timeliness requirements of enterprise Business Decisions.
Empirical Analysis
Experimental Design
In order to verify the validity of LSTM-GRU hybrid model in enterprise sales forecasting, this experiment constructs multi-index time series data set based on real business data of a retail enterprise, and compares it with standard LSTM and GRU models. The experimental environment adopts an enterprise-level data analysis platform, and the experimental environment configuration is shown in Table 1. The hardware configuration takes into account the requirements of large-scale time series operation.
Table 1. Experimental environment configuration
	Category
	Configuration/Model

	Processor
	Intel Xeon Gold 6348

	Memory
	256GB DDR4 3200MHz

	Storage System
	16TB NVMe SSD Array

	Deep Learning Framework
	PyTorch 2.1 + CUDA 12.1



The experimental data comes from the quarterly operation report of 32 regional markets of an enterprise from 2020 to 2023, including sales volume (0~ 200 million yuan), market share (0~35%), inventory turnover rate (0~8 times/quarter) and marketing cost (0~ 50 million yuan). The data preprocessing adopts sliding window method to generate sample set, the window length is set to 90 steps (3-year historical data), and the prediction target is the index value in the next 30 days.
In comparison model, LSTM benchmark model is double hidden layer structure (32 neurons per layer), GRU benchmark model is single hidden layer structure (64 neurons), input dimension is 90×4. Model performance was evaluated in terms of mean absolute error (MAE), symmetric mean absolute percentage error (MAPE), and training time. Adam optimizer (learning rate 0.015), batch size 128, early stop mechanism (20 rounds without improvement) was uniformly adopted in the training process. Each group of experiments was run in duplicate 5 times to eliminate randomness.
Experimental Results and Analysis
The comparison of model performance measured experimentally is shown in Table 2. The results show that the LSTM-GRU hybrid model has the best comprehensive performance in the enterprise multi-indicator prediction task. The standard LSTM model shows high robustness in sales forecast (MAE: 37,000 yuan), but its market share forecast error is 8.9%, and the MAE of inventory turnover ratio is 1.8 times/quarter, exceeding the enterprise inventory control threshold (1.5 times). In contrast, the hybrid model significantly optimizes the forecast accuracy of key business indicators: sales MAE reduced to 28,000-yuan, market share MAPE compressed from 11.2% to 7.3%, inventory turnover forecast MAE reduced to 1.2 times/quarter. This performance boost stems from the synergy between the LSTM layer's ability to model seasonal consumption trends over long periods and the GRU layer's ability to respond quickly to sudden market fluctuations, such as demand surges caused by competitive price cuts.
Table 2. Performance of each model
	Model 
	Sales MAE (10 thousand yuan)
	Market Share MAPE (%)
	Marketing cost MAE (ten thousand yuan)
	Inventory Turnover MAE (second/quarter)
	Training time (min)

	LSTM
	3.7
	11.2
	28.5
	1.8
	38

	GRU
	4.1
	13.6
	32.4
	2.3
	26

	LSTM-GRU
	2.8
	7.3
	22.7
	1.2
	31



GRU model has the shortest training time (26 minutes), but its performance in market share and inventory turnover prediction is poor. Although hybrid model increases training time by about 18% (31 minutes), its multi-index joint prediction yield (JPR) reaches 92.1%, which is significantly higher than LSTM (78.3%) and GRU (70.5%). Under macroeconomic fluctuation scenarios (such as sudden policy adjustments leading to a 20% contraction in market demand), the hybrid model's forecast error for sales is always less than 5%, while the peak errors of LSTM and GRU models are 9.2% and 12.7%, respectively, exceeding the enterprise risk control threshold. This robustness is attributed to the explicit modeling of multi-index coupling mechanism: when demand contraction leads to additional promotional resources, the hybrid model dynamically modifies the decision weight of inventory policy by correlating the negative relationship between market share expansion and marketing cost overrun.
Business Decision Based on Sales Forecast
Long-term resource allocation decisions. When the LSTM layer identifies seasonal trends (such as regular increases in holiday demand), the system triggers a warehouse pre-allocation strategy: based on collaborative forecasting of sales and inventory turnover, dynamically raise safety stock levels in high-demand areas, and optimize logistics route planning. Practice data shows that the average utilization rate of storage increases by 21%-24%, the cost of cross-regional transfer decreases by 17%, and the demand satisfaction rate is stable at more than 93%. 
  Short-term market response decisions. When GRU layer captures sudden fluctuations (such as competitive price reduction shock within 48 hours), the system starts elastic pricing strategy: under the premise of maintaining the margin of safety of gross profit margin, hedge share loss through price bandwidth adjustment, and restrict resource investment by related marketing cost threshold. The experimental records show that every 1% price concession strategy recovers 0.75%-0.85% market share on average (MAPE fluctuation range 6.8%-7.8%), and the average marginal return of tactical promotion reaches 1:3.2. 
Multi-index collaborative risk control decision-making. When the model resolves strong coupling signals between indicators (such as marketing cost increases exceeding the share revenue threshold), the system performs resource rebalancing decisions: automatically cutting inefficient channel budgets and shifting resources to high-turnover category promotion. Stress testing confirmed that the resource mismatch rate decreased from 34.2% at baseline to 23.5% on average, and the deviation of core indicators exceeded the safety threshold probability of 5% under extreme volatility scenarios.
The essence of the decision framework is the dynamic coupling between prediction and execution: the macro trend of LSTM layer output drives the strategic layout of resources, the micro fluctuation captured by GRU layer triggers the tactical response, and the coupling relationship matrix formed by multi-index joint prediction truly realizes the integration closed loop.
conclusion
LSTM-GRU hybrid model integrates long-term sales trend and short-term market mutation effectively through hierarchical gating mechanism, and shows significant advantages in enterprise sales forecasting. Compared with a single LSTM or GRU model, the hybrid architecture reduces the prediction error of key indicators such as sales and market share by 18%-35%, and can capture abnormal fluctuations in market demand 30 days in advance to meet the timeliness requirements of enterprise business decisions. Empirical analysis verifies the strong explanatory power of the model to the multi-index coupling relationship, especially in the macroeconomic fluctuation and competitive strategy mutation scenario, the prediction error is always lower than the risk control threshold. The research results provide reliable algorithm support for dynamic inventory optimization and resource allocation, and help to construct data-driven enterprise Business Decision-making system.
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