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Abstract. The tobacco industry is a crucial component of the national economy. Enhancing the 
foresight, relevance, and effectiveness of macroeconomic regulation to ensure that the cigarette 
economy operates within a reasonable range is vital for improving macroeconomic alignment and 
stabilizing its contribution. This study proposes a monitoring index system for the cigarette economy. 
The SARIMA model is applied to forecast key indicators scientifically, while algorithms like the BP 
neural network and the prosperity index establish a big data-driven early warning system for cigarette 
economic operations. This system identifies real-time trends, detects abnormal fluctuations, shifts 
from reactive regulation to proactive prevention, and provides data-driven support for management 
decisions. 
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1. Introduction 

As the world's largest tobacco producer and consumer, China's tobacco industry's development is 

closely tied to macroeconomic trends. The industry must accurately position itself within the broader 

economic landscape, skillfully manage the dialectical relationship between "stability and progress," 

and continually enhance the stability and sustainability of its economic operations. Ensuring the 

economy operates within a reasonable range is both a fundamental requirement for high-quality 

industrial development and a reflection of its responsibility to stabilize and contribute 

comprehensively. At present, China's economic recovery remains at a critical stage, with positive 

macroeconomic factors increasing, and the national economy continuing its upward trajectory. 

However, the ongoing impact of insufficient macroeconomic demand and weak consumption poses 

significant challenges to the tobacco industry. Local markets exhibiting "two highs" (high prices and 

high inventory) remain sluggish, making it increasingly difficult to balance short-term growth 

stabilization with long-term sustainable development. Ensuring the stable operation of the industry 

faces considerable pressure. This study aims to establish a big data-driven economic monitoring and 

early warning model to conduct pre-analysis, forecasting, and judgment of cigarette economic 

operations. The model will enable real-time monitoring of economic trends and abnormal fluctuations 

during operations, providing data-driven insights and theoretical guidance for accurately assessing 

market conditions and effectively managing emerging, directional, and trend-related challenges. 

2. Research Background and Significance 

2.1. Research background 

Following the "total control, slightly tight balance, reasonable growth rate, and sustained 

development" policy outlined by the State Administration, tobacco enterprises must take proactive 
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steps to ensure the economy operates within a reasonable range. These efforts should emphasize the 

continuous advancement of brand-driven strategies and steady progression toward high-quality 

enterprise development. This project aims to establish a cigarette economic operation monitoring and 

early warning analysis model driven by big data. The model is expected to digitally represent trends 

across dimensions such as macroeconomics, cigarette operations, and economic development. It will 

enable comprehensive evaluations of economic trends over the coming years at the regional, 

municipal, and local levels, achieving the goal of effective monitoring and early warning. Ultimately, 

it will assist decision-makers in formulating strategies for the future development of cigarette 

operations. 

2.2. Overview of domestic and foreign research 

Economic operation early warning systems encompass macroeconomic and microeconomic 

dimensions. Macroeconomic monitoring and early warning systems serve as "barometers" or 

"alarms" for economic trends by leveraging a series of economic indicators. As early as the 20th 

century, renowned American economic statistician Moore proposed the "Diffusion Index" theory, 

which significantly advanced the field of macroeconomic monitoring and early warning. International 

research on corporate early warning systems primarily adopts empirical methods, with a particular 

focus on financial risk prediction. In China, research on macroeconomic early warning systems began 

in the mid-1980s. Early studies often built upon foreign models, refining them to better suit domestic 

contexts.  

As modernization progresses, the tobacco industry has gradually conducted related research on 

monitoring and early warning systems. 

Despite these advancements, most tobacco industry research on monitoring and early warning 

remains focused on proactive prevention, such as combating illegal cigarette outflow. However, there 

is a notable lack of studies addressing the monitoring and early warning of trends in cigarette 

economic operations and development. This gap underscores the need for comprehensive research 

and innovation in this area. 

3. Main research content and methods 

This study closely adheres to the "16-character policy." It focuses on achieving the goal of 

modernized tobacco management by identifying key indicators that influence the economic dynamics 

of the cigarette market across dimensions of macroeconomics, cigarette business, and economic 

development. The study employs scientific classification methods, such as cluster analysis and factor 

loading, to categorize these indicators. It calculates their correlations and degrees of influence on 

economic operations. By combining seasonal adjustment coefficients with the adaptive ARIMA 

model, it eliminates the impact of seasonal factors, enabling more accurate forecasting of all 

indicators to align with real-world scenarios. On this foundation, algorithms like BP neural networks 

and the prosperity index are applied to determine leading, coincident, and lagging indicators. A big 

data-driven economic operation monitoring and early warning model is constructed to monitor and 

detect abnormalities in cigarette economic operations. The model also analyzes and predicts changes 

in the macro market and Ningxia’s tobacco economic operations. This system provides a 

mathematical foundation and reference model for cigarette business decision-making, ensuring the 

positive development of cigarette economic operations and enhancing stability and growth in the 

market. 

3.1. Establishing a monitoring and early warning indicator system for the operation of the 

cigarette economy 

This paper based on the importance, scientificity and rationality of the construction of the indicator 

system, focuses on achieving the goal of modern tobacco management, and selects statistical 

indicators that complement and relate to each other from the dimensions of macroeconomics, 
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cigarette operations, and economic development, and can fully characterize the economic operation 

of the cigarette market, reflecting the economic operation of cigarettes from different aspects and 

angles. 

3.1.1. Identify indicators. 

In light of the characteristics of the economic operation of the tobacco industry, focused on the 

three dimensions of macroeconomics, cigarette operations, and economic development, according to 

the three categories of total indicators, ratio indicators, and speed indicators, and following the 

principles of accessible indicator data, consistent data cycles, and standardization, 15 indicators that 

affect the economic operation of the cigarette market were selected from the 25 indicators. 

Table 1. Index system of the forecast and early warning 

 model for the economic operation of the cigarette market. 

 

3.1.2. Data collection. 

Combining 15 indicators from three dimensions, data are collected from four aspects: ① Through 

querying websites or contacting the Statistics Bureau, collect macroeconomic indicators of Ningxia, 

local companies and county-level companies in the past ten years; ② Through the industry business 

decision-making system, collect cigarette sales indicators of Ningxia, local companies and county-

level companies in the past ten years (months); ③  Through the collection of consumer data, 

stratified sampling surveys and statistics on smoking rate, per capita smoking volume and other data, 

and finally calculate the interval value of the cigarette market capacity in the whole region. ④ 

through the market information collection system, collect economic development indicators of 

Ningxia, local companies and county-level companies in the past ten years (months). 

3.1.3. Indicator classification. 

The 11 - year data from 2012 to 2022 were used for exploratory factor analysis (EFA), and the 

complex variables were integrated into a few core factors through dimensionality reduction 

technology. 

Data preprocessing 

(a) Data conversion. Convert annual growth indicators such as tax and profit growth rate, cigarette 

sales growth rate, and cigarette single sales growth rate into monthly growth rates. 

Annual growth rate = (1 + monthly growth rate) ^12-1  

Monthly growth rate = (1 + annual growth rate) ^ (1/12) - 1  
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(b) Data standardization: Perform Z-standardization on the 14 columns of indicator data to convert 

data of different values into Z-Scores of unified measurement. 

After treatment X = (before treatment X - mean) / standard deviation  

Exploratory factor analysis 

The factor analysis automatically extracted 4 factors. The factor loading coefficients after rotation 

are shown in Table 2. 

Table 2. Factor loading coefficient table after rotation. 

 
 

Among them, the research items inventory and macroeconomic indicators correspond to factor 1, 

and the consumer price index and sales growth rate correspond to factor 4, which is inconsistent with 

the research expectations. After deleting the inventory and consumer price index, the factor analysis 

was repeated. Three factors were automatically extracted. The factor loading coefficients after 

rotation are shown in Table 3. The commonality values (common factor variance) corresponding to 

all research items are higher than 0.4, indicating that there is a strong correlation between the research 

items and the factors, and the factors can effectively extract information. 

Table 3. Factor loading coefficient table after rotation. 
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According to the results of factor analysis, the 12 indicators are divided into three dimensions, 

which can be summarized as macroeconomics, cigarette business and economic development. A 

cigarette economic operation forecast and early warning indicator system is constructed with cigarette 

economic operation forecast and early warning as the target layer, 3 first-level indicators and 12 

second-level indicators, as shown in Table 4.  

Table 4. Cigarette economic operation forecast and early warning indicator system. 

 

3.1.4. Determine the indicator weights. 

The weights are calculated using factor loading coefficient information, as shown in Table 5. 

Linear combination coefficient = loading matrix / Sqrt (eigen)  

Load factor divided by the square root of the corresponding characteristic root  

Comprehensive score coefficient = cumulative (linear combination coefficient * variance 

explanation rate) / cumulative variance explanation rate  

That is, the linear combination coefficients are multiplied by the variance explanation rate, added 

together, and then divided by the cumulative variance explanation rate; the comprehensive score 

coefficients are normalized to obtain the weight values of each indicator . 

Table 5. Linear combination coefficients and weight results. 
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3.2. Eliminating the influence of special factors 

Almost all monthly or quarterly economic time series contain seasonal factors, which will affect 

the accuracy of measuring economic cycle fluctuations, this paper uses multiple methods of cluster 

analysis and the seasonal autoregressive difference moving average model (SARIMA) method to 

predict 15 key indicator data, and conducts comparative analysis based on the prediction error values. 

It is finally concluded that the SARIMA model is more suitable for the prediction of the key indicator 

data of this project and has higher accuracy. 

3.2.1. SArima model analysis method 

The SARIMA model explicitly supports univariate time series with seasonal components, and can 

model and predict time series with seasonal cyclical changes.  

Taking cigarette sales as an example, based on the historical data of cigarette sales from 2011 to 

2020, the SARIMA model is used to predict the sales volume in 2021 and compared with the actual 

value.  

After comparing the prediction results with the cluster analysis method, the prediction results 

directly analyzed by the SArima model have smaller errors. Through analysis, it is found that the 

SArima model has already taken into account the trend, periodicity and irregularity of the data, and 

it is finally determined to use the SArima model to predict and analyze future data to eliminate the 

influence of special factors. 

3.2.2. Apply the SARIMA model to realize single indicator data prediction. 

Focusing on the sales volume data of 11 years from January 2011 to December 2021, the first 10 

years of data are imported as simulated time series data, the SARIMA model is generated on the data 

training using the optimal parameters finally determined, and the generated forecast values are 

compared with the actual reset values. Iterative methods such as gradient descent or Newton-Raphson 

method are used to gradually adjust the parameter values to find the optimal parameter combination.  

(1) Find the best parameters. By continuously running the data to find the best parameter values, 

the annual sales volume, monthly sales volume, and regional sales volume data errors are required to 

be relatively small, that is, to meet the needs of different time periods and different regions, and 

determine the optimal model with the smallest error.  

 

Figure 1. Visualization of raw data. 

It can be seen from the graph analysis that: the original data has seasonal changes, and the period 

is S=12; the overall periodicity of the original data shows a slight increasing trend, and it is initially 

judged that the original data shows weak stationarity; it is suitable for short-term forecasting, but not 

suitable for long-term forecasting; the SARIMA model is suitable Forecast demand. 

(2) Stability detection. Use the PDF test method in the unit root test to detect stationarity. The test 

statistic ADF Statistic value is greater than the critical value of the confidence level of 1% and 5%.It 

can be seen that the original data tends to be weakly stationary in trend and seasonality, and does not 

meet the assumptions of the SARIMA model, requiring further differentiation.  
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Table 6. PDF verification method. 

 
 

(3) First order difference 

 

Figure 2. First_order difference visualization chart. 

  

Figure 3. First order differential ACF and PACF graphs. 

From the first-order difference visualization chart, it can be seen that the data after the first-order 

difference are concentrated up and down a line, with no trend change, and the data is stable, which 

satisfies the SARIMA model assumption. 

(4) Seasonal difference 

  

Figure 4. Seasonal difference ACF and PACF graphs. 
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Figure 5. Seasonal difference visualization chart. 

It can be seen that the data after seasonal difference show strong stationarity and meet the 

assumptions of the SARIMA model. 

(5) Observe the ACF and PACF graphs to determine the initial parameters. 

 

Figure 6. ACF and PACF graphs of dates. 

Through the stationarity test, it can be seen that the original data are strongly stationary after one 

first-order difference or one seasonal difference, which meets the assumptions of the SARIMA model. 

Observe the ACF graph of the original data and we can see that truncation occurs every 12th lag, so 

S=12. 

(6) Grid search + information criterion. According to the analysis of ACF and PACF graphs, the 

range of p, q, P, and Q is within 3, and the range of d and D is 0 or 1. Iterating within this range, it is 

finally concluded that SARIMAX (2, 1, and 2) x (0, 1, 1, and 12) produces the lowest AIC value of 

12.0. Combined with the observations of ACF and PACF graphs, it can be considered that this is the 

best choice among all the models considered. 

(7) Model parameter evaluation. 
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Table 7. SARIMA coefficient table. 

 
 

The maximum likelihood estimation was used to evaluate the optimal parameters that were finally 

determined, indicating that the model fitted by this group of parameters had a general fit quality for 

the data, and the model parameters needed to be further optimized. 

(8) Model diagnosis 

Table 8. Model diagnosis results. 

 
 

By comparing the Ljung -Box (L1) (Q) value, Jarque-Bera (JB) value, Prob (Q) and Prob (JB) 

value, Heteroskedasticity (H) value, Skew (skewness), Kurtosis (kurtosis) value After comprehensive 

analysis of residual characteristics and fitness, the residuals of the model are basically consistent with 

the model assumptions, making the model suitable for fitting the data to a certain extent. 

(9) Model prediction. Through the evaluation of model parameters and the results of model 

diagnosis, it can be seen that SARIMAX (2, 1, and 2) x (0, 1, 1, and 12) has a general degree of fit 

with historical data.  

Through model parameter evaluation and model diagnostic results analysis, the impact of ar.L2 

(autoregressive coefficient 2) and ma.S.L12 (seasonal moving average coefficient) is not significant, 

indicating that p=2 and Q=1 are not optimal. The parameters need to be optimized and adjusted. 

Combined with the previous data analysis, the maximum likelihood estimation is further used to 

optimize the parameters. Finally, the best model is SARIMA(0, 1, 2)x(0, 1, 2, 12).Observing the 

forecast results, we can see that the forecast results in the first few months are close to the actual 

values, with small errors, and the errors in the full-year forecast results are also small. 

Based on the above analysis, based on the sales data for 11 years from January 2011 to December 

2021, the model suitable for the sales forecast of the whole region is finally concluded as 

SARIMAX(0, 1, 2)x(0, 1, 2, 12). 

3.2.3. Predict future data. 

The indicator data in the three dimensions of macroeconomics, cigarette business, and economic 

development are gradually substituted into the SArima analysis method to find the best parameters, 

build the best model, and predict future data values one by one. 

3.2.4. Parameter model verification effect. 

Through verification and analysis of several years of actual data and prediction model data, the 

error value is very small, indicating that the single indicator prediction model has a high accuracy. 
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3.3. Constructing an economic operation monitoring and early warning model 

In the early stage, three pre-selected economic operation early warning models were selected by 

searching literature materials: BP neural network model, ARIMA model, and prosperity index model. 

After literature analysis, discussion and research, two pre-selected models were determined: one is 

the BP neural network model that uses the prosperity index as the output indicator data, and the other 

is the ARIMA model that uses the prosperity index as the forecast indicator data. 

3.3.1. Analyze the impact of macro indicators on cigarette economic operation indicators. 

Annual and monthly data are used to analyze the impact of macro indicators on cigarette economic 

operating indicators. 

(1) Use annual data. Perform the Pearson correlation test to find out the indicators that have the 

greatest impact on the two indicators of sales amount (10,000 yuan) and sales volume (boxes). Using 

the stepwise regression method, we get: 

Sales amount = -63369.970 + 904.827*Per capita disposable income of urban residents -

11290.694*Gross regional product_tertiary industry. The independent variables in the model have no 

significant impact. 

(2) Use monthly data. Perform a Pearson correlation test to find the indicator with the greatest 

impact on the two indicators of sales amount (10,000 yuan) and sales volume (boxes). Use the 

stepwise regression method to obtain: 

Sales amount = 18599.113 + 15.920*per capita disposable income of urban residents , which 

means that for every 1 yuan increase in per capita disposable income of urban residents per month, 

the sales amount of the entire district will increase by an average of 18,615.033 yuan per month. 

3.3.2. Analysis of the economic operation of cigarettes. 

This paper adopts the internationally accepted prosperity index method to conduct a prosperity 

analysis on the economic operation of the entire Ningxia region, and comprehensively evaluates the 

status of the cigarette economic operation by calculating the diffusion index and the composite index. 

In order to construct a prosperity index that describes the operation effect of the cigarette economy, 

we first used the grey correlation method to analyze the correlation between 15 key indicators and 

the price index, and divided them into leading indicators, consistent indicators and lagging indicators. 

Then, we used the structural equation model (SEM) method to estimate the influence coefficients of 

these indicators on the prosperity index. Finally, through annual and monthly data, we applied these 

coefficients to the corresponding indicators and calculated the annual and monthly prosperity indexes 

to describe the operation status and development trend of the cigarette economy in the corresponding 

period. 

(1) Annual data is used. 

a. Based on GDP, the leading, consistent and lagging indicators are divided. The division results 

are shown in Table 6: 

Table 9. Statistics of leading indicators, coincident indicators, and lagging indicators. 
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After the indicators are standardized, they are put into the structural equation SEM model to find 

the fitting relationship: 

 

Figure 7. SEM model coefficient calculation results. 

Calculate the annual prosperity index: 

Table 10. The range of prosperity index from 2011 to 2023. 

 
 

Table 11. Calculation of the prosperity index values from 2011 to 2023 

 
 

By calculating the prosperity index values from 2012 to 2021, it can be clearly seen that the 

cigarette economy has been steadily growing every year. The prosperity index from 2011 to 2013 

was relatively low, and the cigarette economy was in a state of undercooling. The economic prosperity 

index was relatively high from 2019 to 2021, and the cigarette economy was in a relatively hot state, 
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consistent with the trend of enterprise economic development, indicating that the monitoring and 

warning model is consistent with reality. 

b. based on the price index, the indicators are divided into leading, coincident and lagging 

indicators. 

After the indicators are standardized, they are put into the structural equation SEM model to find 

the fitting relationship: 

 

Figure 8. SEM model coefficient calculation results. 

Table 12. The range of prosperity index from 2011 to 2023. 

 

Table 13. Calculation of the prosperity index values from 2011 to 2023 
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By calculating the prosperity index values from 2012 to 2021, it can be clearly seen that the 

cigarette economy has been steadily growing every year. The prosperity index from 2012 to 2015 

was relatively low, and the cigarette economy was in a state of undercooling. The economic prosperity 

index was relatively high from 2019 to 2020, and the cigarette economy was in a relatively hot state, 

consistent with the trend of enterprise economic development, indicating that the monitoring and 

warning model is consistent with reality. 

3.3.3. Divide the cigarette economic operation warning range. 

(1) Single indicator warning intervals. 

In order to achieve a comprehensive evaluation of the economic development trends of Ningxia, 

municipal bureaus (companies) and regions, it is necessary to quantify the five economic interval 

values of "economic overheating, hot, general, cold, and too cold", and clarify the warning interval 

and balance interval. This paper adopts the quartile method to divide the historical data of 15 single 

indicators and the predicted data for the next three years, a total of 15 years (2011-2025), and obtains 

the five economic warning intervals of "economic overheating, hot, general, cold, and too cold", and 

then judges the economic development trend by analyzing the interval of the predicted data results. 

The specific quartile function division formula is: 

Lower limit=Q1-1.5(Q3-Q1), Q1= value (0.25position), Q3=value (0.75position) 

Upper limit = Q3 + 1.5 (Q3 - Q1)  

(2) Single indicator warning intervals. 

This paper adopts the normal distribution principle. When the prosperity index value is far from 

the expected value, the closer it is, the greater its probability. On the contrary , when the prosperity 

index is farther from the expected value , the smaller the probability., Combined with the actual 

situation of Ningxia tobacco, the standard deviation area within 2 times is the normal range. It can be 

seen that the five state intervals of Ningxia cigarette economic operation warning are "overcooled", 

"cold", "normal", "hot", and "overheated". 

Table 14. The state intervals of Ningxia cigarette economic operation warning of 2012-2021. 

 

4. Conclusion 

4.1. Main conclusions 

This article builds a cigarette economic operation monitoring and early warning model and verifies 

it based on actual data from 2011 to 2021. It can understand the operating status of the cigarette 

economy in real time, correctly grasp the development and operation trend of the cigarette economy, 

and provide timely early warning and reminders for abnormal fluctuations in the operation of the 

cigarette economy, thereby realizing the transformation from post-control to pre-prevention, 

providing a mathematical basis and reference model for cigarette business decision-making, and 

ensuring the stable, healthy and sustainable development of the cigarette economy. 
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4.2. Outlook for deficiencies 

4.2.1. Data collection is not comprehensive and accurate enough.  

The cigarette market is changing rapidly, and there are many factors that affect the operation and 

development of the cigarette economy. How to comprehensively find these influencing factors and 

divide them by dimension is a difficult point. At the same time, facing the 15 early warning indicators 

we have sorted out, some of the related data need to be obtained by coordinating with relevant units 

and departments, some need to invite statistical technicians to collect statistics based on social reality, 

and some need to be obtained with the help of databases. How to collect data one by one accurately 

is a major challenge.  

4.2.2. The conditions for realizing information-based and intelligent operation are not yet 

sufficient. 

The development of future systems will involve research and development technologies such as 

front-end development, back-end development, database development, algorithm compilation, and 

web page development, which will also involve certain difficulties. In the next step, if the data of the 

integrated platform cannot be connected, other digital platforms such as Yida, Qingliu, and QUICK 

BI will be used to develop an economic operation monitoring and early warning system to realize 

online data collection, evaluation and analysis, real-time monitoring, system early warning, 

improvement and promotion, etc., steadily improve the efficiency of economic operation statistics, 

forecasting, monitoring, and early warning management, and gradually improve the level of economic 

operation management. 
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