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ABSTRACT

In order to accurately predict the effect of new product cigarette marketing strategy.We take 18
months of cigarette sales data in city B of province A as the research sample, take new cigarette
C as the research object, and use the random forest method to fix the errors and missing data.
Then, we first use the mature cigarette brand's short-term historical sales and multiple labeling
systems including the mature cigarette brand's historical sales data, retailer sales data,
merchant circle crowd portrait data. Based on various machine learning method, we calculate
the fitting weights of mature cigarettes to new cigarettes and then simulate and predict the sales
trend of new cigarettes. The application effect test found the accuracy of new cigarette sales
prediction based on the traditional LSTM model was only 33.31%. In comparison, the
prediction accuracy of the new model we constructed can reach 94.17%. We address the
limitations encountered in new cigarette sales prediction, andfill the research gap in new
cigarette launch models.
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1. INTRODUCTION

With the continuous development of big data-driven artificial intelligence and the financial
industry, more and more scholars have started using machine learning methods to analyze and
study cigarette-related predicting problems empirically. Qin Rong and Wang Jibin[1] et al. argue
that the implementation of the "Internet+" action plan and the supply-side structural reform of
China tobacco have a positive impact on the quality and efficiency of tobacco.Regarding the
impact of machine learning in cigarette sales forecasting, Deng Chao and Liu Song[2] proposed
an intelligent cigarette delivery model based on LSTM (Long Short-Term Memory) and BP
(Back Propagation) neural network. Sun Jing proposed an image recognition technology-based
consumer cigarette brand cultivation path algorithm.Feng Zhe and Wang Zhigang[3] proposed
the use of support vector machine to solve the nonlinear and high-dimensional identification
problem and build a cigarette precise placement decision model. Huang Hengbo and Chen
Haiyong[4] et al. used machine learning recommendation algorithm to optimize the high-end
cigarette designated placement strategy of Zhangzhou Tobacco Company. Currently, the tobacco
industry has made many efforts and attempts in digital marketing, and existing methods generally
focus on the use of time series to forecast the sales volume of mature cigarette products[2].
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However, little literature explores new cigarette products' launch models and sales volume
forecasting.

From a market perspective, there is a forecasted demand for new cigarette launches by each
tobacco company. But the forecasting model for mature cigarette products cannot simply be
applied to the sales forecasting of new cigarettes. There are two main reasons for this. First,
mature cigarette product forecasting models must have long historical cigarette sales data.
However, new cigarette products often do not have long time series data, and the short period of
sample data can lead to a biased estimation of the time series model. Second, the overall trend of
sales of mature cigarette products is more stable. However, due to the promotional factors and
customers' newness in the early sales stage, the data of new cigarettes tend to fluctuate sharply in
the early sales stage but level off in the later stage. Using time-series data to forecast the sales
fluctuations of new cigarettes can easily amplify the estimation bias.

In summary, predicting the launch model of new cigarettes under the limitation of data interval is
an important issue that needs to be addressed in the current industry development. In this paper,
we take the new cigarette C produced in province A in 2020 as an example and use 18 months of
cigarette sales data at the retailer level in city B of province A as the research sample. Our core
idea is to calculate the fitting weights of mature cigarette products with new cigarettes by
synthetic control method. And we use the machine learning method to calculate the sales
prediction data of various mature cigarette products. Finally, the sales trend of new cigarettes is
simulated based on the forecast data of mature cigarette products obtained by machine learning
and the weights obtained by the synthetic control method. The accuracy of our algorithm is as
high as 94.17%. We solves the current problem of the limitation of new cigarette sales prediction
and fills the research gap of the new cigarette launch model.In the future, we will build a more
abundant and perfect label system to improve the degree of fitting the features of new cigarette
products and improve the prediction accuracy.

The arrangement of us is as follows. The first part is the introduction, the second part presents the
design scheme of the prediction model based on the synthetic control method, and the third part
presents the practical application effect of the prediction model. The last part is the conclusion.

2. STuDY DESIGN

This section introduces the design scheme of the forecasting model based on the synthetic control
method, including basic ideas, model design, data selection, and processing, model forecasting
process, and model evaluation.

2.1. The Basic Idea of the Synthetic Control Method

In the past few years, synthetic control methods have been widely used to study issues such as
immigration policy, corporate political affiliation, and tax policy.The synthetic control method
was initially proposed by Abadie and Gardeazabal (2003)[5], and Abadie et al. (2010)[6], to
estimate how an intervention implemented at the aggregate level affects a large set of individuals
(e.g., a city, region or country). The idea behind the synthetic control approach is that when the
object under examination is a small number of aggregates, using the set of unaffected individuals
as a control is more effective than using a single unaffected individual as a control. The synthetic
control method can select the optimal linear combination of weights based on the similarity
between data and is now widely used in many aspects of socioeconomic and market management.
Jun Tang and Yu Gao[7] et al. used synthetic control method to evaluate the emission reduction
effect of smart energy construction in smart cities. Yang Feng and Yang Wang[8] et al. used
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synthetic control method to explore the changing trend of China's industrial.Yujun Lian and Xin
Li[9] used synthetic control method to promote the placebo test. Feiyu Chen and Qirui Chen[10]
used the synthetic control method to analyze the implementation effect of waste separation-
related policies in China. Lianna Yang and Yong Xu[11] used the synthetic control method to
analyze the import and export trade effects of China's free trade zone. In addition, foreign
literature has commonly used synthetic control methods fused with machine learning algorithms
to investigate carbon market pricing, pollution emissions, and economic growth[12-14] .

2.2. Design of New Cigarette Prediction Model Based on Synthetic Control Method

We based on the synthetic control method, the new cigarettes are generated by simulating the
mature cigarette products from the cigarette gauge data, calculating the weights of each mature
cigarette product, and then comparing the degree of fit of the synthetic control method with the
historical data to calculate the sales forecast data of the new cigarettes. The specific model design
is as follows.

Assume that there are J cigarette brands. Assume that the first cigarette brand (j=1) is the target
cigarette brand for which this application wants to forecast sales, and the rest (j=2, 3, ..., J) are
mature cigarette brands, and the time of the data is t. For each cigarette brand j and time t, the
matching variable vector is cigarette sales, cigarette brand, cigarette category, cigarette gauge,
price range, and retail price of a pack. For cigarette brand j and time t, define Xj; to represent the
above matching variable values. For the target cigarette brand j at time t, X1 represents the vector
of matching variables, which still includes the sales volume, cigarette brand, cigarette category,
cigarette gauge, price range, and retail price of a pack of cigarettes. In order to get the fitting
weights of the reference cigarette brand to the target cigarette brand, the weights obtained by the
synthetic control method can be expressed by the weight vector ;of JX1, that is, ®j=(Wa,..., Wi+1),
where the weights are non-negative and the sum of the weights is 1. The selection of the weights
is the most important part of the synthetic control method, and the results of the research method
are meaningful only when the reference cigarette brand can be a good fit to the "real area”, and
the equation only needs to find the minimum value of x1 -Xjwj. The weights w; need to be chosen
so that Xj, which includes cigarette sales, cigarette brands, cigarette categories, cigarette sizes,
price ranges, pack retail prices, and other variables, is as close to xi; as possible, and the matching
characteristics of the reference cigarette brands will be as close to the target cigarettes as possible
after weighing. To measure this distance, a quadratic (distance between two points in a
Euclidean-like space) matching equation can be used. In the process of determining the fitting
weights that minimize the prediction error based on the synthetic control method, the fitting
weights are called intermediate weights, and the intermediate weights are the dynamic change
values in the process of determining the fitting weights.

Based on the vector of matching variables for the reference cigarette brand Xj, (j=2, 3, ..., J) and
the matching variable vector X1 of the target cigarette, we get the matching weights w; of the
reference cigarette brand to the target cigarette, where V is a (k*k) dimensional diagonal matrix.
As shown in Equation (2).

According to the matching variable vector X;: of the reference cigarette brand and the matching
variable vector xi; of the target cigarette brand and Equation (1), the first pre-determined formula,
the prediction error 11 Of the intermediate predicted sales volume, is obtained. At time t, a set of
intermediate weights is selected to minimize the prediction error t1; Of the synthetic control
method, and the intermediate weights in this set are used as the fitting weights of each reference
cigarette brand respectively.
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2.3. Data Selection and Processing

The four types of data used in this paper are obtained from the Tobacco Monopoly Bureau of
City B in Province A, which include: the retailer's category-monthly sales dimension data,
retailer's labeling dimension data, portrait labeling dimension data of the merchant circle
population, and labeling dimension data of the category. Considering that the new cigarette C
was launched in 2020, we chose January 2021-June 2022 for this paper.

The core data is the retailer-cigarette category-monthly sales dimension, including the monthly
tracking data of 90 types for each retailer. The label "sales (units)" is the target predicted in this
paper. Compared with the prediction by time series alone, we introduces a model labeling system
consisting of merchant area crowd portrait, cigarette category, and retailer sales ability data to
forecast cigarette sales. Compared with the time series data autocorrelation, the model label
system can use the external factors that affect cigarette sales, such as shopping area population,
cigarette size, and retailer characteristics, and thus better meet the unbiased and consistent data
estimation.

2.3.1. Handling of Missing Data Values

In order to ensure the representativeness of the model and to eliminate the influence of extreme
values within the data and the differences between different scales, the missing data are first
processed.

Firstly, the data including raster data matching, and fuzzy matching of the names of the
differently called gauges will be performed to spell the above four data into a data set of about
10GB, thus starting the overall data cleaning. Based on the results obtained by the synthetic
control method, ten types of cigarettes were selected from the data,the details are shown in
table2. The columns with more zeros and variance of less than four are removed from the training
data set A to improve the calculation speed of the model.

Secondly, the size of the preliminary cleaned dataset A is 450MB. At this time, the variable
names of the complete dataset A are analyzed. A variety of data with different names but
synonyms and inconsistent data types are found. These data are still deleted to improve the speed
of the model.

Thirdly, at this time, the complete data set A variables are filtered, and the data of type "object" is
filtered out, which must be converted to int or float type to be fed into the model. For the latitude
and longitude data, we can consider replacing them with the shopping area ids. Figure 1 shows
the results of the visualization of shopping district ids, where the blue points are the distribution
of 70% of the samples in the training set,the yellow dots are the distribution of 30% of the
samples in the test set, and it can be found that the test set and the training set is more similar.
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Figure 1. Business circle id visualization results
At this time, the missing values of dataset A are counted in proportion, as shown in Figure 1
below, it can be seen that "for commuting mode self-driving tgi" and "visiting 4s store brand
Wauling tgi" have the largest proportion of missing values, while a total of 211 tags need to be
The missing values need to be filled.

Table 1. Missing values after initial cleaning of dataset A.

Missing Values %o0f Total
Commuting self-driving mode tgi 23000 9.5
Visiting 4s store brand Wuling tgi 22359 8.9
Life stage retirement tgi 22245 8.9
Traveling abroad tgi 21509 8.6
Holiday passenger flow hour_avg9 | 2077 0.8
Working population 2077 0.8
Mabile passenger flow day avg 2077 0.8
Holiday passenger flow day avg 2077 0.8
Residential population 2077 0.8

The missing values here are considered using the random forest to fill in the missing values.
Random forest is a common method in machine learning, which is to build a forest in a random
way, and when a new input sample comes in, let each decision tree in the forest make a little
judgment separately to see which class the sample should belong to. This method was first
proposed by Breimanz in 2001[20]. We use the random forest method because there is a
connection between x and y, so that x can be used to predict y. In turn, y can also predict X to
some extent. When a feature x in X has a missing value, the feature is considered as target and y
as a new feature. The samples without missing values are used as the training set and the samples
with missing values are used as the test set, and the missing values are predicted using random
forest modeling. When there are multiple features with missing values in X, we start from the
feature with the least number of missing values, and fill in the other missing values with zeros.
When the missing values of the feature are predicted by random forest, they are filled in the



38 Computer Science & Information Technology (CS & IT)

original data, and then we continue to process the next missing value as above. After the missing
values are filled by random forest , and the complete cleaned data set A is obtained.

2.3.2. Handling of Data Outliers

For dataset A, we select a box plot-based outlier monitoring algorithm for monitoring. The box
plot is a relatively common outlier detection method. In general, the distance between the 25%
guantile Q1 and 75% quantile Q3 of all samples is taken as the length IQR of the box, and the
sample values smaller than Q1-1.5 IQR or larger than Q3+1.5 IQR can be considered as outlier
samples. The specific effect is shown in the following figure2.
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Figure 2. Schematic diagram of outlier monitoring
2.4. Model Evaluation

In order to compare the prediction effects among models, we design the final index to evaluate
the overall effectiveness of the model as the accuracy rate[3] , which means the difference
between the actual and predicted sales as a ratio of the predicted sales to 1. The larger this
indicator is, the better the model effect and its specific expression.

Actual Sales—Forecast Sales
Accuracy rate = (1 — l |) x 100% 3)
Forecast Sales|

The synthetic control method was processed using Statal7 to calculate the weights of each
mature cigarette product on the new cigarettes. The image processing, model building, and
numerical computation codes are all in python language, the neural network is built using the
open source Pytorch 1.10.0, and the Graphic Processing Unit (GPU) is NVIDIA GeForce RTX
3090 (NVIDIA Corporation, USA).

3. APPLICATION EFFECT TEST

This section presents the practical application effects and prediction accuracy of the prediction
model based on the synthetic control method and compares it with the traditional LSTM model.

3.1. Descriptive Statistics ofthe Data

We first present descriptive statistics of the retailer-cigarette gauge-monthly sales data after the
data cleaning process. Figure 3 shows the change in overall cigarette sales in City B during the
sample period. From the figure, it can be seen that the overall cigarette sales have obvious
seasonal fluctuations. The peak season for cigarette sales is January, September, July, August and
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October, which is consistent with the change in sales volume due to seasonally influenced
consumer psychological fluctuations.
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Figure 3. Changes in overall cigarette sales volume in B City
3.2. Analysis of the Prediction Results of the Traditional LSTM Model

Based on the LSTM model to model the new cigarette sales of each retailer, the LSTM model is
used to learn the data for 12 months of 2021 and predict the data for January 2022-June 2022.
Figure 4 shows where the blue dash indicates the real data and the yellow dash indicates the
predicted results using LSTM only. Through the calculation, this paper found that the prediction
accuracy of new cigarettes based on LSTM model is only 33.31%.
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Figure 4. Prediction results based on LSTM model
3.3. Analysis of the Prediction Results of the Synthetic Control Method Model

First, we uses the synthetic control method to calculate the fitting weights of each mature cigarette
product to new cigarettes. Specifically, we treat the new cigarette C as the experimental group in
the data set and 89 other mature cigarette products as the control group. We selected cigarette
brand, cigarette category, cigarette gauge, price range, retail price of a pack, and other cigarette
gauge data as synthetic control variables. After observation, we can find that the control group



40 Computer Science & Information Technology (CS & IT)

with the largest weight selected by the synthetic control method is "Cordyceps sinensis (double
medium)", followed by "Huangshan (small red square stamped medium)".

Table 2. Correlation coefficients between the mature product with the new product C

Cigarette Product Specifications Correlation coefficients between the
mature product with the new product

Jiaozi (wide and narrow luck) 0.002

Jiaozi (Soft Sunshine) 0.024

True Dragon (Soft Jiaozi) 0.009

True Dragon (Bama Tensei) 0.053

True Dragon (Sea Rhythm) 0.022

True Dragon (Soft Sea Rhythm) 0.136

True Dragon (HongYun) 0.101

Huangshan (Large Red Square Seal) 0.075

Huangshan (Small Red Square Seal Middle 0.188

Branch) '

Cordyceps sinensis (double medium branch) | 0.389

Secondly, we used five machine learning methods from Weighted Ensemble, NeuralNetTorch,
LightGBMLarge, RandomForestMSE, and CatBoost to compute the sales prediction data for
various mature cigarette products, respectively. Table 3 shows the results run through the
machine learning methods on this dataset.

Third, the predicted sales of the target cigarette brands are obtained based on the reference
predicted sales and the corresponding fitting weights. Table 4 shows new cigarette sales
prediction accuracy based on the fitting weights obtained from the synthetic control method
model after the sales prediction data of various mature cigarette products based on each of the
above machine learning methods. It can be found that the accuracy of the synthetic control
method model reached 94.2% based on the Weighted Ensemble algorithm. The other machine
learning models were also more than 60 percent accurate.These prediction accuracies were
significantly higher than the accuracy of 33.31% for new cigarette sales based on the traditional
LSTM model, proving that the new cigarette sales prediction model constructed based on the
synthetic control method has a better prediction accuracy.

Table 3. List of results of each machine learning model run

Model Name RMSE Predicted Training Time (S) | Memory
Time(S) Usage(MB)
WeightedEnsemble | 1.940 32.277 990.833 4243.000
NeuralNet 2.019 0.092 432.388 1144.000
RandomForest 2.769 0.061 1461.305 57607.000
LightGBM 2.778 0.028 58.328 27929.000
CatBoost 3.055 0.004 9.905 11223.000

Table 4. Accuracy performance of synthetic control method-based models

Algorithm Name Prediction Accuracy
WeightedEnsemble 0.942
RandomForestMSE 0.901
NeuralNetTorch 0.891
XGBoost 0.706
LightGBM 0.691
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Finally, we also compare the predicted and actual cigarette sales of new cigarettes under the
synthetic control method and machine learning prediction model. Figure 6 compares predicted
and actual new cigarettes, where the orange line is the predicted sales volume based on the
synthetic control method, while the blue line is the actual sales volume of new cigarettes. From
Figure 5, the model fits the trend and direction of new cigarettes well.
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Figure 5. Comparison of predicted and actual new products in B City

4. CONCLUSIONS

To address the problem of accurate new cigarette delivery, we propose an intelligent cigarette
delivery model construction method for commercial tobacco companies. The method is based on
the multiple labeling systems, including historical sales data of mature cigarette brands, retailer
sales data, shopping area population portrait data, and short-term historical sales of new cigarette
brands, etc., combined with the fitting weights of mature cigarette product sales to new cigarette
sales calculated by synthetic control method, to predict the new cigarette sales strategy. The
results show that compared with the traditional LSTM model, the accuracy of the latest sales
prediction model constructed based on the synthetic control method is significantly improved by
2-3 times.

Our marginal contributions are in the following three areas based on past research and the above
analysis. First, we expand the literature related to the prediction of new cigarette products. We
use a synthetic control method and multiple labeling systems to match and weigh new cigarette
and mature cigarette product characteristics. Our prediction model enriches the theoretical
research on new cigarette prediction, and fills the model gap for new cigarettes.

Second, we extend the application of existing machine learning models for sales prediction. We
use various machine learning models to feed the combined data based on retailer characteristics,
product gauge characteristics, and merchant area population characteristics after data cleaning
and feature engineering into the model, construct the model and predict the cigarette sales of
established varieties, and finally obtain the output of the machine learning model.

Third, the new cigarette prediction model obtained based on the synthetic control method meets
the demand for predicting the effect of new cigarette launch strategies in the tobacco industry and
has some practical significance. Our model can make customized forecasts for new cigarette
products in specific categories and provide more practical guidance strategies for cigarette
companies to help them make scientific decisions and launch new cigarettes scientifically.
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