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Abstract—Illicit trade in tobacco products (ITTP) would 

severely disrupt the market order, greatly threaten citizen’s 

health, and damage the interests of the nation and the consumers, 

which has attracted great attention of tobacco monopoly 

administration. Quick and correct detection of the changes and 

the drivers of ITTP activity would be very significant to the 

surveillance, tracing, early warning, prediction, prevention and 

control of the illicit tobacco trade, which are very important 

challenges for tobacco monopoly administrations in China. In 

this paper, we introduce spatial-temporal analysis techniques 

into detecting the spatial-temporal patterns and drivers of ITTP 

based on the dataset provided by tobacco monopoly 

administration of Changsha county in Hunan province, China. 

The results suggested that ITTP in the county mostly occurred 

along the downtown-county borders, or nearby the toll stations 

located on the highway, logistics and freight distribution center 

and the junction of neighboring areas. Positive correlations were 

found between illegal rate and population density, the number of 

kindergartens and nursery schools, proximity to the borders, the 

number of the pupils and the middle school students, which was 

consistent with the previous study and social etiquette. This study 

could provide important intelligence and clues for the decision 

makers and make sure that the resources should be allocated as 

effectively as possible.  

Keywords—Illicit trade in tobacco products (ITTP); spatial-

temporal analysis; hotspots detection; clusters; drivers 

I. INTRODUCTION 

Illicit trade in tobacco products (ITTP) is a complex 
criminal phenomenon that undermines countries’ fiscal, 
security/governance, health and economic/regulatory policies 
[1]. ITTP poses major health, economic and security concerns 
around the world [2]. It is estimated that one in every 10 
cigarettes and tobacco products consumed globally is illicit. It 
is for this reason that combatting ITTP is the theme of the 
World Health Organization’s annual World No Tobacco Day 
(WNTD) in 2015 (http://www.who.int/campaigns/no-tobacco-
day/2015/event/en/). A key objective of the campaign will be 
to advocate for the ratification and implementation by 
governments of the protocol to eliminate ITTP, which is a 
supplementary treaty to the WHO Framework Convention on 
Tobacco Control (FCTC). ITTP is not just an economic issue, 
but also an important health and security priority, being a 
health priority for the world. Firstly, illicit trade makes tobacco 

products more affordable and accessible to people from low- 
income groups, as well as children. Illicit trade is more 
common in low-income countries than in high [3]. Research 
estimates project that governments would gain US$31 billion 
annually by eliminating illicit trade, and reduce one million 
premature deaths attributable to tobacco products every six 
years, mostly in middle- and low-income countries. Secondly, 
illicit trade means less revenue for governments. Thirdly, illicit 
tobacco products are not subject to legal restrictions and 
effective health regulations aimed at curbing tobacco use, such 
as pictorial warnings or banning sales to minors. Finally, the 
illicit tobacco trade sponsors criminals and funds organized 
crime. Illicit tobacco is an important source of revenue for 
criminal networks, and it deprives government services of 
excise tax revenues at the same time.  

Illicit trade is a complex and diverse phenomenon affected 
by more than tobacco taxes alone[2]. Growing evidence shows 
that although these large-scale efforts are often most 
problematic in countries with relatively low taxes and  prices, 
other factors including weak governance and corruption, 
ineffective tax administration, and the presence of criminal 
networks and informal distribution networks are the most 
important determinants of illicit trade[4]. Governments should 
actively crack down on ITTP [5]. China is the most popular 
country of origin, especially for counterfeited cigarettes [6]. In 
2013, more men (45.3%) and boys (18%) smoke in China than 
on average in middle-income countries, the number of female 
and girls who smoke shows the sign of an ongoing and dire 
public health threat. Hunan province has a backbone enterprise 
of tobacco industry ranking among the top three enterprises in 
scale, assets, and tax and profit generation, with 4 cigarette 
factories in Changsha, Changde, Chenzhou and Lingling. 
There are 1,420,000 events on ITTP occurring in Hunan 
province in 2015, with 803 events in Changsha county. The 
prevalence of ITTP varies significantly across regions, because 
of the proximity to countries with cheaper tobacco products 
and the possible occurrence of other crime opportunities. 
Understanding of these factors is crucial for the development 
of appropriate policies against the illicit trade in tobacco 
products (ITTP) [7]. 

There is still not much have been known about spatial-
temporal patterns and drivers of ITTP and how much 
geographical variations of ITTP are explained by 
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characteristics such as regional socioeconomic and geographic 
conditions especially in China. The aim of this study is to 
explore spatial-temporal characteristics, patterns and drivers of 
illicit tobacco trade at county and township level. We hope that 
the study would promote to address the gaps by introducing 
spatial-temporal analysis techniques and methods into 
investigating illicit tobacco trade and the related domains. 
Further research and efforts must take into account not only the 
drivers of illicit tobacco trade but also the complex influences 
led by illicit tobacco trade at different spatial-temporal levels. 

II. DATA SOURCE 

A. Study Area 

Changsha County (28°17′14″N, 113°13′31″E) is under the 
administration of Changsha, the capital of Hunan province, 
China, located immediately to the east of the city proper (Fig. 
1). As of 2012 it had a population of 813, 395. The county has 
3 street committees, 15 towns and 4 townships. There is the 
developed road network distributed in the county, for example, 
China National Highway G107 (total length is 2,698 km, from 
Beijing to Shenzhen) and G319 (total length is 2,984 km, from 
Xiamen, Fujian to Chengdu, Sichuan), Jingzhu Highway and 
multiple expressways such as, Changsha Ring Expressway and 
Changsha Airport Expressway would go across the county. 
The county has 28 modern transits and favorable traffic 
systems to connect with Changsha City. 

 

Fig. 1. The location of Changsha County in Hunan province, China. 

B. The Events on Illicit Tobacco Trade 

The dataset on illicit tobacco trade is provided by tobacco 
monopoly administration of Changsha County in Hunan 
province, China. The original text files includes a series of 
useful information regarding illicit tobacco trade occurred in 
Changsha county: the checked time and location, the type of 
events (illegal transportation or illicit trade), the brand and the 
value of the checked tobacco products, etc. The longitude and 
latitude in degrees is obtained by geocoding. Data on illicit 
tobacco trade from the 2011-2012 period includes 530 cases 
with spatial-temporal information and other important 
attributes (234 cases in 2011 and 296 cases in 2012). The 
number of the spatial points is 178 in total during the two years, 
with 90 occurred in 2011 and 88 in 2012. There are multiple 
cases have been occurred in the same spatial point. Fig. 2 
shows the monthly distribution of the number of the events on 
illicit tobacco trade and its changes during 2011-2012. 
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Fig. 2. Monthly distribution of the number (a) of the events on illicit tobacco 

trade and its changes (b) in Changsha County, China during 2011–2012. 

C. GIS Data and Socioeconomic Data 

The base map including the shapefiles for administrative 
polygons and road network polylines are purchased from Esri 
China Information Technology Co. Ltd. The socioeconomic 
data for 22 administrative units in the county during 2011-2012 
is collected from Changsha Statistical Yearbook 
(http://cstj.gov.cn/tjnj/index.jhtml). 

III. SPATIAL-TEMPORAL PATTERNS AND DRIVERS 

In the social sciences, the most common forms of spatial 
analysis are conducted on points and areas [8, 9]. Here, we 
adopted spatial-temporal analysis techniques and methods to 
investigating the characteristics, patterns, clusters and drivers 
of illicit tobacco trade and making inferences about the patterns.  

A. Descriptive Statistics 

Mean Center. To describe the spatial dataset on illicit 
tobacco trade with some descriptive indexes. Here we use 
mean and standard deviation to achieve this, because of 
working in 2D space, so things are slightly more complicated. 
Instead of computing the mean we compute the mean center 
using (1)[10], which is basically the point identified by the 
mean value of longitude and the mean value of latitude. Where, 

ix  and iy  is the 2D coordinate of the spatial point. x  and y  

is the mean center of the points set. n  is the total number of 

the spatial points. 
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Standard Distance. Using the same principle we can 
compute the standard deviation of longitude and latitude, and 
the standard distance, which measures the standard deviation of 
the distance of each point from the mean center. This is 
important because it gives a measure of spread in the 2D space, 
and can be computed with (2) [10]. We can use the standard 
distance to have a visual feeling of the spread of the dataset 
about the illegal tobacco trade around their mean center.  
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Standard Deviational Ellipse. The problem with the 
standard distance is that it averages the standard deviation of 
the distances for both coordinates, so it does not take into 
account possible differences between the two dimensions. We 



can take those into account by plotting an ellipse computed 
with (3), instead of a circle, with the two axis equal to the 
standard deviations of longitude and latitude. Standard 
deviational ellipses are created to summarize the spatial 
characteristics of geographic features: central tendency, 
dispersion, and directional trends [10]. 
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Fig. 3 shows mean center (about 2,000 meters away from 
XingSha toll station located on Jingzhu Highway, where the 
most cases occurred) of the cases of illicit tobacco trade, 
standard distance (27,756 meters in 2011, 20,845 meters in 
2012) and standard deviational ellipse (the radius of short axis 
is 12686 meters and that of long axis is 37146 meters in 2011, 
those values in 2012 are separately 9,544 meters and 27,891 
meters, the rotation of the long axis measured clockwise from 
noon is 33 in 2011 and 25 in 2012). These indexes could 
measure the degree to which the events on illicit tobacco trade 
are concentrated or dispersed around the geometric mean 
center. 

  

(a) Year 2011                                   (b) Year 2012 

Fig. 3. Spatial characteristics of the illicit tobacco trade, 2011-2012. 

B. Kernel Density Estimation 

Kernel density estimation (KDE) is a non-parametric way 
to estimate the probability density function of a random 
variable. Kernel density estimation is a fundamental data 
smoothing problem where inferences about the population are 
made, based on a finite data sample. In some fields such as 
signal processing and econometrics it is also termed the 
Parzen-Rosenblatt window method, after Emanuel Parzen and 
Murray Rosenblatt, who are usually credited with 
independently creating it in its current form[11, 12]. 

In order to calculate a magnitude per unit area from the 
checked spatial points where the illicit tobacco trade occurred, 
we use kernel function to fit a smoothly tapered surface to each 
point. Conceptually, a smoothly curved surface is fitted over 
each point. The surface value is highest at the location of the 
point and diminishes with increasing distance from the point, 
reaching zero at the search radius distance from the point. Only 
a circular neighborhood is possible. The volume under the 
surface equals the counts of the events on illicit tobacco trade 
for the point where the events occurred. The density at each 
output raster cell is calculated by adding the values of all the 
kernel surfaces where they overlay the raster cell center. We 
created measures of point (the checked places where the illicit 
tobacco trade occurred) density for every data zone in 

Changsha county with the number of cases involved illicit 
trade of tobacco products, using ESRI ArcMap 10.1 
Geographical Information System (GIS) software. The kernel 
density estimator is described as the following[13]: 
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Where ( , ,..., )i i ix x x  is an independent and identically 

distributed sample drawn from some distribution with an 

unknown density to be estimated, here ix  is the checked 

spatial point where the illicit trade of tobacco products 

occurred to be estimated. ( )K  is the kernel which is a non-

negative function that integrates to one and has mean zero and 

0h  is a smoothing parameter called the bandwidth. hK  is 

called the scaled kernel. There is always a trade-off between 
the bias of the estimator and its variance. How to choose the 
bandwidth would depends on the practical situation in the 
specific study. 

Fig. 2 shows there are two areas with high kernel density 
mainly locating at the west of Changsha county, where was 
connected with KaiFu district and FuRong district in Changsha 
urban area during the two years.  

  

(a) Year 2011                                   (b) Year 2012 

Fig. 4. Kernel density estimation of the number of the checked places where 

the illicit trade in tobacco products. 

C. Multi-Distance Spatial Cluster Analysis 

In order to determine whether the occurrence of illicit trade 
of tobacco products in Changsha County exhibit statistically 
significant clustering or dispersion over a range of distances, 
we use Ripley's K function to analyze the spatial pattern of 
illicit trade point data. Ripley's K-function[14-16] illustrates 
how the spatial clustering or dispersion of feature centroids 
changes when the neighborhood size changes. Its formulation 
is as: 

,
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Where d  is distance, n  is equal to the total number of 

points, A  represents the total area of the points and ,i jk  is a 

weight. If there is no edge correction, then the weight will be 

equal to 1. When the distance between i  and j  is less than d , 



the weight will equate to 0 otherwise. Using a given edge 

correction method will modify ,i jk  slightly. 

We need specify the number of distances to evaluate and, 
optionally, a starting distance and/or distance increment. With 
this information, the average number of neighboring points 
associated with each point would be computed. Neighboring 
points are those closer than the distance being evaluated. As 
the evaluation distance increases, each point will typically have 
more neighbors. If the average number of neighbors for a 
particular evaluation distance is higher/larger than the average 
concentration of points throughout the study area, the 
distribution is considered clustered at that distance. 

It is useful to run the K-function on the points without a 
weight to get a baseline indicating how much clustering is 
associated with feature locations alone. We compare the 
baseline (computation based on unweighted single case 
involved illicit tobacco trade) to weighted results (computation 
based on weighted spatial points after grouping the cases 
located at the same spatial point) to get a feel for how much 
additional clustering or dispersion is added when the weight is 
considered. The weighted K-function could show the clustering 
(dispersion) over and above (under and below) that which it 
would obtain from the unweighted pattern.  

As Fig. 5 (a)-(b) shows, the observed weighted K value is 
larger than the expected weighted K value for a particular 
distance, suggesting that the distribution is more clustered than 
a random distribution at that distance. It shows that the 
observed weighted results (13807-25965 in Fig. 5 (c)) fell 
outside the unweighted results confidence envelope (Fig. 5 (d)), 
suggesting that the pattern of weighted points is significantly 
more clustered than the underlying pattern (baseline in Fig. 5 
(d)) of those points.  

  

(a) 90 points in 2011-Weighted          (b) 88 points in 2012-Weighted 

  

(c) 178 points-Weighted               (d) 530 points-Unweighted (baseline) 

Fig. 5. Multi-distance spatial cluster of the illicit tobacco trade, 2011-2012. 

D. Hot Spots Detection 

The Hot Spot Analysis was performed by calculating the 
Getis-Ord Gi* statistic[17, 18]. The resultant z-scores and p-
values would suggest where the points with either high or low 

values cluster spatially. The hot spot analysis works by looking 
at each point within the context of neighboring points. A point 
with a high value is interesting but may not be a statistically 
significant hot spot. To be a statistically significant hot spot, a 
point will have a high value and be surrounded by other points 
with high values as well. The local sum for a point and its 
neighbors is compared proportionally to the sum of all points; 
when the local sum is very different from the expected local 
sum, and that difference is too large to be the result of random 
chance, a statistically significant z-score results. The Gi* 
statistic returned for each point in the dataset is a z-score. For 
statistically significant positive z-scores, the larger the z-score 
is, the more intense the clustering of high values (hot spot). For 
statistically significant negative z-scores, the smaller the z-
score is, the more intense the clustering of low values (cold 
spot). Fig. 6 shows the detected hot spots of the events on illicit 
tobacco trade during 2011-2012 were mainly located nearby 
the toll roads or retail stores at the street committees such as 
XingSha and XiangLong. 

  

(a) Year 2011                                    (b) Year 2012 

Fig. 6. Hot spots detection of the events on illicit tobacco trade, 2011-2012. 

E. Cluster and Outlier Analysis 

We identified statistically significant hot spots, cold spots, 
and spatial outliers using the Anselin Local Moran's I 
statistic[19], which would be widely used in many fields 
including economics, resource management, biogeography, 
political geography, and demographics. In order to identify 
spatial clusters with high or low values and outliers of the 
events on illicit tobacco trade, we calculated a local Moran's I 
value, a z-score, a p-value, and a code representing the cluster 
type for each spatial point. The z-scores and p-values represent 
the statistical significance of the computed index values. A 
positive value for I indicates that a feature has neighboring 
features with similarly high or low attribute values; this feature 
is part of a cluster. A negative value for I indicates that a point 
has neighboring points with dissimilar values; this point is an 
outlier. The p-value for the point must be small enough for the 
cluster or outlier to be considered statistically significant. 

There was clustering trend in Changsha County’s illicit 
tobacco trade represented by the counts of the events. Local 
Moran's I statistic told three high-high clusters (I = 6.40, 2.88 
and 2.52, p = 0) nearby the border between KaiFu district of 
Changsha downtown and the count in 2011, and two high-high 
clusters (I = 0.98 and 0.43, p = 0) and one low-high outlier (I = 
-0.34, p = 0.03) in 2012. The north, east and south part of 
Changsha County exhibited great geographical similarity in 
illicit tobacco trade. XingSha and XiangLong located in the 
west part of the county were worth noting, where the illicit 
tobacco trade occurred changed the spatial pattern the most.  



F. Multivariate Correlation 

Previous study suggested that the illicit tobacco trade 
would be closely related to socioeconomic and geographic 
conditions[1, 2]. In order to explore the hidden relationship 
between the illegal rate and the surrounding geographic and 
transportation condition, we measure the distance from the 
checked places to the road networks such as highway and 
expressway. It was found that 50 percent (267/530) of the illicit 
tobacco trade occurred at almost 2,000 to 4,000 meters away 
from the borders between Changsha downtown and the county, 
while illegal rate was highest at the location with over 3,500 
meters away from the borders. 

In order to find a properly specified model to interpret the 
correlation between the illicit tobacco trade and its probable 
important contributing factors. We evaluated possible 
combinations of the existing explanatory variables by 
exploratory regression method [10] rather than only looking for 
models with high Adjusted R-square values, which looks for 
models that meet all of the requirements and assumptions of 
the OLS method. Then we ensured whether the obtained 
passing model’s residuals would be spatially autocorrelated or 
not using global Moran’s I statistic.  

The dependent variable is illegal rate representing the 
prevalence of the illicit trade in tobacco products. We define 
the illegal rate as the ratio (1/100,000) of the number of the 
events involved illicit tobacco trade to the total population 
within a specific spatial (township level) and temporal (year) 
scale. We smoothed the illegal rate by empirical bayes [20, 21] 
method in order to adjust the risk of illicit trade.  

The potential independent variables for 22 administrative 
units in Changsha County (2011-2012) included population 
density, total revenue, total expenditure, the average income of 
the farmers, the number of the pupils and students in primary 
schools and middle schools, the number of the kindergartens 
and nursery schools and the proximity to the borders between 
the downtown and the county. 

The properly specified OLS model obtained using the 
dataset in 2011 (Moran’s Index=-0.1003, z=-0.4681, p=0.6397) 
included three variables: population density (POP), the number 
of the kindergartens and nursery schools (KIN) and proximity 
to the borders (PRO). The specified model in 2012 (Moran’s 
Index=-0.0500, z=-0.0216, p=0.9827) include the other two 
variables: the number of the pupils in primary schools (PUP) 
and the number of the students in middle schools (STU). The 
two models and OLS diagnostics are as the following:  

RATE_2011 = -89.9847+0.1334*POP+3.3774*KIN+0.0009*PRO 

(R-squared = 0.88, Adjusted R-squared = 0.87, AICc = 217.39) 

RATE_2012 = -98.5120+0.1192*PUP+0.0931*STU 

(R-squared = 0.83, Adjusted R-squared = 0.81, AICc = 240.94) 

  

(a)                                                         (b) 

Fig. 7. Township level prevalence of illicit tobacco trade in Changsha county 

during 2011-2012. 

Positive correlations were found between illegal rate and 
population density, the number of kindergartens and nursery 
schools, proximity to the borders, the number of the pupils and 
the middle school students, which was consistent with the 
previous study[22] and social etiquette. In our study, we found 
that population density was very closely related to the total 
revenue. The founded correlation maybe attribute to that high 
population density would stimulate the demand on the illicit 
tobacco trade and increase government revenues at the same 
time. So the positive relationship between high revenue and 
high prevalence of the illicit tobacco trade may be also 
inferenced. Moreover, tobacco products are still among the 
most frequently given gifts in China which would motivate the 
contact between the parents and the teachers in different kinds 
of schools.  

IV. CONCLUSION AND DISCUSSION 

This study provides a solid baseline for further research 
into the illicit tobacco trade in Changsha County. It establishes 
the historical context of the illicit tobacco trade and identifies 
statistically significant emerging spatial agglomeration of the 
illicit tobacco trade in Changsha County. This information can 
be used as the basis to study why this agglomeration is 
occurring.  

A. Conclusion 

Spatial-temporal patterns. Most of the events on illicit 
tobacco trade in Changsha county occurred about 2,000 meters 
away from XingSha toll station located on Jingzhu Highway. 
The distribution for the events on illicit tobacco trade showed 
the trend of spreading from the southwest to northeast in the 
county, and overall slightly shifting to the west at the border 
between downtown and the county in 2012 compared to 2011. 
The radius of the cluster was almost 16,000 meters according 
to multi-distance spatial cluster analysis, exhibiting statistically 
clustering over the range of radius. The high-high clusters and 
hot spots of illicit tobacco trade were mainly located along the 
downtown–county border in Changsha, including XingSha and 
XiangLong street committee.  

Drivers and facilitators. During the two years, different 
positive correlations between illegal rate and the contributing 
factors occurred. In 2011, three variables including population 
density, the number of kindergartens and nursery schools, and 
proximity to the borders would positively stimulate the 
prevalence of illicit tobacco trade. In 2012, two factors 
including the number of the pupils and the middle school 



students would be more significantly positively related to 
illegal rate. 

B. Discussion and Future Work 

Significance of this study. Mining and analyzing spatial-
temporal patterns and drivers can provide many valuable 
insights to facilitate ITTP-combating and counter-illegal efforts. 
Spatial-temporal analysis can help identify emerging hotspots 
of illicit trade along the border, which in turn provides useful 
information to help border control agencies efficiently allocate 
patrol resources. The detected spatial-temporal patterns, 
clusters, hot spots and the significant drivers of illicit tobacco 
trade explored from this study would provide important 
intelligence and clues for the decision makers and make sure 
that the resources should be allocated as effectively as possible.  

The limitation and Future work. On one hand, the results 
showed that the correlation between the illegal rate and its 
contributing factors at township level in Changsha county was 
homogeneous perhaps because of the limited range of the area 
and small samples of the administrative units. Further research 
at different scale and level using cross-county, cross-province, 
cross-nation datasets should be carried on in order to dig the 
knowledge and hidden correlation about the space-time drivers 
of the illicit tobacco trade and the vital effects led by that. The 
findings in this paper should be further refined through the 
research at much more regions and areas in order to assess 
spatial-temporal heterogeneity and non-stationary of the illicit 
tobacco trade at larger scale and finer level.  

On the other hand, we should take into account the 
economic value variable when exploring the drivers of ITTP. 
During the two years, the total economic value of ITTP in the 
county reached 29.1 million yuan, that for illicit retail reached 
932,957 yuan and that for illicit transportation reached 28.17 
million yuan. The value of counterfeit products reached over 
5.1 million yuan (17.5 % of the total value), that of quality 
tobacco products amounted to almost 24 million yuan (82.5% 
of the total value). In 2011, the minimum amount was 270 
yuan, the maximum reached 632,500 yuan, amounting to in 
total 13.84 million yuan. In 2012, the amount ranged from 28 
Yuan to 443,113 Yuan, with the sum 15,258,085.7 Yuan. The 
increment achieved 10% for 2012 as compared to 2011. We 
have not yet got the detailed spatial distribution information for 
economic value of the checked tobacco products in 2011 and 
2012. The price and the type of the tobacco products would be 
the important drivers contributing to the illicit tobacco trade to 
be considered in the future work. 

The methodology has its own strengths and weakness, 
including challenges that concern data collection, reliability 
and validity. Accurate tracking and measurement is 
fundamental to designing appropriate policies that attempt to 
combat the illicit trade in tobacco products. The illicit trade in 
tobacco cannot be attributed to one or two factors; it is the 
combination of factors, or variables, that interact with each 
other to allow or hinder the illicit trade. These factors vary over 
time and jurisdiction, allowing for trend and cross-

country/state analyses. All those referred to above should be 
further studied. 
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