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Abstract.

BACKGROUND: Statistics on lung cancer incidences and air pollutants show a strong correlation between air pollutant con-
centrations and pulmonary diseases. And environmental effects on lung cancer incidences remain highly unknown and uncertain
in China.

OBJECTIVE: This study aims to measure the relationships between different air pollutants and lung cancer incidences in
Tianjin.

METHODS: One thusand five hundred patients across 27 districts in Tianjin were studied for lung cancer incidences. The
patients had come into contact with various air pollutants such as PMs 5, PM10, SO2, NO2, CO, and Os. These pollutants were
measured daily and were published via a Geographic Information System across the 27 districts of Tianjin. The air pollutant
compositions of environments the patients lived in were determined using the nearest air monitoring station to the patient. And
we used rough set theory to measure the relationships between different air pollutants and lung cancer incidences.

RESULTS: Different air pollutants and combinations of pollutants impacted lung cancer incidences differently across different
districts, sexes, and lung cancer types in Tianjin.

CONCLUSIONS: Based on data analysis and interpretation, rough set theory provided data relationships that were objective
and interpretable. The method is simple, general, and efficient, and lays the foundation for further applications in other cities.
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1. Introduction

Air pollution is a major environmental hazard to human health, especially to the human respiratory
system. As such, relationships between air pollutants and respiratory disease have been extensively
studied [1-3]. Pollutants in the atmosphere can invade the human respiratory system, causing chronic
bronchitis, allergic diseases, acute respiratory infections, asthma, lung cancer and other respiratory dis-
eases [4]. In particular, incidences of and mortality from lung cancer have increased rapidly over the past
few decades [5].

Typically, air pollutants consist of species such as soot, suspended particulates, inhalable particles
(PMyg), fine particulate matter (PMy 5), nitrogen dioxide (NO2), sulfur dioxide (SO3), carbon monoxide
(CO), ozone (0O3) and volatile organic compounds (VOCs) [6,7]. The size of these particles also de-
termines their transport characteristics and their impact on the human body. Particles less than 10 um
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(PM1g) in diameter can enter the nasal cavity, those less than 7 ym can enter the throat, and those less
than 2.5 ym (PM3 5) can enter the lung and be deposited into the alveoli and then make their way into the
bloodstream, leading to diseases related to heart and lung dysfunction [8-10]. PMs 5 can directly enter
the alveoli because their diameters are less than 1/20 of the thickness of a human hair [11]. During a
quarter of the days over the past 2 years, the air quality index (AQI) in some areas of Tianjin was graded
as “severe pollution” and the concentration of PMs 5 played a major role in the poor air quality [12].

Chinese researchers have studied the relationship between SOy and lung cancer since 2009, but the
relationship between PMs 5 and lung cancer is still an open research area [13]. Researchers in Japan,
the United States, Europe, and nine other countries have shown a close connection between haze and
increased incidences of lung cancer [14]. Generally, each additional 10 ;g/m? of PMy 5 over interna-
tional standard concentrations will cause a 25-30% increased risk of lung cancer [15]. In China, most
air pollutants are contained in smog and the smog concentration is 5-10 times higher than the aver-
ages of other countries [16]. As a result, studying the relationships between lung cancer incidences and
air pollutants becomes very challenging. High lung cancer incidences are not typically associated with
the longer-term environments that patients live in and environmental effects on lung cancer incidences
remain highly unknown and uncertain in China.

In this study, we focused on the relationship between air pollution and lung cancer incidences. The
research consisted of two parts. First, information for 1,500 lung cancer patients treated in the Tianjin
Medical University General Hospital from 2011 to 2015 was studied. Second, real-time concentrations of
air pollutants such as SO2, NO3, CO, O3, PM3 5 and PM; ¢, published by the 27 air pollutant monitoring
stations across Tianjin between 2013 and 2015 were used to extract information about the patient’s
domestic environment. Meanwhile, it is assumed that the circumstances of air pollutants had no large
changes at the same living area over the past five years, taking into account that there were no special
meteorological phenomena in this period of time in Tianjin. The concentrations of air pollutants used for
evaluating a patient’s exposure were based on their proximity to the nearest monitoring station. Rough
set theory was used to study the relationships between different air pollutants and lung cancer incidences.
The results obtained identified which air pollutants and combinations of pollutants led to increased lung
cancer incidences across different districts, sexes, and lung cancer types in Tianjin.

2. Data resources and research methods
2.1. Measurement of air pollutants

Air pollutant data in this study were obtained from Geographic Information System (GIS) monitoring
stations between November 2013 and June 2015. Since December 31, 2011, the GIS platform had been
operated on the official website of the Tianjin Environment Monitoring Center (http://air.tjemc.org.cn/).
GIS had published average air pollutant concentrations for SO2, NO3, CO, O3, PM;g and PMs 5, as well
as six other air quality indices, as 1-h and 24-h averages. The total number of monitoring stations had
been 27 since 2013. The distributions of these monitoring stations are shown in Fig. 1a. Tianjin is a vast
city, whose north-south length is 189 km, east-west width is 117 km and coastline length is 156 km. The
large size of Tianjin means that the climatic conditions in different districts are quite different.

2.2. Information about the 1,500 lung cancer patients

Medical information for lung cancer patients was recorded at the Tianjin Medical University General
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Table 1
Statistical information for 1,500 lung cancer patients
Sex Types of lung cancer
Male Female Adenocarcinoma Squamous cell carcinoma  Large cell carcinoma  Small cell carcinoma
871 629 921 122 223 119
Age distributions of lung cancer patients
<35 3545 45-55 > 56
62 389 641 319
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(a) Distributions of 27 monitoring stations (b) Locations of 1,500 lung cancer patients

Fig. 1. Twenty-seven air quality monitoring stations distributed throughout Tianjin (a) and locations of 1,500 lung cancer
patients around these air quality monitoring stations (b).

Hospital from 2011 to 2015. After collecting all the data, we removed some incomplete records that
did not contain the type of lung cancer and some records for patients who did not live in Tianjin for
the majority of their lives. In total, 1,500 complete records were available and analyzed further. Table 1
presents complete statistical information for the 1,500 patients.

The 1,500 patients were grouped in three different ways:

1. Where they lived. All 1,500 patients were divided into 27 groups based on their proximity to the
nearest air quality monitoring station.

2. Sex. All 1,500 patients were grouped by their sex because male and female individuals had different
physical characteristics and tolerances to air pollutants.

3. Lung cancer types. Adenocarcinoma and squamous cell carcinoma accounted for 73% of the total
number of patients. As such, these two classes of patients were selected from the 1,500 patients
and were divided into adenocarcinoma and squamous cell carcinoma groups.

4. Age distributions. All 1,500 patients were divided into 4 groups based on their ages because indi-
viduals of different ages had different resistances to air pollutants.

2.3. Generation of correlative data

Based on the locations of the 27 air quality monitoring stations, the 1,500 patients were divided into
27 groups. Factoring in the number of patients and the population census results from the webset of
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Table 2
Relationships between lung cancer incidences and air pollutants
Station SO NO; CO O3 PM2s PMigy AQI TOTAL MALE FEMALE ADEN SQUA
1: Fukang 41.86 46.87 1.44 30.66 7228 12552 10830 1.81 1.21 0.59 0.72 0.27
2: Nanjing road 55.18 48.83 1.64 3475 8291 14036 119.50 13.67 8.47 5.19 3.97 1.55
3: Qianjin 48.20 51.81 1.55 26.84 79.08 130.84 115.68 147 0.92 0.54 0.37 0.22
4: Nankou 52.01 51.05 149 2843 77.89 14572 114.65 1.81 1.16 0.64 0.29 0.60
5: Huaihai 40.51 4195 199 2593 8127 144.62 11558 1.24 0.69 0.54 0.28 0.31
6: Qinjian 5433 4228 1.61 24.02 6594 138.31 102.64 4.53 2.56 1.96 1.41 0.91
7: Tanggu 4246 5542 237 2511 6096 12149 9455 1.89 1.36 0.52 0.47 0.26
8: Yuejin 51.50 52.55 1.35 2225 66.63 13621 10421 3.51 2.54 0.95 0.63 0.63
9: Dazhigu 49.10 44.68 138 24.19 69.32 141.64 106.78 3.42 2.37 1.04 0.83 0.41

10: Xiangsh 55.73 5024 192 3559 76.68 137.14 111.81 3.56 2.58 0.97 0.41 0.62
11: Binshui 4131 3932 1.88 20.80 Null 132.10 101.84 448 2.98 1.49 1.19 0.29
12: Jianshe 4277 Null 241 1943 70.60 147.05 108.78  1.05 0.64 0.40 0.56 0.08
13: Jingu 4391 4993 157 27772 72.00 143.18 110.06 0.92 0.29 0.62 0.22 0.25
14: Jicount 30.58 4375 2.50 2436 77.260 142.80 110.57  0.25 0.14 0.10 0.10 0.06
15: Binhai 1 36.51 46.88 Null 29.16 73.76 132.39 110.34 1.37 0.68 0.68 0.47 0.15
16: Xiang 1 4215 4935 156 2554 79.62 137.22 113.87 1.33 0.88 0.44 0.33 0.11
17: Dongli 42.16 4649 1.69 31 70.67 133.10 105.78 3.03 2.38 0.63 1.11 0.31
18: Xiang 2 4043 4099 1.87 2628 Null 146.15 11057 144 1.10 0.33 0.22 0

19: Wugqin 1 46.02 41.03 2.00 29.44 7132 133.10 107.10 0.86 0.45 0.40 0.34 0.11
20: Binhai 2 37.29 5588 123 26.02 7594 13278 11144  0.79 0.57 0.21 0.36 0.10
21: Jinghai 1 4521 5030 3.12 29.04 69.8 139.25 105.24  0.99 0.24 0.74 0.24 0.37
22: Binhai 3 30.60 4592 3.65 28.15 71.68 125.16 107.05 0.32 0.15 0.15 0.21 0

23: Wuqging2  39.15 43.61 1.69 31.74 7359 134.02 110.08 0.69 0.34 0.34 0.28 0.11
24: Binhai 4 37.89 4544 148 2642 70.653 13291 10432 1.05 0.63 0.42 0.15 0.21

25: Baodi 28.72 3949 1.69 2442 69.02 132.54 103.19 0.32 0.08 0.24 0.08 0.08
26: Tuanbo 31.24 4228 154 2435 8741 157.07 140.10 0.37 0.12 0.24 0 0
27: Ninghe 40.33 4447 150 2285 72.63 112.18 102.79  0.59 0.59 0 0 0.29

Tianjin statistical information center (http://www.stats-tj.gov.cn/Item/16734.aspx) for the total number
of residents in each district, the lung cancer incidence (%) in the district was calculated. Average air
pollutant concentrations and AQI values (pg/m?) in each district were computed from November 2013
to June 2015. These values are presented in columns 2—-8 of Table 2. When the patients in each district
were further divided based on their sexes and lung cancer types, the lung cancer incidences (%¢) were
also computed. Columns 9—-13 in Table 2 present the results of this analysis and are denoted as TOTAL,
MALE, FEMALE, ADEN (adenocarcinoma), and SQUA (squamous cell carcinoma).

2.4. Decision table using the rough set theory tool

Rough set theory can be used for data analysis and reasoning, finding implicit relationships, and
revealing potential data laws. Compared with other tools, rough set theory does not need any prior
information [17,18], so rough sets can be useful for analyzing relationships between air pollutants and
lung cancer incidences.

In rough set theory, a two-dimensional decision table (or information table) is necessary to describe the
interrelationship between conditional and decision attributes [19,20]. Table 2 is expressed as a decision
table that can be used for analysis of the rough set theory tool.

In the knowledge discovery process using the rough set theory tool, a set of input attribute values
is needed for discretization. Through the discretization process, the granularity of attribute values is
changed so that the size of the information table can be effectively reduced. The user determines discrete
intervals. Table 3 shows the discrete criteria of the conditional and decision attributes in this work.
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Table 3
Discretization criteria
SO2 NO- CO O3 PM 5 PM1o AQI  TOTAL MALE FEMALE ADEN SQUA
< 40: <40: <15 <25 <70: < 130: < 105:  0-0.5: 0-0.4: 0-0.3: 0-0.2:  0-0.2:
low low low low low low low smaller smaller smaller smaller smaller
40-50:  40-50: 1.5-2: 25-30: 70-80: 130-140: 105-115: 0.5-1: 0.4-0.8: 0.3-0.5: 0.2-0.4: 0.2-0.3:
medium medium medium medium medium medium medium  small small small small small
> 50: > 50: > 2 > 30: > 80: > 140: > 115: 1-3:  0.8-2.5: 0.5-0.8: 04-1: 0.3-0.5:
high high high high high high high large large large large large
> 3: >2.5: > 0.8: > 1: > 0.5:
larger  larger larger larger  larger
Table 4
Discretization decision
Condition attributes DF1 DF2 DF3 DF4 DF5
SOz  NO CO O3 PMas PMig AQI TOTAL MALE FEMALE ADEN SQUA
2 2 1 3 2 1 2 Large Large Large Large Small
3 2 2 3 3 3 3 Larger Larger Larger Larger Larger
2 3 2 2 2 2 2 Large Large Large Small Small
3 3 1 2 2 3 2 Large Large Large Small Larger
2 2 2 2 3 3 2 Large Small Large Small Large
3 2 2 1 1 2 1 Larger Larger Larger Larger Larger
2 3 3 2 1 1 1 Large Large Large Large Small
3 3 1 1 1 2 1 Larger Larger Larger Large Larger
2 2 1 1 1 3 2 Larger Large Larger Large Large
3 3 2 3 2 2 2 Larger Larger Larger Large Larger
2 1 2 1 Null 2 1 Larger Larger Larger Larger Small
2 Null 3 1 2 3 2 Large Small Small Large Smaller
2 2 2 2 2 3 2 Small Smaller Large Small Small
1 2 3 1 2 3 2 Smaller ~ Smaller Smaller Smaller ~ Smaller
1 2 Null 2 2 2 2 Large Small Large Large Smaller
2 2 2 2 2 2 2 Large Large Small Small Smaller
2 2 2 3 2 2 2 Larger Large Large Larger Large
2 2 2 2 Null 3 2 Large Large Small Small Smaller
2 2 3 2 2 2 2 Small Small Small Small Smaller
1 3 1 2 2 2 2 Small Small Smaller Small Smaller
2 3 3 2 1 2 2 Small Smaller Large Small Large
1 2 3 2 2 1 2 Small Smaller Smaller Small Smaller
1 2 2 3 2 2 2 Small Smaller Small Small Smaller
1 2 1 2 2 2 1 Large Small Small Smaller Small
1 1 2 1 1 2 1 Smaller ~ Smaller Smaller Smaller ~ Smaller
1 2 2 1 3 3 3 Smaller ~ Smaller Smaller Smaller  Smaller
2 2 2 1 2 1 1 Small Small Smaller Smaller Small
Table 5

The Johnson reduction algorithm

(1) Compute the discernible matrix for a given decision table
(2)SetB=10

(3) Let a be the attribute with the largest product of frequency in S and weight w(S); If two attributes have the same product,

then one attribute can randomly be chosen.
(4)AddatoB

(5) Remove all the items that contain a from S
(6) If S = (), then return B, otherwise, go to (3)
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Table 6

Core set
{CO, PM10} {SO-} {SO-2, AQI} {SO2, O3} {SO2, PM1o}
{SO2, PM2 5} {NO3, PM10} {NO3z, PM2 5} {SO2, CO} {CO, AQI}
{SO2, PMs 5, PM1o} {CO, O3, PM10} {SO-, CO, O3} {SO2, NO3 } {NO2}

For convenience, the notations ‘low’, ‘medium’, and ‘high’ are replaced by the numbers ‘1°, 2°, and
‘3°, respectively. DF1-DF5 refer to the five decision attributes in Table 2 (TOTAL, MALE, FEMALE,
SQUA, and ADEN, respectively). Consequently, Table 2 can be converted into Table 4. The ‘null’ value
refers to missing items that were deleted during data processing.

2.5. Reasoning based on the rough set theory tool
The use of rough set theory tool depends on certain notations.

Definition 1. Let r be a binary relation to set A to satisfy the reflexivity, symmetry, and transitivity; then
r is termed an equivalence relation to A.

An equivalence class is a subset of the elements that are similar to each other, while different equiva-
lence classes have little or no similarity to each other. Suppose r C R and r # (), the intersection of all
the equivalence relations on R is termed an indiscernible relation on R (ind(R)).

Definition 2. Let R be a family set of equivalence relations and r € R. If ind(R) = ind(R — {r}), then
r can be omitted from R, otherwise it is not omitted. If every relation, r, in R, is not omitted, then R is
independent; otherwise it is dependent or non-independent.

Definition 3. If Q C P is independent and ind(Q) = ind(P), then Q is a reduction of the family set of
relation P. All the relations that are not omitted in the family set of relation P are called the core of P
(core(P)).

The rough set theory tool applies the process of information reduction to recover the knowledge hid-
den in the decision table. Obviously, there may be more than one reduction of P (the non-uniqueness
of reduction). If red (P) represents the family set of all reductions, then the following conclusion can
be made: the core of P is equivalent to the intersection of all reductions of P, i.e., core(P) = N red(P).
All reductions of a dataset can be obtained by simplifying the discernible function derived from the dis-
cernible matrix. Although there are many typical reduction algorithms, the Johnson reduction algorithm
is a common reduction method because it is simple and efficient [21].

Assuming B represents a reduction set, S represents each set in the discernible function, and w(S)
represents the weight of S. The basic steps in the Johnson reduction algorithm are presented in Table 5.

2.6. Reduced table

In this work, we used the Johnson algorithm to reduce and extract rules. The core sets are presented
in Table 6 and the computed rules are shown in Table 7.

After removing rules whose support degrees were not higher than 3 in Table 7, three rules of high
support degree are presented in Table 8.

Similarly, rules for male and female individuals and rules for adenocarcinomas and squamous cell
carcinomas were determined, as shown in Tables 9 and 10, respectively.
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Table 7
Computed rules
Number Rules Relationship Conclusion Support
1 S02(3) — Incidence (large) 1
2 S02(3) — Incidence (larger) 4
3 SO2(3) and O3(2) — Incidence (large) 1
4 SO2(1) and O3(3) — Incidence (small) 1
5 SO2(1) and O3(1) — Incidence (smaller) 3
6 S0O2(2) and AQI(3) — Incidence (large) 1
7 S0O2(3) and CO(2) — Incidence (larger) 3
8 SO2(1) and CO(3) — Incidence (smaller) 2
9 S02(2) and PM2 5(3) — Incidence (large) 1
10 SO2(2) and PM2.5(2) and PM10(3) — Incidence (small) 1
11 SO2(2) and CO(2) and O3(3) — Incidence (larger) 1
12 SO2(1) and NO2(3) — Incidence (small) 1
13 SO2(1) and PM1o(1) — Incidence (smaller) 1
14 CO(1) and PM10(1) — Incidence (large) 1
15 CO(2) and O3(2) and PM10(2) — Incidence (large) 2
16 CO(@3) and PM10(2) — Incidence (small) 2
17 CO(2) and PM;(1) — Incidence (small) 1
18 CO(1) and AQI(1) — Incidence (large) 1
19 CO(1) and AQI(1) — Incidence (larger) 1
20 NO2(3) and PM10(1) — Incidence (large) 1
21 NO2(2) and PM2 5(1) — Incidence (larger) 2
22 NO2(1) — Incidence (smaller) 1
Table 8
Efficient rules
Rules Relationship Conclusion Support
SO2(3) — Incidence (larger) 4
SO2(3) and CO(2) — Incidence (larger) 3
SO2(1) and O3(1) — Incidence (smaller) 3
Table 9
Efficient rules for male and female individuals
Rules Relationship  Conclusion/male Conclusion/female  Support degree
SO2(3) — Incidence (larger) Incidence (larger) 4
S0O2(2) and CO(2) and PM1(2) — Incidence (large) 3
SO2(1) and CO(2) — Incidence (smaller) 3
03(2) and PM14(3) — Incidence (large) 3
NO2(2) and O3(2) and PM;0(2) — Incidence (small) 3
SO2(1) and O3(1) — Incidence (smaller) 3
Table 10
Rules for adenocarcinomas and squamous cell carcinomas
Rules Relationship Conclusion/ADEN Conclusion/SQUA Support degree
SO2(1) and O3(1) — Incidence (smaller) 3
03(2) and AQI(2) — Incidence (small) 8
CO(2) and O3(2) — Incidence (small) 4
S02(3) — Incidence (larger) 5
SO2(2) and PMio(1) — Incidence (small) 3
SO2(1) and CO(2) — Incidence (smaller) 3
NO2(2) and CO(3) — Incidence (smaller) 3
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Fig. 2. The trend curves of air pollutant concentrations and lung cancer incidences are presented.
2.7. Correlation analysis

Also, the variation tendencies of air pollutant concentrations and total lung cancer incidences in 27
different districts are shown in the Fig. 2. To make the means of air pollutant concentrations and the lung
cancer incidences data are equal, each kind of air pollutant data are processed respectively.

By setting the lung cancer incidences as the x axis and the air pollutant concentrations as the y axis,
the Fig. 3 was obtained. In Fig. 3a—f, the fitted curve which has the best fit to the series of data points
after removing one outlier, reflects the distribution trend of these scatters.

3. Results and discussion

Table 8 shows that the relationships between the incidences of lung cancer and air pollutant concen-
trations can be summarized as:

— When SO; concentrations are high, lung cancer incidences are high;

— When SO; concentrations are high and CO concentrations are near the average value, incidences of
lung cancer increase substantially; and

— When SO; concentrations decrease, incidences of lung cancer decrease.

Based on these results it is possible to conclude that SO2 concentrations have a strong impact on lung
cancer incidences. This conclusion is supported by many other studies around the world [13,22,23].

Some rules in Table 7 indicate that other air pollutants, such as PMjy and PMs 5, have little effect
on lung cancer incidences because their rules have low support degrees. However, elevating PM;y and
SO, concentrations combination can play a more important role in female lung cancer incidences than
male. PMj 5 concentrations have little impact, except when other air pollutants were mixed in. Some
researchers have reported finding specific interrelations [24]. We suggest that if there are specific inter-
relations there may be a lag effect because air pollutants that affect incidences of lung cancer must be
present over several years.
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Fig. 3. Correlation analysis between different air pollutants and the lung cancer incidences.

If the “decision attribute” in Table 4 is replaced by individual male or female incidences of lung cancer,
rules of high support degree were obtained, as shown in Table 9. Table 9 shows that:

— When SO2 concentrations are high, the likelihood that both male and female individual have lung
cancer is high, and when SO, concentrations decrease, male and female incidences of lung cancer

decrease;

— PM; plays a larger role in female lung cancer incidences than in male lung cancer incidences. This
demonstrates that the sex differences can produce different responses to the same pollutant; and

— When SOg, CO, and PM;( are mixed at their average concentrations, male lung cancer incidences
substantially increase. When NOs, O3, and PM g are mixed at their average concentrations, female
lung cancer incidences substantially decrease.

Table 2 indicates that the numbers of male patients are larger than the numbers of female patients, with
ratios of male and female patients of 2.01 and 1.63, respectively. The average ratio of male-to-female
patients is 1.23. This shows that for lung cancer patients, males are more seriously affected than females
and that men are more sensitive to air pollution.

If the “decision attribute” in Table 4 is replaced by the two main types of lung cancer, adenocarcinomas
and squamous cell carcinoma, the following rules from Table 10 were obtained:

— SO5 remains one of the main factors leading to different lung cancers, but CO is related to adeno-
carcinoma and NOs is related to squamous cell carcinomas; and
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Table 11
Correlations between the two main types of lung cancer and air pollutants
SO, NO2 CcO O3 PMa 5 PMio AQI

ADEN 1 0 1 0 0 0 1
SQUA 0 0 0 1 0 0 0

— PMj affects lung cancer type differently.

For comparison purposes, linear correlation analyses were conducted to identify correlations among
the two main types of lung cancer and different air pollutants, as shown in Table 11. In Table 11, 0
represents ‘no correlation’ and 1 represents ‘correlation’. The results for ADEN were consistent with
rules extracted using rough set theory.

Also Fig. 2 shows that the variation tendency of SOy concentrations has a significant similarity with
lung cancer incidences, followed by PM;y and NO».

Figure 3 shows that there is a significant positive correlation between SO, concentrations and lung
cancer incidences. And NO» also has a positive correlation with lung cancer incidences, but the correla-
tion is not obvious.

4. Conclusions

Tianjin covers a vast area and measurements of air pollutants were taken over the whole area. Because
of the scale of the measurements, we quantified pollution concentrations for the domestic environments
of each individual lung cancer patient. We used rough set theory to evaluate incidences of lung cancer and
identified the main factors behind lung cancer in Tianjin. Based on data analysis and interpretation, rough
set theory provided data relationships that were objective and interpretable. The results can provide an
important basis for the management of pollutants and improving environmental quality for the residents
of Tianjin. This research method is general and can be applied to other cities in China or around the
world.

The main limitation of this work was the lack of sufficient sample numbers of various lung cancer
tumors. If there were more adequate sample numbers, based on regional differences, it would be possible
to further extract more precise and quantitative results, including how much of an increase in pollutant
concentrations causes increased cancer incidences. Pollution concentrations are also seasonal, with the
worst concentrations during the spring and winter and the lowest concentrations during summer [25].
These factors have not yet been analyzed and require further research.
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