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Lung and NHL cancer risks near a petroleum storage site have been assessed.
NHL and lung cancer ASRs for small census areas near the site have been estimated and compared.
Double kernel density (DKD) analysis have been used as an alternative tool for risk assessment.
ASRs detected no association between site proximity and cancers while DKD analysis detected such an association.
As we conclude, DKD analysis is a more sensitive method for risk assessment when the number of census areas is small.
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a b s t r a c t
Background and aims: The relationship between exposure to petroleum products and cancer is wellestablished in occupational studies carried out among employees of transportation and oil-producing industries. However, question remains whether living near petroleum storage facilities may represent a cancer risk.
In the present study, we examined cancer incidence rates associated with residential proximity to the Kiryat
Haim industrial zone in Northern Israel, using different analytical techniques and adjusting for several potential confounders, such as road proximity, population density, smoking rates and socio-demographic attributes.
Methods: Both traditional zonal approaches and more recently developed Double Kernel Density (DKD) tools
were used to estimate relative risks of lung and NHL cancers attributed to residential proximity to the petroleum storage site.
Results: Zonal approaches based on comparing ASRs across small census areas (SCAs) did not detect any signiﬁcant association between residential proximity to the industrial zone and the two types of cancers under
study (P > 0.2). In contrast, the DKD approach revealed that the relative density of both lung and NHL cancers
declined in line with distances from the industrial zone, especially among the elderly (Lung: t > −12.0;
P b 0.01; NHL: t > −9.0; P b 0.01), adjusted for proximity to main roads, population density, smoking rate,
average income, and several other potential confounders.
Conclusions: Living near petroleum storage sites may represent signiﬁcant cancer risk which cannot always
be detected by traditional zonal approaches commonly used in epidemiological studies, especially if the
number of census areas available for the analysis is small.
© 2012 Elsevier B.V. All rights reserved.

1. Introduction
In cancer epidemiology, calculations of Age-Standardized Rates
(ASRs) are commonly used for quantifying health-response variables
(Ahmad et al., 2001; Curtin and Klein, 1995).
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However, there are two main disadvantages associated with ASR
calculation and use, viz.: information loss attributed to aggregation
and averaging, and potentially different weight gains for different
“standard populations” (Schoenbach and Rosamond, 2000). In addition, calculating and comparing ASRs may not always be efﬁcient, if
a researcher deals with a very small number of statistical areas, e.g.,
10 census tracts or less. If the number of census areas is small, ASR
comparison may lead to a low statistical power and often inconclusive results (Curtin and Klein, 1995; Hollenbeck et al., 2006; Li and
Lian, 2010).
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Another issue associated with exposure estimates based on ASR
calculations is dependence on the way in which geographic boundaries of statistical areas are delineated, reﬂecting the phenomenon
known as the “modiﬁable areal unit problem” or MAUP (Kloog et
al., 2009).
The Double Kernel Density (DKD) technique is an alternative
investigation approach, which can help to address some of the
drawbacks associated with ASR calculation and analysis. The DKD
approach is a non-parametric method of extrapolating point data
over an area of interest without relying on ﬁxed boundaries for
aggregation (Donthu and Rust, 1989; Kloog et al., 2009; Nakaya
and Yano, 2010; Portnov et al., 2009; Sanvicente-Añorve et al.,
2003). Although this technique has been commonly used in ecological research and criminology (Blundell et al., 2001; Harada, and
Shimada, 2005; Xie and Yan, 2008), its use in epidemiological
studies has been rather infrequent (Kloog et al., 2009; Portnov et
al., 2009).
The advantage of this technique, compared to zonal approaches, is
that DKD estimates do not depend on the geographic delineation of
statistical areas and produce a smooth, continuous “disease risk” surface for the entire study area, which can then be used to calculate response variables for multivariate statistical models (Carlos et al.,
2010; Kloog et al., 2009; Portnov et al., 2009).
In the present study, we use two different analytical approaches
to investigate cancer risks associated with proximity to the Kiryat
Haim industrial zone in Northern Israel, which hosts several major
petroleum-storage facilities. In particular, we compare the results
of zonal ASR calculations with DKD estimates. As our study indicates,
cancer incidence rates in the study area tend to decrease in line with
distance from the industrial zone, especially among the elderly
(P b 0.001), controlled for local income levels, housing densities, percent of Jewish population, smoking rates, proximity to the sea and
the main roads, and several other potential confounders. However,
such a distance-related decline was detected only by the DKD approach, whereas the results of ASR-based zonal calculations were
found to be inconclusive.

2. Background studies
Empirical evidence accumulated to date points out that occupational and environmental exposure to crude oil emissions and reﬁned
oil products (by leaked or spilled chemicals from petroleum storage
tanks) may cause different health disorders, including anemia, peripheral neuropathy, damage to the respiratory and central nerve
systems, and skin diseases (Lewtas, 2007; Wilkinson et al., 1999).
According to other studies, exposure to petroleum emission was
found to be linked to lung cancer, leukemia, and non-Hodgkin lymphoma (ATSDR, 1999; Clapp et al., 2008). The types and severity of
health effects associated with exposure to petroleum oil products
were found to depend on the amount and the length of exposure
(IARC, 1998; Sexton et al., 1995).
Although several studies on the exposure to petroleum and petroleum emissions as cancer risk factors have been carried out to
date, most of these studies have been focused on the occupational
exposure of petroleum industry workers (Christie et al., 1991;
Jarvholm et al., 1997). A marked limitation of such studies is the likely presence of the “healthy worker effect”, due to which the estimated morbidity tends to be lower than among a general population,
which includes children and the elderly (Kirkeleit et al., 2008). Concurrently, studies of exposure to chemicals from petroleum industry
and, particularly from petroleum storage facilities in communitybased studies, are relatively scarce and often attribute elevated morbidity and mortality rates to industrial pollution in general (Liu et al.,
2008; Pan et al., 1994; Tsai et al., 2009; Yang et al., 1997, 1999; Yu et
al., 2006).

2.1. Cancer morbidity and mortality in Israel
According to the Israel Ministry of Health, cancer is the leading
cause of mortality in Israel, with especially higher rates in the Haifa
district in northern Israel, where large industrial enterprises, chemical storage facilities and major thoroughfares are located (Barchana
et al., 2007; ICBS, 2008a; IMEP, 2008).
Several previous studies attempted to assess the effect of industrial and trafﬁc pollution on respiratory diseases and various types of
cancer, using air pollution data obtained from air quality monitoring
stations (see inter alia Dubnov et al., 2007; Portnov et al., 2009) and
by calculating proximities to main thoroughfares (Paz et al., 2009).
Thus, a recently published study on non-Hodgkin lymphoma (NHL)
in the Haifa Bay area found that NHL rates were signiﬁcantly associated with living near heavy trafﬁc roads (Paz et al., 2009).
In 2007–2008, the Israel Ministry of Environmental Protection
carried out a comprehensive environmental survey of air pollutants
in the Haifa Bay area, most of which are not routinely monitored by
local air quality monitoring stations. The survey revealed exceeding
concentrations of several hazardous substances, including benzene,
methylene chloride, acetaldehyde, acrolein and benzo(a)pyrene
(IMEP, 2009). These toxic substances (some of which are known as
carcinogens or suspected carcinogens) may cause health effects in
the general population and especially among populations at risk
(i.e., elderly, children, pregnant women, patients with chronic diseases) and lead to the development of several malignancies (NCI,
2003).
However, whether these hazardous substances (or residential
proximity to their sources) are linked to the elevated cancer morbidity observed the Haifa Bay area has not been conﬁrmed (Barchana et
al., 2007; ICBS, 2008a; IMEP, 2008).
3. Materials and methods
3.1. Study population
Together with its immediate suburbs – Krayot, Tirat Carmel, and
Nesher – the City of Haifa hosts about 600,000 residents. The Greater
Haifa Metropolitan Area (GHMA) has a mixed population of Jews
(81%), Arabs (10%) and other ethnic minorities (9%) (MH, 2010).
The Kiryat Haim industrial zone, residential neighborhoods around
which form our study area, is located in the northern part of the
city and covers the area of some 4.2 km 2. 13 small census areas or
SCAs (similar in size to census blocks in the U.S.A.) are located in
the radius of 2 km from the industrial zone (which can be considered
as a potential exposure area), and host the total population of some
53,000 residents (see Fig. 1).
In 2009, the Israel Ministry of Environmental Protection identiﬁed
several industrial plants in the Kiryat Haim (KH) industrial zone
(including Oil Reﬁneries Ltd., Gadot Chemical Tanks and Terminals
Ltd., and Gadiv Petrochemical Industries), which air pollution emissions exceeded the local air quality standards. Some of these plants
use toxic materials in their production lines, while others store and
market such materials (IMEP, 2009).
3.2. Cancer data
Data on cancer incidence rates for the present study were
obtained from the Israel National Cancer Registry established in
1960. Since 1982, all medical facilities such as hospitals, laboratories, and other medical private and public institutions, report to
the registry. The registry's completeness makes up for about 95%
cancer cases (Barchana et al., 2007).
From all the patients diagnosed with cancer during the period of
2000–2006 and living within the distance of up to 2 km from the
KH industrial zone, 98 primary lung cancer cases and 53 cases of
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Fig. 1. Map of the study area showing the Kiryat Haim industrial zone, small census areas (marked by 7-digit numbers) and residential locations of lung and NHL cancer patients
(small dots and triangles).

non-Hodgkin lymphoma (NHL) cancer were identiﬁed in the database and used in the analysis. These 151 cases include all cases of
lung and NHL cancers recorded within the 2-km radius from the industrial zone. According to previous studies (see inter alia ATSDR,
1999; Christie et al., 1991; Clapp et al., 2008; Jarvholm et al., 1997),
these types of cancer may potentially be related to exposure to petroleum emissions.

3.3. Study phases
The analysis was performed in the following two stages. During the
ﬁrst stage, ASRs of lung and NHL cancers were calculated for 13 Small
Census Areas (SCAs), into which the entire study area is divided, separately for each cancer type. The rates were age-standardized to the
“standard” Israel population (ICBS, 2008b), to enable comparison.
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Next, the SCAs covered by the analysis were divided into three distance
bands, according to the SCAs' centroid distance to the industrial zone –
0–500 m, 500–1000 m and more than 1000 m (see Fig. 1), – so as to
compare ASRs observed in each distance band. During the second
stage of the analysis, density of each cancer type (adjusted for age)
was calculated and mutually compared using the DKD approach (as detailed in the next subsection).

Table 2
A non-parametric test of differences in the relative densities of different types of cancer
as a function of distances from individual residences to the Kiryat Haim industrial zone.
Cancer
type

Age
group

Distance
range (m)

No of
cancer
cases

Mean rate
(per 100,000)

χ2

a

P-value

Lung

b65

0–500
500–1000
1000–1500
0–500
500–1000
1000–1500
0–500
500–1000
1000–1500
0–500
500–1000
1000–1500

17
3
11
29
18
20
9
5
10
13
7
9

27.95
9.67
16.98
408.34
130.74
223.86
16.66
11.85
26.23
327.81
131.05
98.06

132.95

b0.001

92.84

b0.001

139.95

b0.001

244.86

b0.001

65+

3.4. Kernel Density and Double Kernel Density estimates
As previously noted, the Kernel Density (KD) estimation is a nonparametric smoothing technique that calculates density value for
each point of space (e.g., density of cancer patients) by transforming
geographically referenced points (such as residential locations of individual cancer patients) into a continuous surface of a disease's incidence density (Portnov et al., 2009). According to this technique,
points lying near the center of a given raster cell's search areas are
weighted more heavily than those lying near the edge (McCoy and
Johnston, 2001).
In our study, DKDs of lung and NHL cancer patients were calculated in several steps. During the ﬁrst phase of the DKD calculation, the
residential addresses of all cancer patients (both lung and NHL) were
geo-coded, that is, converted into X,Y coordinates. The information
about patients' addresses was obtained from the INCR database (see
Barchana et al., 2007). Next, distance from the place residence of
each cancer patient to the border of the industrial zone was estimated
using the “spatial join” tool of the ArcGIS9.x™ software (ESRI, 2009).
At the next step, we generated separate KD maps for each type of cancer under study, that is, lung and NHL.
One clariﬁcation is important. As mentioned previously, the KD algorithm calculates the density of individual observations (such as residential locations of cancer patients in our study) within a
pre-deﬁned search radius from a target point. The size of search radius (which is a user-speciﬁed variable) determines the degree of
smoothness of the surface. Larger values of the search radius produce
a smoother density raster but might lead to over-smoothing of the
kernel surface, while a small value might lead to a spiked kernel
over a location (Portnov et al., 2009). Since the size of the search
radius may inﬂuence the results of the analysis, we examined several
search radii for kernel density estimation. From the ﬁve radii that

Table 1
Non-parametric test of differences in cancer ASRs as a function of distance from SCAs'
centroids to the Kiryat Haim industrial zone.
Cancer Age
Distance
No
No of Population ASR
χ2
type
group range (m) of
cancer
estimate
SCAs cases
(per
100,000)
Lung

b65

65+

NHL

b65

65+

a

0–500
500–1000
1000–
1500
0–500
500–1000
1000–
1500
0–500
500–1000
1000–
1500
0–500
500–1000
1000–
1500

Kruskal–Wallis test.

a

P-value

4
2
7

17
3
11

14,050
8950
22,780

20.35
8.70
14.37

0.62 0.732

4
2
7

29
18
20

2620
1280
3480

38.70
31.52
27.08

0.36 0.834

4
2
7

9
5
10

14,050
8950
22,780

15.06
2.05
14.35

2.62 0.270

4
2
7

13
7
9

2620
1280
3480

20.64
5.73
11.46

0.30 0.859

NHL

b65

65+

a

Kruskal–Wallis test.

were examined (i.e., 100, 200, 300, 400 and 500 m), the search radius
of 300 m was appeared to provide the best results and KD estimates
based on it were used in the multivariate analysis.
During the last phase of analysis, we normalized the KD of cancer
patients by the total number of people residing in each 50 × 50-m raster cell, which is comparable in size to a single building. This normalization technique is known as the Double Kernel Density (DKD) or
Relative Kernel Density (RKD). The normalization was needed since
the concentration of cancer patients near a pollution source may potentially be due to high population densities near it (attributed to e.g.,
availability of affordable housing near a pollution source (WHO,
2012)). The numbers of residents in each 50 by 50-m raster cell
were calculated using the data from the general population registry.
The calculations were performed separately for two age groups of
cancer patients — younger than 65 and older than 65, to account for
age effects.
3.5. Exposure estimates
In order to convert continuous KD surfaces of cancer cases (see
previous subsection for more detail) into discrete observations, suitable for a multivariate analysis, we generated 1000 randomly distributed “reference” points that covered the entire study area (see
Appendix 2 and Fig. 1). The points were generated using Hawth's
Analysis Tool in ArcGIS9.x™. The reference points were then “spatially joined” with KD contours of both types of cancer under study,
that is, assigned values of the lung and NHL density contours being
closest to each reference point [For a more detailed description of
this procedure see Portnov et al., 2009].
In the absence of actual measurements of petroleum emissions,
aerial proximity from each “reference point” of the boundary of the
industrial zone was calculated and used as a surrogate measure of exposure (the limitation of such estimation is discussed in the concluding section). The calculations were performed using “spatial join” tool
in the ArcGIS9x™ software, which calculates areal distances between
different geographic features based on their spatial location (McCoy
and Johnston, 2001).
3.6. Control variables
In addition to the main explanatory variable (that is, distance to
the industrial zone), the analysis covered the following additional explanatory variables: distance to the main roads (m.), distance to the
sea shore (m.), population density (per km 2), smoking rate (in the
absence of individual data estimated as the average smoking rate in
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the SCA, %), average income (NIS per capita), percent of Jewish population and housing density (people per room). Descriptive statistics of
these variables are reported in Appendix 1.
Some of these variables deserve comment. According to
Nerriere et al. (2005), emissions from motor vehicles are found
contributing to the cancer morbidity. Therefore proximity to the

269

nearest major road was calculated and used in the multivariate
analysis. We also included distance to the sea shore as a control
variable since there is evidence that sea winds may transfer emissions and contaminants affecting human health (Bidoli et al.,
1998; Busby, 2004). In particular, distances from the place of residence of each cancer patient to the nearest major road and to the sea

Fig. 2. Estimated relative densities of lung and NHL cancers in the study area (number of cancer patients per 100,000 residents in each location), A — lung cancer; B - NHL cancer.
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Fig. 2 (continued).

shore were estimated as nearest aerial distances, using the “spatial join”
tool of the ArcGIS9.x™ software.
High population density and housing density (measured as the
number people per km 2 and the number of people per room in the
household, respectively) are also known as potential risk factors for
cancer incidence as surrogate measures of income and poverty
(Fuller-Thomson et al., 2000). Lastly, in order to control for ethnicity,

we included in the multivariable analysis the percent of Jewish population in the SCA as an additional explanatory variable.
The population density data were obtained from the population
registry, whereas housing density and percent of Jewish population
data were obtained from the Israel Central Bureau of Statistics
(ICBS, 2008b). Smoking rates data were obtained from the Israel National Health Interview Survey (INHIS) carried out by the Israel
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Fig. 3. Changes in the relative density of lung and NHL cancer cases (per 100,000) as a function of distance from the Kiryat Haim industrial zone.

Center for Disease Control (ICDC, 2007). While population density data
were available, as previously mentioned, for 50× 50-m raster cells (see
Section 3.4 on Kernel and Double Kernel Density estimates), housing
densities and smoking rates were available for Small Census Areas
(SCAs) only. Therefore, each cancer patient was assigned the values of
described above variables based on the values observed in areal units
the patient's house falls inside (either raster cell for population density
or SCAs for housing density and smoking rates).

3.7. Statistical analysis
Statistical analysis was performed in two stages. First, we examined differences of cancer incidence rates across three proximity
bands (0–500, 500–1000 and 1000+ m) from the industrial zone.
Next, we ran a multivariate regression analysis to investigate the factors affecting cancer ASRs. The multivariable analysis was performed
separately for two age groups (“younger than 65” and “65 and older”)
in order to adjust for the age factor. The analysis was performed in the
SPSS 17.0™ software.

Table 3
Cancer ASRs vs. distance to the Kiryat Haim industrial zone (method — multivariate regression; proximity variable — linear distance term).
Age group — younger than 65a

Age group — 65 and oldera

Bb (tc)

Bb (tc)

A. Lung
Constant
D_industry (m)
R2
F
No of SCAs

406.74 (0.73)
−1.97E−03 (−0.17)
0.638
1.259
13

152.65 (0.18)
−1.54E−03 (−0.09)
0.477
0.651
13

B. NHL
Constant
D_industry (m)
R2
F
No of SCAs

292.99 (0.82)
6.55E−03 (0.87)
0.691
1.597
13

458.13 (0.88)
−9.53E−03 (−0.87)
0.605
1.093
13

Variable

a

Adjusted for distance to main roads, population density, smoking rate, average income, % of Jewish population and housing density.
b
Regression coefﬁcient.
c
t-Statistic (in the parentheses).

4. Results
4.1. ASR differences between proximity bands
Tables 1 and 2 report result differences in cancer incidence as a
function of distance from the industrial zone, calculated separately
using ASRs (Table 1) and DKD estimates (Table 2).
As Table 1 shows, no signiﬁcant differences in ASR values are
detected among the two types of cancer under study (χ 2 b 2.62;
P > 0.270). This may be explained by a small number of SCAs (13),
which is likely to reduce the statistical power of the test. In contrast,
Table 2, which reports results calculated using the DKD method,
shows signiﬁcant differences in the relative density across three distance groups for both cancers under study: lung cancer (b65 yo:
χ 2 = 132.95, P b 0.001; 65 + yo: χ 2 = 92.84, P b 0.001 respectively)
and NHL (b65 yo: χ 2 = 139.95, P b 0.001; and 65 + yo: χ 2 = 244.86,
P b 0.001). As Fig. 3 conﬁrms, DKDs of both cancers indeed drop

Table 4
Relative density of cancer cases (per 100,000) vs. distance to the Kiryat Haim industrial
zone (method — OLS regression; distance variable — linear distance term).
Variable

Age group — younger than 65a Age group — 65 and oldera
Bb (tc)

Bb (tc)

A. Lung
Constant
D_industry (meters)
R2
F
No of refer. points

620.43 (10.88⁎⁎)
−1.11E−02 (−5.31⁎⁎)
0.206
36.851⁎⁎

6037.63 (9.58⁎⁎)
−2.68E−01 (−11.61⁎⁎)
0.334
70.924⁎⁎

1000

1000

B. NHL
Constant
D_industry (meters)
R2
F
No of refer. points

611.25 (9.53⁎⁎)
2.94E−02 (12.49⁎⁎)
0.399
94.244⁎⁎

4912.85 (9.73⁎⁎)
−1.38E−01 (−7.45⁎⁎)
0.438
110.511⁎⁎

1000

1000

a

Adjusted for distance to main roads, population density, smoking rate, average income, % of Jewish population and housing density.
b
Regression coefﬁcient.
c
t-Statistic (in the parentheses).
⁎ Indicates a two-tailed 0.05 signiﬁcance level.
⁎⁎ Indicates a two-tailed 0.01 signiﬁcance level.
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Table 5
Relative density of cancer cases (per 100,000) vs. distance to the Kiryat Haim industrial
zone (method — OLS regression; distance variables — linear and quadratic distance
terms).
Variable

Age group — younger than 65a
b

c

B and (t )

Age group — 65 and oldera
Bb and (tc)

A. Lung
Constant
D_industry
D_industry^2
R2
F
N of refer. points

627.51 (10.92⁎⁎)
−4.32E−02 (−6.25⁎⁎)
2.19E−03 (4.91⁎⁎)
0.228
29.208⁎⁎
1000

4951.76 (8.66⁎⁎)
−1.03E+00 (−14.97⁎⁎)
4.85E−04 (10.92⁎⁎)
0.475
89.428⁎⁎
1000

B. NHL
Constant
D_industry
D_industry^2
R2
F
N of refer. points

502.21 (8.39⁎⁎)
1.40E−03 (0.19)
1.53E−05 (3.29⁎⁎)
0.499
98.691⁎⁎
1000

5049.25 (10.26⁎⁎)
−5.05E−01 (−8.53⁎⁎)
2.39E−04 (6.25⁎⁎)
0.489
94.610⁎⁎
1000

a
Adjusted for distance to main roads, distance to the sea, population density,
smoking rate, average income, % of Jewish population, housing density and the location
of old industrial zone.
b
Regression coefﬁcient.
c
t-Statistic (in the parentheses).
⁎ Indicates a two-tailed 0.05 signiﬁcance level.
⁎⁎ Indicates a two-tailed 0.01 signiﬁcance level.

with distancing from the industrial zone, especially in the 0–700 m
distance band.

As Table 5 shows, the “non-linearity adjusted” models appear to
provide a better ﬁt and a higher degree of generality, compared to
the original models (R 2 = 0.228–0.609 vs. R 2 = 0.206–0.434; and
F = 29.208–154.277 vs. F = 36.851–108.714, respectively; see Tables 4
and 5).
Characteristically, the models reported in Table 5 show, in general, the same tendencies as the “base” models reported in Table 4, viz.
a signiﬁcant decline in DKD of both lung and NHL cancer patients in
line with increasing distances to the industrial zone. Characteristically, this effect is stronger for older patients (65 + yo) than for
younger ones. Although in the younger group of NHL patients, “proximity to industrial zone” remains to be positively associated with the
distance variable, this association is no longer statistically signiﬁcant
(P = 0.85).
4.3. Sensitivity test
To estimate change in the relative density of lung and NHL
cancers in response to plausible changes in industry proximity, a
sensitivity test was performed. The test was based on the models
reported in Table 5. In the calculation, the values of all other predictors (except for distance to the industrial zone) were set to their
mean values observed in the study area as a whole. The results of
the test are reported in Table 6. As the table shows, the distance
from the industrial zone increases from 0 to 1000 m, the relative
density of lung cancer patients is estimated to decrease, ceteris
paribus, by 48% in the younger cohort (b 65 yo) and by nearly 81%
in the older population group (65 + yo). For the NHL cancer, the corresponding decrease is estimated to reach 2% and 57%, respectively
(see Table 6).
5. Discussion

4.2. Multivariate analysis
Tables 3 and 4 report factors affecting cancer incidence of lung
and NHL cancers estimated for the two age groups separately
(ASRs in Table 3 and relative density in Table 4). The models are
estimated using multivariate regression analysis and adjusted for
distance to the main roads, population density, smoking rate, average income, percent of Jewish population and housing density
explanatory factors. Table 5 reports additional models which
account for non-linearity of relations between cancer DKD and industrial zone proximity and include a quadratic term of proximity
and several other explanatory variables discussed, in some detail,
below.
Multiple regression analysis of ASR estimates shows, as expected,
a very low degree of generality (F b 1.597ns) and, in none of the
models, the industrial zone proximity emerged as statistically significant (P > 0.5; see Table 3).
In contrast, as Table 4 shows, the distance to the industrial zone appears to be signiﬁcantly and negatively associated with DKD of cancer
patients in both age groups of lung cancer patients (b65 yo: t=−5.31,
Pb 0.01 and 65+ yo: t= −11.61, Pb 0.01) and in older NHL patients
(65+yo: t= −7.45, P b 0.01). In contrast, the “b 65 yo” group of NHL
patients shows, somewhat surprisingly, a signiﬁcant positive association
(t=12.49, Pb 0.01), indicating that, ceteris paribus, DKD of NHL patients
in this age group tends to increase with increasing distance from the industrial zone.
This peculiar trend necessitated an analysis of regression residuals. The analysis reveals a clear clustering of residuals at the distance
of approximately 1500 m from the industrial zone (see Fig. 4). To account for this non-linearity we added the quadratic term of proximity, as well as “distance to the sea” and “location of the old industrial
zone” to the “base” model (see Table 4). The results of the repeated
analysis are reported in Table 5.

In the present study we estimated cancer incidence rates in the
residential neighborhoods adjacent to the Kiryat Haim industrial
zone area in Northern Israel using two different methods (ASR calculation and Double Kernel Density method). The ASR calculation
method did not detect any signiﬁcant association between ASRs
of either cancer and industrial zone proximity, which may be
explained by a small number of SCAs available for the analysis
(13), which naturally reduces the model power and generality. In
contrast, differences in relative density of both lung and NHL cancer patients with distancing from the industrial zone emerged as
statistically signiﬁcant when DKD estimates were used. This ﬁnding corresponds to those of previous studies (Kloog et al., 2009;
Portnov et al., 2009) in which kernel density approach was found
to perform better in detecting potential cancer risks than traditional zonal approaches based on ASR rates in census designated
areas.
One of the possible explanations why ASR calculation was found
to be less relevant may stem from a single standardized rate it
assigns to all people living in a speciﬁc zone (Yu et al., 2006).
This kind of summary measure can hide patterns that might have
important health implications (Schoenbach and Rosamond, 2000).
As previously noted, in the present study, only 13 census tracts
were available for ASR calculations. In addition, two SCAs located
within a distance of 1500 m from the industrial zone had no cancer
cases, which reduced the number of valid observations even
further.
Emissions from industry can cause different health disorders
depending on such factors as the amount and the length of exposure (IARC, 1998; Sexton et al., 1995), and abandoned industry
sites can also continue to contaminate through soil, ground
water and air pathways. Such exposure can lasts for decades slowly contributing to increasing risks of diseases, including cancer. As
we have observed in our study (see Figs. 1–3), both lung and NHL
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Fig. 4. Spatial clustering of unstandardized residuals from the lung cancer model. Note: based on Table 4 (65+ age group).

cancer density rates appeared to peak at the distance of some
1400–1500 m from the existing industrial zone. Today, no
apparent pollution sources are located there. However, there are
some indications that this area was an industrial and commercial
zone during the period of the British Mandate (that is, before 1948), which warrants further investigation in follow-up
studies.

The results of the present study correspond to the ﬁndings from
other studies which observed the association between exposure to
petrochemicals and the risk of lung and NHL cancers. Thus, in their
2004 study, Belli et al. (2004) showed an increase in the risk of
lung cancers among residents living within 2-km distance range
from the petrochemical plant in Brindisi, Italy after adjusting for
smoking habit, occupation and educational level. In a separate
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Table 6
Changes in the relative density of lung and NHL cancers in response to plausible
changes in industry proximity (sensitivity test).
Distance
range (m)

Age group — younger than 65

Age group — 65 and older

Relative density (cases
per 100,000)

Relative density
(cases per 100,000)

% change

% Change

A. Lung cancer
200
43.81
400
35.17
600
26.53
800
17.90
1000
9.26

−19.72
−24.56
−32.55
−48.26

872.61
666.77
460.93
255.09
49.25

−23.59
−30.87
−44.66
−80.69

B. NHL cancer
200
17.76
400
18.04
600
18.32
800
18.60
1000
18.88

1.57
1.55
1.53
1.50

479.62
378.70
277.78
176.87
75.95

−21.04
−26.65
−36.33
−57.06

Note: Based on models in Table 5; the mean values of control variables are set constant
to the average values observed in the study area as follows: distance to main roads =
76.30 m; distance to the sea = 1116 m; population density (per km2) = 50,363.00;
smoking rate (%) = 11.00; average income (NIS per capita) = 2248.05; % of Jewish
population = 98.23; and housing density (people per room) = 0.93.

study, Taiwanese researchers reported that women living in the
municipalities characterized by higher levels of petrochemical pollution had a statistically signiﬁcant higher risk of developing lung
cancer than those who lived in municipalities with the lowest petrochemical air pollution levels (Yang et al., 1999).
In another recent study, de Roos et al. (2010) observed an elevated
odds ratio of NHL although insigniﬁcant among residence near the
petroleum industries. However, the results of the present study are
different from the results of Patel et al. (2004) who did not ﬁnd the
association between gasoline vapor exposure from underground storage tanks and lung or NHL cancers but among leukemia patients. It
should be noted, however, that compared to our study, most of the
above studies analyze the exposure to chemicals in residential areas
neighboring petrochemical plants but not around petroleum-storage
facilities. In addition, most of these studies used zone-based approaches for estimating the exposure and calculating the relative
risk of health outcomes.
Our ﬁndings are also consistent with the tendency from NCI's SEER
program report, according to which starting at 65 years of age, approximately one in two men and one in three women will develop
cancer (Hayat et al., 2007).
A marked limitation of the present study is that it is an ecologicaltype study in which socio-demographic attributes (such as smoking
and socioeconomic status) were obtained for geographic units and
not for individuals. A well-known limitation of such studies is that
such studies cannot measure causality but can only be indicative of
possible health risk effects.
In addition, proximity to storage tanks as a proxy for exposure
may also introduce an “anisotropy” bias because chemicals may not
spread uniformly away from the source. The anisotropy of spatial distribution of chemicals released from petroleum storage tanks may
also depend on the height of pollution source and wind direction, in
addition to the properties of the speciﬁc type of chemical and the
amount released. This potential anisotropy effect should thus be investigated in follow-up studies.

6. Conclusions
The results of the study reveal that different estimates of relative
risks depend on different exposure assessment methods used. In

particular, ASR method was found to be insufﬁciently sensitive
for estimating differences in cancer incidence rates providing a
very small number of statistical subdivisions available for the
study (13), thus demonstrating a potential weakness of the
ASR-based approach. In contrast, Kernel Density approach was
found to be more sensitive and informative than ASR calculations.
The latter method can thus be recommended when a researcher
has a small number of geographic units for a cross-sectional
study, because of its sensitivity. However, further studies with additional individual-level factors and more precise exposure assessments may need to be carried out in order to control for potential
confounders.
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Appendix 1. Descriptive statistics of the research variables

Variables
Lung cancer
Men
Women
Age
Distance to industrial
zone, m
Distance to the sea, m
Distance to the closest
main road, m
Average income, NIS
per capita
Jewish population, %
Population density,
per km2
Housing density, people
per room
Smoking rate, %
NHL cancer
Men
Women
Age
Distance to industrial
zone, m
Distance to the sea, m
Distance to the closest
main road, m
Average income, NIS
per capita
Jewish population, %
Population density,
per km2
Housing density, people
per room
Smoking rate, %

N.
cases

Minimum

Maximum

Mean

Std.
deviation

68
30
98
98

–
–
32.00
103.33

–
–
91.00
1514.12

–
–
69.12
723.70

–
–
11.83
456.39

98
98

121.73
0.02

2193.96
286.62

984.13
56.36

574.23
68.92

98

1320.92

3368.76

2112.18

573.07

98
98

93.63
18,000.00

99.63
79,000.00

97.49
50,163.27

1.93
14,561.42

98

0.79

1.05

0.93

0.06

98

0.00

0.19

0.11

0.05

30
23
53
53

–
–
34.00
104.41

–
–
97.00
1567.71

–
–
66.64
807.05

–
–
13.27
456.40

53
53

121.46
0.02

1826.38
233.53

735.14
64.76

494.97
60.54

53

1320.92

3368.76

1947.59

416.82

53
53

93.63
24,000.00

99.63
73,000.00

97.27
44,943.40

1.62
11,478.10

53

0.80

1.05

0.95

0.05

53

0.00

0.19

0.13

0.04

M. Zusman et al. / Science of the Total Environment 441 (2012) 265–276

275

Appendix 2. Randomly generated reference points (see text for explanation)
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