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In epidemiological studies both questionnaire results and GIS modeling have been used to
assess exposure to environmental risk factors. Nevertheless, few studies have used
both these techniques to evaluate the degree of agreement between different exposure
assessment methodologies.

As part of a case–control study on lung cancer, we present a comparison between
self-reported and GIS-derived proxies of residential exposure to environmental pollution.

649 subjects were asked to fill out a questionnaire and give information about residential
history and perceived exposure. Using GIS, for each residence we evaluated land use
patterns, proximity to major roads and exposure to industrial pollution. We then compared
the GIS exposure-index values among groups created on the basis of questionnaire
responses.

Our results showed a relatively high agreement between the two methods. Although
none of these methods is the ‘‘exposure gold standard’’, understanding similarities, weak-
nesses and strengths of each method is essential to strengthen epidemiological evidence.

� 2014 Elsevier Ltd. All rights reserved.
1. Introduction and Withers, 2012). Although less significant than smoke
Lung cancer has been associated with exposure to vari-
ous environmental risk factors (Alberg et al., 2007; Field
and other environmental agents (e.g., occupational expo-
sure to carcinogens, radon, asbestos, etc.) outdoor air pol-
lution is considered a possible risk factor in the etiology
of this pathology (Pope III et al., 2011; Raaschou-Nielsen
et al., 2011; Turner et al., 2011). Many studies suggest
relative risks up to 1.5 for high versus low estimates of
exposure to air pollution (Boffetta and Nyberg, 2003).

Various methodologies have been applied in studies on
lung cancer to assess human exposure to possible environ-
mental risk factors. These include: (i) self reported expo-
sure (Chan-Yeung et al., 2003; Hosgood III et al., 2010;
Hosseini et al., 2009); (ii) comparison between subjects
living in urban versus rural areas (Curwen et al., 1954;
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Table 1
Summary of the main characteristics of the enrolled population.

n %

Number of subjects
Total 649 100
Cases 130 20
Controls 519 80

Sex
Males 504 78
Females 145 22

Age (years)
<50 33 5
50–70 262 40
>70 354 55

Smoking habits
Smoker 110 17
Ex-smoker 351 54
Non-smoker 188 29

Education
None/Primary school 362 56
Junior high school 148 23
High school 119 18
Degree 20 3
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Katsouyanni and Pershagen, 1997); (iii) proximity analysis
(Garcia-Perez et al., 2009; Simonsen et al., 2010); and (iv)
more sophisticated estimates of air-pollution levels
(Nyberg et al., 2000; Hystad et al., 2012; Pope III et al.,
2011; Raaschou-Nielsen et al., 2011; Turner et al., 2011).
Among others, Geographic Information Systems (GIS) are
being used with increasing frequency in environmental
epidemiology (Nuckols et al., 2004).

One of the main advantages of using GIS versus collect-
ing subjective measures of exposure is the possibility to
evaluate personal exposure in large populations. Both
self-reported and GIS-derived exposure may be affected
by errors, the first mainly due to subjective perception of
risks, the latter because of poor data quality. Although
none of these methods can be considered the ‘‘gold stan-
dard’’ for exposure assessment to atmospheric pollution
(Forastiere and Galassi, 2005), comparing different meth-
ods is of great interest because it allows the identification
of the weakness and strengths of each method and the
development of integrated exposure indicators.

Few studies have investigated the relationship between
self-reported and modeled exposure to environmental pol-
lution (Cesaroni et al., 2008; Gunier et al., 2006; Heinrich
et al., 2005; Migliore et al., 2009). Published studies have
focused on exposure to traffic-related pollution with
regard to respiratory symptoms like asthma, cough, bron-
chitis or rhinitis, while none of these studies have referred
to lung cancer.

In the present study, we evaluated the association
between self-reported exposure to a variety of environ-
mental risk factors and GIS-derived proxies of exposure
in a case–control study on lung cancer. In view of the long
latency period of this pathology, we devoted particular
attention to reconstructing each subject’s exposure history.
The goals of this analysis were to evaluate the potential of
GIS data in exposure assessment compared with self-
reported information, and to highlight the importance of
using multiple exposure assessment methods in epidemio-
logical studies where ‘‘true’’ measures of personal expo-
sure are not available.
2. Materials and methods

2.1. Study design and population

Data on cancer incidence for the Province of Modena
(Northern Italy) in the years 2000–2005 showed a possible
cluster for lung cancer in the District of Mirandola, where
the Standardized Incidence Ratio (SIR) for males reached
the value of 1.26 (CI 95%: 1.13–1.40) (Pirani et al., 2007).
A prospective case–control study (the IDEALE project)
was carried out to investigate the association between
environmental risk factors and lung cancer in an area com-
prising the 9 municipalities belonging to the Mirandola
Health District.

A total of 649 subjects were enrolled (case:control ratio
of 1:4). Cases were defined as incident events of lung
cancer in the period 2009–2010 and controls were coupled
on the basis of sex and age. A summary of the main
characteristics of the population enrolled is given Table 1.
Subjects were interviewed face to face, using a ques-
tionnaire designed to collect personal data and information
about lifestyle, active and passive smoking habits, food and
alcohol consumption, health status, residential and occu-
pational history.

In particular, participants were asked to give informa-
tion about exposure to environmental pollution at each
address of residence since year 1980. The questions, which
derived from standardized questionnaire formats
(Erspamer et al., 2007; Goldoni et al., 2003; Migliore
et al., 2009; SIDRIA, 1997;), were the following:

(1) The zone of residence is predominantly: rural/resi-
dential/industrial

(2) The street of residence is: busy/quiet
(3) Do the majority of windows look out directly onto

busy roads: yes/no
(4) Are there crossroads or traffic lights within 100 m of

the house: yes/no
(5) Do you find dust on windowsills: always or fre-

quently/sometimes/never

2.2. Reconstruction of residential history

Each address reported in the questionnaire was geocod-
ed (coordinate system: UTM32, datum ED50) through
record-linkage by street name and street number to the
Regional Database (RDB) of the Emilia Romagna Region.
Since some of the municipalities in the study area were
not included in this database, some addresses were
directly geocoded using a global positioning system
(GPS); those remaining were geocoded using free web
services (Google Maps and Microsoft Bing).

2.3. Exposure assessment

In the whole study area there was only one fixed air-
pollution monitoring station, so these data were not usable
to differentiate the geographic variability of exposure in



M. Cordioli et al. / Spatial and Spatio-temporal Epidemiology 9 (2014) 37–45 39
enrolled subjects. Thus, for each residence we evaluated
exposure to possible environmental risk factors by adopt-
ing a geographical approach based on GIS (ArcGIS� v.9.3,
post-elaboration with Stata SE� v.12 and R v.2.13.1). We
focused on three possible risk factors: land use in the
neighborhood of the residence (Eberhardt and Pamuk,
2004; Mitchell and Popham, 2007), road traffic (Cook
et al., 2011; Kim et al., 2008; Nuvolone et al., 2011), and
industrial pollution (Hendryx and Fedorko, 2011; Luo
et al., 2011; Pronk et al., 2013).

We also collected available information about land use,
roads, and industrial emissions for the municipalities
within 5 km of the study area, in order to correctly charac-
terize exposure for residences located near the study area
boundaries. Past residences of enrolled subjects located
outside the study area and over 5 km from it were
excluded from the exposure assessment.

2.3.1. Road traffic
Exposure to traffic was defined through road proximity

analysis (Bayer-Oglesby et al., 2006; Cook et al., 2011).
Since no homogeneous and sufficiently detailed informa-
tion on traffic flows were available for the area under
study, we used the Regional road network cartography
(RER, 2011), defining the importance of each road based
on the functional classification used by the administration.
According to this classification, roads were defined as:

– ‘‘major’’ (i.e., highways and important roads used by
national or regional traffic);

– ‘‘secondary’’ (i.e., streets connecting city centers or used
by cross-city traffic);

– ‘‘minor’’ (i.e., small roads used to reach a specific
address or location).

Since there was only one major road in the entire study
area, we finally grouped roads into two classes, i.e., (i)
‘‘major and secondary roads’’ (magsec) and (ii) ‘‘minor
roads’’ (minor).

For each residence we computed the following variables
(Fig. 1-A): typology of the nearest road; minimum distance
Fig. 1. Schematic representation of GIS exposure assessment: (A) length of roads
area covered by different land uses, (C) tons of pollution emitted inside a buffer
from a magsec road (variable mindist_magsec); sum of the
length of all streets and magsec streets inside a buffer
within a radius of 100 m and 200 m around the residence
(all_100/200 and magsec_100/200).

To test the association between the two exposure assess-
ment methods, we compared the distributions of GIS-
derived exposure indexes between the groups created on
the basis of self-reported proxies of exposure. Since GIS
variables showed non-normal distributions, we used non
parametric statistical tests: the Wilcoxon rank-sum test
(one tailed, a = 0.05) was used to test the difference
between two groups (questions 2, 3 and 4) while the Cuzik’s
test for trend (a = 0.05) was used to test the presence of a
trend in exposure within three groups (question 5).
2.3.2. Land use in the neighborhood
The prevalent land use inside three concentric buffers

within a radius of 250, 500 and 1000 m around each resi-
dence was characterized by means of an intersection with
the Regional land use cartography (RER, 2011) for the years
1976, 1994, 2003 and 2008 (Fig. 1B). Each map was consid-
ered as representative respectively of the periods: <1985,
1986–1999, 2000–2006, 2007–2011.

The original Corine Land Cover categories (EEA, 2000)
were divided into 4 new groups: agricultural/natural green
areas (aver), dump/construction sites (esdi), industrial/
commercial (indu) and urban fabric/urban green areas
(urpar). The coverage by each land use group was then
computed as a percentage (%) of the total area of each buf-
fer so as to define the prevalent land use (i.e., at least 20%
more area than all the other three groups) within each buf-
fer for each period.

We then assessed the degree of association between
answers to question (1) and the prevalent land use within
each buffer by means of the Chi-square test or Fisher’s
exact test (a = 0.05).

To compare data with the questionnaire responses, we
chose the land use map which corresponded to the last
year of each period of residence. As a sensitivity analysis
the central year of each residence was also considered.
by typology inside a buffer around the residence, (B) percentage of buffer
.
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2.3.3. Industrial pollution
Exposure to industrial pollution was characterized,

evaluating the amount of pollutants emitted into the
atmosphere by factories and commercial activities around
the place of residence (Agarwal et al., 2010; Hendryx and
Fedorko, 2011; Luo et al., 2011; Pronk et al., 2013; Willis
et al., 2010) (Fig. 1C).

We collected information on authorized emission fluxes
(i.e., based on Italian regulations DPR 203/88 and D.lgs
152/2006) of total suspended particles (TSP) and volatile
organic compounds (VOC) from the Regional Environmen-
tal Protection Agency. Additional information about the
start and end date for each activity was obtained from
the local Chamber of Commerce. The addresses of indus-
trial plants were geocoded using the methodology
described above for residences.

For each residence, and for each year, we computed the
total flux of TSP and VOC (tons year�1) emitted into the
atmosphere inside three buffers within a radius of 100,
500 and 1000 m. We considered emission fluxes for each
industrial plant as constant over time, but we used
available information on the start and end date of both res-
idences and industrial activities to modulate the inter-
annual variability inside the buffers. For each buffer we
then computed the average emission rate over the period
of residence (ptsov100/500/1000).

We evaluated the association between the answers to
questions (1) and (5) and the GIS-derived exposure
(categorized as ‘‘presence’’ or ‘‘absence’’ of emissions in
Fig. 2. Representation of the study area and distribution
the buffer) using the Chi-square test or Fisher’s exact test
(a = 0.05). We evaluated the presence of a trend in total
emission fluxes within the groups defined by answer to
question (5) using Cuzik’s test for trend (a = 0.05).

3. Results

3.1. Residential address geocoding

The 649 subjects interviewed reported a total of 838
residential addresses. The population can be considered
quite stable: 73% of subjects have never changed residence
since 1980, 25% moved once, and 3% had more than 2 res-
idences. 37 residences fell outside the study area and the
5 km buffer zone.

A total of 801 residential addresses inside the study
area were geocoded, 60% using the Regional database
(RDB), 9% using GPS and 30% using free web services.
Fig. 2 shows the study area and the location of the
residences.

To assess the degree of comparability between the
results of the three geocoding methods, for one subset of
residences we computed the Euclidean distance between
the coordinates derived from Google and those derived
from the RDB database (n = 129) or the GPS (n = 50). The
median error for the Google-RDB and Google-GPS compar-
ison was respectively 28 m and 35 m, while the 90th per-
centile was respectively 559 m and 196 m. In some
limited cases different geocoding methods yielded very
of residences in the 9 municipalities of enrolment.
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different coordinates (up to 2683 m distance). Fig. S3 in
Supplementary Information represents the cumulative
distribution of calculated distances.

3.2. Comparison between questionnaire and GIS exposure
assessment

Table S1 in Supplementary Information reports fre-
quencies for the answers to the questionnaire, grouped
by the educational level and disease status. Questionnaire
answers were not differently distributed between cases
and control subjects (Piro et al., 2008), while answers to
questions (1) and (4) were differently distributed within
educational levels (i.e., people with higher education more
frequently reported residences in ‘‘urban’’ and ‘‘industrial’’
areas and the presence of crossroads).

3.2.1. Land use in the neighborhood
Table 2 shows frequencies of GIS-derived prevalent land

use inside three buffers grouped by answer to question (1).
Almost all the residences were classified as aver or

urpar, regardless of the buffer chosen.
For all considered buffers, frequencies of prevalent land

use show very different distributions within the groups
defined by answer to question (1) (Chi-square test highly
significant). Bold values in Table 2 represent the percent-
age of matching between self reported and GIS-derived
classification of land use. The maximum level of matching
for ‘‘residential’’ and ‘‘industrial’’ residences, i.e., 86% and
67% respectively, was observed for the 250 m buffer. An
increase in the buffer radius yielded a decrease in the per-
centage of matching for these land use classes. On the
other hand, when the largest buffer was used nearly all
the residences (i.e., 99%) declared in the questionnaire as
‘‘rural’’ were correctly classified in the aver group.

Table S2 in Supplementary Information shows the same
calculation performed using land-use maps for the inter-
mediate year of each residence. Overall, the level of match-
ing decreased, especially for the ‘‘residential’’ and ‘‘urban’’
respondents.

Residences of more educated subjects yielded slightly
higher frequencies of urpar and indu prevalent land use
compared with less educated subjects (e.g., for urpar 81%
Table 2
Results for the characterization of the area of residence, considering land-use map
the fraction of residences in each prevalent land-use category (i.e., row percentage
each response to the questionnaire. p-Values refer to the Chi-squared test of asso

Zone of residence a Prevalent land use inside buffer

250 m 50

aver b urpar c indu d av

All (n = 801) 31% 65% 3% 44
Rural (n = 222) 82% 17% 1% 91
Residential (n = 561) 12% 86% 2% 25
Industrial (n = 18) 17% 17% 67% 33
p-Value Chi. p < 0.01 p < 0.01 p <

a Responses to question (1). Total number of subjects may differ due to to inc
b Agricultural/natural green areas.
c Urban fabric/urban green areas.
d Industrial/commercial areas.
and 63% respectively for degree and none/primary school),
in accordance with self-reported data (Table S1).

3.2.2. Road traffic
Table 3 shows the results for exposure assessment to

traffic. The residences were at an average distance of
182 m from magsec roads in the area, with an average of
97 m and 328 m of magsec roads respectively within the
100 m and 200 m buffer.

All exposure variables showed highly significant
(p < 0.01) or significant (p < 0.05) differences between the
groups created on the basis of self-reported proxies of
exposure, the sole exception being the total length of all
streets inside buffers (i.e., all_100 and all_200) for question
(2). Only for 26% of the residences reported to be on a
‘‘busy road’’ was the nearest street identified with GIS a
magsec road, whereas 92% of residences reported to be on
a ‘‘quiet road’’ were closer to a minor road.

For question (5), about the presence of dust on window-
sills, all variables showed a highly significant trend (Cuz-
ick’s test, p < 0.01) between groups. Compared with
residences in which dust is frequently found, residences
without reported dust are on average at twice the distance
from a magsec road. For these residences also the total
length of magsec roads inside the 100 m buffer is on aver-
age 75% lower.

3.2.3. Industrial pollution
We identified a total of 897 industrial and commercial

activities with authorized TSP and VOC emissions. Pollu-
tion sources were geocoded using the RDB (78%) and Goo-
gle (22%). Evaluation of exposure to industrial pollution
showed that only 5% of residences had authorized TSP
and VOC emission sources within a distance of 100 m,
while this percentage increased to 34% and 65% respec-
tively for the 500 m and 1,000 m buffer (Table 4, classified
as ‘‘yes’’). For the exposed residences, the median levels of
TSP plus VOC emissions inside the three buffers was
respectively 0.15, 0.17 and 2.4 t year�1 (Table 4). All
residences with indu prevalent land use inside the 500 m
buffer had emission sources within the same distance,
while this was true only for 39% of urpar and 24% of aver
residences.
s for the last year of each residence. For each buffer, the number represents
s). Bold values represent the land-use categories we consider matching with
ciation.

0 m 1000 m

er urpar indu aver urpar indu

% 54% 2% 74% 26% 0%
% 9% 0% 99% 1% 0%
% 74% 1% 63% 37% 0%
% 22% 44% 100% 0% 0%
0.01

omplete responses.



Table 3
Indexes of exposure to road traffic. Mean (standard deviation) are shown for each group. p-Values refer to the one-tailed Wilcoxon test for the difference
between groups (questions 2, 3, and 4) or to the Cuzick’s test for trend (question 5).

Question Answer Traffic exposure indexes

na all_100b (m) magsec_100c (m) all_200d (m) magsec_200e (m) mindist_magsecf (m)

None 801 588 (234) 97 (106) 1936 (806) 328 (262) 182 (241)

Street type (2) Busy 308 586 (224) 133 (111) 1933 (770) 401 (254) 124 (186)
Quiet 493 589 (240) 75 (97) 1938 (828) 282 (257) 219 (264)

p-Value Wilc. p = 0.54 p < 0.01 p = 0.52 p < 0.01 p < 0.01

Windows (3) Yes 264 616 (220) 132 (109) 2050 (780) 410 (256) 124 (186)
No 526 573 (241) 80 (100) 1874 (816) 287 (256) 211 (261)

p-Value Wilc. p < 0.01 p < 0.01 p < 0.01 p < 0.01 p < 0.01

Crossings (4) Yes 387 650 (222) 107 (112) 2189 (741) 373 (275) 141 (158)
No 411 529 (231) 88 (100) 1698 (793) 285 (242) 222 (295)

p-Value Wilc. p < 0.01 p < 0.05 p < 0.01 p < 0.01 p < 0.05

Dust (5) Always/frequently 106 615 (196) 153 (120) 2061 (684) 450 (282) 103 (145)
Sometimes 127 631 (212) 93 (111) 2199 (750) 359 (288) 173 (258)
Never 540 571 (241) 87 (100) 1856 (822) 298 (246) 201 (252)

p-Value trend p < 0.01 p < 0.01 p < 0.01 p < 0.01 p < 0.01

a Total number of subjects may differ due to to incomplete responses.
b Length of all streets inside the 100 m buffer.
c Length of major and secondary streets inside the 100 m buffer.
d Length of all streets inside the 200 m buffer.
e Length of major and secondary streets inside the 200 m buffer.
f Distance to the nearest major or secondary street.

Table 4
Results for exposure to industrial pollution. Numbers represent row percentages of residences for each group. For exposed residence, the median flux of TSP and
VOC in tons year�1 is shown in parenthesis. p-Values refer to the Chi-squared test of association or to the Cuzick’s test for trend for pollution fluxes.

Question Answer Industrial activities exposure indices

ptsov100b ptsov500c ptsov1000d

na No Yes No Yes No Yes

None 801 95% 5% (0.2) 66% 34% (0.2) 35% 65% (2.4)

Zone (1) Rural 222 95% 5% (0.1) 80% 20% (0.2) 59% 41% (0.9)
Residential 561 97% 3% (0.0) 63% 37% (0.1) 26% 74% (2.0)
Industrial 18 50% 50% (5.3) 6% 94% (12.1) 0% 100% (24.9)
p-Value Chi/F p < 0.01 p < 0.01 p < 0.01

Dust (5) Always/frequently 106 92% 8% (0.2) 67% 33% (0.5) 25% 75% (7.9)
Sometimes 127 94% 6% (4.1) 62% 38% (0.1) 30% 70% (1.6)
Never 540 96% 4% (0.1) 67% 33% (0.2) 37% 63% (1.5)
p-Value Chi/F p = 0.29 p = 0.58 p < 0.05
p-Value Trend p = 0.49 p = 0.04 p = 0.01

a Total number of subjects may differ due to to incomplete responses.
b PTS and SOV emission inside the 100 m buffer.
c PTS and SOV emission inside the 500 m buffer.
d PTS and SOV emission inside the 1000 m buffer.
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The proportion of residences with TSP and VOC emis-
sions is lower for houses declared as ‘‘rural’’ and higher
for houses declared as ‘‘residential’’ and ‘‘industrial’’. The
Pearson Chi-squared test confirmed a different distribution
of the exposure indices in the three groups defined by
answers to question (1), with a stronger concordance on
‘‘industrial’’ area when buffers increased. Consistently,
the highest median level of emission for each buffer radius
was found for residences reported as ‘‘industrial’’ (Table 4).

No relation was found between the presence of
emission sources and the presence of dust on windowsills
(question (5)), except for the 1000 m buffer, where the pro-
portion of exposed residences was slightly higher in the
‘‘always/frequently’’ group. On the other hand, the level
of emission around exposed residences showed a statisti-
cally significant positive trend (Cuzik’s test, p < 0.05)
towards increasing levels of reported dust for the 500 m
and 1000 m buffer.

4. Discussion

This work presented a comparison between self-
reported and GIS-derived proxies of exposure to environ-
mental pollution from a case–control study on lung cancer.
To our knowledge, this is the first study on lung cancer to
have used both questionnaire and GIS to derive proxies of
exposure to multiple environmental risk factors. Previous
studies applied questionnaires to derive residential history
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and GIS to assess exposure (Bellander et al., 2001; Hystad
et al., 2012; Nyberg et al., 2000) but no data on self-per-
ceived exposure to environmental risks was collected
(environmental tobacco smoke and occupational exposure
excluded).

Some previously published works have addressed the
problem of validation of self-reported exposure, but their
focus was normally on traffic-related pollution only.
Heinrich et al. (2005) reported a relatively low level of
agreement between self-reported exposure to traffic and
a combination of air-pollution measurement and GIS
modeling, with subjective assessment overestimating the
modeled exposure, especially in the symptomatic group.
Gunier et al. (2006) reported a good correspondence
between self-reported traffic exposure and GIS-based traf-
fic-density measurements, while there was no evidence of
association between self-reported exposure and levels of
Polycyclic Aromatic Hydrocarbons (PAH) in the urine.
Cesaroni et al. (2008) analyzed the association between
various indices of exposure to traffic and respiratory health
in Rome, highlighting a statistically significant association
between self-reported exposure and modeled proxies of
exposure. Migliore et al. (2009) found no evidence of bias
in a validation analysis where they compared self-reported
traffic intensity with measured traffic fluxes. Recently,
Birk et al. (2011) reported a fair agreement between
self-reported noise annoyance and GIS-modeled noise
levels in Munich.

Overall, our results showed moderate to good agree-
ments between the information from the questionnaire
and exposure indices computed using spatial analyses.

The comparison between GIS-derived prevalent land
use around the residence and subjective characterization
of the neighborhood gave good results. In particular, resi-
dences reported as ‘‘rural’’ were surrounded by a large area
of prevalently agricultural land (i.e., the 1000 m buffer),
while the perception of living in a ‘‘residential’’ or ‘‘indus-
trial’’ context was better related to the characteristics of
the immediate surroundings (i.e., the 250 m buffer). Thus,
if land use characteristics in a larger area around the resi-
dence are believed to be important in determining local air
quality, exposure assessment should be more effectively
based on GIS rather than on self-reported data.

We replicated the analysis reported in Table 2, which
refers to prevalent land use in the last year of each resi-
dence, also using land-use maps for the intermediate year
between each residence (Table S2 in Supplementary Infor-
mation). Interestingly, the matching quota was reduced for
‘‘residential’’ and ‘‘industrial’’ responses (i.e., respectively
77% and 50% for the 250 m buffer). In fact, there was a
remarkable modification in land use inside the study area
during the last years, with an increase in urpar and indu
land-use types and a corresponding decrease in the aver
category. For example, between 1976 and 2008, 96% of res-
idences experienced a reduction in the aver land use inside
the 500 m buffer, 91% an increase in the urpar land use,
while 60% experienced an increase in the indu land use.
The higher level of matching obtained using more recent
maps (Table 2 versus Table S2) may be due to the fact that
people more easily remember the characteristics of the
residence in the latter years. This is of interest, since lung
cancer has a long induction–latency period and past expo-
sures may be more relevant.

Almost all the GIS-derived indices of traffic exposure
were coherently associated with self-reported proxies.
Residences located on ‘‘busy’’ roads, with windows
exposed to traffic or where crossroads were reported in
the neighborhood, had more magsec streets inside the buf-
fers and a minor distance to magsec roads. Interestingly, all
indices of exposure showed a trend towards the categories
of self-reported dust on windowsills. Some evidence of a
correlation between the characteristics of indoor dust
and outdoor road dust from traffic resuspension has been
previously reported in the literature (Kuo et al., 2012;
Sbihi et al., 2013; Tong and Lam, 2000). Nevertheless, our
assessment was based on self-reported qualitative data
and was insufficient to draw conclusions in this sense.

Finally, residences self-reported as ‘‘industrial’’ proved
to be more exposed to industrial TSP and VOC emissions,
while no association was found between the presence of
dust on windowsills and the presence of industrial sources
in the surroundings. Nevertheless, the analyses of quanti-
tative data on emission fluxes suggest a possible associa-
tion between increasing levels of dust on windowsills
and the quantity of TSP and VOC emitted from industries
inside the 500 m and 1000 m buffer.

It is difficult to identify a ‘‘gold standard’’ between self-
reported information and GIS-derived models (Forastiere
and Galassi, 2005). Both methodologies suffer from possi-
ble errors. The collection of both exposure and disease data
from questionnaires may be prone to so-called recall bias
(Coughlin, 1990; Piro et al., 2008) and interviewer bias
(Wynder, 1994), and this could lead to errors in risk esti-
mations (Kuehni et al., 2006; Rugbjerg et al., 2011).

In this sense, the use of GIS is a promising development
since it yields more objective exposure readings. However,
GIS modeling is also subject to errors and limitations
(Krieger, 2003). In our study we evaluated the performance
of different geocoding systems, with results that are in
agreement with data on positional accuracy from other
published studies (Duncan et al., 2011; Whitsel et al.,
2006). Shifting the position of residences by some hundred
meters may lead to errors in the definition of proximity-
based indices of exposure (Zandbergen, 2007;
Zanderbergen and Green, 2007).

Moreover, some streets classified as minor may have
been characterized by intense traffic due to the presence
of specific poles of attraction or traffic lights, while incom-
plete data on some industrial emissions and their evolu-
tion in time may have led to overestimating or
underestimating exposure.

Another shortcoming in GIS use may derive from the
absence of information about past exposure. In our study,
we had good quality information about past land use in
the area and relatively complete records about industrial
emission. Using such data, we were able to model the evo-
lution of exposure in time. This would not have been pos-
sible if we had used only self-reported information. On the
other hand, no data were available on the evolution of the
road network over recent years.

The direct comparison between subjective and objec-
tive assessment presents certain limitations. To compute
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the prevalent land use inside a buffer, we used an a priori
cut-off (i.e., 20% more surface then all the other categories),
and it is unlikely that this procedure would have been used
in self-assessment. Furthermore, the nearest street identi-
fied through GIS was not necessarily the street to which
people referred in answering question (2), since the actual
entrance to the house may have been in another street.

Finally, one shortcoming of our approach may be repre-
sented by the fact that both self-reported and GIS-derived
exposure variables may exhibit a certain degree of spatial
autocorrelation. Spatial autocorrelation occurs when
characteristics at proximal locations appear to be corre-
lated, so that near things are more similar than distant
things. The spatial nature of our data may thus bias the
results of the statistical tests used (Dale and Fortin, 2009).
5. Conclusions

The use of GIS in epidemiological research is an inter-
esting challenge for improvement in the quality of analyses
and reliability of findings. Nevertheless, it is important to
provide evidence of the validity of these new tools with
respect to ‘‘classical’’ epidemiological methods. The results
of our work showed moderate to good agreements
between GIS-derived proxies of exposure to environmental
risks and self-reported evaluation from a questionnaire.
We were able to highlight some peculiarity of self-reported
exposure, e.g., a tendency in interviewed people to refer to
more recent land use characteristics and to consider the
presence of industrial areas in the immediate vicinity of
the home address. Moreover, we identified some agree-
ments between self-reported presence of dust on home
window sills and proxies of exposure to road traffic.

Both the methods employed in this study have their
specific weaknesses and we could not define which was
the best one. Nevertheless, finding a good agreement
between different methodologies of exposure assessment
is essential to strengthen epidemiological evidence. Even
if the information about environmental risk factors in the
area were in certain cases incomplete or approximate,
the use of GIS represented a powerful tool in characterizing
the exposure of residents. When good quality data are
available, the use of objective measures of exposure
instead of self-reported data is encouraged. GIS and spatial
analysis enable considerations about the temporal and
spatial dimension of environmental exposure, which sub-
jective evaluation cannot manage/handle. In particular,
the use of these spatial proxies of exposure is essential in
cases of non-availability of self-reported exposure, not
uncommon in epidemiological studies involving a larger
number of enrolled subjects.
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