
Water and Soil Pollution: Ecological

Environmental Study Methodologies
Useful for Public Health Projects.
A Literature Review

Roberto Lillini, Andrea Tittarelli, Martina Bertoldi, David Ritchie,

Alexander Katalinic, Ron Pritzkuleit, Guy Launoy, Ludivine Launay,

Elodie Guillaume, Tina Žagar, Carlo Modonesi, Elisabetta Meneghini,

Camilla Amati, Francesca Di Salvo, Paolo Contiero, Alessandro Borgini,

and Paolo Baili

Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

3.1 Type 1: Regression with Data by Geographical Area . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

3.2 Type 2: Regression Models at Individual Level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203

3.3 Type 3: Exposure Intensity Threshold Values for Evaluating Health Outcome . . . . 204

3.4 Type 4: Distance between Pollutant Source and Health Outcome Clusters . . . . . . . . . 205

4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206

5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 210

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 211

WASABY Working Group have been listed in the acknowledgments.

Roberto Lillini, Andrea Tittarelli, Alessandro Borgini, and Paolo Baili contributed equally to this work.

R. Lillini (*) · E. Meneghini · C. Amati · P. Baili

Analytical Epidemiology and Health Impact Unit, Fondazione IRCCS “Istituto Nazionale dei

Tumori”, Milan, Italy

e-mail: roberto.lillini@istitutotumori.mi.it; elisabetta.meneghini@istitutotumori.mi.it;

lifetable@istitutotumori.mi.it

A. Tittarelli

Cancer Registry Unit, Fondazione IRCCS “Istituto Nazionale dei Tumori”, Milan, Italy

e-mail: andrea.tittarelli@istitutotumori.mi.it

M. Bertoldi · P. Contiero

Environmental Epidemiology Unit, Fondazione IRCCS “Istituto Nazionale dei Tumori”, Milan,

Italy

e-mail: martina.bertoldi@istitutotumori.mi.it; paolo.contiero@istitutotumori.mi.it

D. Ritchie

Association Européenne des Ligues contre le Cancer, Bruxelles, Belgium

e-mail: david@europeancancerleagues.org

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2020

P. de Voogt (ed.), Reviews of Environmental Contamination and Toxicology Volume 256,

Reviews of Environmental Contamination and Toxicology 256,

https://doi.org/10.1007/398_2020_58

179



Abstract Health risks at population level may be investigated with different types

of environmental studies depending on access to data and funds. Options include

ecological studies, case–control studies with individual interviews and human sam-

ple analysis, risk assessment or cohort studies. Most public health projects use data

and methodologies already available due to the cost of ad-hoc data collection. The

aim of the article is to perform a literature review of environmental exposure and

health outcomes with main focus on methodologies for assessing an association

between water and/or soil pollutants and cancer. A systematic literature search was

performed in May 2019 using PubMed. Articles were assessed by four independent

reviewers. Forty articles were identified and divided into four groups, according to

the data and methods they used, i.e.: (1) regression models with data by geographical

area; (2) regression models with data at individual level; (3) exposure intensity

threshold values for evaluating health outcome trends; (4) analyses of distance

between source of pollutant and health outcome clusters. The issue of exposure

A. Katalinic · R. Pritzkuleit

Institute for Cancer Epidemiology at the University Lübeck, Lübeck, Germany

e-mail: Alexander.Katalinic@uksh.de; Ron.Pritzkuleit@uksh.de

G. Launoy

Normandie Univ, UNICAEN, INSERM, ANTICIPE, Caen, France

Pôle recherche – Centre Hospitalier Universitaire, Caen, France

e-mail: guy.launoy@unicaen.fr

L. Launay

Normandie Univ, UNICAEN, INSERM, ANTICIPE, Caen, France

Centre François Baclesse, Caen, France

e-mail: ludivine.launay@inserm.fr

E. Guillaume

Normandie Univ, UNICAEN, INSERM, ANTICIPE, Caen, France

e-mail: elodie.guillaume@unicaen.fr

T. Žagar

Institute of Oncology Ljubljana, Ljubljana, Slovenia

e-mail: TZagar@onko-i.si

C. Modonesi

Cancer Registry Unit, Fondazione IRCCS “Istituto Nazionale dei Tumori”, Milan, Italy

International Society of Doctors for the Environment (ISDE), Arezzo, Italy

e-mail: carlo.modonesi@istitutotumori.mi.it

F. Di Salvo

Pancreas Translational and Clinical Research Center, Ospedale IRCCS “San Raffaele”, Milan,

Italy

e-mail: disalvo.francesca@hsr.it

A. Borgini

Environmental Epidemiology Unit, Fondazione IRCCS “Istituto Nazionale dei Tumori”, Milan,

Italy

International Society of Doctors for the Environment (ISDE), Arezzo, Italy

e-mail: alessandro.borgini@istitutotumori.mi.it

180 R. Lillini et al.



assessment has been investigated for over 40 years and the most important innova-

tions regard technologies developed to measure pollutants, statistical methodologies

to assess exposure, and software development. Thanks to these changes, it has been

possible to develop and apply geo-coding and statistical methods to reduce the

ecological bias when considering the relationship between humans, geographic

areas, pollutants, and health outcomes. The results of the present review may

contribute to optimize the use of public health resources.

Keywords Health outcomes · Public health · Soil pollution · Spatial analysis ·

Statistical methods · Water pollution

1 Introduction

The effects of the industrialization of many economic activities during the last two

centuries have become an important issue for environmental and human health. As

recognized by the World Health Organization (WHO), environmental integrity is a

major determinant of health and actions to protect human and animal populations

from diseases should be a primary objective of a global health agenda, particularly in

the case of degenerative pathologies. Based on the above principles, the European

health policy framework “Health 2020”, supported by WHO’s Regional Office for

Europe, aims to improve the health and well-being of European citizens by reducing

the weight of all disease determinants (World Health Organization Website 2019).

Among actions promoted by Health 2020, management and remediation policies for

preserving the resilient functions of ecosystems and environmental matrices are

crucial.

A challenging issue lies in the considerable health risk resulting from the expo-

sure to toxic chemicals and other stressors of industrial origin, as documented by a

number of studies developed also in Europe (Hänninen et al. 2014). This kind of

investigation can prove problematic, as people are exposed to hundreds of toxicants

that come from both anthropogenic and natural sources: their physical and chemical

interactions determine an extremely complex picture of phenomena that must nec-

essarily to be taken into account. Contaminants move across environmental matrices

and often accumulate in the organisms therein. The assessment of potential health

effects due to exposure to all factors is a demanding task, often one too complex to

be performed. Some chemicals are widespread on a global scale, while others

accumulate around industrial or other specific sites; in this case, their concentration

significantly exceeds that of background values. This results in considerable dispar-

ities in the level of exposure of human populations (Stewart and Wild 2014) and

increases the obstacles when trying to explore the relationship between environmen-

tal pollution and health outcomes. However, an appropriate epidemiologic approach

can contribute to clarify causes of disease, factors conferring susceptibility, and

actual levels of exposure at which health effects occur (Deener et al. 2018).

Water and Soil Pollution: Ecological Environmental Study Methodologies Useful. . . 181



Health risks at population level may be investigated with different types of

environmental studies depending on access to data and funds. Options include

ecological studies, case–control studies with individual interviews and human sam-

ple analysis, risk assessment or cohort studies. (Baker et al. 1999).

In 2016, the Health and Food Safety Directorate General (DG SANTE) of the

European Commission launched, under the 3rd Health Programme, a call for project

proposals aiming to identify geographical regions presenting higher breast cancer

rates within the European Union, and to investigate the statistical correlation

between water and soil polluting agents and high cancer rates (European Commis-

sion 2016). TheWASABY –Water And Soil contamination and Awareness on Breast

cancer risk in Young women project was established with the following objectives:

(1) mapping breast cancer risk to identify areas at higher risk using specific geo-

graphic information systems; (2) reviewing scientific literature on the relationship

between water and soil pollutants and breast cancer risk, and on possible methods for

a pilot ecological environmental study (WASABY Website 2019). We defined the

above objectives in consideration of the scopes of a DG SANTE call (i.e., excluding

analytic studies such as cohort or case–control studies which could aim to evaluate

cause-and-effect relationship) and of the call budget (European Commission 2016).

As most public health projects, WASABY focuses its activities using available

data and methodologies (i.e., incidence data from cancer registries and databases of

environmental agencies, spatial mapping methods, and ecological regression

methods used in environmental studies).

In the present article, we summarize a PubMed (National Center for Biotechnol-

ogy Information 2019) literature review of methodologies applied across the world

to study the correlation between water and soil pollutants (e.g., arsenic in water, topsoil

metals, etc.) and a given health outcome (e.g., cancer incidence, acute gastrointestinal

infection hospital admissions, etc.) using available data. The review included all

methodologies regardless of the aim of the environmental studies. For these reasons,

we expected all or most of the articles considered in the review to be about cross-

sectional studies. Focus of the review was to identify and describe materials, methods,

and software programs. Therefore, the review does not present specific results.

2 Methods

In May 2019, we carried out a systematic literature search on articles describing

ecological environmental methods using PubMed (National Center for Biotechnol-

ogy Information 2019).

After a few tests to assess the most appropriate search terms to be used, we

applied the following sequence of terms related with logical operators: “(spatial

analysis OR geographic analysis OR GIS) AND (water pollution OR water pollut-

ants OR soil pollutants) AND (cancer registry OR population-based OR estimate OR

estimating OR cancer incidence OR cancer mortality).”

As a second step, we defined exclusion criteria, as follows: (a) articles on air

pollutants not included in the project aims; (b) articles without real health outcome
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data such as risk assessment studies; (c) articles with ad-hoc data collection such as

interviews or blood tests; (d) articles without spatial analysis; (e) articles not

published in English.

The article revision process followed three phases. In Phase 1, three reviewers

independently examined the abstracts of the articles identified by the PubMed

search, so as to identify those potentially pertaining to our project aims. Articles

would be considered eligible for Phase 2 if they were cleared by at least one of the

reviewers. In Phase 2, four reviewers independently read the complete articles

identified in Phase 1. In Phase 3, the reviewers met to address any divergence

over Phase 2 revisions.

At this stage, we then described the articles according to the following topics:

country (or region) where the study was conducted; health outcome (dependent

variable); environmental factors under analysis; socio-economic variables considered;

smallest area unit considered for dependent variable; smallest area unit considered for

environmental factor(s); final smallest area unit considered in the analysis; methods

used; software used. Finally, we classified all selected papers into four subgroups,

according to the methodology used and/or the data considered (a summary of charac-

teristics is provided in Tables 1, 2, 3, 4, and 5 show articles by group).

Table 1 Synthesis of type of analysis to be performed for feasibility studies between water and soil

pollutants and health outcomes, according to available data

Environmental factor

data Health outcome data Analysis

Number

of

articles

Type 1 Data by geographical

areas

Data by geographical

areas

Regression models

using data by

geographical areas

20

Type 2 Data at individual level Data at individual

level

Regression models

using data at individual

level

4

Type 3 Data by geographical

areas

Data by geographical

areas

Threshold values for

exposure intensity are

computed, in order to

define cut-off points for

evaluating trends in the

health outcome variable

influenced by the

environmental factor

9

Type 4 Environmental pollu-

tion geographic clusters

obtained by considering

environmental factors

and their potential

emission sources

Clusters of areas or

people generated by

the analysis of the

considered health

outcomes

The two different kinds

of clusters were

identified separately.

Comparisons between

health outcomes

geographic clusters

and environmental

pollution geographic

clusters by considering

the distance between

them

7
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Table 2 Articles classified as Type 1 and main characteristics

Reference

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-economic

variables

Smallest area

unit (dep.

variable)

Smallest area

unit (envir.

factor)

Final smallest

area unit

considered Methods Software

Aballay

et al.

(2012);

PMID:

22017596

Cancer incidence

and pattern of

arsenic concen-

tration in drink-

ing water wells

in Cordoba,

Argentina.

Cordoba

province

(Argentina)

5 cancer sites

incidence

Arsenic in

water

Gender, age,

urban/rural

residence

Districts Sampling

points in

districts

Districts Generalized lin-

ear latent and

mixed model

(GLLAMM).

Likelihood ratio

tests (LRT) were

performed using

the equivalent

Poisson regres-

sion model for the

random intercept

model. Statistical

significance at

p < 0.01

STATA

10 with

xtmepoisson

command

Armijo

and

Coulson

(1975);

PMID:

23682416

Epidemiology of

stomach cancer

in Chile – The

role of nitrogen

fertilizers.

Chile Mortality by

stomach cancer

Nitrates in

drinking water

and nitrogen

fertilizers

Infant mortality

rates, housing

ratings

Province Province Province Bivariate correla-

tion.

Statistical signifi-

cance at p < 0.05

Not declared

Bulka

et al.

(2016);

PMID:

27136670

Arsenic in drink-

ing water and

prostate cancer

in Illinois

counties: An

ecologic study.

Illinois state

Cancer reg-

istry (USA)

Prostate cancer

incidence

Arsenic

(in drinking

water)

Percent of indi-

viduals in the

county living

under the fed-

eral poverty

level

County County County Poisson regres-

sion model with

robust standard

errors. The model

residuals were

tested for spatial

autocorrelation

by calculating a

global Moran’s I

statistic.

Statistical signifi-

cance at p < 0.05,

p < 0.01

SAS 9.4



Chiang

et al.

(2010);

PMID:

21139868

Spatiotemporal

trends in oral

cancer mortality

and potential

risks associated

with heavy metal

content in

Taiwan soil.

Taiwan Oral cancers

age-standardized

mortality rates

8 heavy metals

(As, Cd, Cr,

Cu, Hg, Ni, Pb,

Zn) in soil

No Townships Townships Townships Factor analysis.

Moran’s I. SLM

(spatial regres-

sion method,

which can incor-

porate spatial

dependency into

the classical

regression

model). Monte

Carlo estimation.

Statistical signifi-

cance at p < 0.05

GeoDa 0.9.5-I

Colak

et al.

(2015);

PMID:

25619041

Geostatistical

analysis of the

relationship

between heavy

metals in drinking

water and cancer

incidence in resi-

dential areas in

the Black Sea

region of Turkey.

Black Sea

region

(Turkey)

Overall cancer

incidence

17 heavy metal

elements

No Village/

district

Water sources

inside the vil-

lages/districts

Village/

district

Kriging method.

Linear regression

analysis.

Statistical signifi-

cance at p < 0.05,

p < 0.01

ArcGIS 10.

SPSS 10

Hanchette

et al.

(2018);

PMID:

30065203

Ovarian Cancer

incidence in the

U.S. and toxic

emissions from

pulp and paper

plants: A

geospatial

analysis.

45 federal

states and

Washington

D.C. (USA)

White females

ovarian cancer

incidence

Toxic air and

water releases

from pulp and

paper mills

Only white

females

County ZIP code,

county, and

EPA region

County Exploratory spa-

tial data analysis:

Moran’s I and

local indicator of

spatial autocorre-

lation (LISA).

Ordinary least

squares (OLS)

regression first for

both the state- and

county-level data.

Spatial lag models

for the state-level

data. For the

county-level data,

GWR models.

ArcGIS 10.5;

GeoDa

(continued)



Table 2 (continued)

Reference

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-economic

variables

Smallest area

unit (dep.

variable)

Smallest area

unit (envir.

factor)

Final smallest

area unit

considered Methods Software

Statistical signifi-

cance at p < 0.05,

p < 0.01, p < 0.001

Hendryx

et al.

(2012);

PMID:

22471926

Permitted water

pollution dis-

charges and pop-

ulation cancer

and non-cancer

mortality: toxicity

weights and

upstream dis-

charge effects in

US rural–urban

areas

Urban–rural

areas (USA)

Mortality rates

for cancer, kid-

ney disease, and

total non-cancer

causes

Permitted toxic

chemical pol-

lutants in sur-

face waters

College educa-

tion rates, pov-

erty rates, race/

ethnicity per-

centages, rural–

urban

County County County Descriptive sta-

tistics and exami-

nation for

multicollinearity,

followed by

non-spatial and

spatial analyses

(GWR).

Statistical signifi-

cance at p < 0.01

Not found

Huang

et al.

(2013);

PMID:

23575356

Cell-type speci-

ficity of lung

cancer associ-

ated with

low-dose soil

heavy metal

contamination in

Taiwan: an eco-

logical study.

Taiwan Lung cancer

incidence

7 heavy metals

(As, Cd, Cr,

Cu, Hg, Pb, Ni,

Zn) concentra-

tions in soil

Sex, age. Townships Townships Townships Poisson regres-

sion models. Sta-

tistical signifi-

cance at p < 0.05

SAS 9.13

Jian et al.

(2017);

PMID:

27713110

Associations

between Envi-

ronmental Qual-

ity and Mortality

in the Contigu-

ous United

States, 2000–

2005.

County by

rural–urban

continuum

(USA)

All-cause mortal-

ity rate, heart

disease, cancer,

stroke

Environmental

quality index

(EQI)

Rural–urban

continuum

codes, percent

of white popu-

lation and the

population

density

County County County Linear regression

model to assess

the average

effects for the

contiguous

United States.

Random inter-

cept, random

slope hierarchical

model clustered

R 3.2.0 with

the package

lme4



by different

covariates.

Statistical signifi-

cance at p < 0.05

Lin et al.

(2014);

PMID:

24566045

Assessing and

mapping spatial

associations

among oral can-

cer mortality

rates, concentra-

tions of heavy

metals in soil,

and land use

types based on

multiple

scale data.

Taiwan Oral cancers

age-standardized

mortality rates

7 heavy metals

(As, Cd, Cr,

Cu, Pb, Ni, Zn)

concentrations

in soil

No District 1 km � 1 km

grid scale

1 km � 1 km

grid scale

ATP Poisson

kriging estima-

tion. Anselin

local Moran’s I.

Statistical signifi-

cance at p < 0.05,

p < 0.001

R

López-

Abente

et al.

(2018a);

PMID:

28155030

Compositional

analysis of top-

soil metals and

its associations

with cancer mor-

tality using spa-

tial

misaligned data.

Spanish

towns

(Spain)

Mortality for

13 types of

malignant tumors

Topsoil metal

concentrations

Socio-demo-

graphic indica-

tors: Population

size, percent-

ages of illiter-

acy, farmers,

unemployment,

average number

of persons per

household,

mean income.

Town area

(municipality)

Sampling

locations

Cells

5 � 5 km

Kriging estima-

tion. Factor anal-

ysis. BYM model

with integrated

nested Laplace

approximations.

Statistical signifi-

cance at p < 0.05

R with the

geoR, StatDA,

and INLA

packages

López-

Abente

et al.

(2018b);

PMID:

28847132

Residential

radon and cancer

mortality in

Galicia, Spain.

Galicia

(Spain)

14 cancer sites

incidence

Radon/Arsenic

(in topsoil)

Socio-demo-

graphic indica-

tors: population

size, percent-

ages of illiter-

acy, farmers,

unemployment,

average number

of persons per

household,

mean income.

Town area

(municipality)

Sampling

locations

Cells

10 � 10 km

BYM model with

integrated nested

Laplace approxi-

mations.

Statistical signifi-

cance at p < 0.05

R with the

INLA package

(continued)



Table 2 (continued)

Reference

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-economic

variables

Smallest area

unit (dep.

variable)

Smallest area

unit (envir.

factor)

Final smallest

area unit

considered Methods Software

Messier

and Serre

(2017);

PMID:

27639278

Lung and stom-

ach cancer asso-

ciations with

groundwater

radon in North

Carolina, USA.

North Caro-

lina central

Cancer reg-

istry (USA)

Stomach cancer

and lung cancer

incidence

Groundwater

radon concen-

tration (Bq/L)

Age, gender,

race, residential

tenure

Census tract Census tract Census tract Negative binomial

GLM with stan-

dard NB2 parame-

terization. Anselin

local Moran’s

I. spatial autocor-

relation of model

residuals is

assessed by exam-

ining a spatial

covariance plot of

the model stan-

dardized Pearson

residuals. If pre-

sent, a generalized

estimating equa-

tion (GEE), which

accounts for corre-

lations between

clusters and

assumes no corre-

lation within clus-

ters, is

implemented.

Statistical signifi-

cance at p < 0.05

R with the

COUNT and

GEE pack-

ages. BMElib

numerical

toolbox in

MATLAB.

Cluster and

outlier analy-

sis tool in

ArcGIS 10.0.

Núñez

et al.

(2016);

PMID:

27239676

Arsenic and

chromium top-

soil levels and

cancer mortality

in Spain.

Spanish

towns

(Spain)

Mortality for

27 types of

malignant tumors

Arsenic and

chromium

(in topsoil)

Socio-demo-

graphic indica-

tors: Population

size, percent-

ages of illiter-

acy, farmers,

unemployment,

average number

of persons per

household,

mean income.

Town area

(municipality)

Sampling

locations

Town area

(municipality)

Kriging estima-

tion. Factor anal-

ysis. BYM model

with integrated

nested Laplace

approximations.

Statistical signifi-

cance at p < 0.05

R with the

INLA package



Núñez

et al.

(2017);

PMID:

28108922

Association

between heavy

metal and metal-

loid levels in

topsoil and can-

cer mortality in

Spain.

Spanish

towns

(Spain)

Mortality for

27 types of

malignant tumors

Topsoil metal

concentrations

Socio-demo-

graphic indica-

tors: Population

size, percent-

ages of illiter-

acy, farmers,

unemployment,

average number

of persons per

household,

mean income.

Town area

(municipality)

Sampling

locations

Town area

(municipality)

Kriging estima-

tion. Factor anal-

ysis. BYM model

with integrated

nested Laplace

approximations.

Statistical signifi-

cance at p < 0.05

R with the

geoR, StatDA,

and INLA

packages

Ren et al.

(2014);

PMID:

25546281

Association

between chang-

ing mortality of

digestive tract

cancers and

water pollution:

a case study in

the Huai River

Basin, China.

Huai River

Basin

(China)

Digestive cancer

mortality

A series of fre-

quency of seri-

ous pollution

(FSP) indices

including water

quality grade

(FSPWQG),

biochemical

oxygen

demand

(FSPBOD),

chemical oxy-

gen demand

(FSPCOD),

and ammonia

nitrogen

(FSPAN)

Gross domestic

product

County County County Linear correla-

tion.

Statistical signifi-

cance at p < 0.10;

p < 0.05, p < 0.01

Not declared

Roh et al.

(2017);

PMID:

28841521

Low-level arse-

nic exposure

from drinking

water is associ-

ated with pros-

tate cancer

in Iowa.

87 out of the

99 Iowa

counties

(USA)

White males

prostate cancer

incidence

Arsenic

(in drinking

water)

Poverty rate

(only white

males)

County County County Spatial Poisson

regression model.

Anselin local

Moran’s I.

Statistical signifi-

cance at p < 0.05

SAS 9.4

(continued)



Table 2 (continued)

Reference

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-economic

variables

Smallest area

unit (dep.

variable)

Smallest area

unit (envir.

factor)

Final smallest

area unit

considered Methods Software

Saint-

Jacques

et al.

(2018);

PMID:

29089168

Estimating the

risk of bladder

and kidney can-

cer from expo-

sure to

low-levels of

arsenic in drink-

ing water, Nova

Scotia, Canada.

Nova Scotia

(Canada)

Bladder cancer

and kidney can-

cer incidence

Arsenic

(in drinking

water)

Area-based

composite indi-

ces of material

and social

deprivation

Set of contin-

uous 25 km2

cells

Set of contin-

uous 25 km2

cells

Set of contin-

uous 25 km2

cells

BYM model with

integrated nested

Laplace approxi-

mations.

Statistical signifi-

cance at p < 0.05

R with the

disease map-

ping and

INLA

packages

Su et al.

(2010);

PMID:

20152030

Incidence of oral

cancer in relation

to nickel and

arsenic concen-

trations in farm

soils of patients’

residential areas

in Taiwan.

Taiwan Oral cancers

age-standardized

mortality rates

8 heavy metals

(As, Cd, Cr,

Cu, Hg, Ni, Pb,

Zn) in soil

Personal

income, factory

density, factory

distribution and

types of indus-

try, and other

socio-economic

variables

Township/

precinct

Township/

precinct

Township/

precinct

Step-wise multi-

ple regression.

Global Moran’s

I. Spatial models

including condi-

tional

autoregressive

model (CAR) and

spatial simulta-

neous

autoregressive

(SAR) model.

Statistical signifi-

cance at p < 0.05

S-plus with

spatial module

Van

Leeuwen

et al.

(1999);

PMID:

10597979

Associations

between stom-

ach cancer inci-

dence and

drinking water

contamination

with atrazine and

nitrate in Ontario

(Canada)

agroecosystems,

1987–1991.

Ontario

Cancer reg-

istry

(Canada)

Age-standardized

cancer incidence

ratios: Stomach,

colon, ovary,

bladder, central

nervous system,

non-Hodgkin’s

lymphoma

Atrazine and

nitrate in

agroecosystems

Education level,

income,

occupation

Census

sub-division

(CSD)

Ecodistricts Census

sub-division

(CSD)

Descriptive sta-

tistics and omni-

bus test. Least

squares regres-

sion analysis.

Global Moran’s I.

Statistical signifi-

cance at p < 0.25,

p < 0.15, p < 0.05

SPACESTAT

PMID PubMed identifier



Table 3 Articles classified as Type 2 and main characteristics

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest

area unit

considered Methods Software

Dahl et al.

(2013);

PMID:

22569744

Is the quality of

drinking water a

risk factor for self-

reported forearm

fractures? Cohort of

Norway.

Norway Forearm fractures Main water

quality

indicators.

Marital

status;

education

level;

urban–

rural

residence

Geographic

coordinates

Geographic

coordinates

Geographic

coordinates

GAM.

Statistical sig-

nificance at

p < 0.05

ArcGIS 9.3.

STATA 11

Edwards

et al.

(2014);

PMID:

24506178

Regional specific

groundwater arsenic

levels and neuro-

psychological func-

tioning: a cross-

sectional study.

Texas

Alzheimer’s

research and

care consor-

tium (USA)

TARCC neuro-

psychology

scores

Arsenic in

groundwater

Age, gen-

der,

education

Region Cells of 0.8

square

miles

Region Linear regres-

sion models.

Statistical sig-

nificance at

p < 0.05

ArcGIS

McDermott

et al.

(2014);

PMID:

24771409

Does the metal con-

tent in soil around a

pregnant woman’s

home increase the

risk of low birth

weight for her

infant?

South Caro-

lina (USA)

Low birth weight 8 heavy metals

(As, Ba, Cr,

Cu, Pb, Mn,

Ni, Hg) in soil

Maternal

age and

race; num-

ber of

priorbirths

GIS

coordinates

GIS

coordinates

GIS

coordinates

Multivariable

GAM.

Statistical sig-

nificance at

p < 0.001

ArcGIS9.3.

R with the

mgcv

package

(continued)



Table 3 (continued)

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest

area unit

considered Methods Software

Monrad

et al.

(2017);

PMID:

28157645

Low-level arsenic in

drinking water and

risk of incident

myocardial infarc-

tion: A cohort

study.

Denmark Myocardial

infarction

incidence

Arsenic in

drinking water

Education

level

Individual Water sup-

ply area

Individual Time-weighted

average con-

centration.

Evaluation of

the exposure–

response asso-

ciation by a

cubic spline

function with

continuous first

and second

derivatives

with 3 and

6 knots.

Poisson GLM

model.

Statistical sig-

nificance at

p < 0.05

SAS (Lexis

macro and

PROC

GENMOD

procedure)

PMID PubMed identifier



Table 4 Articles classified as Type 3 and main characteristics

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest area

unit

considered Methods Software

Banning and

Benfer (2017);

PMID:

28820453

Drinking water

uranium and

potential health

effects in the

German Federal

State of

Bavaria.

Bavaria

federal

state

(Germany)

Cancer and

other diseases

incidence

Uranium in

drinking water

No County Municipality Counties Municipality

concentration

level used for

the entire

county, where

available. Then

classification in

groups. Pear-

son correlation

between SIR

and concentra-

tion groups.

Statistical sig-

nificance at

p < 0.05,

p < 0.01

ArcGIS

10.1. SPSS

Cech et al.

(1987); PMID:

3610447

Health signifi-

cance of chlori-

nation

byproducts in

drinking water:

The Houston

experience.

Houston,

Texas

(USA)

Mortality by

urinary tract

cancer, respira-

tory cancers,

non-cancer

respiratory

causes

Trihalomethanes

in drinking water

Gender,

age, race

Census tract Census tract Census tract Trends com-

pared to pollut-

ant concentra-

tion.

Statistical sig-

nificance at

p < 0.05,

p < 0.01

Not

declared

(continued)



Table 4 (continued)

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest area

unit

considered Methods Software

Collman et al.

(1988); PMID:

3198278

Radon-222

concentration in

groundwater

and cancer

mortality in

North Carolina.

North Car-

olina

(USA)

Deaths from

cancers of the

nasal cavities,

oro-, naso-, and

hypopharynx,

larynx, esopha-

gus, stomach,

colon, breast,

bone, and the

four major

types of

leukemia

Radon in public

water supply

No County County County Relative risk by

radon concen-

tration.

Statistical sig-

nificance at

p < 0.05

Not

declared

Crump et al.

(1987); PMID:

3591777

Cancer inci-

dence patterns

in the Denver

metropolitan

area in relation

to the rocky

flats plant.

Rocky

flats, Col-

orado

(USA)

Various cancers

incidence

Plutonium in soil Gender,

age

Census tract Census tract Census tract Bivariate ana-

lyses. Mantel-

Haenszel test.

Statistical sig-

nificance at

p < 0.05,

p < 0.01,

p < 0.001

Not

declared

Dreiher et al.

(2005); PMID:

16330453

Non-Hodgkin’s

lymphoma and

residential

proximity to

toxic industrial

waste in south-

ern Israel.

Southern

Israel

Non-Hodgkin’s

lymphoma inci-

dence and

survival

Toxic industrial

waste

Gender,

age, eth-

nicity,

occupation

14-kms.

Radius near

the pollution

source

14-kms.

Radius near

the pollution

source

14-kms.

Radius near

the pollution

source

GIS standard-

ized rates.

Kaplan–Meier

method. Cox

proportional

hazard regres-

sion.

Statistical sig-

nificance at

p < 0.05

MapInfo

and not

declared



Grilc et al.

(2015); PMID:

27646727

Drinking water

quality and the

geospatial dis-

tribution of

notified gastro-

intestinal

infections.

Slovenia Acute gastroin-

testinal infec-

tions incidence

Fecal contamina-

tion of water

supply system

No Water sup-

ply zone

Water sup-

ply zone

Water sup-

ply zone

Classification

of contami-

nated zones in

three groups.

Comparison

with incidence

in the same

areas, comput-

ing the RRs.

Statistical sig-

nificance at

p < 0.05

ArcGIS

10. Oracle

11 g

Richmond et al.

(1987); PMID:

3616722

Colorectal can-

cer mortality

and incidence

in Campbell

County,

Kentucky.

Campbell

County,

Kentucky

(USA)

Colon-rectum

cancer inci-

dence and

mortality

Trihalomethanes

in kitchen tap

water

Gender,

age,

occupation

Census

block

Census

block

Census

block

SIR and SMR

compared to

pollutant con-

centration. Sta-

tistical signifi-

cance based on

the Poisson

distribution

method of

Bailar and

Ederer.

Statistical sig-

nificance at

p < 0.05

Not

declared

Sánchez-Díaz

et al. (2018);

PMID:

30423874

Geographic

analysis of

motor neuron

disease mortal-

ity and heavy

metals released

to Rivers in

Spain

Spanish

rivers

Deaths from

motor neuron

disease

Arsenic, cad-

mium, copper,

chromium, mer-

cury, lead, zinc in

waters

No Municipality 20 kms. of

the rivers

section from

the emission

point

Municipality Log-linear

models

(Poisson link

function).

Statistical sig-

nificance at

p < 0.05,

p < 0.001

Stata.

ArcGIS

(continued)



Table 4 (continued)

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest area

unit

considered Methods Software

Thorpe and

Shirmohammadi

(2005); PMID:

16291529

Herbicides and

nitrates in

groundwater of

Maryland and

childhood can-

cers: a geo-

graphic infor-

mation systems

approach.

Maryland

(USA)

4 childhood

cancers

incidence

Herbicides and

nitrates

Gender,

age, race

ZIP code ZIP code ZIP code Cluster analy-

sis. Contin-

gency tables

with chi-square

analysis.

Statistical sig-

nificance at

p < 0.05

ArcView

3.1. Spa-

tial analyst

1.1.

SaTScan

2.1.

GraphPad

prism 3.02

PMID PubMed identifier



Table 5 Articles classified as Type 4 and main characteristics

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest

area unit

considered Methods Software

Christian

et al.

(2011);

PMID:

22043094

Exploring geo-

graphic varia-

tion in lung

cancer inci-

dence in Ken-

tucky using a

spatial scan sta-

tistic: Elevated

risk in the

Appalachian

coal-mining

region.

Kentucky

(USA)

Lung can-

cer

incidence

Coal mining

waste and cig-

arette smoking

Gender,

age

Circle

areas

Circle

areas

Circle

areas

Discrete

Poisson model.

Monte Carlo

simulation.

Statistical sig-

nificance at

p < 0.01

SaTScan.

ArcGIS 9.3

Cui et al.

(2019);

PMID:

30836673

Spatiotemporal

variations in

gastric Cancer

mortality and

their relations

to influencing

factors in S

County, China

S County

(China)

Gastric

cancer

mortality

Surface water

quality

Population

density,

GDP

2x2 kms.

Grid

squares

2x2 kms.

Grid

squares

2x2 kms.

Grid

squares

Anselin local

Moran’s I. hot

spot analysis.

GeoDetector.

Statistical sig-

nificance at

p < 0.05

ArcGIS

10.2.

GeoDetector

Dai and

Oyana

(2008);

PMID:

18939976

Spatial varia-

tions in the

incidence of

breast cancer

and potential

risks associated

with soil dioxin

The Bay,

Midland,

and Sagi-

naw

counties,

Central

Breast can-

cer

incidence

Dioxin in soil Age ZIP code ZIP code ZIP code Evaluation of

soil dioxin con-

tamination by

using descrip-

tive statistics

and the SOM

algorithm.

SOM tool-

box.

MatLab 7.1.

ArcGIS 9.2.

SatScan 7.0

(continued)



Table 5 (continued)

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest

area unit

considered Methods Software

contamination

in Midland,

Saginaw, and

Bay Counties,

Michigan,

USA.

Michigan

(USA)

Evaluation of

the association

between breast

cancer rates and

the ZIP codes

by estimating

the odds ratio

and their

corresponding

95% confidence

intervals. Clus-

ter detection

using

Kulldorff’s spa-

tial and space-

time scan statis-

tics and genetic

algorithms for

spatial and

space-time clus-

tering.

Statistical sig-

nificance at

p < 0.05,

p < 0.01,

p < 0.001



Fei et al.

(2018);

PMID:

29679198

The association

between heavy

metal soil pol-

lution and

stomach can-

cer: a case

study in Hang-

zhou City,

China

Hangzou

city

(China)

Stomach

cancer

incidence

Heavy metals

in soil

Gender Township Sampling

points

Township Spatial distribu-

tion of inci-

dence tested by

Global Moran’s

I. GeoDetector.

Hotspot analy-

sis for environ-

mental factor’s

cluster.

Kriging’s inter-

polation.

Statistical sig-

nificance at

p < 0.01

GeoDetector

Guajardo

and Oyana

(2009);

PMID:

20049167

A critical

assessment of

geographic

clusters of

breast and lung

cancer inci-

dences among

residents living

near the

Tittabawassee

and Saginaw

Rivers, Michi-

gan, USA.

The Bay,

Midland,

and Sagi-

naw

counties,

Central

Michigan

(USA)

Breast and

lung cancer

incidences

Various pollut-

ant and

pollutants

Median

household

income,

race, per-

cent of

native

born, edu-

cation

level, per-

cent of

population

residing at

the same

address in

1995

ZIP code ZIP code ZIP code Preliminary

GIS analysis.

Odds ratio sta-

tistics. Step-

wise discrimi-

nant function

analysis. Ordi-

nary Kriging.

Anselin Local

Moran’s

I. Turnbull’s

method.

Bithell’s linear

risk score test.

Lawson and

Waller

score test.

Statistical sig-

nificance at

p < 0.05,

p < 0.01

ArcGIS 9.2.

ArcView

3.3. GeoDa

0.95i.

ClusterSeer

2.0 and

TerraSeer’s

STIS 1.6.

Excel. SPSS

17.0

(continued)



Table 5 (continued)

Reference;

PMID Title

Country/

region

Dependent

variable

Environmental

factors

Socio-

economic

variables

Smallest

area unit

(dep.

variable)

Smallest

area unit

(envir.

factor)

Final

smallest

area unit

considered Methods Software

Nieder

et al.

(2009);

PMID:

19450849

Bladder cancer

clusters in Flor-

ida: Identifying

populations

at risk.

Florida

(USA)

Bladder

cancer

incidence

Arsenic in

water

Race/eth-

nic catego-

ries, census

derived

poverty

status at the

block

group

level, cen-

sus derived

county-

level

urban/rural

residence

Census

block

Census

block

Census

block

Multivariate

logistic regres-

sion.

Statistical sig-

nificance at

p < 0.05,

p < 0.001

ArcGIS 9.0.

SaTScan

5.0. SPSS

11.0.1

Selvin

et al.

(1987);

PMID:

3476785

Spatial distri-

bution of dis-

ease: Three

case studies.

Rocky

flats, Colo-

rado; Con-

tra Costa

County,

California;

Santa Clara

County

(California)

Lung can-

cer and

leukemia

incidence

Industrial facil-

ities as proxy

of pollution

(pollutants not

specified)

Gender,

age, race

Census

tract

Facility’s

position

and dis-

tance

from the

cases

Census

tract

Cluster analy-

sis.

Statistical sig-

nificance at

p < 0.05

Not declared

PMID PubMed identifier



3 Results

The PubMed search identified 694 articles. In Phase 1 of the revision process, the

reviewers agreed over 88% of the articles (considering both accepted and rejected

articles). At this stage, 122 articles resulted eligible to be included in Phase 2. The

complete read-through of 122 articles in Phase 2 lead to an agreement of 61% among

the four reviewers. After Phase 3 of the revision, 40 articles were included in the

review and classified as shown in Tables 2, 3, 4, and 5. Twenty of the articles

referred to studies conducted in North America, 11 in Europe, 7 in Asia, and 2 in

South America. The majority of articles (33 of 40) analyzed cancer incidence or

mortality rates as outcome indicators. As for contaminants, 20 and 12 articles,

respectively, analyzed pollutants in water and soil, while 7 articles analyzed pollut-

ants in both elements and 1 article reported the results of applying the Environmental

Quality Index to overall and by-cause mortality.

The statistical methods across the studies were quite diverse but could be grouped

into specific families: descriptive analysis, data reduction procedures (factor analy-

sis, cluster analysis), Moran’s I and Kriging method for spatial interpolation, spatial

regression analysis, various kinds of GLM regression models (often Poisson regres-

sion models), general additive models, Bayesian models with or without integrated

nested Laplace approximations, and Monte Carlo estimations.

The authors of the studies we considered tested their results’ statistical signifi-

cance using different techniques; over half of the papers however did not report how

they tested it (22). The remaining 18 articles used t-test (3 articles), chi-square,

F-test, likelihood ratio test (2 articles for each test), Z score, Kruskal–Wallis test,

Getis–Ord Gi statistic, Kulldorff’s spatial and space-time scan statistics, Lawson and

Waller score test, Mantel–Haenszel test and contingency table test, Poisson distri-

bution method of Bailar and Ederer, Taylor series variance estimates, and a para-

metric bootstrap on testing for RR < 1.1 (1 article for each test). Statistical

significance thresholds ( p values) were reported in the Methods column of Tables 2,

3, 4, and 5.

As to packages, ArcGIS/ArcView and R are those principally used (14 articles

each). See Fig. 1 for an overview of software use across the different studies.

The articles were synthetically classified in four groups, as shown in Table 1.

3.1 Type 1: Regression with Data by Geographical Area

Twenty articles (50%) were classified as belonging to this group (Table 2). Authors

used different kinds of regression models to explore the relationship between health

outcomes (dependent variable, e.g. cancer incidence or mortality), environmental

factors, and any other covariate (e.g., socio-economic indicators) by geographical

area. The geographic unit used to collect information on health outcome and

pollution did not always match.

Water and Soil Pollution: Ecological Environmental Study Methodologies Useful. . . 201



Eleven of the articles considered the same geographic areas for pollutants and for

health outcomes (the areas either coincided or were very similar, e.g. districts,

townships, etc.). In nine of the studies, information on pollution was collected

using smaller geographic units than those used for health outcomes and addressed

data misalignment in different ways. In five articles, authors applied the Kriging

interpolation method (a Gaussian process regression) to extend the information

collected at the pollution sources to the areas considered for epidemiologic popula-

tion data (Colak et al. 2015; Lin et al. 2014; López-Abente et al. 2018a; Núñez et al.

2016, 2017). Authors of the remaining four articles used different approaches: the

study by Hanchette et al. (2018) on the potential effects of toxic water releases on

ovarian cancer incidence developed a combination of ordinary least squares (OLS)

regression models and geographical weighted regression (GWR) models, corrected

by spatial lag models (after testing the presence of local spatial autocorrelation by

Local Indicators of Spatial Association – LISA – model). The study by López-

Abente et al. (2018b) on the relationship between the presence of arsenic and radon

in topsoil and 14 cancer sites incidence followed a Gaussian approach, which

considered a Matérn Gaussian field approximated using the stochastic partial differ-

ential equation method for the environmental covariate. The study by Aballay et al.

(2012) used a two-level model to estimate the effects of pollution in sampling points

to the whole districts. Here, aquifer pollution was included as a random intercept and

the misalignment was corrected by adaptive quadrature method. Finally, the study

by Van Leeuwen et al. (1999) on atrazine and nitrate in drinking water and stomach

cancer incidence determined mean contamination levels for each ecodistrict and data

source; means were then proportionally combined to be associated to the population

they represented.
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16

Fig. 1 Frequency of statistical software packages used

202 R. Lillini et al.



Almost all 20 articles applied a preliminary exploratory spatial analysis using

Moran’s I for testing spatial autocorrelation after data geo-coding procedures.

As for regression models, the majority of studies incorporated different aspects of

socio-economic, demographic, and life styles of the population under study in the

evaluation of environmental exposure on the considered outcome. Only three articles

(Chiang et al. 2010; Colak et al. 2015; Lin et al. 2014) did not correct the effects of

such variables.

The choice of regression model varied between studies. Five studies applied the

Besag, York, and Mollie’s (BYM) model with integrated nested Laplace approxi-

mation. This is a convenient way to obtain approximations to the posterior marginal

figures for parameters in Bayesian hierarchical models when the latent effects can be

expressed as a Gaussian Markov random field, as it is defined in these works (López-

Abente et al. 2018a, 2018b; Núñez et al. 2016, 2017; Saint-Jacques et al. 2018).

Almost all other articles relied on different kinds of regression models, whether

Poissonian or not, and considered the effects of spatial autocorrelation on the basis of

the results of the Moran’s I. Only the study by Armijo and Coulson (1975) on the

relationship between stomach cancer mortality and presence of nitrate in drinking

water and nitrogen fertilizers relied on bivariate correlation without considering the

spatial autocorrelation term.

For the large part, two different kinds of software packages were used in these

works, sometimes jointly, sometimes on their own. These were packages for

geo-coding and study of spatial effects and model development.

R (S-Plus in one case) with its several packages was the most frequently used,

because it made it easier to support geo-coding and analysis of spatial effects and to

implement results in the Bayesian or regression models (Jian et al. 2017; Lin et al.

2014; López-Abente et al. 2018a, 2018b; Núñez et al. 2016, 2017; Messier and Serre

2017; Saint-Jacques et al. 2018; Su et al. 2010). Three studies relied on SAS for the

versatility in adapting script adequate to combine the two aspects, as for R (Bulka

et al. 2016; Huang et al. 2013; Roh et al. 2017). ArcGIS for spatial geo-coding and

analysis was used in combination with other software packages (GeoDa and SPSS)

in two studies (Colak et al. 2015; Hanchette et al. 2018); Stata, GeoDA, and

Spacestat were used separately with few specific modules in 3 older studies (Aballay

et al. 2012; Chiang et al. 2010; Van Leeuwen et al. 1999), while it was not possible

to identify the software used for three of the articles (Armijo and Coulson 1975;

Hendryx et al. 2012; Ren et al. 2014).

3.2 Type 2: Regression Models at Individual Level

Four articles (10%) pertained to this group (Table 3). The relationship between

health condition/outcome and environmental factor was analyzed by regression

models at individual level. The methodological interest was focused on the definition

of an individual value for the environmental factor.
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The geographic level for this group was mainly the individual, geo-coded at the

geographic coordinates of residence (Dahl et al. 2013; McDermott et al. 2014;

Monrad et al. 2017). Only Edwards et al. (2014) used the region of residence for

attribution of exposure, but it mainly relied on the Texas Alzheimer’s Research and

Care Consortium (TARCC) neuropsychology scores at individual level for the

analysis. Pollution sources were geo-coded at the same level (Dahl et al. 2013;

McDermott et al. 2014) or at a slightly larger scale (water supply area (Monrad et al.

2017) or cells of 0.8 mile2 (Edwards et al. 2014)). Pollution was then reported to the

individual level by time-weighted average concentration and binary classification of

exposure (McDermott et al. 2014, Monrad et al. 2017), stratification of exposure in

groups (Dahl et al. 2013), or by attribution of the pollutant concentration in any cell

to the corresponding person (Edwards et al. 2014).

All four studies used demographic and socio-economic covariates for correcting

the environmental effects in different regression models such as linear regression

(Edwards et al. 2014), Poisson generalized linear model (Monrad et al. 2017), and

generalized additive model (Dahl et al. 2013, McDermott et al. 2014).

As with software packages, three articles used ArcGIS for data geo-coding (Dahl

et al. 2013; Edwards et al. 2014; McDermott et al. 2014) and two of them combined

other software packages for the models (R and Stata) (Dahl et al. 2013, McDermott

et al. 2014). The study by Monrad et al. (2017) used SAS with specific procedures.

3.3 Type 3: Exposure Intensity Threshold Values

for Evaluating Health Outcome

Nine articles (22.5%) were grouped as Type 3 (Table 4), characterized by a hiatus

between the study of environmental factors and the distribution of health outcomes.

The environmental factor, often detected as punctual source, was recoded as a

categorical variable and the considered geographic areas were classified on the

basis of the values/characteristics of such environmental categorical variable. The

health outcome was analyzed at the same or larger area level. Therefore, threshold

values for exposure intensity were computed in order to define cut-off points for

evaluating trends in the health outcome variable to study the influence of the

environmental factor.

In almost every article, the geographic areas considered for health outcomes,

environmental factor, and other covariates were homogeneous; a few differences

existed only in the studies by Banning and Benfer (2017) (county vs. municipality)

and by Sánchez-Díaz et al. (2018) (municipality vs. river sections of 20 kms). In the

first case, the pollutant concentration level in the municipality was extended to the

entire county; in the second case, the case distance from the pollution source was

considered as an independent variable of exposure in the final model.

Methods were not homogeneous due to differences in cut-off definitions and in

the evaluation of their statistical significance with respect to the considered health
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outcome. Five articles also considered demographic and socio-economic character-

istics of the population (Cech et al. 1987; Crump et al. 1987; Dreiher et al. 2005;

Richmond et al. 1987; Thorpe and Shirmohammadi 2005).

ArcGIS and MapInfo were used for geo-coding, defining the cut-off points for the

environmental factor and some spatial analysis (Banning and Benfer 2017; Dreiher

et al. 2005; Grilc et al. 2015; Sánchez-Díaz et al. 2018; Thorpe and Shirmohammadi

2005); SPSS, SaTScan, and Stata for analyzing the potential correlation. In four

articles, the used software packages were not declared (Cech et al. 1987; Collman

et al. 1988; Crump et al. 1987; Richmond et al. 1987).

3.4 Type 4: Distance between Pollutant Source and Health

Outcome Clusters

Seven articles (17.5%) belonged to this group (Table 5). No association between

pollutants and health outcomes was considered in the first phase of these studies.

Initially, they identified separately clusters of areas or people generated by the

analysis of the considered health outcomes and environmental pollution geographic

clusters obtained by considering environmental factors and their potential emission

sources. As a second step, authors performed a comparison between health outcome

geographic clusters and environmental pollution geographic clusters to evaluate

their superimposition or proximity.

In five articles, the geographic areas considered for pollutants and health out-

comes coincided (Christian et al. 2011; Cui et al. 2019; Dai and Oyana 2008;

Guajardo and Oyana 2009; Nieder et al. 2009), thus reducing issues linked with

the estimation of pollution concentration in areas wider than the one observed. The

study by Selvin et al. (1987) on the relationship between leukemia, lung cancer

incidence and industrial waste pollution used the distance between potential emis-

sion source and centroid of cases’ residence census tract. This indicator became the

factor connecting the cluster of disease with the cluster of pollution. The study by Fei

et al. (2018) used the township of residence to geo-position the cases and a number

of pollution sampling points in Hanghzou city; the authors joined this information

with the hotspot analysis and the Kriging interpolation method so as to extend the

pollutants concentration to the townships.

All articles used Moran’s I as main indicator for evaluating spatial autoregression

effects both on the environmental factors and the health outcomes. Also demo-

graphic, socio-economic, and life styles factors were considered in every work.

Different methods and techniques were used for the purpose of identifying

environmental and health outcome clusters. These included classical cluster analysis

(Selvin et al. 1987), Monte Carlo simulation and hypothesis testing for the identifi-

cation of excess risk clusters (Christian et al. 2011; Nieder et al. 2009). Moreover,

statistical analyses were performed by different score tests after combination of GIS

and spatial techniques (Guajardo and Oyana 2009; Dai and Oyana 2008) and finally
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the quite recent GeoDetector, a spatial stratification statistical technique (Cui et al.

2019; Fei et al. 2018).

The studies in this group used a variety of software packages to address every

specific issue, this is due to the peculiarity of these studies (all of them quite

exploratory of not yet well-defined local situations). ArcGIS (in its various version)

was used in almost every article for geo-coding and for some spatial analysis;

SaTScan allowed to work in terms of “circles” of different, varying radius (Christian

et al. 2011; Dai and Oyana 2008; Nieder et al. 2009); GeoDA, SPSS, ClusterSeer,

TerraSeer and a few adaptable packages such as MATLAB, SOM Toolbox, and

GeoDetector were used for finding and evaluating the statistical significance of the

clusters (Cui et al. 2019; Dai and Oyana 2008; Fei et al. 2018; Guajardo and Oyana

2009).

4 Discussion

Our WASABY project herewith identifies and points out a number of public health

studies that, regardless of their aims, may be of interest for the investigation of the

relationship between environmental factors and health outcomes using

available data.

The issue of exposure assessment has been investigated for over 40 years (the

oldest study selected in this review dates 1975) and during this period significant

changes were introduced in terms of the pollutants considered or in terms of the

health outcomes analyzed. Innovations covered new technologies to measure pol-

lutants, statistical methodologies to assess exposure, and software and hardware

progress. These changes allowed to develop and apply geo-coding and statistical

methods for the reduction of the ecological bias when considering the relationships

among individuals, geographic areas, pollutants, and health outcomes (Woods et al.

2005).

More complex models for interpolation and analysis have become available with

the development of software and hardware allowing for increased computation

power. Most of the studies we considered were developed after the first decade of

the twenty-first century (29 studies were published after 2009) when tools for spatial

analysis and representation were greatly developed and made more user-friendly,

thanks to the introduction of more powerful processors. This was particularly true for

spatial interpolation and estimation of multifactor effects which used to be applied to

large datasets. As an example, the Intel Core microprocessors (I3-I7) became

available in 2010 offering superior computational power.

Following the growing demand for these types of studies, new packages and user-

interfaces for free programs (e.g., R) and scripts for commercial programs (e.g.,

SAS, Stata) were developed. Specifically, procedures such as the Kriging interpola-

tion, the computation of Moran’s I, the application of Poisson linear regression, or

INLA models became more accessible after the introduction of new tools and

improvements. Geographic representation programs markedly improved including
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internal tools for simple and more specific statistic analysis as well as more user-

friendly interfaces thus widening the audience of users.

Criteria for software choice naturally include availability of specific tools/scripts

for a) management and linkage of large datasets, b) spatial interpolation and

advanced analysis (like the INLA models in R), c) geographic representation, and

d) for cost. In consideration of the above-mentioned criteria, R is often considered

the best choice thanks to the extension of available tools that allow to develop all

procedures for free.

Commercial programs such as Stata and SAS offer more user-friendly interfaces

at higher costs. For this reason, they are chosen by virtue of the availability and

quality of the scripts.

As to geographic representations, ArcGIS (commercial), QGIS, and SaTScan

(free) appear to be the best choice, owing to their usability, connection with online

map sources, and presence of internal tools for both simple and more sophisticated

spatial analyses.

A major merit of our study is the identification and critical evaluation of

published articles on the topic by four individual researchers under standardized

criteria and methods. In our review we highlighted some of the most recent studies,

methodologies, and techniques able to define the smallest available units of obser-

vation (e.g., the census tract or specific small territorial cells defined in each

research). This improved the estimation reliability of the effects on health due to

the exposure to pollutants and other factors when transferring considerations from

“area” to “person” (Lillini and Vercelli 2019), in compliance with EU privacy

legislation on analyses at the individual level.

Our work does not intend to offer a comprehensive overview of methodologies

for ecological environmental studies on water and soil pollution in relation to public

health, as relevant articles on these issues might have been missed out as a result of

the term search criteria. However, we hope to have intercepted most of the main

relevant methodologies and techniques.

Another limitation of our study is the exclusion of non-English language papers.

A number of articles written in Chinese, Italian, Russian, and Spanish were not

considered in this work due to sub-optimal readability (Chinese and Russian ones)

and comprehensibility (Spanish ones) as well as to enhance the possibility of

reaching a wide audience.

The methods reported in this review are appropriate for research on water and soil

pollution data, as detailed in the rationale of the WASABY project; for this reason,

they could not be generalized to other environmental risk factors, such as air

pollutants.

Finally, most of the considered works shared the cross-sectional study design, as

expected.

Overall, our analysis shows a wide variation of valid and reliable methods and

techniques. It is not possible to identify a “gold standard” because of the peculiarity

of every situation. On the other hand, when approaching such issues, scholars may

identify the research experiences that best fit the situation they are approaching to
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investigate, apply all corresponding procedures, and adapt them to the specific

situation they are facing.

Here, we wish to give our insight on the use of different statistical models so as to

provide some advice for choosing the best option for different research aims. First,

researchers will have to choose whether to opt for a frequentist or Bayesian

approach. This choice is both theoretical and practical (Samaniego 2010).

The frequentist approach assumes one’s measurements are enough to state some-

thing meaningful. Probability is defined in terms of limiting frequency of occurrence

of an event, it assumes that there are true values of the model parameters and it

computes the parameters point estimates. In the Bayesian approach, data are

supplemented with additional information in the form of a prior probability distri-

bution. The prior belief about the parameters is combined with the data’s likelihood

function according to Bayes theorem, in order to yield the posterior belief about the

parameters. Probability is the degree of belief on the occurrence of an event, only

data are real and there are no true values of parameters as such, apart from the fact

that a number of values are more probable than others.

Most frequently used models are linear ones, e.g., Poisson regression or general

additive models (GAMs), Besag York Mollié (BYM) models with or without

integrated nested Laplace approximation (INLA).

Poisson regression seems appropriate when the dependent variable is a count, the

events must be independent, but the probability per unit time of events is understood

to be related to covariates. Poisson regression is also appropriate for rate data, where

the rate is a count of events divided by part of a given unit’s exposure (a particular

unit of observation). Event rates may be calculated as events per unit time, which

allows the observation window to vary for each unit. Here, exposure is respectively

unit area, person�years, and unit time (Tutz 2011).

GAMs are a class of statistical models in which the usual linear relationship

between the response and predictors is replaced by several non-linear smooth

functions to model and capture the non-linearity of data. These are flexible tech-

niques that help to fit linear models which can either be linearly or non-linearly

dependant on several predictors. The latter characteristic makes them very useful and

reliable to identify and describe non-linear relationships between response and

predictors. There are at least three good reasons for using GAM: interpretability,

flexibility/automation, and regularization. When the model contains non-linear

effects, GAM provides a regularized and interpretable solution, while other methods

generally lack at least one of these three features (Hastie and Tibshirani 1990).

BYM model is a Bayesian hierarchical model based on a conditional

autoregressive (CAR) model for spatial random effects. In the CAR model, spatial

dependence is expressed conditionally: given the values in all other areas, it requires

that the random effect in an area depends only on a small set of neighboring values.

An essential aspect of the BYM model and its extensions is the specification of the

neighborhood structure for the areas. This is quite flexible and it may be arbitrarily

defined. It is based on adjacency relationships of the geographical areas (or disjoint

geographical areas with the needed correction) (Rodrigues and Assunção 2012).

BYM is useful to investigate the underlying relative risks of a disease observed on
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joint or disjoint geographical areas. On the other end, however, it needs a stable and

quite homogeneous definition of the geographical units and outcomes, and

covariates must be defined at the same geographical level or they should be inter-

polated at such level.

In some studies, BYM models were developed along with INLA, which relies on

a combination of analytical approximations and efficient numerical integration

schemes to achieve highly accurate deterministic approximations to posterior quan-

tities of interest. The main benefit for using INLA instead of Markov chain Monte

Carlo (MCMC) techniques is computation. INLA is fast even for large and complex

models. Moreover, INLA is a deterministic algorithm and does not suffer from slow

convergence and poor mixing (Rue et al. 2009).

A common aspects considered in spatial analysis is the spatial autocorrelation,

i.e. the co-variation of properties within geographic space. Characteristics at prox-

imal locations appear to be correlated, either positively or negatively. The spatial

autocorrelation problem violates the condition of standard statistical techniques that

assume independence among observations (Knegt et al. 2010). Spatial analysis

models correct spatial autocorrelation with different techniques. In the studies

analyzed by this review, spatial autocorrelation is measured by Moran’s I, a corre-

lation coefficient that measures the overall spatial autocorrelation of the data set. In

other words, it measures how one object is similar to others surrounding it. If objects

are attracted (or repelled) by each other, it means that the observations are not

independent. The standardized version of Moran’s I enables to compare the signif-

icant spatial patterns of different or same variables with different calculating param-

eters and it should be chosen as the preferred test (Getis 2010).

Another observation regards the convergence of the geographical level at which

the data is collected. In several cases, health outcomes, environmental variables, and

other covariates (e.g., socio-economic data) are collected at the same geographic

level (e.g., municipality, census tract, etc.). In other cases areas do not coincide due

to the different availability and data characteristics in the selected sources. When this

is the case, interpolating methods must be applied to reduce territorial bias.

Many of the articles considered in our study used Kriging regression as the

preferred method of interpolation so values are modeled by a Gaussian process

governed by prior covariances. Under suitable assumptions on the priors, Kriging

gives the best linear unbiased prediction of the intermediate values. Interpolating

methods based on other criteria such as smoothness (e.g., smoothing spline) may not

yield the most likely intermediate values. There are two Kriging methods: ordinary

and universal. Ordinary Kriging is the most general and widely used of the Kriging

methods. Here, the constant mean is assumed as unknown. Universal Kriging

assumes that there is an overriding trend in the data which can be modeled by a

deterministic function, a polynomial. Universal Kriging should only be used when

you know there is a trend in your data and you can give a scientific justification to

describe it. The method can be used where spatially-related data has been collected

and estimates of “fill-in” data are desired in the locations (spatial gaps) between the

actual measurements (Oliver and Webster 1990).
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Another example of the research choice to be made in these types of studies is the

use of socio-economic information as a correction of the effects of the environmental

conditions on health outcomes. This correction should always be considered in such

type of studies if the socio-economic data are available and reliable. This is because

there is a relevant relationship between these characteristics, the probability of living

in areas where exposure to pollution is significant, and the health condition of the

considered population (see, for instance, the founding work of Dolk et al. 1995, or

the more recent Pannullo et al. 2016). When socio-economic characteristics are not

considered, the bias is a more superficial description of the interested population and

it is possible to lose relevant indication to better address health policy actions. It is,

therefore, advisable to collect socio-economic data, at least at small geographic area

(e.g., Census Tract, Woods et al. 2005). In many countries, ecological socio-

economic deprivation indices at such geographic level are already available (e.g.,

Guillaume et al. 2016; Caranci et al. 2010).

5 Conclusion

This review represents a useful tool for cancer registries, health institutions, and

environmental agencies that are interested in territorial monitoring, health or envi-

ronmental surveillance. We provide suggestions on methods, techniques, and tools

which may be applied in studies that investigate disease clusters and environmental

exposure. In this perspective, the study contributes to optimize the use of public

health resources.
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