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Ambient air pollution (AAP) is recognized a cardiovascular risk factor and lipid profile dysregulation
seems to be one of the potential mediators involved. However, results from epidemiologic research on
the association between exposure to AAP and altered lipid profile have been inconsistent. This study aims
to systematically review and meta-analyse epidemiologic evidence on the association between exposure
to ambient air pollutants (particulate matter, nitrogen oxides, sulphur dioxide, ozone, carbon monoxide,
back carbon) and lipid profile parameters (Total cholesterol; High-Density Lipoprotein Cholesterol; Low-
Density Lipoprotein Cholesterol; TG-Triglycerides) or dyslipidaemia.

Systematic electronic literature search was performed in PubMed, Web of Science and Scopus data-
bases (last search on 24th May 2019) using keywords related to the exposure (ambient air pollutants)
and to the outcomes (lipid profile parameters/dyslipidaemia). Qualitative and quantitative information of
the studies were extracted and fixed or random-effects models were used to obtain a pooled effect
estimate per each pollutant/outcome combination.

22 studies were qualitatively analysed and, from those, 3 studies were quantitatively analysed. Par-
ticulate matters were the most studied pollutants and a considerable heterogeneity in air pollution
assessment methods and outcomes definitions was detected. Age, obesity related measures, tobacco
consumption, sex and socioeconomic factors were the most frequent considered variables for con-
founding adjustment in the models. In a long-term exposure scenario, we found a 3.14% (1.36%—4.95%)
increase in TG levels per 10 ug/m> PMyq increment and a 4.24% (1.37%—7.19%) increase in TG levels per
10 ug/m> NO, increment. No significant associations were detected for the remaining pollutant/outcome
combinations.

Despite the few studies included in the meta-analysis, our study suggests some epidemiologic evi-
dence supporting the association between PMjg and NO; exposures and increased TG levels. Due to the
very low level of evidence, more studies are needed to clarify the role of lipid profile dysregulation as a
mediator on the AAP adverse cardiovascular effects.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Nevertheless, a large proportion of the population is still exposed to
air pollutants levels above recommended standards despite air

Ambient air pollution (AAP) is a major global environmental
problem posing numerous management challenges. In the last
decades, increasing industrialization and urbanization has resulted
in higher levels of air pollution worldwide making air quality
management a priority due to its influence on human health.
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quality policies implemented in many countries and according to
the World Health Organization (WHO), in 2016, 91% of the world's
population was living in places where the WHO air quality guide-
lines levels were not met (WHO, 2018).

Although it may seem intuitive that exposure to air pollutants
affects mostly the respiratory system, there is evidence that the
majority of its adverse effects are on the cardiovascular system
(Brook, 2008; Simkhovich et al., 2008; Meo and Suraya, 2015).
Worldwide, 3.7 million deaths were attributable to AAP in 2012,
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with ischaemic heart disease and stroke accounting for 80% of
premature deaths, followed by lung diseases and lung cancer
(WHO, 2016).

The pathophysiologic mechanisms linking AAP and cardiovas-
cular events are still an area of research and scientific debate.
However, lipid metabolism alteration through oxidative stress and
subsequent systemic inflammatory response seems to be one of the
potential mediators of the adverse cardiovascular effects of air
pollution (Brook et al., 2010; Araujo, 2010; Li et al, 2013). It is
plausible that lipid profile parameters, namely Total Cholesterol
(TC), High-Density Lipoprotein Cholesterol (HDL-C), Low-Density
Lipoprotein Cholesterol (LDL-C) and Triglycerides (TG) levels are
affected by exposure to air pollutants which will, in turn, contribute
to trigger cardiovascular events.

In the past years, some epidemiological studies explored the
association between AAP exposure and lipid profile parameters or
dyslipidaemia (Yeatts et al., 2007; Chuang et al., 2010; Bind et al.,
2016; Sade et al., 2016; Shanley et al., 2016; Cai et al., 2017; Yang
et al., 2018a) but the results are not consistent and some studies
failed to demonstrate the deleterious effect of AAP on the lipid
profile parameters, namely on TC and HDL (Fioravanti et al., 2018).
Moreover, a recent study suggest that among the several car-
diometabolic risk factors, dyslipidaemias may be the most sensitive
to air pollution exposure (Yang et al., 2019).

Until now, to the best of our knowledge, no systematic review
exploring the link between exposure to AAP and lipid profile pa-
rameters or dyslipidaemia has been published. This study aimed to
systematically review and meta-analyse the association between
exposure to ambient air pollutants (particulate matter — PMjo,
PM, 5 and ultrafine particles, nitrogen oxides— NOy, nitrogen di-
oxide — NO,, sulphur dioxide — SO,, ozone — O3, carbon monoxide
— CO, Black carbon— BC) and levels of blood lipid parameters (TC,
HDL-C, LDL-C and TG) or dyslipidaemia conditions. Our hypothesis
is that an increase in levels of ambient air pollutants is associated
with an increase in levels of TC, LDL-C and TG, a decrease in levels of
HDL-C and an increase in the prevalence of dyslipidaemia.

2. Methods
2.1. Search strategy

The systematic review was performed according to the
Preferred Reporting Items for Systematic reviews and Meta-
Analysis (PRISMA) guidelines (Moher et al., 2009). Full search
criteria are presented in Table S1 (Supplementary material). In
short, three bibliographic databases (PubMed, Web of Science and
Scopus) were considered to the literature search using the combi-
nations of the keywords related to the exposure (air pollution, air
pollutant®, particulate matter, PMyy, PMys5, ultrafine particles,
ozone, sulphur dioxide, nitrogen oxides, carbon monoxide, black
carbon) and the outcomes (lipid profile, high density lipoprotein
cholesterol, HDL, low density lipoprotein cholesterol, LDL, choles-
terol, triglycerides, dyslipid*, hypercholesterol®, hypertriglycerid*).
Moreover, the reference lists of all included studies as well as their
citation lists were also screened. All observational studies (cohort,
cross sectional and case-control studies) published until the date of
the search (24th May 2019) were considered. Two of the authors
(VG and RR) independently searched the articles and downloaded
them into EndNote Web® reference management software to
remove duplicated references. The title and abstracts of the
remaining articles were screened for eligibility and the full texts of
the potential eligible articles were further analysed. In case of
disagreement between the two authors, a third author (BN)
resolved any discrepancies.

2.2. Eligibility criteria

Studies were included if they met all of the following criteria: (a)
Considering at least one of the following air pollutants exposure:
PMyp, PM, 5, ultrafine particles, NOx NO,, SO,, 03, CO; BC (b)
Reporting the association of exposure to the air pollutants with at
least one lipid parameter values (TC, HDL-C, LDL-C, TG) or with any
dyslipidaemia condition related with these lipid parameters (high
TC; low HDL-C, high LDL-C, high TG); (c) reporting a quantitative
measure of the association.

Due to the wide range of definitions and cut-offs used to define
dyslipidaemia conditions (Reiner et al., 2011; NCEP-ATP III Expert
Panel, 2002; JCDCG, 2007) no specific definition was assumed as
an inclusion criteria and all of the studies reporting any type of
dyslipidaemia (high TC; low HDL-C, high LDL-C, high TG or dysli-
pidaemia diagnosed by a physician) were considered. Only original
research published in English as a full publication in a peer
reviewed journal were included.

2.3. Data extraction and synthesis

The following data were extracted into the final list of studies for
qualitative synthesis: author, publication year, country, study
period, study population, study design, sample size, type of
pollutant, exposure period, exposure assessment method, type of
outcome, fasting state of participants for blood collection, associ-
ation assessment method, effect estimate definition, effect estimate
(EE) values and their 95% confidence intervals (95% CI) and con-
founding adjustment variables.

Only single-pollutant model estimates were extracted even
when both single pollutant and multi-pollutant models were
available. Effect estimates from the fully adjusted models were
those extracted and extra estimates from sensitivity analysis were
not considered.

Exposure times up to 30 days were considered as short-term
exposure and exposure times more than 30 days were considered
as long-term exposure (EPA, 2011). In the case of articles reporting
multiple lags estimates to assess short-term exposures, the lag
estimate considered in this review was chosen based on the
following priority order criteria already considered in previous
systematic reviews by the following: (1) the lag that the author
focused on or stated as a priority; (2) the lag that showed the
highest significance level (positive or negative); or (3) the lag with
the largest effect estimate (positive or negative) (Atkinson et al.,
2012; Yang et al., 2018b). The same priority order criteria were
applied when articles presented more than one effect estimate to
assess long-term exposure: (1) the time period that the author
focused on or stated as a priority; (2) the time period that showed
the highest significance level (positive or negative); or (3) the time
period with the largest effect estimate (positive or negative).

Data extraction was performed independently by two of the
authors and disagreements were resolved by a third one. In the case
of studies with missing information it was tried to contact their
authors by email.

2.4. Quality assessment

The quality of each study was independently assessed by two
investigators (VG and RR) using the Joanna Briggs Institute (JBI)
checklists for cohort studies and cross-sectional studies (Moola
et al.,, 2017). In the case of the cohort studies, their quality was
graded as poor (0—4), intermediate (5—8) or high (9—11). Similarly,
in the case of the cross sectional studies, their quality was graded as
poor (0—3), intermediate (4—6) or high (7—8) according to the JBI
checklist items. Any disagreement was resolved by consensus after
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discussion between the two investigators. Moreover, the approach
of GRADE to rating quality of evidence was used to assess the
quality of evidence from the meta-analysis. Accordingly, the level of
evidence was downgraded according to the risk of bias of the
included studies, inconsistency, indirectness, imprecision and
publication bias (Balshem et al., 2011). Because all meta-analysis
were based on observational studies, the produced evidence was
immediately classified as “low level evidence” and there were no
reasons to upgrade the level of evidence.

2.5. Statistical analysis

Beyond the PRISMA guidelines (Moher et al., 2009), meta-
analysis of selected studies followed the Meta-analysis of Obser-
vational Studies in Epidemiology (MOOSE) guidelines (Stroup et al.,
2000). Meta-analysis were only performed if two or more studies
were comparable in terms of study population group, pollutant,
outcome, exposure period and effect estimate.

Effect estimates (EE) of each air pollutant concentrations
expressed as parts per billion (ppb) were converted to pg/m3

making the following assumptions: 1ppb =196 ug/m> for Os;
1ppb=188pug/m> for NOy; 1ppb=262pug/m> for SOy;
1 ppb = 1.15 pg/m? for CO (Harrop, 2002).

According to the Cochrane handbook for systematic reviews, it is
recommended that meta-analysis of EE coming from skewed data
on a log scale be done on the scale of the log-transformed data
(Higgins and Green, 2011). Thus, EE from each study on a log scale
(presented as % change in the outcome per pg/m>of pollutant) were
back-transformed to beta coefficients () assuming the following
formula: § = In[(EE/100)+1] (Higgins et al., 2008). This formula was
applied to the EE and to both limits of the respective 95% CI values
in order to obtain the standard error of 3 estimate. Obtained f es-
timate values were converted for a fixed increment in pollutant
concentration (per 10 pg/m? of pollutant) and these estimates, and
corresponding 95%CI, were used in the meta-analysis.

The B estimate standard error (SE) from the transformed 95%CI
limits values of EE was obtained from the formula SE= (BUL — BLL)/
3.92 where BUL = In[(EE_UL/100)+1], BLL = In[(EE_LL/100)+1] and
EE_UL and EE_LL are respectively the upper (UL) and lower (LL) 95%
confidence limits of the effect estimates (EE) (Higgins and Green,
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Fig. 1. Flow diagram of study selection process (Adapted from Moher et al., 2009).
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Table 1
General characteristics of the studies included in the qualitative synthesis.

Author, year Country Study period Study Population Study Design ~ Sample size Pollutants Exposure Duration Outcomes
Yeatts et al. (2007) USA 2003—2004 Patient Adults, Cohort 12 PM, s Short-term TC, TG
21-50y
Chuang et al. (2010) Taiwan 2002 Adults, 16-90y Cross-sectional 7578 PMjg, NO3, SO,,  Short-term HDL-C, LDL-C, TG
03, CO
Chuang et al. (2011)  Taiwan 2000 Elderly, 54-90y Cross-sectional 1023 PM; 5, PMyg, NO,, Long-term TC, HDL-C, TG
SOy, 03, CO
Sorensen et al. (2015) Denmark 1993—-1997 Adults, 50-64y Cross-sectional 36039 PM; 5, NO, Long-term TC
Eze et al. (2015) Switzerland 2001-2002 Adults, 29—-73y Cross-sectional 3684 PMjio, NO, Long-term Dyslipidaemia“
Bind et al. (2016) USA 1995—-2013 Elderly Men, 49-100y  Cohort 1112 PMa 5 Short-term HDL-C, LDL-C, TG
Sade et al. (2016) Israel 2003—2012 Patient Adults, >18y Cohort 73117¢ PMs 5, PM1o Short/Long-term HDL-C, TG, LDL-C
Chen et al. (2016) USA 2002—2008 Patient Adults, Cross-sectional 1023 PM; 5, NO,, O3 Short/Long-term  TC, HDL-C, LDL-C, TG
34.5+8.1y
Shanley et al. (2016)  USA 1988—1994 Adults, 17-90y Cross-sectional 116237 PMio Long-term TC, HDL-C, TG, LDL-C
Wallwork et al. (2017) USA 2000—2011 Elderly men, Cohort 3267 PM; 5 Long-term Dyslipidaemia
70.4 + 6.9y
Bell et al. (2017) USA 2000—2002 Adults, 45-84y Cross-sectional 6654 PMa5 Short/Long-term  HDL-C, BC
Cai et al. (2017) Norway 2006—2013  Adults, 47.6 + 13.7y Cross-sectional 114082 PMyo, NO» Long-term TC, HDL-C, TG
Netherlands
Poursafa et al. (2017) Iran 2014—-2016 Children and Cross-sectional 186 PMas Long-term TC, HDL-C, LDL-C, TG
Adolescents, 6-18y
Fioravanti et al. (2018) Italy 2011-2012 Children, 8y Cross-sectional 410 PM; 5, PMyg, NO, Long-term TC, HDL-C
Wang et al. (2018) China 2011-2015 Patient Adults, Cross-sectional 3912 PM;0,NO>, SO, Short-term TC, HDL-C, TG, LDL-C
52.2% > 60y
Yang et al., (2018a)  China 2009 Adults,18-74y Cross-sectional 15477 PM_5, PMjq, Long-term TC, HDL-C, TG, LDL-C
NO,,S0, O3 Dyslipidaemia®
Ghosh et al. (2018) USA 2005—2014 Patient Adolescents, Cohort 75 PM; 5, NOy, O3 Long-term HDL-C, TG
14-17y
Lee et al. (2019) South Korea 2009-2013 Adults, 55.1 +7.1y Cohort 874177 PM; 5 Long-term Dyslipidaemia’
Li et al. (2019) China 2014—-2016 Adults, 23.3+54y Cohort 73 PMays, NO2,SO,,  Short-term HDL-C
CO, BC, PNC
McGuinn et al. (2019) USA 2001-2010 Patients, 60.8 +12.1y  Cross-sectional 6587 PMy 5 Long-term TC, HDL-C, LDL-C, TG
Shin et al. (2019) South Korea 2012 Adults, 47.8 +0.06y Cross-sectional 100867 PMio, NO3, Long-term Dyslipidaemia®
SOy, 03, CO
Wau et al. (2019) USA 1999—-2005 Midlife women in Cohort 2289 PM, s Short/Long-term  TC, HDL-C, LDL-C, TG

menopausal transition,
49+3y

Abbreviations: y-years; PM - particulate matter; PNC-Ultrafine Particulate number concentration; NO,—nitrogen dioxide; SO,—sulphur dioxide; Os—ozone; CO — carbon
monoxide; TC — Total cholesterol, HDL-C - High Density Lipoprotein Cholesterol, LDL-C - Low Density Lipoprotein Cholesterol; TG — Triglycerides.

2 Sample size varies according to the analysed outcome.

b Another study by Yang et al. (2019) was also found but it report duplicate results regarding the outcomes High TG and High LDL-C. Consequently, we opted to report only
results from Yang et al. (2018a) because they were presented adjusted for more confounding variables.

¢ Dyslipidaemia was defined according to 3 different definitions: High TG: TG > 150 mg/dL or medication; Low HDL-C: HDL-C <35 mg/dL for men and HDL-C <39 mg/dL for
women (WHO definition); and Low HDL-C: HDL-C <40 mg/dL for men and HDL-C <50 mg/dL for women or medication (IDF/ATP definition).

d Dyslipidaemia was defined according to 2 different definitions: High TG: TG > 150 mg/dL or medication; and Low HDL-C: HDL-C <40 mg/dL or medication.

¢ Dyslipidaemia was defined according to 4 different definitions: High TG: TG > 200mg/DI; High TC: TC > 240mg/DI; High LDL-C: LDL-C (>160 mg/dL); and High HDL: HDL

<40 mg/dL.

f Dyslipidaemia was defined according to 2 different definitions: High TG: TG > 150 mg/dL; and Low HDL-C: HDL-C <40 mg/dL for men and HDL-C <50 mg/dL for women.

& Dyslipidaemia diagnosed by a physician (auto reported information).

2011). Finally, the pooling estimate and 95% confidence limits es-
timates were transformed (EE = 100 x [exp (B)-1]) and presented
in the forest plots as % change in the outcome per pg/m> of
pollutant.

The heterogeneity of the included studies was evaluated by
using the Cochran's Q test and I? statistic. Regarding the Cochran's
Q test, if the p-value was <0.05, a random-effects model was
assumed to calculate the Pooled effect estimate (PEE). Otherwise, a
fixed-effect model was considered. Concerning the I statistic, if the
value was >50%, we considered that there is a statistically signifi-
cant heterogeneity (Higgins et al., 2003). Additionally, The Egger's
test for asymmetry was used to assess the publication bias (Egger
et al., 1997).

Meta-analysis were performed using the package “meta”
(Schwarzer, 2007) of the R software (version 3.4.3, R Development
Core R Core Team, 2017) assuming 0.05 level of significance, and
forest plots were constructed using the package “forestplot”
(Gordon and Lumley, 2017) of the same software.

3. Results

From the 1505 records identified through database searching
and after duplicates were removed, the title/abstract of 1123 re-
cords were screened. From those, 41 were full-text assessed for
eligibility and 1 more article were selected from their reference
lists. A total of 22 articles met the inclusion criteria and all of them
were considered to have moderate/high quality based on the JBI
checklists for cohort studies and cross-sectional studies (Tables S2
and S3, Supplemental material) and were included in the qualita-
tive synthesis (Yeatts et al., 2007; Chuang et al., 2010; Chuang et al.,
2011; Serensen et al., 2015; Eze et al,, 2015; Bind et al., 2016; Sade
et al.,, 2016; Chen et al., 2016; Shanley et al., 2016; Wallwork et al.,
2017; Bell et al,, 2017; Cai et al., 2017; Poursafa et al.,, 2017;
Fioravanti et al., 2018; Wang et al., 2018; Yang et al., 2018a; Ghosh
etal., 2018; Lee et al., 2019; Li et al., 2019; McGuinn et al., 2019; Shin
et al., 2019; Wu et al.,, 2019). Finally, 3 articles (Cai et al., 2017;
Shanley et al., 2016; Yang et al., 2018a) covering the same popula-
tion group (Adults, both sexes), pollutant (PMjp and NOy), out-
comes (TC, HDL-C, LDL-C and TG), period of exposure (long-term
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Description of Methods of Exposure Assessment, Fasting State of Participants, Methods of Association Assessment and Effect Estimate Definition of the studies included in the

qualitative synthesis.

Author, year

Method of Exposure Assessment

Fasting State
of Participants

Method of Association
Assessment

Effect Estimate Definition

Yeatts et al. (2007)

Chuang et al. (2010)

Chuang et al. (2011)

Sorensen et al. (2015)
Eze et al. (2015)

Bind et al. (2016)

Sade et al. (2016)

Chen et al. (2016)

Shanley et al. (2016)
Wallwork et al. (2017)
Bell et al. (2017)

Cai et al. (2017)
Poursafa et al. (2017)

Fioravanti et al. (2018)

Wang et al. (2018)

Yang et al., 2018a ¢

Ghosh et al. (2018)

Lee et al. (2019)

Li et al. (2019)

McGuinn et al. (2019)
Shin et al. (2019)

Wu et al. (2019)

Direct measurement on the local

Direct measurement from the nearest
station within 10 km

Direct measurement from the nearest
station within 10 km

NO,: Dispersion model;

PM,5: LUR model

PM;: Dispersion models; NO,: hybrid
model incorporating LUR

Direct measurement from a single
monitor station

Spatiotemporal hybrid model (satellite
and LUR)
Spatial interpolation (maximum radius
of 50 Km)

Direct measurement from the nearest
station within 20 miles
Spatiotemporal hybrid model (satellite
and LUR)

Hierarchical spatiotemporal models

LUR models

Direct measurement from 6 monitor
stations
LUR models

Direct measurement from the
monitoring stations

PM, 5: Spatial model; PM;o, NO5, SOo,
O3. Direct measurement from 11
monitoring stations

Spatial interpolation by inverse
distance-squared weighting (stations
within 50 Km)

Community Multiscale Air Quality
Model

Direct measurements from monitoring
stations

Hybrid prediction model

Direct measurements from monitoring
stations

Direct measurements from monitoring
stations (stations within 20 Km)

Not reported

Yes

Yes

No
Yes

Not reported

Yes

Yes

Yes/No
Yes
Yes
Yes/No
Yes

Not reported

Not reported

Yes

Not reported

Yes

Yes

Yes
Not reported

Yes

Mixed models

GAM

GAM

GLM

Mixed logistic regression
models

Quantile regressions for
longitudinal data

Mixed models

Variance component
models

GLM

Cox proportional hazards
models

GLM

GLM

GLM

GLM

GLM

2 level logistic regression
and GLM

Multilevel linear spline
model

Cox models

Generalized estimating
equation models

GLM

Multiple logistic regression

models
Mixed models

Change in outcomes (%, 95%CI) per 1 pg/
m? increase in pollutant

Change in outcome (mg/dL,95%CI) per
IQR (pg/m> to PM10 and ppb to 03)
increase in pollutants

Change in outcome (mg/dL,95%CI) per
IQR (ug/m> to PM;o and ppb to 03)
increase in pollutants

Change in outcome (mg/dL,95%Cl) per
IQR (nug/m?) increase in pollutant

OR per 10 increase in pollutants

Differences in a given percentile of the
outcome (mg/dL) per IQR (ng/m?3)
increase in pollutant

Change in outcome (%,95%Cl) per IQR
(ng/m3) increase in pollutant

TC, HDL-C, LDL-C: Changes in the
outcome (mg/dL) per 1-SD change in
pollutants. TG: % change (%,95%CI) in
the outcome per with 1-SD change of
pollutants

Change in outcome (%,95%CI) per IQR
(ng/m3) increase in pollutant

Hazard ratio

Change in outcome (mg/dL) per 5 ug/m>
increase in pollutant

Change in outcome (%,95%CI) per IQR
(ng/m?) increase in pollutant
Correlation coefficient between
outcome and pollutant levels

Change in outcomes (mg/dL, 95%CI) per
10 pg/m? increase in NO, and PM;q or
5 ug/m?> increase in PMy 5

Changes in outcome (mg/dL,95%Cl) per
10 pg/m? increment in pollutant
Change in outcomes (%, 95%CI) per 10-
ug/m? increase of pollutants and OR

Change in outcomes (mg/dL, 95%CI) per
tertile of pollutant exposure (regression
coefficients)

Hazard Ratio (95% CI)

Change in outcome (mg/dL, 95%CI) per
inter-quartile range (IQR) higher
exposure.

Change in outcome (%, 95%CI) per 1 pg/
m° higher average of PM2.5

OddsRatio (OR)

Change in outcomes (%, 95%Cl) per
inter-quartile range (IQR) higher
exposure

Abbreviations: LUR-Land Use regression; GLM -Generalized linear models; SD—standard deviation; GAM-generalized additive model; OR-OddsRatio; IQR-interquartile ran.
2 Another study by Yang et al. (2019) was also found but it report duplicate results regarding the outcomes High TG and High LDL-C. Consequently, we opted to report only
results from Yang et al. (2018a) because they were presented adjusted for more confounding variables.

exposure) and effect estimate definition (% changes in the outcome
per pg/m> of pollutant) were quantitative analysed (Fig. 1).

3.1. Qualitative description of the articles

The publication year of the articles range from 2007 to 2019 and
more than half were published in the last 3 years. Studies were
mostly conducted in the USA (n=_8), the data collection period
range from 1988 to 2016 and the majority were cross-sectional
studies (n = 14). Adults of the general population were the most

frequently analysed population group (n=11) although ages

considered to define adults varied in the different studies, ranging
from 16 to 90 years old. Moreover, a considerably proportion of the
studies explored the ambient AAP effects among specific sub
population groups, namely the elderly (n = 3), midlife women in

menopausal transition (n = 1), children or adolescents (n =2) and
patients with chronic diseases (n=6). Long-term exposures to
PMay5, PMyg or NO, were the most frequently studied exposure
conditions. Regarding the outcomes, continuous variables of lipid
profile parameters were more frequently considered than the
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Age

Obesity related measures

Tobacco consumption

Sex

Socioeconomic factors

Atmospheric conditions

Alcohol consumption

Seasonality

Physical activity 7

Comorbilities

Adjustment variables

Medication

Diet 3

10 15 20 25

Number of studies

Fig. 2. Distribution of studies according to the 12 most frequently considered adjustment variables (Obesity related measures includes Body mass index, waist circumference
measures or percent body fat; Socioeconomic factors includes employment status, family income, neighbourhood socio-economic index, occupation, gross domestic product,
poverty-income ratio, occupation, socioeconomic status, education level, educational attainment, school attendance or Area level of Socioeconomic position).

Table 3
Effect estimate values collected from the 3 studies quantitatively analysed.

Pollutant/Outcome  Author

% change in outcome (95% CI) per Pollutant increment

% change in outcome (95% CI) per 10 pg/m> Pollutant increment

PM;o/TC Cai et al. (2017) —0.1(-0.3 to 0.05) per 2 pg/m>
Shanley et al. (2016)  1.43(1.21—1.66) per 11.1 ug/m>
Yang et al. (2018a) —0.2(-0.5 to 0.1) per 10 ug/m>
NO,/TC Cai et al. (2017) —0.1(-0.3 to 0.1) per 7.4 pg/m>
Yang et al. (2018a) 0.7(0—1.4) per 10 pg/m?
PM;o/HDL Cai et al. (2017) 0.2(-0.1 to 0.4) per 2 pg/m>
Shanley et al. (2016)  0.18(-0.32 to 0.68) per 11.1 ug/m>
Yang et al. (2018a) —0.2(-0.7 to 0.2) per 10 pg/m>
NO,/HDL Cai et al. (2017) 0.5(0.3—0.8) per 7.4 ug/m>
Yang et al. (2018a) —1.6(-2.3 to —1) per 10 ug/m>
PM;/LDL Shanley et al. (2016)  1.18(0.81—1.56) per 11.1 ug/m>
Yang et al. (2018a) —0.9(-1.3 to 0.4) per 10 pg/m>
PM;o/TG Cai et al. (2017) 1.9(1.5—2.4) per 2 ug/m>
Shanley et al. (2016)  2.42(1.09—3.76) per 11.1 ug/m>
Yang et al. (2018a) 4.7(3.6—5.9) per 10 ug/m>
NO,/TG Cai et al. (2017) 2.2(1.6—2.7) per 7.4 ug/m>

Yang et al. (2018a) 6(3.5—8.6) per 10 pg/m>

~05(-1.5 to 0.25)
1.29 (1.09-1.50)
~02(-0.5t0 0.1)
~0.14 (~0.41 to 0.14)
0.7 (0—1.4)

1.0 (~0.5 to 2.0)
0.16 (—0.29 to 0.61)
~02(-0.7 t0 0.2)
0.68 (0.41—1.08)
~16(-23t0 —1)
1.06 (0.73—1.41)
~0.9(-13 t0 0.4)
9.5 (7.5—-12.0)

2.18 (0.98—3.39)
47 (3.6-5.9)

2.97 (2.16—3.65)

6 (3.5-8.6)

dichotomous variables regarding the dyslipidaemia condition (Yes/
No). Five of the reviewed studies aimed at the association between
air pollution and dyslipidaemia but they used discrepant defini-
tions of the disease and thus were not comparable (Table 1). While
some studies had direct measurements of exposure from AAP
monitoring stations (n=10), other considered more complex
methods namely spatiotemporal hybrid models based on satellite
information (n=12) (Table 2). Most studies collected blood in
fasting state (n = 13) but a considerable number of studies (n =6)
did not report this information. Generalized Linear models (GLM)
were the most frequently used method to assess the association
between pollutant exposure and lipid profile parameters (n=9).
The most common way to express the results was change in
outcome (%, 95%CI) per IQR increase in pollutants (Table 2). Age,
obesity related measures, tobacco consumption, sex and socio-
economic factors were the 5-most frequent considered variables for
confounding adjustment in the models (Fig. 2). Additional infor-
mation about the characteristics of the 16 studies included in
qualitative analysis is available in Excel Table S1 (Supplemental
Excel File).

In a long-term scenario, concerning studies about adults from
the general population (Eze et al,, 2015, Lee et al. 2019, Serensen
et al.,, 2015, Shanley et al., 2016, Bell et al., 2017, Cai et al., 2017,
Yang et al.,, 2018a, Shin et al., 2019), we found that statistically

significant associations were more frequently found regarding the
parameters TG and TC (Table 4), but some studies also reported no
significant statistically significant associations regarding these two
lipid parameters (Cai et al., 2017; Yang et al., 2018a). In the elderly,
in midlife women in menopausal transition and in the children/
adolescents groups (Chuang et al., 2011; Wallwork et al., 2017; Wu
et al,, 2019), the majority of the tested associations between pol-
lutants and lipid outcomes were not statistically significant
(Table 4). Regarding the Patients group studies (Sade et al., 2016;
Chen et al.,, 2016; Ghosh et al., 2018; McGuinn et al., 2019), a
considerable number of the tested associations between pollutants
and lipid outcomes were statistically significant (Table 4).

In a short-term scenario, concerning studies about adults from
the general population (Chuang et al., 2010; Eze et al., 2015; Bell
et al., 2017; Li et al., 2019), we found that statistically significant
associations were only found concerning the HDL-C parameter
(Chuang et al., 2010; Li et al.,, 2019) (Table 5). In the elderly, one
study reported statistically significant associations between par-
ticulate matter and HDL-C, LDL-C and TG (Bind et al, 2016)
(Table 5). Regarding the Patients group studies (Sade et al., 2016;
Chen et al., 2016; Wang et al., 2018, Yeatts et al., 2007), the majority
of the tested associations between pollutants and lipid outcomes
were not statistically significant (Table 5).



V. Gaio et al. / Environmental Pollution 254 (2019) 113036 7

Table 4

Summary of the statistical significant associations found in the included studies, in a long-term exposure scenario.

Population Study Pollutant Continuous Outcome (Lipid levels) Categorical Outcome (Yes/No)
TC HDL-C LDL-C TG High TC Low HDL-C High LDL-C High TG Dyslipidaemia®
Adults Bell et al. (2017) PM,5 NA
BC A
Cai et al. (2017) PMo NA? NA? A®
NO, NA? A* A’
Eze et al. (2015) PMio NA NA
NO, NA NA
Lee et al. (2019) PM;5 A A
Shanley et al. (2016) PMio A? NA* NA* A®
Sorensen et al. (2015) PMy5 A
NO, A
Yang et al. (2018a) PM; A A A NA A A A NA
PMa 5 A A A A A A A NA
PMio NA? NA? A® A’ NA NA NA A
NO, A® A* NA® A® A NA NA NA
SO, NA NA NA A NA NA NA A
03 A A A A NA NA NA A
Shin et al. (2019) PM;o A
NO, A
SO, A
co A
03 A
Elderly Chuang et al. (2011) PM,5 A NA NA
PMo A NA NA
NO, A NA NA
SO, NA NA NA
03 A NA NA
co NA NA NA
Wu et al. (2019) PM, 5 NA A NA NA
Wallwork et al. (2017) PMay5 NA NA
Midlife women in Wu et al. (2019) PM, 5 NA A NA NA
menopausal transition
Children and adolescents Fioravanti et al. (2018) PM;5 NA NA
PMo NA NA
NO, NA NA
NOy NA NA
Poursafa et al. (2017)  PMy5 NA NA A A
Patients Sade et al. (2016) PM, 5 A A A A
PMio A A A A
Chen et al. (2016) PM, 5 NA NA A NA
NO, NA A NA NA
03 NA NA NA NA
Ghosh et al. (2018) PM, 5 A A
NO, A A
03 NA A
McGuinn et al. (2019) PMy5 A A A A

Abbreviations: PM - particulate matter; NO,—nitrogen dioxide; NOx—nitrogen oxides; SO,—sulphur dioxide; O3—ozone; CO — carbon monoxide; BC-Black Carbon; TC — Total
cholesterol; HDL-C - High Density Lipoprotein; Cholesterol, LDL-C - Low Density Lipoprotein Cholesterol; TG — Triglycerides; A - Statistical significant association; NA - Not
statistical significant association; * Dyslipidaemia condition was defined through autorrepored information, considering dyslipidaemia diagnosed by a physician.

2 The effect estimate correspondent to this association were included in the meta-analysis.

3.2. Quantitative analysis

From the 3 studies (Shanley et al., 2016; Cai et al., 2017; Yang
et al., 2018a) selected for quantitative comparison, it was possible
to extract data on 17 effect estimate values covering 7 different
pollutant/outcome combinations. Each study present its estimates
in different pollutant increments (Table 3).

After conversion, these effect estimates were meta-analysed in
seven different analyses regarding each pollutant/outcome com-
bination (Fig. 3). Accordingly, it showed that PMjp and NO; expo-
sures were significantly associated with increased levels of TG, in a
long-term exposure scenario. We found a 3.14% (1.36%—4.95%) in-
crease in TG levels per 10 pg/m®> PM;o increment and a 4.24%
(1.37%—7.19%) increase in TG levels per 10 ug/m? NO, increment.
Concerning the publication bias assessment, in the case of the
meta-analysis reporting results from 3 studies, we found no indi-
cation for such source of bias (PM10/TC: p-value of Egger's
test = 0.54; PM10/HDL-C: p-value of Egger's test = 0.40; PM10/TG:

p-value of Egger's test=0.63). In the case of the meta-analysis
reporting results from 2 studies, publication bias was not
assessed as there were inadequate numbers of included studies to
apply the test. No significant associations were detected for the
remaining pollutant/outcome combinations. Regarding the short-
term exposure scenario, the number of effect estimates were
insufficient to be meta-analysed for each pollutant/outcome com-
bination. Based on the GRADE approach, all the cumulative evi-
dence from the meta-analysis were considered very low level
evidence (Table S4, Supplemental material).

4. Discussion

Despite the few studies included in the meta-analysis, our study
suggests that, there is already some epidemiologic evidence sup-
porting the association between PM1p and NO, exposures and TG
levels in the adults from the general population. In a long-term
exposure scenario, we found a 3.14% (1.36%—4.95%) increase in TG
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Table 5

Summary of the statistical significant associations found in the included studies, in a short-term exposure scenario.

Population Authors Pollutant ~ Continuous Outcome (Lipid levels) Categorical Outcome (Yes/No)
TC HDL-C LDL-C TG High TC Low HDL-C High LDL-C High TG Dyslipidaemia®
Adults Bell et al. (2017) PM, 5 NA
Chuang et al. (2010) PM;o A NA NA
NO, NA NA NA
03 NA NA NA
co NA NA NA
Eze et al. (2015) PM;o NA NA
NO, NA NA
Li et al. (2019) PM, 5 NA
PNCs_s0 NA
PNCs0-100 A
PNCi00-500 NA
NO, A
SO, A
BC A
co NA
Elderly Bind et al. (2016) PM, 5 A A A
BC A A A
Wu et al. (2019) PMy 5 NA NA NA NA
Wallwork et al. (2017) PMas NA NA
Midlife women in Wau et al. (2019) PM, 5 NA NA NA NA
menopausal transition
Patients Sade et al. (2016) PM; 5 NA NA A NA
PM;o NA NA A NA
Chen et al. (2016) PM; 5 A NA A NA
NO; NA NA NA NA
03 NA NA NA NA
Wang et al. (2018) PM;o A A A NA
NO, NA A A A
SO, A NA A A
Yeatts et al. (2007) PM, s NA NA

Abbreviations: PM - particulate matter; PNC — ultrafine particulate number concentration; NO,—nitrogen dioxide; NOx—nitrogen oxides; SO,—sulphur dioxide; Os;—ozone;
CO — carbon monoxide; BC-Black Carbon; TC — Total cholesterol; HDL-C - High Density Lipoprotein; Cholesterol, LDL-C - Low Density Lipoprotein Cholesterol; TG — Tri-
glycerides; A - Statistical significant association; NA - Not statistical significant association

2 Dyslipidaemia condition was defined through autorrepored information, considering dyslipidaemia diagnosed by a physician.

levels per 10 ug/m> PMyg increment and a 4.24% (1.37%—7.19%) in-
crease in TG levels per 10 pg/m> NO, increment.

The biological mechanisms explaining the effect of AAP on lipid
profile parameters are still not very clear but one hypothesis is that
the oxidative stress and the systemic inflammation caused by AAP
exposure could induce a dysfunction of the lipid metabolism (Li
et al,, 2013). Another plausible mechanism is the DNA methyl-
ation of genes related to lipid metabolism caused by exposure to
AAP (Li et al., 2018). Nevertheless, to the best of our knowledge,
there is no plausible biological mechanism that could explain a
different deleterious effect of the AAP on TG levels compared to the
other lipid profile parameters, as our results suggest. Consequently,
we hypothesize that our meta-analysis in not correctly detecting
the deleterious effect of ambient air pollutants on the other lipid
profile parameters and this may be due to the bias introduced by
the inclusion of lipid-lowering medicated participants in the
included studies. In fact, lipid-lowering medication was not
considered in the 3 studies quantitatively analysed, resulting in
lower than the real values analysed in this study. Taking into ac-
count that statins are still used as the first line medication to lower
lipid profile parameters levels and achieve substantial cholesterol
reduction, evidence shows that reduction in TG levels are more
modest when using statins (Miller et al., 2008; Watts and Karpe,
2011). Thus we hypothesize that medicated participants who will
have the values of the other lipid parameters controlled, will most
likely continue to show uncontrolled TG values. This can explain
the stronger associations between ambient air pollutants exposure
and TG levels in the few included studies because the confounding
effect of medication is lower or absent for this parameter. However,
this hypothesis cannot be guaranteed because use of other drugs

targeted at TG has become increasingly frequent to deal with high
TG in addition to statins, especially in the most recent years (Ahn
and Choi, 2015) or the use of non-pharmacological therapeutics
such as diet behaviour modifications and physical exercise practice
that also will have impact on TG levels. Consequently, to validate
this hypothesis, more information about the medicated partici-
pants of the various included studies would be needed.

Through our systematic review, we also verify that the most
studied ambient air pollutant, among the 22 considered studies,
was particulate matter (PM). This could be a consequence of a
publication bias, that was not possibly to evaluate conveniently due
to the small number of included studies, but it remains unclear if
some pollutants were considered and not reported in the articles. It
is also plausible to assume that the deleterious effect of the gaseous
pollutants, namely NO;, SO,, O3 or CO, on lipid profile parameters
are less explored and must be considered in future studies. In fact,
there is more available evidence supporting the deleterious effect
of the particulate matter on cardiovascular health (Fiordelisi et al.,
2017; Hamanaka and Mutely, 2018). However, available evidence
supports the importance of the gaseous pollutants on cardiovas-
cular health (Basu et al., 2017), advising to explore its effects also on
the lipid profile. Another plausible reason is that PMs data could be
the most used due its greater spatial and temporal availability.

Additionally, we found a huge diversity of methods to assess the
air pollutants exposure which make it difficult to compare pub-
lished results. The traditional method of air pollution exposure
assessment is through direct measurements obtained from fixed air
quality network sites (Chuang et al., 2010; Chuang et al., 2010;
Poursafa et al., 2017). This method is still a commonly used method
but some studies reported in this systematic review already used
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Pollutant/outcome Author % change (95% CI)* Weight (%)
PM10/TC Cai etal. 2017 -0.50 (~1.50 to 0.25) 30.0% —
Shanley et al. 2016 1.29 (1.09 to 1.50) 35.2% ]
Yang et al. 2018 -0.20 (~0.50 to 0.10) 34.0% -
PEE (1A2=97%, p<0.01) 0.23 (0.98 to 1.45) .
NO2/TC Cai etal. 2017 -0.14 (-0.41 t0 0.14) 57.7% =
Yang et al. 2018 0.70 (0.00 to 1.40) 42.3% —a—
PEE (12=79%, p=0.03) 0.22 (-0.59 to 1.03) <
PM10/HDL Cai etal. 2017 1.00 (=0.50 to 2.00) 6.1% —_—
Shanley et al. 2016 0.16 (~0.29 to 0.61) 47.1% -
Yang et al. 2018 -0.20 (~0.70 to 0.20) 46.8% -
PEE (12=45%, p=0.16) 0.04 (-0.26 to 0.35) ¢
NO2/HDL Cai etal. 2017 0.68 (0.41 to 1.08) 50.8% -
Yang et al. 2018 -1.60 (-2.30 to =1.00) 49.2% —.—
PEE (1A2=97%, p<0.01) -0.45 (-2.65 to 1.81) -
PM10/LDL Shanley et al. 2016 1.06 (0.73 to 1.41) 52.1% -
Yang et al. 2018 -0.90 (~1.30 to 0.40) 47.9% -—
PEE (12=94%, p<0.01 0.12 (-1.78 to 2.06) o
PM10/TG Cai etal. 2017 9.50 (7.50 to 12.00) 25.8% _—
Shanley et al. 2016 2.18 (0.98 to 3.39) 36.7% —
Yang et al. 2018 4.70 (3.60 to 5.90) 37.5% —_—
PEE (142=78%, p=0.01) 3.14 (1.36 to 4.95) .
NO2/TG Cai et al. 2017 2.97 (2.16 to 3.65) 58.2% —a—
Yang et al. 2018 6.00 (3.50 to 8.60) 41.8%

PEE (1A2=80%, p=0.02)

4.24 (1.37 to 7.19)

-3-2-10 1 2 3 456 7 8 9101112
% change

Fig. 3. Forestplots of the seven meta-analyses performed regarding each pollutant/outcome combination in a long-term exposure scenario (*percentage change in the outcome per
10 pg/m? pollutant increase. Abbreviations: PEE = Pooled effect estimate; I2 = measure of between-study heterogeneity; p = Cochran's Q test p-value)

more complex approaches namely spatiotemporal hybrid model-
ling (Sade et al., 2016; Bell et al., 2017; Wallwork et al., 2017).
Although it is expected that there is a higher percentage of
misclassification associated with traditional methods compared to
more advanced methods (Steinle et al., 2013), it was not possible to
detect a clear pattern of influence of exposure misclassification on
estimated values in our study. Regarding this issue, it is still
important to mention that even these more sophisticated methods
are problematic regarding their capacity to assess the real indi-
vidual exposure and the use of new technology, namely GPS,
smartphones or smaller pollution sensors are promising new
methods to assess more real individualized exposures (Hoek, 2017)
and reduce exposure misclassification. So, more adequate ap-
proaches to quantify the individual air pollution exposure is war-
ranted in order to standardize effect measures obtained from
different epidemiological studies.

Another important consideration about our systematic review
and meta-analysis is related to residual confounding. Although all
studies reported effect estimates values based on models adjusted
for multiple confounding variables, there is not consistency in the
chosen confounding variables among the selected studies and
important covariates were not considered in some studies. This
could led to a considerable residual confounding related to the
number and type of variables not included in the models. When we
look at the 3 studies that we meta-analysed, all of them include age,
sex, smoking status, individual socioeconomic factors as con-
founding variables, but important variables related to area-level
socioeconomic status, for example, were only considered by two
of them (Shanley et al., 2016; Yang et al., 2018a). To clarify the in-
fluence of each confounding variable in the effect estimates values,

more information would be necessary and, consequently, it is rec-
ommended to provide supplemental data regarding available data
and the modelling process in futures studies.

The present meta-analysis includes a small number of studies
found in the literature review, which does not allow sensitivity
analyses to be performed and it would be important for validation
of the meta-analysis results. Moreover, the between-study het-
erogeneity is very high for nearly all meta-analyses, which might
have reduced the confidence of the cumulative evidence.

Effect estimates included in the present meta-analysis were
based on a single-pollutant model and interactions between the
ambient air pollutants were not evaluated. Despite multipollutant
models being difficult to implement and validate, it is known that
there are important interactions between the pollutants, namely
the potential additive effects of multiple pollutants and they should
be considered in future studies (Oakes et al., 2014; Davalos et al.,
2017). Finally, the outcome assessment in the different studies
was not uniform. The definitions of dyslipidaemia conditions varied
in each study which compromises the comparison of the effect
estimates of the different studies (Eze et al., 2015; Wallwork et al.,
2017; Yang et al., 2018a; Lee et al., 2019; Shin et al., 2019). Addi-
tionally, while some studies performed lipid profile parameters
determination in a fasting condition, other considered the non-
fasting state, which could be considered a source of bias. It is well
known that while cholesterol levels only display modest post-
prandial variations, TG show significant postprandial elevations
according to the diet content (Cohen et al., 1988; Ginsberg et al.,
1994). However, in the study in which participants were all in a
fasting state (Yang et al., 2018a), the effect of PM1¢ and NO, expo-
sures on TG levels remains statistically significant.
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5. Conclusions and recommendations

To our knowledge, this is the first study approaching the sys-
tematic review and meta-analysis of epidemiologic evidence on the
association between AAP exposure and lipid profile parameters or
dyslipidaemia conditions. Despite the very inclusive research
strategy used, including no restrictions in the study design or
population groups, we found only a few number of recently pub-
lished studies on the association between air pollution and lipid
profile. Nevertheless, we report results that could help to guide
future research in these area. Moreover, given the high prevalence
of dyslipidaemia (Farzadfar et al., 2011) and the increasing AAP
levels (Cohen et al., 2017), we consider that our findings are of
considerable and growing global public health importance. We
suggest that if air pollution were continuously reduced, it could
potentially reduce the incidence of dyslipidaemias and therefore
the incidence of cardiovascular events.

As recommendations in the future studies about the association
between exposure to ambient air pollutants and lipid profile pa-
rameters or dyslipidaemia conditions, we suggest further investi-
gation of the gaseous pollutants exposure, that were less frequently
included. We also recommend to explore the potential additive
effects of multiple pollutants, as well as developing more robust
spatiotemporal models to assess air pollution exposure more
precisely.
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