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A B S T R A C T   

Background: Ambient air pollution is a pervasive and ubiquitous hazard, which has been linked to premature 
morbidity and a growing number of morbidity endpoints. Air pollution may be linked to neurodegeneration, and 
via this or other pathways, to neurodegenerative diseases. Emerging evidence suggests that air pollution may 
contribute to neurodegenerative diseases such as dementia, Parkinson’s Disease (PD), Multiple Sclerosis (MS) 
and Motor Neuron Diseases (MND), although this evidence remains inconsistent and very limited for MS and 
MND. In addition, this evidence base is rapidly emerging and would benefit from a wide and critical synthesis, 
including a better understanding of heterogeneity. 
Objectives: In this paper, we present a protocol for a systematic review and meta-analysis and specify our methods 
a priori. The main aim of the planned systematic review is to answer the question of whether long-term exposure 
(>1 year) to ambient (outdoor) air pollution (exposure, compared to lower exposure) increases the risk of adult 
(population) incidence of neurodegenerative diseases (outcomes) in epidemiological observational studies (study 
design). Another aim is to meta-analyze the associations between long-term exposure to ambient air pollutants 
and the risk of the selected outcomes and assess the shape of exposure–response functions. To set the stage for the 
proposed work, we also overview the existing epidemiological evidence in this protocol, but do not critically 
evaluate it, as these results will be fully presented in the planned systematic review. 
Search and study eligibility: We will search the electronic databases Medline (via Ovid), Embase (via Ovid), 
Cochrane Library, Cinahl (via Ebscohost), Global Health (via Ebscohost), PsycINFO (via Ebscohost), Scopus, Web 
of Science (Core Collection), from inception to October 2022. Eligible studies must contain primary research 
investigating the link between 1-year + exposure to any outdoor air pollutant, from any source, and dementia, 
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PD, MS, and MND, or dementia subtypes: Alzheimer’s Disease, vascular dementia, and mixed dementia. The 
search strategy and eligibility criteria are pre-determined and described in full in this protocol. 
Study appraisal and synthesis methods: Articles will be stored and screened using Rayyan QCRI. Title and abstract 
screening, full text review, data extraction, risk of bias assessment and data preparation for statistical analysis 
will be conducted independently by two reviewers using pre-defined forms and criteria, described in this pro-
tocol. All these steps will also be piloted and the forms and/or methods adapted if issues arise. Meta-analysis and 
assessment of the shape of the exposure–response functions will be conducted if four independent exposure- 
outcomes pairs are available, and the remainder of results will be synthesized in the forms of tables and via a 
narrative summary. Certainty in the body of evidence will be assessed using the OHAT approach. This protocol 
describes the planned analysis and synthesis a priori and serves to increase transparency and impact of this 
systematic review and meta-analysis.   

1. Background and significance 

Ambient air pollution is a major environmental stressor, posing a 
huge and, vitally, modifiable, public health burden. Ambient air pollu-
tion is a pervasive and ubiquitous hazard (Tan et al., 2022). In 2021, the 
World Health Organization updated its 2005 air quality guideline values 
by integrating the strengthening and latest scientific evidence on asso-
ciated health effects, and as a result recommended new guideline values 
for specific pollutants (WHO, 2021a). 99 % of the global population in 
2019 lived in locations where the new air quality guideline values were 
not met (WHO, 2021a). Air pollution remains a critical challenge to 
address, especially in cities, where people and pollution sources 
congregate, and in low- and middle-income countries (LMICs) (Avis and 
Bartington, 2020). 

Burden of disease (BoD) assessments of air pollution mainly focused 
on quantifying the burden of attributable mortality, for which both 
epidemiological evidence and BoD methodology are well developed. An 
example of this quantification is in the landmark Global Burden of 
Disease Study (GBD) which ranked ambient air pollution as the fifth risk 
factor for mortality worldwide with 4.2 million global deaths attribut-
able to fine particulate matter (PM2.5, PM10) (Cohen et al., 2017). These 
deaths were caused by cardiovascular diseases, followed by chronic 
obstructive pulmonary disease, cerebrovascular diseases, lower respi-
ratory infections and tracheal, bronchial and lung cancer: outcomes 
which have been convincingly associated with air pollution in epide-
miology (Burnett et al., 2018). More recent BoD estimates by the Global 
Exposure Mortality Model (GEMM) reported over a doubling in global 
deaths attributable to PM2.5 air pollution, to 8.9 million: more than the 
number of deaths from cigarette smoking (Burnett et al., 2018). This 
increase was related to methodological changes in GEMM and suggested 
that PM2.5 exposure may be related to additional causes of death other 
than the five disease categories considered by GBD (above). 

There are two issues with the current approach: first, the focus on 
mortality; and second, the underestimation of the BoD attributable to air 
pollution. These reflect, and are caused by, methodological gaps in 
epidemiological studies and how they are synthesized. The first issue, 
namely the inclusion of only select health outcomes, and specifically 
mortality in BoD assessments, is in part due to the lack of epidemio-
logical evidence on other health outcomes in association with air 
pollution. Many morbidity endpoints are not commonly included in BoD 
exercises, such as neurodegenerative diseases. The second issue, namely 
underestimating the BoD attributable to air pollution, is related to 
shortcomings of current methodology and use of Integrated Exposure- 
Response functions (ERFs), in the GBD and elsewhere. Synthesizing in-
tegrated ERFs is useful to understanding how the effect size changes over 
a wide range of concentrations of a given pollutant, overcoming the 
inadequacy of simply extrapolating from narrow ranges of pollutant 
data as recorded in North America and Europe. However, current inte-
grated ERFs are not specific to ambient air pollution: models often 
incorporate data from active tobacco smoking, secondhand tobacco 
smoke and household solid cooking fuel. Burnett and colleagues (2018) 
highlighted how incorporation of risk information from other, non- 
outdoor, PM2.5 sources as practiced in the GBD’s Integrated Exposure- 

Response model (which includes second-hand and active smoke, 
household air pollution from solid fuels) leads to an underestimation of 
burden, especially at higher concentrations. Furthermore, the existing 
integrated ERFs are only for PM2.5 (Burnett et al., 2014). While we 
acknowledge that it is important that concentration ranges at which 
ERFs are estimated span a realistic range of low and high concentrations, 
restricting this estimation to ambient air pollution may prevent under-
estimation of the BoD and indirectly deal with issues of differential 
toxicity of pollutants from different sources. As the number of air 
pollution epidemiological studies increase, such assessments restricted 
to ambient air pollution may become feasible and could help resolve 
uncertainties about the shape of the ERF, especially at high concentra-
tions (Chen and Hoek 2020). 

The burden of neurodegenerative diseases due to air pollution is yet 
to be included in BoD assessments such as the GBD (Hu et al., 2018). The 
average life expectancy of many populations now extends late into the 
eighth decade, and the prevalence of most neurodegenerative disorders 
increases dramatically with increasing age (Hou et al., 2019). Dementia, 
for example, is estimated to affect 55 million people worldwide, with 
nearly 10 million new cases every year (WHO, 2021b), making it the 
most common of the neurological diseases. In rapidly aging world 
populations, its prevalence is expected to rise to 139 million in 2050 
(WHO, 2021b). Beyond age, its greatest risk factor (Yip et al., 2006), the 
causes and pathophysiology are complex and remain poorly understood. 
The 2018 Lancet commission on pollution stated that the evidence of 
causation between air pollution and dementia is building and called for 
further research to explore these emerging links (Landrigan et al., 2018). 
Parkinson’s disease (PD) (estimated 6.1 million cases in 2016) (Dorsey 
et al., 2018), multiple sclerosis (MS) (2.8 million in 2020) (Walton et al., 
2020) and motor neuron diseases (MND) (≈ 331 k cases in 2016) 
(Logroscino et al., 2018) are other neurodegenerative diseases that are 
closely related to increasing age (Driver et al., 2009; Pringsheim et al., 
2014). While the non-dementia disorders are less prevalent, they still 
present a severe cause of disability throughout adult life (Wallin et al., 
2019) and are also themselves associated with cognitive impairment 
(Benedict et al., 2020) and dementia (Burrell et al., 2016). Considering 
the global trend of an increasingly aging population, the risk factors for 
dementias and neurodegenerative diseases need to be better understood, 
including underlying pathogenesis to inform all forms of prevention: 
primary, secondary, and tertiary. 

Neurodegenerative diseases are characterized by the progressive and 
functional loss of neurons in the central nervous system and/or pe-
ripheral nervous system (Dugger and Dickson, 2017). Emerging exper-
imental evidence suggests biological plausibility for a role of air 
pollution in the pathogenesis of some cases of neurodegenerative dis-
ease. It is documented in in vitro and in vivo models air pollution can 
cause neuroinflammation and oxidative stress, either via direct entry 
into the brain, or via systemic effects, which then contribute to neuro-
degeneration (Block et al., 2012; Jayaraj et al., 2017). The biological 
evidence now requires thorough epidemiological analysis to claim any 
causative relationship. It is important, however, to consider known risk 
factors for neurodegenerative diseases such as ageing, which mecha-
nistically increases the vulnerability to air pollution (Fougère et al., 
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2015; Montagne et al., 2015; Rückerl et al., 2014), and more generally 
reduces the ability to regulate inflammatory signaling and oxidative 
stress (Azam et al., 2021). 

2. Literature review of associations between air pollution and 
neurodegenerative diseases 

In the past five years, there has been a surge in the number of pub-
lications on air pollution and neurodegenerative processes linked to 
many neurological conditions in life. Numerous systematic reviews and 
meta-analyses attempted to elucidate the effect of air pollution on de-
mentia (Cristaldi et al., 2022; Weuve et al., 2021; Peters et al., 2019; 
Peters et al., 2021; Tsai et al., 2019; Zhao et al., 2021; Fu et al., 2019; 
Killin et al., 2016; Dimakakou et al., 2018) and Alzheimer’s disease (AD) 
(Cristaldi et al., 2022; Killin et al., 2016; Dimakakou et al., 2018; Zhao 
et al., 2021; Fu et al., 2019; Fu and Yung., 2020), PD (Cristaldi et al., 
2022; Fu et al., 2019; Dimakakou et al., 2018; Kasdagli et al., 2019; Hu 
et al., 2019; Wang et al., 2020; Han et al., 2020), MS (Cristaldi et al., 
2022; Noorimotlagh et al., 2021; Tang et al., 2021; Lotfi et al., 2021; 
Farahmandfard et al., 2021). However, there have been none on MND, 
despite its neurodegenerative component and new associations with 
select pollutants. These reviews are summarized in Table 1, which is not 
an exhaustive list, and in Fig. 1, by outcome. The following is a 
description of the state of the literature and where the remaining gaps 
are, which justifies and sets the stage for the proposed work. As shown in 
the in summary below, there is inconsistency and heterogeneity in 
findings from previous systematic reviews and meta-analyses. The rea-
sons for this are yet to be explored, and form part of our proposed work. 
There were also conflicting findings, and the quality of some meta- 
analyses is of concern, as they, for example, included only three 
studies. However, a growing number of studies, including on MS and 
possibly MND, justifies a comprehensive, standardized and a critical 
synthesis of evidence. In addition, the quality of studies and the quality 
of their descriptions - which affects our ability to gauge their quality - 
vary and could be one reason for the inconsistency in findings. 

Dementia: Dementia is a clinical syndrome with many potential 
underlying and mixed pathologies, and complex relationships with age 
itself in terms of changing expression associated with neuropathology (e. 
g., Savva et al., 2009) – and as noted poorly understood in diverse 
populations. The International Classification of Diseases, Tenth Revision 
(ICD-10) defines dementia as “a syndrome due to disease of the brain, 
usually of a chronic or progressive nature, in which there is disturbance 
of multiple higher cortical functions, including memory, thinking, 
orientation, comprehension, calculation, learning capacity, language, 
and judgement. The impairments of cognitive function are commonly 
accompanied, and occasionally preceded, by deterioration in emotional 
control, social behavior, or motivation” (ICD-10, 2014). A few meta- 
analyses support an association between PM2.5 and dementia. Howev-
er, these existing meta-analyses have a great degree of heterogeneity in 
the effect estimates for the same increment in specific air pollutants, 
which emphasizes the need for data synthesis and critical comparisons. 
For example, Fu et al., (2019) in a 3 studies meta-analysis found that 
PM2.5 exposure was associated with an increased risk of dementia and 
reported an odds ratio (OR) = 1.16 per 10 μg/m3 increase in PM2.5 (95 % 
confidence interval (Cl): 1.07 – 1.26). Similarly, a 4 studies meta- 
analysis by Tsai et al. in the same year reported that exposure to a 10 
μg/m3 PM2.5 was positively associated with dementia with a pooled 
hazard ratio (HR) = 3.26 (95 % CI: 1.20 – 5.31). The pooled HR from 
Tsai et al. (2019) may have been impacted by a large HR of 7.08 in one 
included study from Taiwan (Jung et al., 2015), which used inverse- 
distance weighting for the exposure assessment, a method of many 
limitations. Fu et al., (2019) also concluded that PM2.5 exposure was 
associated with an increased risk of AD (OR = 3.26 per 10 μg/m3 in-
crease in PM2.5, 95 % CI: 0.84 – 12.74). In subgroup analyses, Tsai et al., 
(2019) showed that a 10 μg/m3 increase in PM2.5 was positively asso-
ciated with AD (pooled HR = 4.82, 95 % CI: 2.28 – 7.36, with a large 

weight for Jung et al., 2015). The difference in these effect estimates 
may be argued large, for the same incremental change in PM2.5 and for 
the same umbrella outcomes. However, the number of studies in the two 
meta-analyses are different and some individual very high risk estimates 
had a large weight in the pooled analysis. Moreover, combining cohort 
and case-control studies, Fu and Yung (2020) reported that exposure to a 
10 μg/m3 increase in PM2.5 was positively associated with dementia 
(pooled HR = 1.95 95 % CI: 0.88 – 4.30). Zhao et al. (2021) showed that 
a 5 μg/m3 PM2.5 increased the risk of dementia by 24 % (HR = 1.24, 95 
% CI: 1.17 – 1.31). Their work also revealed that PM2.5 was additionally 
associated with vascular dementia (HR = 1.12 per 5 μg/m3 PM2.5, 95 % 
CI: 1.02 – 1.22), and with AD with borderline significance (HR = 1.47 
per 5 μg/m3 PM2.5, 95 % CI: 0.97 – 2.23). The possible causes for dis-
crepancies between the different meta-analyses’ estimates include the 
differences in the number of studies included, the large weight of some 
influential individual studies, population sizes assessed, differences in 
the exposure assessment and the chemistry of PM2.5 the latter unac-
counted for, different susceptibilities in subgroups, variations in 
outcome definitions and ascertainment, different effects on subtypes of 
dementia, and the different quality of individual studies. 

The relationship between PM10 and dementia is less clear, and the 
number of primary studies is more limited. The two primary studies 
examining the association between PM10 and AD specifically yielded 
opposite results. Cerza et al. (2019) found that exposure to PM10 was 
negatively associated with AD (HR = 0.95 per 10 μg/m3 PM10, 95 % CI: 
0.91 – 0.99) in a longitudinal analysis, whereas in a case-control study, 
Wu et al. (2015) reported a positive association (highest exposure 
(>49.23 μg/m3) versus lowest (<44.95 μg/m3) OR = 4.17, 95 % CI: 2.31 
– 7.54), while in the middle exposure category (44.95–49.23 μg/m3), the 
OR = 1.68 (95 % CI: 0.94–3.00). PM10 concentrations during the 
experiment period in Rome (Cerza et al., 2019) and Taiwan (Wu et al., 
2015) were different on average at 36.9 μg/m3 and 47.06 μg/m3, 
respectively, and the effect estimates were presented differently per 
continuous exposure increment versus in categorical exposure analysis. 
Both studies found positive associations between PM10 and vascular 
dementia (Cerza et al., 2019: HR = 1.06 per 10 μg/m3 PM10, 95 % CI: 
1.02 – 1.10; Wu et al., 2015: highest exposure (>49.23 μg/m3) versus 
lowest (<44.95 μg/m3) OR = 3.61, 95 % CI: 1.67 – 7.81, but the asso-
ciation was smaller and non-statistically significant in the middle 
exposure category: 44.95–49.23 μg/m3), OR = 1.86 (95 % CI: 
0.89–3.90). However, Li et al. (2019) did not find an association be-
tween PM10 and dementia (OR = 0.99 per 10 μg/m3 PM10, 95 % CI: 0.98 
– 1.01), although they noted a significantly elevated association: OR (95 
% CI) of 1.27 (1.01 – 1.61) for the 25th-50th percentile of PM10 exposure 
compared with < 25th. This association did not hold for the highest two 
percentiles compared to the < 25th. As the number of studies is limited, 
further research into the association between PM10 and dementia is 
needed, including a systematic investigation of sources of heterogeneity. 

The two meta-analyses that explored the relationship between ni-
trogen dioxide (NO2) and dementia gave consistent results. Zhao et al. 
(2021) found that an increase of 5 ppb (≈ 9.4 μg/m3) NO2 could increase 
the risk of incident dementia by 3 % (HR = 1.03, 95 % CI: 1.00 – 1.05) in 
a meta-analysis of 8 cohort studies. They also showed that NO2 increased 
the risk of vascular dementia (HR = 1.11 per 5 μg/m3 NO, 95 % CI: 1.01 
– 1.21) but had no significant association with AD (HR = 1.02 per 5 μg/ 
m3 NO2, 95 % CI: 0.92 – 1.13). In a 4 studies meta-analysis, Fu and Yung 
(2020) found that exposure to a 10 μg/m3 increase in NO2 had no as-
sociation with AD (OR = 1.00, 95 % CI: 0.89 – 1.13). Furthermore, Zhao 
et al. (2021) explored the association between NOx and dementia. They 
concluded that there was a positive but a non-statistically significant 
association, and that the quality of evidence was low with only 4 pri-
mary studies. One of the 4 primary studies did not adjust for age and sex, 
and when this study was dropped from the meta-analysis, the effect 
estimate became statistically significant, and inconsistency was reduced 
by 23.5 % (Zhao et al., 2021). 

The relationship between carbon monoxide (CO) and dementia has 
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Table 1 
Summary of systematic reviews (2015–2022) on long-term outdoor air pollution exposure and risk of dementia, Parkinson’s disease, Multiple Sclerosis and Motor Neuron Disease.  

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

Cristaldi et al., 2022 January 
2011 to 
June 2021 

20 12–92 years 
old 

USA, Canada, 
Mexico, 
Australia, 
China, 
England, Hong 
Kong, Italy, 
Netherlands, 
South Korea 

PubMed, 
Science Direct, 
Web of 
Sciences 

Experimental, 
cohort, case- 
control, and 
cross-sectional 
studies 

AD, vascular 
dementia, PD, MS  

Based on clinical 
diagnosis, 
administrative 
healthcare records 

PM2.5 Range of mean 
values 
reported: 
1.2–2238 (in 
an 
experimental 
study) μg/m3 

No meta- 
analysis 
conducted 

Quality of eligible 
studies assessed 
according to the 
modified Newcastle- 
Ottawa Scale (NOS) 
checklist 

Not 
specified 

Not specified 

Peters et al., 2021 Inception 
to 1 April 
2020 

7 Mean 
baseline age: 
50–79 years 

Sweden, 
Canada, USA, 
UK, Taiwan 

MEDLINE, 
Embase, and 
PsycInfo 

Cohort studies Dementia  

Based on 
administrative 
health records and 
physician diagnosis 

PM2.5 Range of mean 
values 
reported: 
0.18–61.76 
μg/m3 

No meta- 
analysis 
conducted 

Included papers 
assessed against key 
criteria based on the 
Critical Appraisal 
Skills Program 
(CASP) cohort study 
checklists and 
potential sources of 
bias in each study 
were tabulated 

Not 
specified 

Not specified 

Wang et al., 2021 Not 
specified 

31 45–85 years 
old 

Canada, South 
Korea, 
America, 
Mexico City 
and Polotitlán, 
Australia, The 
Netherlands 

PubMed Cohort, 
longitudinal, 
cross-sectional, 
and case- 
control studies 

PD and AD  

Diagnosed by 
physician, self- 
report of physician 
diagnosis, or based 
on administrative 
health records e.g., 
Medicare 
beneficiary 
denominator file 
from the Centers for 
Medicare and 
Medicaid Services 

PM2.5 Range of mean 
values 
reported: 
1.1–25 μg/m3 

Range of 
values 
reported: 
4.4–59.5 μg/ 
m3 

No meta- 
analysis 
conducted 

Not specified Not 
specified 

Not specified 

Zhao et al., 2021 Inception 
to 11 
January 
2021 

38 35+ UK, Sweden, 
Canada, 
Taiwan, USA, 
Hong Kong, 
Italy, France, 
China, 
Germany, Iran 

PubMed, 
Embase, Web 
of Science and 
PsycInfo 

Cohort, case- 
control, nested 
case-control, 
and cross- 
sectional 
studies 

Dementia, vascular 
dementia, AD, non- 
Alzheimer’s 
dementia, cognitive 
impairment, mild 
cognitive 
impairment  

Mostly clinical 
diagnosis 

PM2.5, PM10, O3, 

NO2, SO2, NOx, 
CO, 
environmental 
tobacco smoke, 
road proximity, 
noise 

Not specified PM2.5, PM10, 
O3, NO2, SO2, 
NOx, CO, 
environmental 
tobacco smoke, 
road proximity, 
noise 

Quality of eligible 
studies assessed 
according to the 
modified NOS 
checklist 
Publication bias 
assessed through 
Egger’s test and 
adjusted by the trim 
and fill method 

Subgroup 
analyses by 
study type, 
gender, 
ethnicity, 
type of 
dementia, 
sources of 
exposure, 
study 
quality, and 

Sensitivity 
analyses by 
removing a 
single study at 
the time and 
excluding 
studies which 
scored low on 
the NOS (score 
< 6) 
Single factor 

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

different 
adjustment 
strategies 

meta- 
regressions for 
sample size, the 
proportion of 
females, year of 
publication or 
baseline, 
follow-up 
duration as 
well as NOS 
quality score 
were 
performed if 
there were at 
least ten studies 

Tsai et al., 2019 Inception 
to 15 
November 
2018 

4 50+ US, UK, 
Canada, 
Taiwan 

Cochrane 
Library, 
Google 
scholar, 
Microsoft 
Academic, 
PubMed, 
Science Direct, 
and Web of 
Science 

Cohort studies Dementia, AD, 
vascular dementia  

Outcomes defined 
by using Read codes 
within the Quality 
and Outcomes 
Framework, ICD-9, 
and ICD-10 

PM2.5 Range of 
median values 
reported: 10.4 
– 15.6 μg/m3 

Range of mean 
values 
reported: 15.7 
– 33.56 μg/m3 

PM2.5 Quality of eligible 
studies assessed 
according to the 
NOS checklist for 
cohort studies  

Publication bias 
assessed through 
funnel plot 

Subgroup 
analysis by 
dementia 
type (AD or 
vascular 
dementia) 

Not specified 

Fu and Yung, 2020 Inception 
to 18 
March 
2020 

9 studies 30+ US, UK, 
Canada, Spain, 
Italy, Sweden, 
Taiwan 

PubMed and 
Web of Science 

Cohort, 
longitudinal, 
case-control 
studies, 
ecological 
time-series 

AD, does not specify 
how it was defined 
or ascertained 

PM2.5, PM10, O3, 

NO2 

PM2.5: Range 
of mean 
values 
reported: 12 – 
34.4 μg/m3. 

Range of 
values 
reported: 3.4 – 
71.4 μg/m3. 
There was 
only one 
median value 
reported: 4.1 
μg/m3 

PM10: Range 
of mean 
values 
reported: 36.9 
– 47.06 μg/m3 

meta-analysis 
for PM2.5, 
PM10, O3, NO2, 

A score list was 
performed to 
evaluate the quality 
of included articles. 
The score list was 
modified from the 
original version of 
the Agency for 
Healthcare Research 
and Quality  

Egger’s regression 
tests for publication 
bias 

Subgroup 
analysis 
based on the 
pollution 
levels of air 
pollutants 
including 
PM2.5, PM10, 
O3 and NO2   

Sensitivity 
analysis to 
evaluate the 
influence of 
each 
publication by 
removing it  

Meta- 
regression 
examined the 
type of 
pollutants, 
study designs, 
population size, 
or age range  

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

O3: Range of 
mean values 
reported: 38 – 
174.38 μg/m3 

NO2: Range of 
mean values 
reported: 37.1 
– 43.9 μg/m3. 
There was 
only one 
median value 
reported: 
58.28 μg/m3 

Fu et al., 2019 Inception 
to June 
2018 

80 4–85 years 
old (both 
sexes) 

USA, Canada, 
Mexico, UK, 
Italy, 
Germany, 
Finland, 
Netherlands, 
Spain, Sweden, 
Denmark, 
France, 
Greece, 
Norway, 
Switzerland, 
China, Taiwan, 
Japan, Hong 
Kong, India, 
Russia, Chile, 
Australia, 
Ghana, and 
South Africa 

PubMed and 
China National 
Knowledge 
Infrastructure 
(CNKI) 

Case-crossover, 
cohort, time- 
series, cross- 
sectional, and 
case-control 
studies 

PD, AD, dementia, 
stroke, autism 
spectrum disorders, 
mild cognitive 
impairment  

Not specified how 
the outcomes were 
defined or 
ascertained 

PM2.5 Range of 
values 
reported: 2.84 
– 100 μg/m3 

Meta-analysis 
conducted for 
PM2.5 

Quality assessment 
according to a 
modified 
checklist from the 
Agency for 
Healthcare Research 
and Quality  

Egger’s test for 
publication bias   

Not 
specified 

Poor quality 
studies (i.e., 
studies that 
scored five or 
below in 
quality 
assessment) 
were removed 
and risk 
estimates were 
recalculated  

Meta- 
regression was 
performed to 
identify the 
source of 
heterogeneity 
(design of 
study, size of 
study 
population, 
mean age, 
mean PM2.5 

concentration 
and units of 
concentration)  

Killin et al., 2016 Inception 
to January 
2016 

60 (5 on air 
pollution) 

>= 50 years 
old 

Taiwan, 
Sweden, China 

PubMed and 
Web of Science 

Retrospective 
cohort, 
prospective 

AD, vascular 
dementia, dementia 
(clinically 

PM2.5, PM10, 
NOx, O3, CO, 

Not specified No meta- 
analysis 
conducted 

Individual studies 
were appraised for 
quality and 

Not 
specified 

Not specified 

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

(for air 
pollution) 

cohort, cross- 
sectional, and 
case-control 
studies 

diagnosed from 
hospital clinics, 
physician diagnosis, 
national health 
insurance database, 
GMS-AGECAT 
algorithm) 

environmental 
tobacco smoke 

categorized in 
quality level A, B 
and C 
Quality level A =
large, prospective 
longitudinal studies 
with a robust 
measure of the risk 
factor in question at 
baseline and a 
clinical diagnosis of 
dementia 
Quality level B =
high quality cross- 
sectional studies 
Quality level C =
studies which did 
not achieve level B 

Han et al., 2020 Inception 
to 1 March 
2019 

21 studies Average age: 
71.3 years 
old 

Canada, USA, 
Denmark, 
Taiwan, Italy, 
Australia, 
Japan, China, 
Sweden, UK, 
Netherlands, 
Germany, 
Spain, Greece 

PubMed, 
Embase, Web 
of Science, 
Cochrane 
Library, and 
Google Scholar 

Cohort, case- 
control, and 
nested case- 
control studies 

PD (physician 
diagnosed) 

PM2.5, PM10, 
NO2, NOx, O3, 
CO 

NO2 range: 1.0 
– 62.0 ppb. 
Range of 
means: 
7.29–25.10 
ppb  

PM2.5 range: 
1.2 – 73.9 μg/ 
m3. Range of 
means: 
8.9–32.5 μg/ 
m3  

PM10 range: 
3.8 – 88.3 μg/ 
m3. Range of 
means: 
36.7–60.9 μg/ 
m3  

O3 range: 19.0 
– 64.1 ppb. 
Range of 
means: 
26.1–49.8 ppb 

Meta-analysis 
conducted for 
PM2.5, PM10, 
NO2, NOx, O3, 

CO, 

Quality of eligible 
studies assessed 
according to the 
NOS checklist  

Risk of bias assessed 
according to criteria 
adapted from the 
Office of Health 
Assessment and 
Translation (OHAT) 
tool and Navigation 
Guide 
including exposure 
assessment, 
outcome 
assessment, 
confounding bias, 
selection bias, 
incomplete outcome 
data, selective 
reporting, and 
conflict of interest  

To detect potential 
publication bias, 

By study 
design, 
study 
location, 
sample size, 
and mean 
age at 
baseline 

Repeating the 
meta-analyses 
with each study 
eliminated, 
one-by-one, to 
assess the 
robustness of 
the result. Each 
study is then 
added back into 
the pooled 
results in 
reverse to 
further provide 
evidence  

In addition, 
studies 
suspected to be 
a source of 
heterogeneity 
were excluded 
and analyses 
restricted on 
studies 
conducted 

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis  

NOx range: 
9.776 – 
181.55 μg/m3. 
Range of 
means: 
21.0–84.6 μg/ 
m3  

CO range: 
0.2–2.03 ppm. 
Range of 
means: 
0.6325–0.6 
ppm 

both the Begg’s and 
Egger’s tests were 
performed  

among non- 
active smokers 
(n = 5), or used 
effect estimates 
from multi- 
pollutant 
models 

Wang et al., 2020 Not 
specified 

6 studies Not 
specified 

Taiwan, USA PubMed, Ovid 
Medline, 
EMBASE, 
Cochrane 
Library, and 
Web of Science 

Cohort and 
case-control 
studies 

PD (self-reported 
physician- 
diagnosis, 
administrative 
healthcare records) 

PM2.5, PM10 Not specified Meta-analysis 
conducted for 
PM2.5, PM10 

Quality of the 
articles were 
evaluated using 
NOS checklists  

Funnel plots, Begg’s 
test, and Egger’s 
regression tests for 
publication bias  

By types of 
PM (PM2.5, 
PM10)  

Exclusion of 
paper 
separately to 
assess the 
stability of the 
outcome 

Hu et al., 2019 Inception 
to 1 
October 
2017 

10 studies 12 + years 
old 

USA, 
Denmark, 
Taiwan, 
Canada 

Web of 
Science, 
Science Direct, 
and PubMed 

Longitudinal 
and case- 
control studies 

PD (self-reported 
physician diagnosis, 
admission records, 
physician diagnosis 
on administrative 
health record and 
database, 
prescription record 
for L DOPA 
medications) 

PM2.5, PM10, 
PM2.5-10, O3, 

NO2, SO2, CO, 
NOx, NO, THC, 
CH4, NMHC, 
Mn 

PM2.5 range: 
1.2–73.9 μg/ 
m3 

Range of 
means: 
8.9–12.6 μg/ 
m3  

PM10 range: 
3.8–88.3 μg/ 
m3 

only one mean 
value is 
reported: 58.1 
μg/m3  

PM2.5-10 

range: 0–67.1 
μg/m3 

Meta-analysis 
conducted for 
PM2.5, PM10, 
PM2.5-10, NO2, 

CO, NOx, O3, 

SO2, 

Risk of bias assessed 
by study designs e. 
g., adjustment for 
basic PD risk factors 
at baseline, 
exposure assessment 
before PD diagnosis, 
exposure modeling 
at participants 
residence, 
consideration of 
healthy survivor 
bias, attempts to 
identify 
undiagnosed PD, 
adjustment for noise 
as an environmental 
risk factor, 
consideration for 

Not 
specified 

Removal of one 
study at a time 
to estimate the 
stability of the 
outcomes 

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis  

O3: range of 
mean 
39.0–46.7 ppb 
only one 
maximum 
value is 
reported: 53.6 
ppb  

NO2 range: 
1.0–34.2 ppb 
range of mean: 
12.11–16.83 
μg/m3  

NOx range of 
mean: 
20.88–54.8 
μg/m3  

CO range of 
mean: 
0.55–0.713 
mg/m3  

SO2: only one 
mean value is 
reported 4.26 
ppb  

Mn: only one 
median value 
is reported 9 
ng/m3 

confounding factors 
Begg’s test and 
Egger’s test for 
publication bias 

Kasdagli et al., 2019 Inception 
to 7 
November 
2018 

15 studies (13 
studies on long- 
term exposure, 2 
studies on short- 
term exposure) 

Not 
specified 

Netherlands, 
Italy, Taiwan, 
Canada, USA, 
Denmark, 
Korea 

PubMed and 
Google Scholar 

Cohort and 
case-control 
studies 

PD (diagnosed by 
doctor, self- 
reported, records in 
medical/insurance 
databases) 

PM2.5, PM10, 
PM2.5-10, NO2, 
NOx, O3, CO, 
SO2 

Not specified Meta-analysis 
conducted for 
PM2.5, PM10, 
PM2.5-10, NO2, 
NOx, O3, CO, 
SO2 

By design specific 
criteria e.g., 
description of the 
sampling method, 
physician diagnosis 
of PD, method of air 
pollution exposure 
estimation  

By study 
design 
(cohort, 
case- 
control) 

By removing 
one study each 
time to 
evaluate its 
influence on 
the pooled 
effect (leave- 
one-out 
method) 

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

Funnel plots and 
Egger’s regression 
tests for publication 
bias  

Farahmandfard 
et al., 2021 

Inception 
to January 
2020 

17 studies Not 
specified 

Iran, USA, 
Italy, France, 
Canada, 
Finland, 
Serbia, Spain 

PubMed, 
Scopus, 
Science Direct, 
Embase, Web 
of Science 

Cross-sectional, 
case crossover, 
cohort, 
ecological, and 
case-control 
studies 

MS (diagnosed by 
neurologist, self- 
reported, hospital 
records) 

CO, PM2.5, 
PM10, SO2, NO2, 

NO, NOx, VOC, 
O3, C6H6 

Surrogate: 
Individual’s 
proximity to 
major roadways 

Not specified No meta- 
analysis 
conducted 

Not specified Not 
specified 

Not specified 

Lotfi et al., 2021 Inception 
to August 
2019 

10 studies Mean ages 
given by 
authors: 
14.7 – 37.1 

France, USA, 
Spain, Italy, 
Canada, 
Finland 

EMBASE, 
PubMed, Web 
of Science 

Case-control, 
cross-sectional, 
and cohort 
studies 

MS (outcome 
ascertainment not 
specified) 

PM2.5, PM10 Not specified Meta-analysis 
conducted for 
PM2.5 and PM10  

Publication bias 
assessed by visual 
inspection of funnel 
plots, formal 
statistical 
assessment of funnel 
plot asymmetry 
using Egger’s 
regression 
asymmetry test, and 
Begg’s adjusted 
rank correlation test 
and trim-and-fill 
method 

By study 
design 
(cohort, 
case-control, 
cross- 
sectional), 
PM diameter 
(PM2.5 or 
PM10), MS 
status 
(relapse or 
incidence), 
lag time 
duration 
(less than a 
week, more 
than a week, 
no lag time) 

By successively 
removing a 
particular study 
or group of 
studies which 
had the highest 
impact on the 
heterogeneity 
test 

Noorimotlagh et al., 
2021 

1990 to 
2020 

23 studies Mean ages 
given by 
authors: 20 – 
84 

UK, Iran, 
Finland, Italy, 
USA, Norway, 
Turkey, 
France, 
Canada, Spain, 
Serbia 

Elsevier 
Bibliographic 
Database 
(Scopus), 
Institute for 
Scientific 
Information 
(ISI) Web 
Science, 
Google 
Scholar, 
PubMed 
(MEDLINE) 

Retrospective, 
prospective, 
case-control, 
cross-sectional, 
municipal, 
population- 
based, time- 
series, case- 
crossover, 
experimental, 
and cohort 
studies 

MS (outcome 
ascertainment not 
specified) 

PM2.5, PM10, 
CO, SO2, NO2, 
NO, NOx, O3, 
C6H6, radon gas, 
viruses, fungal 
spores, metals, 
road proximity, 
noise, green 
space, traffic 
noise, lead air 
emission 

Not specified No meta- 
analysis 
conducted 

Not specified Not 
specified 

Not specified  

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

Tang et al., 2021 Inception 
to 18 
August 
2020 

6 studies Mean: 
30.5–35.9 

USA, Canada, 
France, Italy 

Embase, 
PubMed, 
Cochrane 
library 

Case-crossover, 
nested case- 
control, and 
cohort studies 

MS (from 
administrative 
healthcare record 
and hospitalization 
record) 

PM2.5, PM10, 
CO, SO2, NO2, 
NO, O3, NOx, 
C6H6, black 
carbon, noise, 
greenness, road 
proximity 

PM2.5 (μg/ 
m3): min 0.6, 
max 74.6, 
median 9.7, 
IQR 3.8 
PM10 (μg/m3): 
min 1.67, max 
301.19, 
median 21.59, 
IQR 15.6 
Black carbon 
(μg/m3): min 
0, max 5.0, 
median 1.0, 
IQR 1.3 
NO2 (μg/m3): 
min 1.88, max 
122.76, 
median 56.59, 
IQR 24.79 
NO (ppb): min 
11.0, max 
71.3, median 
29.6, IQR 14.5 
O3 (μg/m3): 
min 2.44, max 
221.00, 
median 93.49, 
IQR 39.71 
C6H6 (μg/m3): 
min 0.14, max 
10.58, median 
2.02, IQR 1.58 
CO (μg/m3): 
min 501.9, 
max 1175.0, 
median 585.9, 
IQR 101.4 

Meta-analysis 
conducted for 
PM2.5, PM10, 
PM2.5-10, C6H6, 
CO, O3 and NO2 

Quality of studies 
evaluated by NOS 
checklists 
Begg’s test and 
Egger’s linear 
regression test for 
publication bias 

Not 
specified 

By removing 
the included 
studies one by 
one in order to 
evaluate the 
stability of 
PM2.5 and PM10 

and reliability 
of the pooled 
HRs 

Dimakakou et al., 
2018 

Inception 
to March 
2018 

18 studies on 
neurodegeneration 

20–97 USA, Canada, 
Germany, UK, 
Taiwan 

PubMed, Web 
of Science, 
Scopus, and 
Google Scholar 

Cohort, cross 
sectional, case- 
control, nested 
case-control, 

Dementia, PD, AD, 
cognitive decline, 
neurodegeneration 
Ascertained by 
administrative 

PM2.5, PM10, 
O3, NO2, NOx, 
black carbon, 
proximity to 

Not specified No meta- 
analysis is 
conducted 

Quality of the 
studies was 
evaluated according 
to the GRADE 
system (including 

Not 
specified 

Not specified 

(continued on next page) 
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Table 1 (continued ) 

Reference (authors, 
year) 

Search 
dates 

Number of studies 
included in 
systematic review 

Age range of 
participants 
included in 
the 
systematic 
review (both 
sexes) 

Geographical 
coverage of the 
included 
studies 

Databases 
searched in 
systematic 
review 

Design/type of 
studies 
included in 
systematic 
review 

Health outcome(s) 
studied and how it 
was defined or 
ascertained 

Exposures 
studied and 
specific 
pollutants or 
surrogate 
measures 

Exposure 
range 
(minimum, 
maximum, 
mean, or 
median, 
interquartile 
range if/ 
where 
reported) 
across all 
included 
studies 

If a meta- 
analysis was 
conducted and 
for which 
pollutants 

How was the risk of 
bias assessed or the 
study quality 
appraised 

Sub-group 
analysis 

Sensitivity 
analysis 

and time series 
studies 

health database, 
admission record, 
self-report, 
formative 
assessment of 
cognitive function 
and 
neurobehavioral 
test, neurological 
examination, and 
white matter loss on 
imaging 

major roads, 
traffic noise 

representativeness 
and size of study 
sample, duration of 
follow up period, 
publication bias or 
other kinds of 
biases, potential 
confounders, 
standardized and 
validated 
assessment of both 
exposure and 
outcome) 

Peters et al., 2019 Inception 
to 20 
September 
2018 

13 studies 50+ USA, UK, 
Canada, 
Sweden, 
Taiwan 

Medline, 
Embase, 
PsycInfo 

Cohort Dementia, cognitive 
decline. Ascertained 
by formal 
assessment of 
cognitive function. 

PM2.5, PM2.5-10, 
PM10, NO2, 
NOx, CO, O3, 
Distance from a 
motorway 

Not specified No meta- 
analysis 
conducted 

Each paper was 
assessed against key 
criteria based on the 
CASP checklists 

No subgroup 
analysis is 
conducted 

Not specified 

Weuve et al., 2021 Inception 
to 31 
December 
2020 

66 Not 
specified 
(only 
specified 
that 18 + ) 

USA, Taiwan, 
Germany, 
South Korea, 
Brazil, Mexico, 
China, Spain, 
UK, Sweden, 
Italy, Canada, 
Hong Kong 

PubMed and 
EMBASE 

Cohort, case- 
control, and 
cross-sectional 
studies 

Dementia-related 
outcomes including 
cognitive test 
scores; longitudinal 
change in cognitive 
test scores; 
cognitive 
impairment, 
dementia, or 
dementia subtypes; 
and neuroimaging 
findings associated 
with dementia or 
change in these 
neuroimaging 
findings 

PM2.5, PM2.5-10, 
PM10, wood- 
burning PM, 
NO2, NOx, O3, 
API, traffic- 
related air 
pollution 
(includes 
measures of 
distance to 
road, traffic 
intensity, black 
carbon, traffic- 
sourced PM, 
and TRAP-NOx) 

Not specified No meta- 
analysis 
conducted 

Quality assessed 
based on exposure 
assessment and 
variability, outcome 
assessment, 
confounding and 
statistical 
adjustments, cohort 
formation and loss 
to follow-up, and 
generalizability 

No subgroup 
analysis 

Not specified  
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only been addressed by a few primary studies. Some of them indicate 
that CO exposure is associated with an increased risk of dementia 
(Chang et al., 2014; Li et al., 2019). Chang et al. (2014) in a retrospective 
cohort study of 29,537 participants found that the adjusted HRs of de-
mentia for participants in quartiles Q2, Q3, and Q4 of CO concentrations 
(196.2–241.6 ppm, 241.7–296.9 ppm, >296.9 ppm) compared to Q1 
(<196.2 ppm) were 1.07 (95 % CI: 0.92 – 1.25), 1.37 (95 % CI: 1.19 – 
1.58), and 1.61 (95 % CI: 1.39 – 1.85), demonstrating an exposur-
e–response gradient. Li et al. (2019) in a nested case-control study of 
4,155 participants showed that compared with the < 25th percentile, 
only the 50th–75th percentile of CO exposure was significantly associ-
ated with elevated OR for vascular dementia (1.36, 95 % CI: 1.01 – 1.85 
with exposure during the 3 years before diagnosis, and 1.55, 95 % CI: 
1.10, 2.19 with exposure during the 5 years before diagnosis). The 
number of primary studies on CO and AD is very low and more data and 
data synthesis are needed to evaluate possible associations. The data on 
association between sulfur dioxide (SO2) and dementia is even more 
limited. Li et al. (2019) found that SO2 was not associated with the risk 
of vascular dementia (OR = 0.95 per 1 ppb SO2, 95 % CI: 0.83 – 1.08), 
but the authors suspected that residual confounding was present and 
showed some increased risks in different percentiles albeit not statisti-
cally significant. Finally, the association between ozone (O3) and de-
mentia is plausible, but more evidence is needed to reach a conclusion. 
Meta-analysis of 5 cohort studies by Zhao et al. (2021) showed that O3 
might increase the risk of dementia (OR = 1.30, 95 % CI: 1.00 – 1.70), 
while a primary study not included in that meta-analysis yielded the 
opposite result (Carey et al., 2018). As the authors noted, there are 
strong negative correlations between O3 and the other modelled air 
pollutants, and this may explain the negative associations with dementia 
(Carey et al., 2018), also seen elsewhere with other health endpoints. 

Parkinson’s disease: PD, the second most common degenerative 
disease of the central nervous system (Tysnes and Storstein, 2017), in-
volves the degeneration of dopaminergic neurons in the pars compacta 
of the substantia nigra and accumulation of α-synuclein aggregates. In 
turn, PD patients present with resting tremor, rigidity, bradykinesia 
(slowness of movement)/akinesia (loss of voluntary movement), 
postural instability, and other neurological dysfunction (Jankovic, 
2008). Apart from 10 to 15 % of PD cases being early onset familial PD 
(Elbaz et al., 2016), most cases remain idiopathic, signifying a potential 
contribution of environmental factors to the pathogenesis of PD. Expo-
sure to pesticides, consumption of dairy products, and traumatic brain 
injury can increase risk of PD (Ascherio and Schwarzschild, 2016; Belvisi 
et al., 2020; Tufail, 2019). Recently, the association between air pollu-
tion and PD has also garnered attention (Fu et al., 2019; Han et al., 2020; 
Hu et al., 2019; Kasdagli et al., 2019; Wang et al., 2020). 

Existing meta-analyses of epidemiological studies show positive as-
sociations, although in most cases these did not reach statistical signif-
icance (Han et al., 2020; Hu et al., 2019; Kasdagli et al., 2019; Wang 
et al., 2020). The reported pooled relative risk (RR) for PD per 10 μg/m3 

PM2.5 was 1.06 (95 % CI: 0.99 – 1.14) in an 8 studies meta-analysis by 
Kasdagli et al. (2019) including 2 case-control and 6 cohort studies, and 
1.21 (95 % CI: 0.95 – 1.54) in a 6 studies meta-analysis by Wang et al. 
(2020) including 3 case-control and 3 cohort studies. For the same 
exposure increment, the RR for PD was 21 % (95 % CI: 0.95 – 1.54) and 
8 % (95 % CI: 0.98 – 1.19) respectively in Hu et al. (2019) (who used the 
same studies as Wang et al. (2020)), and Han et al. (2020), who used 10 
case-control and cohort studies. Finally, in a 7 studies meta-analysis, Fu 
et al. (2019) showed that a 10 μg/m3 increase in PM2.5 exposure can 
increase the risk of PD by 34 %, an association that was statistically 
significant (95 % CI: 1.04 – 1.73) based on 7 case-control and cohort 
studies. Within each meta-analysis reported above, many differences 
existed including in eligibility criteria and methodologies and there was 
also high heterogeneity and inconsistency across the pooled effect 
estimates. 

Meta-analyses also investigated CO (Hu et al., 2019; Kasdagli et al., 
2019), NO2 (Han et al., 2020; Hu et al., 2019; Kasdagli et al., 2019) and 

NOx (Han et al., 2020; Hu et al., 2019). The RR for PD was 1.34 (95 % CI: 
0.85 – 2.10) and a risk ratio of 1.32 (95 % CI: 0.82 – 2.11) per 1 mg/m3 

increase in CO exposure as estimated based on the same 3 studies in the 
meta-analyses by Kasdagli et al. (2019) and Han et al. (2020). In 
contrast, every 1 ppm increase in long-term CO exposure increased the 
risk by 65 % (95 % CI: 1.10 – 2.48) in the meta-analysis by Hu et al. 
(2019), which included 4 studies. For NO2, Han et al. (2020) did not find 
a statistically significant association between with PD based on 8 pooled 
studies (RR = 1.03 per 10 μg/m3, 95 % CI: 0.99 – 1.07) but Hu et al. 
(2019) reported that long-term NO2 has a marginally positive and sta-
tistically significant association with PD based on 6 pooled studies (RR 
= 1.01 per 1 ppb increment, 95 % CI: 1.00 – 1.03). Hu et al. (2019) also 
reported a positive and statistically significant RR = 1.06 per 10 ppb 
NOx (95 % CI: 1.04 – 1.09). However, this result was disputed by the 
finding of Han et al. (2020), who found no association between NOx and 
PD. In most random-effects meta-analyses presented in those papers, 
inconsistency (represented by I2) and heterogeneity (represented e.g., by 
Tau2) were high. On the other hand, long-term exposure to PM10 was 
shown to have no significant association with PD incidence (Han et al., 
2020; Wang et al., 2020, Hu et al., 2019). Based on 5 primary studies 
looking at the association between long-term exposure to O3 and PD, 
Kasdagli et al. (2019) showed the pooled RR for PD per 5 ppb increase in 
O3 was 1.01 (95 % CI: 1.00 – 1.02), concluding that O3 is the only 
pollutant to have a significant association with PD. This positive asso-
ciation, although very weak, was corroborated by Hu et al. (2019) and 
Han et al. (2020), with a RR of 1.01 per 1 ppb (95 % CI: 1.00 – 1.02) and 
1.01 per 10 μg/m3 (95 % CI: 1.00 – 1.02), respectively. The inconsis-
tency and heterogeneity of those O3 pooled effect estimates were low. 

Beyond dementia, AD and PD, air pollution has been investigated as 
a possible risk factor of MS and MND. As very few or no systematic re-
views and meta-analyses have been published on the relationship be-
tween air pollution and MS and MND, primary studies are also 
summarized below. 

Multiple Sclerosis: MS is an autoimmune disease of the central ner-
vous system which is characterized by gradual degradation of the myelin 
sheaths that surround neurons. The disease involves chronic inflam-
mation, demyelination, and neuronal loss (Tafti et al., 2022), and is 
considered a neurodegenerative disease. MS can be a stable, persisting 
disease or one that rapidly evolves, with devastating effects for the 
patient. 

Systematic reviews and meta-analyses support a relationship be-
tween PM and the prevalence of MS, but the number of available studies 
is smaller than that with dementia outcomes and PD. Farahmandfard 
et al. (2021) concluded in their systematic review that outdoor air 
pollution, especially PM and NOx, have a possible relation to MS prev-
alence, but not MS incidence as investigated in 3 cohort studies. No 
meta-analysis was conducted, and the authors identified the various 
methodologies, lag times, and confounders as partial explanation for the 
different results amongst the reviewed studies (Farahmandfard et al., 
2021). Lotfi et al. (2021) identified 4 studies relating PM2.5 and MS 
incidence and relapse (RR 1.18, 95 % CI: 1.102 – 1.279), and 8 studies 
relating PM10 and MS incidence and relapse (RR 1.336, 95 % CI: 1.130 – 
1.578). The combination of MS incidence and relapse in one outcome as 
investigated in the meta-analysis by Lotfi et al. (2021) may, however, be 
inappropriate, and the authors showed different effects based on the 
study design and MS status of incidence or relapse. The relationship 
between PM10 and MS is one reinforced by the meta-analysis by Tang 
et al. (2021) who concluded that PM10 is the only pollutant to have a 
significant association with the risk of MS development, with a pooled 
HR of 1.058 (95 % CI: 1.050 – 1.066) per 10 μg/m3 PM10, which com-
bined cohort and case-cross over studies. The authors also showed 
increased risk estimates with O3 exposures, and to a lesser extent NO2 
and PM2.5-10 exposures, but these did not reach statistical significance 
(Tang et al., 2021). Abbaszadeh et al. (2021) found contradicting results 
in the existing literature for the association between PM2.5 and the risk 
of MS with generally positive associations with MS prevalence but not 

H. Khreis et al.                                                                                                                                                                                                                                  



Environment International 170 (2022) 107596

14

Fig. 1. Non-exhaustive summary of evidence on long-term air pollution exposure (most studied pollutants) and risk of dementia, PD, MS, and MND.  
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MS incidence. The authors did not undertake a meta-analysis, however. 
There are also several primary studies which conclude that there is 

no, or at least a contentious, association between air pollution and MS. 
Despite establishing that long-term exposure to O3 does not influence 
MS incidence with statistical significance, Bai et al. (2018) did point out 
a “tendency for increasing MS incidence in relation to O3”, in a 
population-based cohort study. They also suggested that effect estimates 
are different in different age subgroups and that females exhibited a 
higher risk of developing MS compared to males in association with O3. 
They, however, did not find any associations with PM2.5 and NO2. For 
NOx and SO2, by mapping the spatial distribution of MS prevalent cases 
and air pollution in Tehran, Heydarpour et al. (2014) found that there 
was a significant difference in long-term exposure to air pollutants 
(PM10, SO2, NO, NO2, NOx) in MS cases versus controls. One ecological 
study identified a relationship between reduced MS risk and lower PM2.5 
levels, which bolsters the notion of air pollution being an environmental 
risk factor for MS (Bergamaschi et al., 2021). The authors detected a 
higher risk of MS in participants who lived in urban rather than ‘cleaner’ 
rural areas (RR = 1.16, 95 % CI: 1.04 – 1.30), where the urban area had 
higher atmospheric levels of PM2.5. They adjusted for the degree of ur-
banization and deprivation index of the two regions analyzed (Pavia and 
Oltrepò, Italy). 

Motor Neuron Disease: MND describes a group of neurological dis-
orders that are characterized by progressive degeneration of upper 
motor neurons (UMN) and/or lower motor neurons (LMN). There are 
four main phenotypes of MND which depend on the site of origin and 
severity of neurological involvement: amyotrophic lateral sclerosis 
(ALS), progressive bulbar palsy, progressive muscular atrophy, and 
primary lateral sclerosis (Arora and Khan, 2022). The prognosis of these 
conditions depends on the age of the patient and the region of the ner-
vous system affected, from progressive muscular atrophy with the best 
prognosis to progressive bulbar palsy with the worst. 

There are no systematic reviews or meta-analyses on, and only very 
limited primary research into, the possible association between air 
pollution and MND. A case-control study which evaluated the risk of ALS 
due to PM10 exposure found there was only limited evidence for this 
relationship and no exposure–response gradient (Filippini et al., 2021). 
However, constraints on the strength of evidence included the small 
sample size (132 participants), particularly when split into exposure 
categories, which led to greater imprecision in these effect estimates and 
limited the authors’ ability to detect potential small increases in risk 
with increasing PM10. Also, only sex and age were adjusted for in the 
statistical models and exposure misclassification was possible due to 
modelling PM10 at the subject’s residence only at the time of diagnosis. 
Indeed, results differed when only subjects with stable residence within 
five years of diagnosis were retained in the analysis. The most 
convincing evidence for a positive association between air pollution and 
MND came from a population-based case-control study by Seelen et al., 
2017. This study was conducted in the Netherlands from 2006 to 2013, 
with 917 ALS patients and 2,662 controls. The authors found that risk 
was significantly increased for individuals in the top 25 % of exposure to 
PM2.5 absorbance (OR = 1.57, 95 % CI: 1.14 – 2.17), and NO2 (OR =
1.55, 95 % CI: 1.08, 2.21), compared to individuals in the lowest 25 % 
exposure quartile. The models adjusted for the degree of urbanization 
and standard co-variates: age, gender, education, smoking status, 
alcohol use, body mass index, and socioeconomic status. These associ-
ations remained robust when adjusted for PM2.5 in a two-pollutant 
model. Associations with other pollutants, including those which are 
less traffic-related (e.g., PM10 and PMcoarse), were marginally increased 
in the top 25 % quartile, but not statistically significant (Seelen et al., 
2017). It seems that only studies between air pollution and ALS 
currently exist in the literature, but the associations with other MND is 
yet to be determined. 

3. Review question and objectives 

This study will answer the question of whether long-term exposure 
(≥1 year) to ambient (outdoor) air pollution (exposure, compared to 
lower concentrations of air pollutants), increases the risk of adult 
(population) incidence of neurodegenerative diseases (outcomes) in 
epidemiological observational studies (study design). 

The objectives of this study are threefold. First, we will systemati-
cally review epidemiological observational studies on the associations 
between long-term (≥1 year) exposure to ambient (outdoor) air pollu-
tion and the risk of developing any of the following outcomes:  

● Dementia (ICD-11 diagnosis codes: 6D80, 6D81, 6D82, 6D83, 6D84, 
6D85, 6D8Y, 6D8Z; ICD-10 diagnosis codes: F00, F01, F02, F03)  

● The following subtypes of dementia in supplementary analysis:  
o AD (ICD-11 diagnosis codes 6D80: “Dementia due to Alzheimer 

disease” and 8A20: “Alzheimer disease”; ICD-10 diagnosis codes: 
G30: “Alzheimer disease” and F00: “Dementia in Alzheimer 
disease”)  

o Vascular dementia (ICD-11 diagnosis code 6D81: “Dementia due 
to cerebrovascular disease”; ICD-10 diagnosis code: F01: “Vascular 
dementia”) and  

o Mixed dementia (ICD-11 diagnosis codes 6D80.2: “Alzheimer 
disease dementia, mixed type, with cerebrovascular disease”, and 
6D80.3: “Alzheimer disease dementia, mixed type, with other 
nonvascular aetiologies”; ICD-10 diagnosis codes: F00.2: “De-
mentia in Alzheimer disease, atypical or mixed type”, and G30.8: 
“Other Alzheimer disease”).  

o Unspecified dementia (ICD-11 diagnosis code 6D8Z: “Dementia, 
unknown or unspecified cause”; ICD-10 diagnosis code: F03: 
“Unspecified dementia”). 

We considered all-cause dementia as the main outcome, and de-
mentia subtypes as additional outcomes because it is increasingly clear 
that most dementia in usual populations, in comparison to selected 
clinical settings or younger onset dementias, is of a mixed type. Many 
studies have, however, used clinically diagnosed subtypes and these will 
be described along with the caveats of such studies. A major concern 
with those studying vascular dementia is that risk factors are used in the 
subtyping, introducing potential biases. 

Other outcomes included were:  

● PD (ICD-11 diagnosis code 8A00.0: “Parkinson disease”; ICD-10 
diagnosis code: G20: “Parkinson disease”)  

● MS (ICD-11 diagnosis code 8A40; ICD-10 diagnosis code: G35: 
“Multiple sclerosis”)  

● MND (ICD-11 diagnosis code 8B60; ICD-10 diagnosis code: G12.2: 
“Motor neuron disease”) 

These outcomes are similar in their progressive neuron damage and 
therefore are all categorized as entirely or partially neurodegenerative 
disease. As such, we aim to advance the current understanding of the 
impact of ambient air pollution on neurodegenerative diseases’ etiology 
and pathology. Also importantly, these selected outcomes, with data on 
their incidence rates from across the world, are catalogued in the Global 
Health Data Exchange (GHDx) tool, under the category: “B.5 Neuro-
logical Disorders”, (https://ghdx.healthdata.org/gbd-results-tool). As 
such, we align this study with the GHDx database, which may facilitate 
future BoD assessments using GHDx incidence rates and the ERFs we will 
estimate. In the GHDx tool, under the category “B.5 Neurological Dis-
orders” is also the outcome: “Idiopathic Epilepsy”. We decided to 
exclude this outcome from our systematic review, as it is not hallmarked 
by a neurodegenerative process, and rather may result in it. All other 
outcomes under “B.5 Neurological Disorders” have been included. 

Second, when four or more independent studies are available, we 
will meta-analyze the associations between long-term exposure to 
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ambient air pollution and the risk of the outcomes listed above, sepa-
rately by pollutant, including any outdoor air pollutant. This will facil-
itate the production of ERF curves, which is a key aim of the proposed 
work. We will use random-effects meta-analysis which would allow us to 
account for the heterogeneity between the studies that is not due to 
chance or sampling error, and specifically investigate the feasibility of 
conducting the meta-analysis for subtypes of dementia. Within the meta- 
analysis, we will conduct various sensitivity and subgroup analyses 
which will formally investigate the possible reasons for heterogeneity. 

Third, when four or more independent studies are available, we will 
assess the shape of the ERF, to elucidate on the biological gradient of 
effect if it exists. As such, this study may provide (depending on the 
underlying included studies and their findings) non-linear ERFs for the 
associations between air pollutants and neurodegenerative outcomes. 
Such assessment would be useful in highlighting any gaps in data and 
knowledge and potentially in future global BoD assessments, especially 
in areas where exposure to air pollution is particularly low or high. We 
may not find enough data to allow for multi-pollutants meta-analyses, 
but we will specifically look out for this information, and assess the 
feasibility of such analysis in time. 

While there have been several systematic reviews, as described in 
Table 1, our proposed review is unique in that it comprehensively covers 
all neurodegenerative diseases, therefore unifying the query and 
searches by a potential underlying pathological process (neuro-
degeneration as a result of air pollution exposure). Our review also 
covers all ambient air pollutants with no restriction on the chemical or 
pollutant (as often practiced before, see Table 1) or the source of outdoor 
air pollution. Investigating air pollutants from different sources is 
adequate given the emerging nature of this research area. Future studies 
can focus more on the source of air pollution and specific putative 
chemicals in the mixture if such questions are raised by this systematic 
review. 

The study is also unique in that it may be the first study to conduct a 
detailed assessment of the shape of the ERFs, where applicable, using a 
flexible regression procedure. We also selected and matched to out-
comes whose incidence rates are catalogued in the GHDx, therefore 
paving the way for future BoD assessments where appropriate, including 
possibly within the GBD study and by GBD collaborators. Finally, this 
research area is rapidly growing. For example, preliminary pilot 
searches returned 1,281 records between 2017 and 2021 compared to 
708 records between 2012 and 2016. With this updated review, we aim 
to synthesize a wider body of emerging evidence. We will update our 
searches again 3 months before submission for peer review. 

The following sections of this protocol detail our methods, and 
planned analyses. This protocol adheres with the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses Protocols statement 
(PRISMA-P), for recommended items to address in a systematic review 
protocol (Moher et al., 2015). The completed PRISMA-P checklist is 
shown in the supplementary material (Table S1). Any modification or 
up-date to the methods stated in this protocol will be documented and 
reported in the final paper(s). The protocol will also be registered in 
PROSPERO and updated with any modification. The date of each 
modification, or amendment will be listed and accompanied by a 
description of, and a justification for, the change. We anticipate pre-
senting our results in two or more publications: one dealing with de-
mentia and its subtypes, and the other(s) dealing with PD and/or MS and 
MND, depending on the number of studies included. In those publica-
tions, we will follow the recommendations from statement of the 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA). 

4. Methods 

4.1. Search strategy 

The databases Medline (via Ovid), Embase (via Ovid), Cochrane 

Library, Cinahl (via Ebscohost), Global Health (via Ebscohost), Psy-
cINFO (via Ebscohost), Scopus, Web of Science (Core Collection), will be 
searched from inception to October 2022 by VP. Draft search terms were 
extracted by five reviewers from systematic reviews and meta-analyses, 
published between January 2015 and January 2022, which we identi-
fied in a non-systematic preparatory literature review in Google Scholar, 
PubMed, and PROSPERO. Those systematic reviews and meta-analyses 
are shown in Table 1. The search terms were reviewed and discussed 
amongst the authors and edited through multiple iterations including a 
preliminary pilot search ran in December 2021. We edited the search 
terms again after running the December pilot search and starting pilot 
screening (described next), to minimize a large number of irrelevant 
studies returned, including clinical and drug/treatment trials, while 
retaining indicator papers. The new edited searches were ran from 
inception to September 2022 and their suitability was assessed through 
18 indicator papers which matched our inclusion criteria (Mortamais 
et al., 2021; Andersson et al., 2018; Bai et al., 2018; Liu et al., 2016; 
Carey et al., 2018; Seelen et al., 2017; Filippini et al. 2021; Bergamaschi 
et al., 2021; Cerza et al., 2019; Wu et al. 2015; Smargiassi et al., 2020; 
Sullivan et al., 2021; Shi et al., 2021; Heydarpour et al., 2014; Malek 
et al., 2015; Kirrane et al. 2015; Chen et al. 2017; Shi et al. 2020). These 
indicator papers were captured by our final search strategy shown in the 
supplementary materials. The final search strategy was peer-reviewed 
by two librarian colleagues of VP using the Peer Review of Electronic 
Search Strategies (PRESS) checklist (PRESS, 2016), and evaluated 
against the PRISMA-S guidelines. The completed PRISMA-S checklist is 
shown in Table S2. Databases will be searched by VP separately, rather 
than multiple databases being searched on the same platform. The 
search syntax was adapted for each database, to account for variation 
between thesaurus terms/controlled vocabulary across each database. If 
a database had an English language filter, this filter will be applied. 
When such a filter was unavailable (in Cochrane Library), non-English 
language results will be removed at the screening stage, and the 
reason documented (as foreign language). Following deduplication by 
VP in EndNote and Zotero, results will be imported to Rayyan QRCI 
(Ouzzani et al., 2016). A final screening for duplicates will be conducted 
within Rayyan using the automatic detection tool, after which reviewers 
will manually remove possible duplicates that were not captured by 
EndNote or Zotero. During our pilot screening, we found that many 
duplicates have made it into Rayyan after EndNote deduplication, and 
hence we will use Zotero and Rayyan too. 

The reference lists of all included papers, and of systematic reviews 
identified in Table 1 and any more up-to-date publications, will be split, 
and screened by four reviewers. Any eligible papers from these reference 
lists will also be included. The searches will all be rerun prior to sub-
mission to include any papers published between the initial searching, 
and submission for peer review. The full search strategies which will be 
used in each database are documented in full in the supplementary 
material. 

4.2. Eligibility criteria 

The inclusion and exclusion criteria were developed based on PECOS 
framework denoting the Population, Exposure, Comparator, Outcome 
and Study designs of interest, as below. 

Inclusion criteria.  

● The population studied exclusively consists of adults (people aged >
18 years), or analyses adults alone as a subgroup if children are 
included/ reported on as well.  

● A primary study that investigates the effect of long-term (defined as 
an exposure length of ≥ 1 year) exposure to ambient (outdoor) air 
pollution, originating from any source, on the selected health out-
comes, which are diagnosed or assessed clinically (Dementia, 
including subsets such as AD, vascular and mixed dementia; PD; MS; 
MND, including subsets). Information about clinical diagnosis or 
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assessment may come from hospital or clinician reports, medical 
prescriptions, or insurance databases. A self-report of an existing 
clinician diagnosis is also acceptable, but a self-diagnosis is not.  

● The association between the preceding exposure to air pollutant and 
the subsequent health outcome is reported quantitatively. This is 
reported as incidence (or life-time prevalence acceptable only in 
previously healthy/disease-free individuals at baseline in cross- 
sectional studies), as well as risk estimates, which may include 
odds ratio (OR), hazard ratio (HR) or relative risk (RR). The com-
parison is between those who were exposed to more air pollution as 
compared to those exposed to less air pollution, as quantitatively 
described in the risk estimate.  

● The study design is either case-control, cohort, cross-sectional, or 
ecological. Cross sectional studies must have a design adequate to 
answer the research question ‘is there an association between pre-
ceding exposure to air pollution and subsequent risk of the selected 
health outcome reported as incidence or life-time prevalence in 
healthy/disease-free individuals at baseline?’, as discussed in Khreis 
et al. (2017).  

● The primary study is peer reviewed and published in a journal.  
● The study is English language only. 

Exclusion criteria.  

● The population studied is not adult humans /does not include adult 
humans as a subgroup for analysis, or the study is in vitro or in vivo. 
For example, this includes studies of infants exclusively, children 
exclusively, children and adults mixed in the same study sample with 
no information to allow sub-sampling, or non-human studies in mice, 
rats, and cell-cultures.  

● The exposure or/and the outcome(s) were prenatal.  
● The study exclusively investigated exposures other than outdoor air 

pollution, such as studies which exclusively investigated insecticides 
and pesticides, indoor air pollution or cigarette smoking pollution.  

● The study used a proximity model for exposure assessment, which 
does not collect a numerical exposure variable and has higher risk of 
exposure misclassification and residual confounding (Jerrett et al., 
2005; Zou et al., 2009).  

● The health outcome was ascertained by self-diagnosis (i.e., with no 
clinician input).  

● The study is a short-term study (e.g., case-crossover studies, time- 
series studies) or another study design (e.g., case report), including 
all non-epidemiological study designs. 

● The study does not report a quantitative risk estimate for the asso-
ciation between air pollution and the incidence of the disease. Risk 
estimates may include OR, HR, and RR.  

● The study reports on markers or prognosis markers of the health 
outcomes of interest exclusively (and not the health outcome spe-
cifically, as a clinical diagnosis or assessment).  

● The study reports exclusively on exacerbations of these outcomes 
such as hospitalizations due to these outcomes when they pre- 
existed, and not incidence or lifetime prevalence.  

● The study is a literature review, systematic reviews, or meta- 
analyses. Pooled analyses of multiple cohorts will be included and 
dealt with as specified in the “Meta-analysis” section.  

● The study is a conference abstract, thesis, preprint, or not peer 
reviewed/grey literature. 

4.3. Selection process 

We will use the Rayyan software to manage records collaboratively 
and identify any conflicts between reviewers, and reasons for exclusion. 
This will be the case for both title and abstract screening, and full text 
screening. 

Firstly, the title and abstract of each study will be assessed for 
adherence to the eligibility criteria. Screening will be undertaken 

independently by two reviewers, with four reviewers covering the entire 
set of potential studies (i.e., two reviewers independently screening half 
of the potential studies and another two reviewers independently 
screening the other half of the potential studies). When there is conflict 
among reviewers at the title and abstract screening stage, the study will 
undergo full text screening. Secondly, in the same manner, the set of 
studies that passed the title and abstract screening, or where conflicts 
arose at the title and abstract screening, will undergo full text screening. 
Any conflict between the independent reviewers at the full text 
screening stage will be resolved by a fifth reviewer. 

At each stage, the reason for exclusion will be recorded systemati-
cally, according to the inclusion criteria that was not met or meeting the 
exclusion criteria. This will be done by using a drop-down menu in 
Rayyan, which contains abbreviated (in a manner that is agreed upon 
between reviewers for consistency) exclusion criteria that can be 
selected. The exclusion criteria in the Rayyan software are: “foreign 
language”, “wrong population”, “wrong outcome”, “wrong study 
design”, “background article”, “wrong publication type”, and the 
following which we added to the built-in list: “wrong exposure”. The 
exclusion criteria and abbreviated terms in Rayyan are shown in 
Table S3. The list of studies excluded at the title and abstract and the full 
text screening stages, alongside the reason for exclusion will be pre-
sented in the supplementary material. The number of studies selected for 
inclusion and excluded at each screening stage will also be recorded and 
presented in the form of a PRISMA Flow Diagram. The selection process 
was piloted using 250 titles and abstracts, which were independently 
screened by four reviewers (CB, KWF, LH, MS), with conflicts resolved 
by a fifth reviewer (HK). 

4.4. Data extraction 

Secondly, data extraction will be undertaken. In a similar manner to 
screening, for each study this will be done independently by two re-
viewers, with four reviewers covering all the selected studies. Any 
conflicts will be resolved by a fifth reviewer. The full text of each 
included study will manually be analyzed and data for a predetermined 
set of fields, outlined in the supplementary materials (“Data extraction 
fields”), will be extracted. A note about whether co-variates were 
adjusted for at the individual or area level will be included next to each 
co-variate. This will be recorded in a Microsoft Excel database. If a 
primary study assessed more than one health outcome (e.g., dementia 
and PD), there will be a separate data entry row for each health outcome 
and a column for all the other data items. Similarly, if a primary study 
assessed more than one pollutant, there will be a separate data entry for 
each pollutant. We considered summer-time or warm-season O3 as a 
separate pollutant from year-long O3 for the purpose of data extraction. 

The Excel database was piloted using five studies, with five authors 
participating (CB, KWF, LH, MS, HK). 

If a data item is not specified in a study, or there is uncertainty about 
the data, a request will be made for this by email to the study’s corre-
sponding author. In the case where we do not receive a response, we will 
send another email one week after the initial contact, and failing that, 
four weeks after the initial contact. If there is no suitable response four 
weeks after the final contact, that data field for that study will be 
recorded as N/A (not available), alongside the reason. 

4.5. Risk of bias assessment 

Risk of bias assessment for each included study will be done inde-
pendently by two reviewers, with four reviewers covering all the 
selected studies. Any conflicts will be resolved by a fifth reviewer. The 
risk of bias will be assessed at the outcome level (i.e., if an included 
study assessed dementia and PD, we would assess the risk of bias twice 
for dementia and PD, each time in a separate row). 

We will use the Office of Health Assessment and Translation (OHAT) 
tool to assess for risk of bias (RoB) for each included study (internal 
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validity), with potential modifications after piloting is completed. OHAT 
is a well-known RoB tool available for observational studies and in-
cludes 11 questions which span over the 6 domains of selection, con-
founding, attrition/exclusion bias, detection, selective reporting and 
other. These questions, in their original form, are shown in Table 2, with 
added notes for the assessors’ consideration to aid in this inherently 
subjective task. Note that we excluded the following 4 questions origi-
nally in the OHAT tool, as these are related to Experimental Animal and 
Human Controlled Trials as indicated in the tool, and are not applicable 
to observational epidemiological studies: “Was administered dose or 
exposure level adequately randomized?”; “Was allocation to study 
groups adequately concealed?”; “Were experimental conditions iden-
tical across study groups?”; “Were the research personnel and human 
subjects blinded to the study group during the study?”. For each ques-
tion in the OHAT tool, one of four answers/judgements will be selected 
following OHAT instruction (OHAT, 2015), and any more up-to-date 
version at the time of RoB assessment:  

o Definitely low risk of bias: There is direct evidence of low risk-of-bias 
practices.  

o Probably low risk of bias: There is indirect evidence of low risk-of- 
bias practices OR it is deemed that deviations from low risk-of-bias 
practices for these criteria during the study would not appreciably 
bias results, including consideration of direction and magnitude of 
bias.  

o Probably high risk of bias: There is indirect evidence of high risk-of- 
bias practices OR there is insufficient information (e.g., not reported 
or “NR”) provided about relevant risk-of-bias practices.  

o Definitely high risk of bias: There is direct evidence of high risk-of- 
bias practices. 

For each answer, a justification will be added as a separate text field 
which will include a description of the design, conduct or observations 
that underlie the judgement. This information will be recorded in a 
Microsoft Excel database. The RoB assessment is undergoing a pilot of 
five studies, with five authors participating, and will be adapted if any 
issues arise, before commencing with the actual review. We will visually 
present a summary of the results using the Cochrane’s Review Manager 
software (RevMan version 5.4.1 September 2020), Risk-of-bias VISual-
ization (robvis) (McGuinness and Higgins, 2020), or Microsoft Excel. We 
will produce a risk of bias graph, illustrating the proportion of studies 
with each of the judgements, and a risk of bias summary, presenting all 
the judgements in a cross-tabulation of study by entry. 

4.6. Meta-analysis 

Meta-analysis will be conducted according to the below description 
and criteria. Data extraction for the meta-analysis will be conducted in a 
Microsoft Excel database, which will undergo a pilot of five studies. In 
this pilot, two authors will independently participate to extract 
exposure-outcome pairs, harmonize adjusted and unadjusted effect es-
timates and their 95 % CI per prespecified exposure intervals (defined in 
“Exposure harmonization”), select effect estimates when multiple esti-
mates are reported in the same study or when there is potential for 
double counting across the included studies, using an a priori procedure 
(defined in “Selecting effect estimates and data extraction from included 
studies”). We will then conduct the linear random effects meta-analysis 
and assessment of the shape of the ERF, as described next. This process 
will be adapted if issues arise, before commencing with the actual 
review. 

4.6.1. Minimum number of studies required for meta-analysis and choice of 
model 

When four or more independent studies reporting on an exposure- 
outcome pair are available, we will meta-analyze the associations be-
tween long-term exposure to ambient air pollution and the risk of the 

outcomes, separately by pollutant and outcome combinations (e.g., 
PM2.5 and AD, PM2.5 and PD, PM2.5 and MS, PM2.5 and MND, NO2 and 
AD, NO2 and PD, etc.). For each included study, the exposure-outcome 
pairs will be checked and extracted from the included primary studies 
independently by two reviewers, with four reviewers covering all the 
selected studies. Any conflicts will be resolved by a fifth reviewer. We 
will use random-effects meta-analysis, for effect estimates per a 
continuous unit of exposure. Random effects models account for the 
heterogeneity between the studies that is not due to chance or sampling 
error, in addition to accounting for within study variability. We will 
specifically investigate the feasibility of conducting a supplementary 
meta-analysis for the subtypes of dementia, namely: AD, vascular de-
mentia, and mixed or unspecified dementia, if four or more independent 
exposure-outcome pairs are available. 

Exposure harmonization. 
The adjusted and unadjusted effect estimates, and their 95 % CI as 

extracted from the included studies, will be standardized to a fixed air 
pollution concentration increment before being inputted into two 
separate meta-analyses (adjusted and unadjusted). We will use the WHO 
air quality guideline values from 2021 as the concentration increment 
for standardization per pollutant, which are:  

o 10 μg/m3 for NO2  
o 5 μg/m3 for PM2.5  
o 15 μg/m3 for PM10 

For pollutants where no annual WHO guideline value exists such as 
CO, NOx, O3, PM2.5-10, PM2.5absorbance, black carbon, and SO2, we will 
calculate new concentration increments to approximately equal to 10 % 
of the maximum concentrations encountered in any of the included 
studies, consistent with previous methods (Khreis et al., 2017). 

4.6.2. Selecting effect estimates and data extraction from included studies 
To ensure no study is double counted in the meta-analysis, several 

selection criteria will be applied across publications when they use the 
same population, conduct pooled analysis of multiple cohorts, publica-
tions with populations overlap, and when more than one risk estimate 
per pollutant (exposure-outcome pair) is reported in a single study. For 
each included study, the exposure-outcome pairs that go into the meta- 
analysis will be checked independently by two reviewers, with four re-
viewers covering all the selected studies. Any conflicts will be resolved 
by a fifth reviewer. 

Where multiple publications used the same population within the 
same age group, only the most recent publication (which should have 
the longest follow-up) will be included. If the most recent publication 
does not have the longest follow-up period, we will include the publi-
cation with the longest follow-up. In the case of studies reporting pooled 
analysis of multiple cohorts, when data from a specific cohort was not 
included in a more recent publication (which may have included the 
other cohorts), only the specific cohort’s missing data will be pulled out 
from the older pooled analysis/publication for inclusion in the meta- 
analysis. Where there is a significant overlap between study pop-
ulations of the same age range, only the largest study population will be 
included. Finally, for studies reporting only stratified results (e.g., by sex 
or ethnicity), we will combine stratum-specific effect estimates into 
overall population estimates using fixed-effect meta-analysis before 
entering the resulting pooled estimate in our meta-analysis. 

Where more than one risk estimate per pollutant (exposure-outcome 
pair) is reported in one study, we will select for inclusion the risk esti-
mates that:  

(1) Related to the longest or most cumulative exposure window 
during the follow-up period with the assumption that this is the 
most relevant biological window. 
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(2) Was most inclusive in capturing the outcome over the follow-up 
(e.g., incidence over 10 years versus 5 years) or that which 
emerged from the most recent follow-up.  

(3) Related to the most definitive or objective outcome definition (e. 
g., a clinician’s diagnosis versus a self-report of a clinician’s 
diagnosis).  

(4) Related to models including single pollutants.  
(5) Related to the total population in the wider geographical area 

rather than regional or sub-geographical estimates.  
(6) Was estimated using the exposure model with the highest spatial 

resolution (e.g., land use regression model versus fixed site 
estimates).  

(7) Related to the most restrictive analysis model (e.g., including 
adjustment for lifestyle factors such as smoking, alcohol con-
sumption, diet, and physical activity, indoor environmental fac-
tors, versus not), if we judge the adjustment as appropriate. 
Whether the adjustment is appropriate will be determined 
through our risk of bias assessment (e.g., not adjusting for co- 
morbidities on the pathway between air pollution and the 
selected outcomes). This is particularly relevant for neurode-
generative diseases as there is evidence that diseases such as 
stroke, heart failure, and ischemic heart disease, can be inter-
mediate conditions and/or effects modifiers and explain a sig-
nificant proportion of air pollution-related dementia cases 
(Grande et al., 2020). Diabetes and depression may also be in-
termediate conditions and/or effect modifiers. Adjustments for 
these factors may be inappropriate and will be assessed and 

documented in due time. If adjusted effect estimates are only 
available from models which include these morbidities, we will 
include these estimates in the meta-analysis but will conduct a 
sensitivity analysis to describe the impact of removing them. 

We made these decisions with the aim of selecting the most cumu-
lative exposure estimates and pooling effect estimates that are most alike 
(single versus multi-pollutant models); conservative (most restrictive 
analysis model) and reliable (most objective outcome definition and the 
exposure model with higher spatial resolution). 

We will also conduct a meta-analysis using unadjusted risk estimates 
(exposure-outcome pairs) when four or more independent studies 
reporting on the same unadjusted exposure-outcome pairs are available. 
This analysis will be conducted separately by pollutant and outcome, 
and applying criteria 1 to 6 above, where applicable. Such analysis may 
give insight into the effects of (residual) confounding and the interpre-
tation of the meta-analysis results and any observed effects. Finally, 
when three or more independent studies using the same multi-pollutant 
models are available, we will conduct separate multi-pollutants meta- 
analyses using the criteria outlined above. We anticipate that fewer 
studies will report multi-pollutant analyses compared to single-pollutant 
analysis and hence we relaxed the requirement from four to three in-
dependent studies. 

4.6.3. Software and assessment of heterogeneity and publication bias 
The meta-analysis will be conducted in the most up-to-date version 

of R (R Foundation for Statistical Computing, Vienna, Austria. URL: 

Table 2 
Risk of bias assessment questions and notes.  

Domain Question(s) 

Selection bias 1. “Did selection of study participants result in appropriate comparison groups?” 
Factors to consider: Was selection of exposed and non-exposed participants or cases and controls drawn from the same population, and is the case-control 
selection unrelated to exposure? Were the baseline characteristics of factors related to the outcome measures of interest similar between groups aside from 
the exposures (and outcomes for case control studies)? Are there any substantial issues with the cohort formation? Is the sample different than the general 
population, and if so, how? 

Confounding bias 2. “Did the study design or analysis account for important confounding and modifying variables?” 
Factors to consider: Check that adjustment for confounders or effect modifiers is not different by exposure, outcome, or study groups. Think about whether 
we can be confident in the assessment of the presence or absence of prognostic factors, and the ways confounding and modifying variables have been 
measured. Check if confounding and modifying variables were assessed consistently across groups. Has the adjustment been conducted at the individual or 
area level? Are there regional or urban/rural differences which should have been considered? Check if any inappropriate adjustment has been conducted 
including for potential mediating health conditions. 

Attrition/exclusion 
bias 

3. “Were outcome data complete without attrition (non-response, drop-out or loss to follow-up) or exclusion from analysis (due to any reason, e.g., missing 
exposure, confounders, outcome information etc.)?” 
Factors to consider: What is the difference between subjects who were retained in the study and those who discontinued their participation, lost to follow up 
or with unavailable records? Is there a selection bias due to subjects discontinuing their participation? Is the missing data related to exposure or outcome? 
Have outliers been identified and what statistical procedures have been used to deal with them? Note to check for correlates of attrition and if the authors 
imputed missing data using proper methods or demonstrated that reasons for missing data and subjects are unlikely to be related to bias. 

Detection bias 4. “Can we be confident in the exposure assessment and characterization?” 
Factors to consider: Check if the exposure assessment method is appropriate (valid, reliable, sensitive, specific) for the exposure of interest and if the 
exposure was assessed at a consistent time point (under the same timeframe) and consistently across study groups. Check for exposure contrast or 
variability and if the exposure assessment method has high spatial resolution. Note how missing air pollution and exposure data was handled. Look out for 
this specifically in studies that used monitored air pollution data from fixed-site monitoring locations. 
5. “Can we be confident in the outcome assessment and ascertainment?” 
Factors to consider: Check if the outcome assessment method is appropriate (valid, reliable, sensitive, specific) for the outcome of interest and if the 
outcome was assessed at a consistent time point (under the same timeframe) and consistently across study groups. Check if the outcome assessors were 
blinded to study group or exposure level when the outcome is assessed. Check the objectivity of the outcome assessment. A self-report of a clinician’s 
diagnosis is subject to recall bias, resulting in looser definitions. Also, a subject’s knowledge of their own exposure levels would represent an increased risk 
of bias for self-reported outcomes relative to clinically measured outcomes without the subject’s input. Hospital records may underestimate the true burden, 
as not all patients require hospital contact. Medication records may overestimate the burden. The impact of claims and insurance records is unknown. 
Hybrid or combined two or more types of methods (e.g., a combination of prescription and hospitalization registries) may be better. Clinician diagnosis vary 
by region and health/social care provision. Generally, the nature of care and recording, and awareness vary across time and countries. Record the 
instruments used for the case detection where applicable (e.g., ICD or Diagnostic and Statistical Manual of Mental Disorders (DSM)). Comment on whether 
we can be confident that the outcome of interest was not present at baseline/start of study. 

Selective reporting 
bias 

6. “Were all measured outcomes and associations reported?” 
Factors to consider: Selective reporting is present if pre-specified outcomes are not reported or incompletely reported. Note that this may be partly assessed 
by comparing the “methods” and “results” section of the paper and to check if partial reporting is conducted, e.g., only stratified analysis results, and by 
considering outcomes measured in the context of knowledge in the field. Check against the study protocol, if available. 

Other bias 7. “Were there no other potential threats to internal validity (e.g., statistical methods were appropriate, researchers documented and adhered to the study 
protocol where reported a priori, conflicts of interest and funding sources reported)?"  
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https://www.R-project.org/) using packages such as “meta”, “dmetar”, 
and “metafor”, to be selected in due time. 

The natural logarithm of each effect estimate, and its CI or standard 
error (SE) will be extracted, calculated, and entered into the analysis. 
Using the inverse variance method, each standardized effect estimate 
will be weighted by the study’s inverse variance of the effect estimate (i. 
e., 1 over the square of its SE) and adjusting its SE to incorporate a 
measure of the extent of heterogeneity across studies in the random- 
effects models (Deeks et al., 2019). Between-study heterogeneity can 
be estimated using different estimators including the Der Simonian and 
Laird (DSL) estimator which is the simplest and most frequently used 
method. We will use the DSL method to enable reproducibility. How-
ever, in sensitivity analysis, we will also use the Restricted Maximum 
Likelihood estimator (REML) due to limitations in DSL of potential bias 
with small number of studies and if heterogeneity is high (Langan et al., 
2019). We will compare the estimates of heterogeneity from both 
methods (DSL versus REML). For assessing heterogeneity, the value and 
P-value from the Chi-square test of heterogeneity will be used in addi-
tion to the I2 statistic for quantifying inconsistency across studies (Deeks 
et al., 2019). We will visually examine publication bias with funnel plots 
using SE as the measure of study size in cases of ten or more studies 
(Sterne and Egger, 2001). We will also conduct the Egger’s linear 
regression test to estimate the potential publication bias in cases of ten 
or more studies (Egger et al., 1997). P-values will be two tailed and P 
value<0.05 will be considered as statistically significant, except in the 
case of the Chi-square test of heterogeneity, where the P value will be set 
at 0.1 because of the low power of the test to detect heterogeneity 
(OHAT, 2019). 

4.6.4. Sensitivity analysis 
We will run the following sensitivity analyses: (1) excluding the 

study with the largest weight (smallest SE), (2) excluding the studies 
with a high risk of bias, which are defined as studies with at least one 
domain with a “definitely high risk of bias” rating, (3) running the 
analysis separately for studies with “Definitely low risk of bias” and 
“Probably low risk of bias” combined, versus “Probably high risk of bias” 
and “Definitely high risk of bias” combined, (4) running the analysis by 
study design (separately with cohort, case-control, cross-sectional and 
ecological studies when three or more independent studies reporting an 
exposure-outcome pair are available), and (5) excluding studies that rely 
on patient self-report of clinical diagnosis for outcome assessment, 
where the potential of reporting error is higher compared to adminis-
trative medical (e.g., hospital) record (Baker et al., 2004; Okura et al., 
2004; Stoye and Zaranko, 2020). 

4.6.5. Subgroup analysis 
To investigate possible sources of heterogeneity, we will perform 

subgroup analyses in pre-defined subgroups: geographical location 
(North America, Central and Latin America, Africa, Western Europe, 
Central and Eastern Europe, Middle East, South and South-East Asia, 
Central and Eastern Asia, and Oceana), sex (male, female), age (mean 
age ≤ 65 years old or > 65 years old), ethnicity (Caucasian, Black or 
Caribbean or African, Asian, others as identified in due time), exposure 
assessment method (fixed sites measurements, local measurements, 
satellite measurements or remote sensing, interpolation/geostatistical 
models, chemical transport or dispersion models, land-use regression 
models, hybrid model, others as identified in due time), outcome defi-
nition and ascertainment (physician diagnosis, self-report of a physician 
diagnosis, administrative medical records including hospital report and 
insurance claims/documents). 

4.7. Assessing the shape of the ERF 

When four or more independent studies reporting on an exposure- 
outcome pair are available, and these estimates are reported by expo-
sure category or at specified points across the exposure range, we will 

assess the shape of this pollutant’s EFR using a flexible procedure such as 
cubic splines. 

First, for each included study which reports an exposure-outcome 
pair at different exposure categories (e.g., HRs at the 2nd, 3rd, and 
4th quartile, as compared to the 1st (reference) NO2 quartile, as shown 
in Jo et al., 2021), we will extract these effects estimates and their 95 % 
CI, from the primary studies following criteria reported in “Selecting 
effect estimates and data extraction from included studies” above. We 
will assume that the effect estimate is related to the midpoint of that 
exposure category, which is assumed to be representative, and accord-
ingly come up with an exposure-outcome pair. Only studies reporting 
effect estimates for at least 3 exposure categories will be included in this 
analysis. Studies reporting<3 exposure categories (not including the 
reference category) will not be included in this analysis. Some studies 
may have open-ended categories: e.g., studies may report an exposure 
category of > a certain value in the highest exposure category (e.g., ≥
75th percentile), and report an exposure category of < a certain value in 
the lowest exposure category (e.g., < 25th percentile). In this case, we 
will find the maximum and minimum pollutants levels as reported in 
those studies, respectively, and calculate a midpoint by constructing a 
new category (e.g., the midpoint between the 75th percentile and the 
maximum reported pollutant concentration). 

Second, we will extract effect estimates from studies which report a 
positive ERF through fitting a non-linear curve through exposure- 
outcome pairs across the exposure range. For example, we will extract 
the mean HR and the corresponding exposure level (concentration) from 
a study which uses a penalized spline curve to estimate the relationship 
between exposure and dementia incidence, in addition to the 95 % CI (e. 
g., Shi et al., 2021). If these exposure-outcome pairs are only reported 
graphically (e.g., in the form of a non-linear ERF figure), and the nu-
merical exposure-outcome pairs are not included in the text, tables, or 
data files of the paper or its supplementary materials, we will send a 
request for the exposure-outcome pairs and their 95 % CI, by email, to 
the study’s corresponding author. In the case where we do not receive a 
response, we will send another email one week after the initial contact, 
and failing that, four weeks after the initial contact. If there is no suitable 
response four weeks after the final contact, that data field for that study 
will be recorded as N/A (not available) and will not be included in this 
analysis. We will then plot the exposure-outcome pairs, separately by 
pollutant and outcome, and fit e.g., cubic splines through the data. All 
analysis will be conducted in the most-up-to-date version of R (R 
Foundation for Statistical Computing, Vienna, Austria. URL: 
https://www.R-project.org/) using packages which will be specified in 
due time. 

Exposure-outcome pairs will be checked and extracted from the 
primary studies independently by two reviewers, and a third reviewer 
will resolve any conflicts or discrepancies. 

This analysis is underlined by many simplifying assumptions, and we 
intend to conduct it as an exploratory exercise to assess its feasibility and 
highlight the limits of what can be achieved with the published data, and 
the needs for future research. 

4.8. Certainty of evidence assessment 

We will rate the confidence in the body of evidence using the OHAT 
approach for systematic review and evidence integration for literature- 
based health assessments (OHAT, 2019). The OHAT method is based on 
the Grading of Recommendations Assessment, Development and Eval-
uation (GRADE) Working Group guidelines (GRADE, 2014). The OHAT 
method uses four descriptors to indicate the level of confidence in the 
separate bodies of evidence of “High confidence”, “Moderate confi-
dence”, “Low confidence” and “Very low confidence” (Rooney et al., 
2014). The method provides guidance on how to rate studies, including 
grouping studies based on the number of features they exhibit, and then 
giving each grouping an initial confidence rating that reflects the pres-
ence or absence of key study design features: “controlled exposure”, 
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“exposure prior to outcome”, “individual outcome data”, and “com-
parison group used”. The first key feature, “controlled exposure,” re-
flects the ability of experimental human and animal studies to randomly 
allocate the exposure and therefore eliminate to a large degree con-
founding factors. On the other hand, observational studies do not have 
controlled exposure. They are, therefore, differentiated by the presence 
or absence of the three remaining design features, and when they have 
all three features like in the case of prospective cohort studies, they 
receive an initial rating of “Moderate Confidence”. The initial rating of 
each group of studies is downgraded for factors that decrease confidence 
and upgraded for factors that increase confidence, resulting in a final 
confidence rating. Factors which decrease confidence are risk of bias, 
unexplained inconsistency, indirectness, imprecision, and publication 
bias. Factors which increase confidence are large magnitude of effect, 
exposure–response gradient, consistency, and consideration of residual 
confounding or other factors that increase the confidence in the body of 
evidence. 

We will follow the OHAT instruction (OHAT, 2019) in determining 
the above and the assessment will be conducted by two reviewers, with 
any conflicts resolved by a third reviewer. 
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