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Contribution of Remote Sensing Air Pollution and 
Greenness to Stroke Subtype Occurrence and Risk 
John T. Braggio 

Diablo Analytical Institute, 1922 Tice Valley Boulevard, P.O. Box 2700, Walnut Creek, CA 94595-8777, USA; 
johntbs@msn.com; Tel.: + 1- (510) 520-5149 

Abstract 

Remote sensing (RS) air pollution and greenness investigations provide new information about the 
risk factors and physiologic mechanisms that change stroke subtype occurrence and risk. Five 
electronic literature databases (PubMed, Scopus, Embase, Web of Science, Google Scholar) were 
searched to identify 99 unique published research studies that used RS to evaluate the contribution 
of ambient air pollution and greenness to four stroke subtypes (cerebrovascular, stroke, ischemic, 
hemorrhagic). Agreement between ambient aerosol optical depth (AOD)-PM2.5 concentration level 
values and ambient PM2.5 air monitor measurements was 75.1% (95% CI=72.0-%-78.2%). Record 
analyses demonstrated the significant contribution of higher ambient AOD-air pollution 
concentration level values to increased stroke subtype occurrence and risk, but significant protection 
was rendered by increased RS greenness spatial coverage to decreased stroke subtype occurrence 
and risk. Environmental risk factors were significantly associated with each stroke subtype. There 
were significant differences between the eight risk factors and stroke subtype combinations. Single 
and multiple physiologic mechanisms of immune, inflammation, oxidative stress, and other sources 
were uniquely associated with individual and multiple stroke subtypes. Literature review findings 
were used to develop a descriptive-explanatory stroke subtype physiologic mechanism model. The 
model can assist in the development and implementation of population-based stroke subtype 
intervention programs.  

Keywords: remote sensing; ambient air pollution; greenness; risk factors; stroke subtypes; 
physiologic mechanisms; population-based intervention  
 

1. Introduction 

In less than two decades, RS has continued to increase our understanding of the contribution of 
elevated ambient AOD-air pollution concentration level values to higher stroke subtype occurrence 
and risk [1–4]. An important objective of using RS technology is to acquire, statistically process and 
use ambient AOD-particulate matter and ambient AOD-gas concentration level values that 
accurately estimate on-the-ground ambient air monitor measurements [2]. Many ambient AOD-air 
pollution and stroke subtype publications have described analytical methods that have 
independently verified concentration level values for coarse (PM10), fine (PM2.5), ultrafine (PM1) 
particulates, and Ozone (O3), nitric dioxide (NO2), sulfur dioxide (SO2) and other gaseous pollutants 
with a spatial resolution of 10 km2 or less, a temporal window of one hour, and accuracy that can, at 
times, exceed 90%, when compared to on-the-ground ambient monitor measurements [5–11]. 
Geographic information system (GIS) software is used to geocode each study participants’ residential 
addresses and then assign an ambient AOD-air pollution concentration level value to the geocoded 
residential address [2,4,12,13]. Multi-year retrospective and prospective cohort studies, and other 
study designs, have been used to assess the contribution of ambient AOD-air pollutants and risk 
factors to stroke subtype morbidity and mortality prevalence or incidence occurrence and risk [13]. 
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Published studies have identified diverse risk factors that can change the aversiveness of ambient 
AOD-air pollutant concentration level values on stroke subtype occurrence and risk [1–3,7–9]. 

Other research publications have utilized RS to evaluate the contribution of greenness, as a 
protective risk factor, to stroke subtype occurrence and risk [14–16]. RS greenness quantifies the 
spatial extent and location of living vegetation anywhere on the earth’s surface during daytime hours 
[14,16]. Instruments onboard orbiting satellites measure light absorbed or reflected by chlorophyl in 
living vegetation [14]. RS greenness is evaluated by using the normalized different vegetation index 
(NDVI) or the enhanced vegetation index (EVI) [14,17]. EVI and NDVI values vary between 0-1, with 
higher values representing increased living vegetation density [14,17]. Another interesting and 
potentially relevant finding for population-based stroke subtype intervention programs is the inverse 
association between higher EVI and NDVI values on the earth’s surface and decreased stroke subtype 
occurrence and risk [14,17].  

The aversive contribution of ambient AOD-air pollutants and the protective contribution of RS 
greenness to stroke subtype occurrence and risk can be changed by the ecologic setting [15,18,19]. 
The ecologic setting includes all variables within the study participant’s environment that can directly 
or indirectly modify the environmental exposure-health outcome relationship [15,18,19]. Identified 
ecologic setting attributes include population density (urban vs. rural), economic resources 
(economically developing vs. economically developed countries, individual), ambient temperature 
(warm-cold season differences), ambient air pollution sources (vehicles, industrial, agricultural, 
natural), ambient AOD-air pollution exposure duration (days to years) and RS greenness (EVI, NDVI) 
[15–22]. The ecologic setting can be viewed as a complex, but analyzable, effect modifier of the 
contribution of the adverse effects of higher ambient AOD-air pollution concentration level values 
and the protective effects of higher RS EVI and NDVI values on stroke subtype occurrence and risk 
[23].  

To systematically analyze, evaluate and synthesize the information contained in the identified 
research publications this literature review utilized the quantitative-qualitative literature review 
approach that was previously used to evaluate the contribution of ambient AOD-air pollutants to 
cardiovascular chronic diseases and AOD-air pollutants and RS EVI and NDVI values to respiratory 
chronic diseases such as asthma [23,24]. This approach involves using descriptive and inferential 
statistical analyses to quantify relationships between previously identified independent-outcome 
variables that may contribute to or modify the relationship between higher ambient AOD-air 
pollution concentration level values and higher RS EVI and NDVI values to higher or lower stroke 
subtype occurrence and risk, respectively. The identified subset of statistically significant variables 
forms the basis for increasing our understanding of the environmental exposure-health outcome 
associations, developing physiologic mechanism models, and using the synthesized scientific 
knowledge to decrease chronic disease morbidity and mortality occurrence and risk.  

By implementing the electronic literature review search strategy described in this study, 99 
unique research publications and 19 review articles were identified. This author did not find one 
published review article that evaluated the contribution of ambient AOD-air pollutants and RS EVI 
and NDVI analytical procedures to stroke subtype occurrence and risk. There were literature reviews 
on the contribution of on-the-ground ambient air monitor measurements to stroke subtype 
occurrence and risk only, and other review articles that included both ambient AOD-air pollution 
and ambient air pollution monitor measurements but did not evaluate differences between these two 
methods on stroke subtype occurrence and risk [1,2,13,25–37]. Therefore, this is the first quantitative-
qualitative literature review of the world’s scientific literature on the contribution of ambient AOD-
air pollution concentration level values and RS EVI and NDVI values to stroke subtype occurrence 
and risk. 

The main objective of this literature review was to summarize quantitatively-qualitatively, for 
the first time, the results of research studies that evaluated the adverse effects of ambient AOD-air 
pollution concentration level values and the protective effects of RS EVI and NDVI values to four 
stroke subtypes: cerebrovascular (CRV), stroke (STK), hemorrhagic (HEM) and ischemic (ISC). 
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Specific research questions were developed to focus on the quantitative-qualitative analysis of the 
methods and results in the identified 99 unique research publications: 1) Over time, have the total 
number of ambient AOD-air pollution and RS EVI and NDVI stroke subtype publications increased? 
2) Does ambient AOD-air pollution contribute to increased stroke subtype occurrence and risk? 3) Is 
the RS EVI and NDVI contribution to stroke subtype occurrence and risk protective? 4) Are there risk 
factor differences between stroke subtypes? 5) Did the identified research publications use different 
physiologic mechanisms to describe and explain the aversive contribution of ambient AOD-air 
pollution and the protective contribution of RS EVI and NDVI to stroke subtype occurrence and risk? 
6) Is it possible to develop a descriptive-explanatory stroke subtype physiologic mechanism model? 
7) Does the model contribute to the development and implementation of population-based stroke 
subtype intervention programs?  

2. Methods 

This section describes how the reviewed research publications were identified and how the 
retrieved publications and publication-extracted records were analyzed by utilizing descriptive and 
inferential statistical tests [38–40]. Four subsections describe how this electronic literature search (and 
all other sources) task and the data analysis task were accomplished. Each subsection describes each 
phase in greater detail. The first subsection describes the electronic literature search strategy by 
identifying the search terms and how they were combined together by utilizing the logical operators 
of “or” and “AND”. The second subsection describes the implementation of the same electronic 
literature search strategy in each of the five electronic literature databases and all other sources. The 
third subsection describes the analysis of the identified research publications and publication-
extracted records. The fourth subsection describes the results of the implemented literature search 
strategies for each of the five electronic literature databases and all other sources and how two or 
more electronic literature databases identified the same publications. 

2.1. Development of the Literature Search Strategy 

The aim of this literature review was to identify published research articles that evaluated the 
contribution of RS air pollution and greenness to stroke subtype occurrence and risk [23,24]. More 
specific information on the electronic literature database search strategy is in Table S1. The search 
strategy used search term subgroups. The first subgroup identified “RS” articles by utilizing search 
phrases for “remote sensing”, and “satellite” with the “OR” logical operator. The second subgroup 
identified “air pollution” articles by using the search phrases and abbreviations that included “air 
pollution”, “particulate matter”, “PM”, “coarse PM”, “PM10”, “fine PM”, “PM2.5”, ‘ultrafine PM”, 
“PM1”, “ozone”, “O3”, nitrogen dioxide, “NO2”, “sulfur dioxide”, “SO2”, “carbon dioxide”, “CO2”, 
“carbon monoxide”, and “CO”. The “OR” logical operator was also utilized to include all of the listed 
search terms in the “air pollution” subgroup. The third subgroup identified RS greenness research 
publications by utilizing “greenness”, “normative difference vegetation index”, “NDVI” “enhanced 
vegetation index”, and “EVI”. The various search terms in the “greenness” subgroup were included 
in the same search strategy by using the “OR” logical operator. The fourth subgroup identified the 
“stroke subtypes” by utilizing the terms for “cerebrovascular”, “hemorrhagic”, “ischemic”, and 
“stroke”. The four stroke subtype identifiers were also combined by using the “OR” logical operator.  

The logical operator “AND” was used to combine the first “RS” subgroup and the second “air 
pollution” subgroup described above into the “RS air pollution” group. The “RS greenness” group 
was formed by combing the first (RS) subgroup and third (greenness) subgroup by also utilizing the 
“AND” logical operator.  

In the last step of this electronic literature search strategy was to form two hierarchical groups, 
one for “RS air pollution and stroke subtype” and the other for “RS greenness and stroke subtype”. 
The “RS air pollution and stroke subtype” hierarchical group was formed by combining the “RS air 
pollution” group with the “stroke subtype” group by using the “AND” logical operator. The “RS 
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greenness and stroke subtype” hierarchical group was formed by combing the “RS greenness” group 
with the “stroke subtype” group by utilizing the “AND” logical operator. 

2.2. Implementation of the Literature Search Strategy  

As was previously mentioned above, the five electronic literature databases were searched to 
identify the published research articles. There were differences in the implementation of the same 
literature search strategy with five of the electronic literature databases (PubMed Database, PMD; 
Embase, EB; Scopus, SC; Web of Science, WoS; Google Scholar, GS). For SC, EB and WoS, the same 
literature search terms were used to search the title, the abstract, and the keyword fields. Each of 
these three proprietary electronic literature databases also included suggested database-specific 
search terms and phrases, which were also used. With PMD, only the title and abstract search fields 
were utilized. The GS search options were limited in comparison to PMD, EB, SC, and WoS. GS 
searches were restricted to the use of two different subgroup search terms that were combined with 
the logical operator “AND”. Also, GS has fewer available options to evaluate the retrieved research 
publications than were available with PMD, EB, SC, and WoS. Interestingly, GS retrieved one unique 
research publication that was not identified by the other four electronic literature databases – PMD, 
EB, SC, and WoS, and all other sources, OTH. Another unexpected outcome was that GS retrieved all 
99 of the selected research publications when the title of each previously identified research 
publication was entered in the search field. GS retrieved research publication sources included each 
Journal’s URL, and the PMD URL, but not any of the URLs of the three proprietary electronic 
literature databases, EB, SC, and WoS.  

2.3. Analysis of Publications and Publication-Extracted Records  

Prior to the analysis of the identified research publications and publication-extracted records, 
the author developed a data analysis strategy that included which variables should be extracted from 
each of the identified research publications. The variable list was based on the research questions that 
were included at the end of the Introduction. The next step involved developing a data dictionary. 
Once the data dictionary was developed, a dedicated electronic literature database was assembled. 
The Excel database included variables, both independent and outcome, in columns and unique 
research publications and publication-extracted records in rows. All analyses were completed by 
utilizing SAS software [38–40]. SAS Studio, the online version, was used to undertake all analyses 
[38]. Descriptive statistical analyses involved computing cell totals (percentages) for categorical 
variables, means and associated 95% Confidence Intervals (95% CIs) for continuous variables [38,39]. 
Inferential statistical analyses of categorical variables were accomplished by using the Chi-Square 
test when the expected cell totals were at least 5 [39]. When expected cell totals were <5 the Monte 
Carlo Estimate for the Exact Test was used as an equivalent replacement for the Chi-Square test 
[39,40].  

2.4. Identified Research and Review Articles  

Figure 1 displays, in descending order, the effectiveness of each of the five electronic literature 
databases and all other sources in identifying the final total of 99 research publications that met all of 
the inclusion criteria. For each electronic literature database and all other sources, Figure 1 includes 
the number (percent) for the final total of reviewed research publications: PMD, 95 (95.96%); SC 65 
(65.66%); EB 56 (56.57%); WoS 13 (13.13%); and OTH 3 (3.03%). GS found one (1.01%) unique research 
publication which was not identified by PMD, EB, SC, WoS, and OTH sources.  
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Figure 1. Total identified and final research publications discovered by the five electronic literature databases, 
and all other sources: PMD, PubMed Database; SC, Scopus; EB, Embase; WoS, Web of Science; GS, Google 
Scholar; OTH, all other sources. In addition, 19 review articles were also identified. 

The secondary objective was to also identify review articles that were relevant to this literature 
review. The sixth electronic literature database, Cochrane Database of Systematic Reviews (CSR), was 
searched using the search terms of “remote sensing”, “air pollution”, “greenness”, and “stroke” to 
identify “remote sensing air pollution and stroke” and “RS greenness and stroke” review 
publications. No literature review publication was identified after searching the CSR electronic 
literature database. The other five electronic literature databases identified 19 review articles. 
However, no review article included an analysis of either RS air pollution and stroke subtype or RS 
greenness and stroke subtype. Some of the review articles cited RS air pollution or AOD-air pollution 
and stroke subtype research publications, but did not evaluate differences by air pollution source, 
i.e., similarities and differences between on-the-ground ambient air monitor measurements and 
stroke subtype results versus ambient AOD-air pollution concentration level values and stroke 
subtype results, as was previously mentioned above [1,2,35]. The 19 review articles retrieved were 
not included in Figure 1 but are mentioned in the Figure 1 caption.  

Figure 2 visually displays differences between the 99 research articles identified by the five electronic 
literature databases and OTH source. Figure 2A shows, in descending order, total research articles 
identified (TOT), stratified by RS type, air pollution (AP) and greenness (GRN). All five electronic 
literature databases and other sources identified more RS air pollution research publications than RS 
greenness research publications. Panel B displays the results for total publication-extracted records 
because each research publication contributed one or more records. As expected, based on the results in 
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panel A for total research publications, there were more RS AP records than RS GRN records for each of 
the five electronic literature databases and OTH sources. Panel C illustrates the effectiveness of the five 
electronic literature databases and OTH sources in identifying all four stroke subtypes (TOT), and each 
stroke subtype (CRV, STK, ISC, HEM). There were differences between the five electronic literature 
databases and OTH sources on the number of stroke subtype records identified. PMD and SC identified 
more STK and ISC stroke subtype records and fewer CRV stroke subtype records. PMD also identified 
more HEM stroke than CRV stroke subtype records. EB identified more ISC stroke subtype records and 
fewer CRV stroke, STK, and HEM stroke records. WoS identified more STK subtype records than CRV 
stroke, ISC stroke and HEM stroke subtype records. Tables S2 and S3 contain inferential statistical analysis 
results of the descriptive statistical analysis results included in Figures 1 and 2 above. Additional 
information about the implemented electronic literature database search strategy, analysis of the 
publications and publication-extracted records, and the results are in the Electronic Literature Search 
Summary supplementary file.  

 

 

 
Figure 2. Total research publications and publication-extracted records by electronic literature databases (PMD, 
PubMed; SC, Scopus; EB, Embase; WoS, Web of Science; GS, Google Scholar; OTH, all other publication sources) 
are displayed in the three Figure 2 panels. Panel A includes total publications by publication type (TOT, total; 
AP, air pollution; GRN, greenness). Panel B displays total records by publication type. Panel C shows total 
records by stroke subtype (CRV, cerebrovascular; STK, stroke; ISC, ischemic; HEM, hemorrhagic). 
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3.0. Results 

These quantitative-qualitative electronic literature review findings will be presented in different 
sections. The primary objective will be to identify unique differences among the four stroke subtypes 
based on prior exposure to RS AP (AOD-air pollutants) and GRN (EVI, NDVI). Once stroke subgroup 
occurrence and risk factors have been identified and described, the next step will involve the 
development of a descriptive and explanatory stroke subtype physiologic mechanism model and the 
utilization of the model, with additional guidelines, in the design and implementation of population-
based public health stroke subtype intervention programs [1,14,41,42].  

3.1. Publication and Record Variable Attributes  

This quantitative-qualitative electronic literature review identified 99 unique research 
publications and generated 343 publication-extracted records. Each publication contributed, on 
average, 3.46 records, with a minimum and a maximum of 1-21 records per unique research 
publication. Table 1 summarizes the publication and record differences by selected independent 
variables and associated outcome variables. The 99  

unique research publications included a total of 7,555,646 stroke subtype study participants. Between 
2019-2025 there were significantly more unique publications published (n=74, 74.75%) than were 
published between 2012-2018 (n=25, 25.25%). There were significantly more RS AP publications (n=88, 
88.89%) than there were RS GRN publications (n=11, 11.11%). Most of the studies were completed in China 
(n=47, 47.47%); the United States accounted for the second-highest publication total (n=16, 16.16%); 
publications including multiple countries represented the third-highest total (n=9, 9.09%). There were 
significant differences among stroke subtype records: STK had the highest number of records (n=111, 
32.36%), ISC stroke had the second highest (n=102, 29.74%), HEM stroke had the third highest (n=83, 
24.20%), and CRV stroke had the fewest (n=47, 13.70%). With regards to record format, 73 (73.74%) of the 
research publications analyzed individual records, and 20 (20.20%) assessed concentration-response 
function (CRF) relationships between RS AP (ambient AOD-air pollution) and stroke subtype occurrence 
and risk. Significantly more publications utilized incidence (n=60, 60.61%) than prevalence (n=28, 28.28%) 
as an epidemiologic surveillance method. Significantly more publications utilized a cohort research 
design (Prospective: n=34, 34.34%; Retrospective: n=11, 11.11%) than another type of research design such 
as the case crossover (n=14, 14.14%) or cross sectional (n=8, 8.08%). Nineteen (19.19%) of the publications 
completed studies that were designed to evaluate a proposed hypothesis – the Physiologic Mechanism 
(PM) variable in the Introduction, and the remaining 80 (80.81%) did not assess a specific testable 
hypothesis – explanatory vs. descriptive study types, respectively. Significantly more publications utilized 
ambient AOD-air pollution as the method to evaluate RS air pollution (n=82, 82.83%) than some other 
method (n=16, 16.16%). Significantly more publications included ambient air monitors (n=79, 85.87%) than 
the number of publications that did not utilize ambient air monitors (n=11, 11.96%). Significantly more 
publications used address geocoding (n=40, 40.40%) than another method to identify the location of the 
residences of the study participants. With regards to environmental exposure duration, there were 
significantly more publications with one or more years (n=67, 67.68%) than less than one year (n=32, 
32.32%). For all records, significantly higher outcomes (n=205, 59.77%) occurred most often, with 
significantly lower outcomes (n=28, 8.16%) occurring less often than the not significant outcomes (n=82, 
23.91%).  

Table 1. Research publications and Publication-Extracted Records by Study Variables. 

Variables 

Publications1 Records1 

N (%) or Mean (95% 
CI)2 

N (%) or Mean (95% 
CI)2 

Research Publications or Extracted Records 99 (100.00) 343 (100.00) 
Stroke Participant Totals 7,555,646 26,513,512 
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Age Mean (95% CI)2  62.21 (59.02-66.39) 42.8 (39.4-46.2) 
Publication Year Category   

 2012-2018 25 (25.25)b 20 (5.83)b 
 2019-2025 74 (74.75) 323 (94.17) 

Remote Sensing    
 Air Pollution 88 (88.89)b 315 (93.75)b 

 Greenness 11 (11.11) 21 (6.25) 
Publication Year by Remote Sensing   

 2012-2018 Greenness 3 (3.03) 3 (0.87) 
 2012-2018 Air Pollution 22 (22.22) 37 (10.79) 

 2019-2025 Greenness 8 (8.08) 17 (4.96) 
 2019-2025 Air Pollution  66 (66.67) 286 (83.38) 

Country    
 China 47 (47.47)b 240 (69.97)b 

 United States 16 (16.16) 38 (11.08) 
 2+ 9 (9.09) 13 (3.79) 

 Canada 5 (5.05) 10 (2.92) 
 Indonesia 5 (5.05) 5 (1.46) 

 Israel 3 (3.03) 9 (2.62) 
 Italy 2 (2.02) 6 (1.75) 

 Mexico 2 (2.02) 6 (1.75) 
 Australia 1 (1.01) 3 (0.87) 
 Belgium 1 (1.01) 1 (0.29) 

 Brazil 1 (1.01) 1 (0.29) 
 Iran 1 (1.01) 1 (0.29) 

 Malysia 1 (1.01) 2 (0.58) 
 Peru 1 (1.01) 1 (0.29) 

 Republic of Korea 1 (1.01) 2 (0.58) 
 Saudi Arabia 1 (1.01) 2 (0.58) 

 Spain 1 (1.01) 1(0.29) 
 Thailand 1 (1.01) 2 (0.58) 

Stroke Subtype   
 Cerebrovascular 22 (22.22)b 47 (13.70)b 

 Stroke 47 (47.47) 111 (32.36) 
 Ischemic 23 (23.23) 102 (29.74) 

 Hemorrhagic 7 (7.07) 83 (24.20) 
Record Format   

 One 73 (73.74)b 292 (85.13)b 

 2+ 5 (5.05) 15 (4.37) 
Concentration-Response Function 20 (20.20) 35 (10.20) 

 Z 1 (1.01) 1 (0.29) 
ICD   

 Nine 11 (11.11)b 29 (8.45)b 

 Ten 43 (43.43) 224 (65.31) 
 Both 6 (6.06) 17 (4.96) 
 Other 19 (19.19) 40 (11.66) 

 Z 20 (20.20) 33 (9.62) 
Surveillance Type   

 Prevalence 28 (28.28)b 87 (25.36)b 

 Incidence 60 (60.61) 241 (70.26) 
 Both 1 (1.01) 1 (0.29) 
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 Other 8 (8.08) 12 (3.50) 
 Z 2 (2.02) 2 (0.58) 

Outcome   
 Morbidity 46 (46.46)b 159 (46.36)b 

 Mortality 45 (45.45) 162 (47.23) 
 Both 8 (8.08) 22 (6.41) 

Design   
 Case Control 2 (2.02)b 3 (0.87)b 

 Case Crossover 14 (14.14) 93 (27.11) 
Concentration Response Function 18 (18.18) 27 (7.87) 

 Cross Sectional 8 (8.08) 17 (4.96) 
 Other 3 (3.03) 3 (0.87) 
 Panel 1 (1.01) 8 (2.33) 

 Prospective Cohort 34 (34.34) 120 (34.99) 
 Retrospective Cohort 11 (11.11) 55 (16.03) 

 Time Series 8 (8.08) 17 (4.96) 
Physiologic Mechanism in Introduction   

 No 80 (80.81)b 263 (76.68)b 

 Yes 19 (19.19) 80 (23.32) 
Aerosol Optical Depth   

 No 16 (16.16)b 32 (9.33)b 

 Yes 82 (82.83) 310 (90.38) 
 Z 1 (1.01) 1 (0.29) 

Monitor   
 No 11 (11.96)b 22 (7.42)b 

 Yes 79 (85.87) 285 (91.94) 
 Z 2 (2.17) 2 (0.65) 

Geocode   
 Address 40 (40.40)6 207 (60.35)b 

 Block Group 1 (1.01) 1 (0.29) 
 Census Block 2 (2.02) 9 (2.68) 
 Census Tract 3 (3.03) 4 (1.17) 

 Zip Code 11 (11.11) 20 (5.83) 
 Neighborhood 6 (6.06) 15 (4.37) 

 City 9 (9.09) 28 (8.16) 
 County 6 (6.06) 21 (6.12) 

 State 3 (3.03) 4 (1.17) 
 Country 6 (6.06) 16 (4.66) 

 World region 3 (3.03) 4 (1.17) 
 Other 5 (5.05) 7 (2.08) 

 Z 6 (6.06) 6 (1.75) 
Remote Sensing Air Pollution and Greenness    

 <1 Year 32 (32.32)b 140 (44.82)b 

 ≥1 Year 67 (67.68) 203 (59.18) 
Remote Sensing Air Pollution and Greenness    

 <1 Year Greenness 2 (2.02) 3 (0.87)a 

 <1 Year Air Pollution 30 (30.30) 137 (39.94) 
 1+ Years Greenness 9 (9.09) 17 (4.96) 

 1+ Years Air Pollution 58 (58.59) 186 (54.23) 
Outcome   

 Not significant 15 (15.15)b 82 (23.91)b 
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 Significantly higher 54 (54.55) 205 (59.77) 
 Significantly lower 10 (10.10) 28 (8.16) 

 Other 3 (3.03) 3 (0.87) 
 Z 17 (17.17) 25 (7.29) 

1Categorical variable differences for research publications and publication-extracted records were statistically 
evaluated by using the Chi-Square test if the expected cell total was ≥5 or the Monte Carlo Estimate of the Exact 
Test if the expected cell total was <5. Significance for the Chi-Square test (a=p≤0.05, b=p≤0.01) or the Monte Carlo 
Estimate of the Exact Test (a=p≤0.05, b=p≤0.01). 295% CI, 95% Confidence Interval. 

3.2. Ambient AOD-Air Pollutant and RS Greenness Values and Accuracy Estimates 

Table 2 summarizes publication-extracted record means and 95% CIs for the six ambient AOD- 
pollutants (with at least 10 records) and the two RS greenness analytical methods, EVI and NDVI. 
The mean ambient AOD-PM2.5 concentration level value was based on 165 (57.29%) records, the 
highest record total than any other ambient AOD-air pollutant. The ambient AOD-PM2.5 mean (95% 
CI) concentration level value was 32.8 (29.2-36.4) µg/m3. The mean (95% CI) accuracy estimate, 
computed as the percent of the square of the correlation coefficient (r2%) , was 75.1% (72.0%-78.2%). 
This r2% concordance statistic represents the percentage of the shared variance between the ambient 
AOD-PM2.5 concentration level values and the on-the-ground ambient PM2.5 monitor measurements. 
The mean ambient AOD-PM2.5 concentration level value is significantly higher than the US 
Environmental Protection Agency (US EPA) primary mean standard of 9.0 µg/m3 and the secondary 
mean standard of 15.0 µg/m3, because it includes ambient AOD-PM2.5 concentration level values from 
both economically developed countries such as the US and economically developing countries such 
as China. Recall that China contributed more ambient AOD-air pollution studies than the US, another 
country or 2+ countries. With fewer records (n=35, 12.15%), the ambient AOD-PM10 concentration 
level value mean (95% CI) of 68.1 (59.6-76.7) µg/m3, did not exceed the US EPA three-year PM10 mean 
standard of 150 µg/m3. Notice that the mean (95% CI) AOD-PM10 concordance statistic was 
significantly higher than the AOD-PM2.5 r2% value, which was 84.7% (82.1%-87.3%), because the AOD-
PM10 r2% of 84.7% mean exceeded the AOD-PM2.5 r2% concordance 95% upper limit r2% value of 78.2% . 
Unlike the ambient AOD-air pollutants included in Table 2, the two RS greenness analytical methods 
did not provide the computed r2% statistic or another concordance statistic, which represents 
agreement between the reported RS EVI or NDVI values and on-the-ground measurements of the 
spatial coverage extent of living vegetation on the earth’s surface. However, some RS GRN 
publications utilized study-specific analytical procedures to quantify the agreement between the RS 
EVI and NDVI values and the extent of spatial coverage of living vegetation in the study area 
[22,43,44].  

Table 2. Descriptive Statistics for Ambient AOD-Air Pollutants And Remote Sensing Greenness (EVI, NDVI) 
Records. 

Variable1 N2 (%) 
Exposure3 Accuracy (r2%)4 

Mean 95% CI5 Mean 95% CI4 

AOD-PM10 35 (12.15) 68.1 59.6-76.7 84.7 82.1-87.3 
AOD-PM2.5 165 (57.29) 32.8 29.2-36.4 75.1 72.0-78.2 
AOD-PM1 17 (5.90) 29.6 24.2-34.9 82.2 79.2-85.1 
AOD-O3 20 (6.94) 89.3 78.4-100.3 86.7 85.9-87.5 

AOD-NO2 24 (8.33) 29.6 25.5-33.8 78.6 75.6-81.6 
AOD-SO2 10 (3.47) 23.3 18.1-28.4 83.2 79.0-87.4 

EVI 2 (0.69) 0.3 . . . 
NDVI 15 (5.21) 0.4 0.3-0.5 . . 

1Variable acronyms: AOD, aerosol optical depth; AOD-PM10, coarse particulate matter; AOD-PM2.5, fine 
particulate matter; AOD-PM1, ultrafine particulate matter; AOD-O3, ozone; AOD-NO2, nitric dioxide; AOD-SO2, 
sulfur dioxide; EVI, enhanced vegetation index; NDVI, normalized difference vegetation index. With the 
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exception of RS greenness records, only AOD-air pollutants with at least 10 publication-extracted records were 
included in the Table. 2Total observations, 288. 3Exposure unit of measurement is µg/m3 for all ambient AOD-air 
pollutants. The EVI and NDVI variables were quantified using a unitless ordinal scale with minimum-maximum 
values of 0-1. Higher EVI or NDVI values represent more chlorophyl in living vegetation on the earth’s surface. 
4Accuracy was evaluated by using the square of the correlation percent, r2%. Higher r2% values represent more 
agreement between ambient AOD-air pollutant concentration level values and on-the-ground ambient monitor 
measurements. 595% CI, 95% Confidence Interval. 

3.3. Concentration-Response Functions and Stroke Subtype Prevalence and Incidence Worldwide 

The Global Burden of Disease (GBD) program and other programs that have the same or similar 
objectives utilize ambient AOD-air pollution technology to estimate the contribution of ambient air 
pollution values to different chronic diseases and other health outcomes including stroke subtypes 
[45–50]. Because indoor air pollution can also contribute to numerous chronic diseases and other 
health outcomes as well as to stroke subtype prevalence and incidence morbidity and mortality, the 
GBD program utilizes structured questionnaires to evaluate indoor pollution sources, such the use 
of solid fuel for meal preparation and indoor heat [45,46]. Some worldwide ambient AOD-air 
pollution concentration level values are computed by utilizing Bayesian statistical procedures which 
combine different ambient air pollution sources that can include ambient AOD satellite estimates, on-
the-ground ambient monitor measurements, ambient air pollution point sources, incomplete 
combustion from personal and commercial vehicles, ecologic attributes, and weather variables, 
among others [50,51]. These ambient AOD-air pollution estimates are available for ambient 
particulates and ambient gases at spatial resolutions of 11 km2 at the equator [50,51]. Investigators 
worldwide have access to the ambient and indoor air pollution concentration level values as well as 
chronic disease and other health outcome data [45–49]. Researchers in economically developing and 
economically developed countries can utilize the pre-computed ambient AOD-air pollution 
concentration level values with the GBD chronic disease and health outcome multi-country data or 
country-specific chronic disease or health outcome data with previously developed CRFs to 
statistically estimate the contribution of ambient AOD-air pollution sources to stroke subtype 
occurrence and risk [47,48,52–70].  

Because of the increase in the number of publications that have utilized GBD chronic diseases 
and other health outcome data and CRF products, especially within the last decade, a table summary 
was included in this electronic literature review because it represents another new development in 
the use of pre-processed, easily accessible and easily usable data sources that can be utilized to 
evaluate the contribution of ambient AOD-air pollution to multiple chronic diseases such as stroke 
subtypes. The results of these GBD and other similar research publications are summarized in Table 
3 by AREA (country, first column). RS (ambient AOD-air pollutant), TYPE (stroke subtype), CRF 
(concentration-response function type and source), and a summary of study results (OUTCOMES). 
For multiple countries, in 2019 there 1,332,000 stroke deaths, as shown in the first row. Between 1990-
2013 in the Republic of Korea (KR) there were 5,382 ISC stroke and 3,452 HEM stroke deaths. In Saudi 
Arabia (SA) stroke deaths increased from 554 in 1990, to 986 in 2010, and 1,056 in 2017. Other entries 
in Table 3 report on the contribution of ambient AOD-air pollution to stroke deaths, STK.  

Table 3. Stroke Subtype Morbidity and Mortality Estimates Reported in Published Studies that Used Ambient 
AOD-Air Pollution Concentration Response Functions. 

 
AREA1  

 
RS2 Type3 CRF4  Outcomes 

2+ [47] AOD-PM2.5 STK, ISC GBD 
In 2019 there were 1.14 million  

incident STK deaths, which included 516,000 ISC 
stroke deaths. 

2+ [52] AOD-PM2.5 CRV GBD In 2015 there were 898,100 CRV deaths. 
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2+ [53]  
AOD-O3, AOD-

PM2.5 

 
STK 

 
RR In 2019 there were 1, 332,000 STK deaths. 

2+ [48] AOD-PM2.5 STK GBD In 2019 there were 1.14 million STK deaths. 

2+ [54] AOD-PM2.5 STK ERF 
In South-Southeast Asia, between 1999-2014, there 

were 556,400 premature STK deaths per year. 

2+ [55] AOD-PM2.5 STK ERF 
Between 2000-2018 STK deaths increased in the 

world by 0.67% per year, and 2.78% Southeast Asia 
(>4% in 2000-2006). 

2+ [56] AOD-PM2.5 STK GBD  

Between 2000-2018, STK death percentages were 
highest in Asia (40.2%, n=909,000/2,261,000), 

intermediate in Africa (31.8%, n=54,000/170,000), and 
lowest in Europe (30.9%, n= 120,000/ 388,000).  

CN [57] AOD-PM2.5 STK GBD 
Between 2003-2018, in central China STK mortality 

decreased from 143,000 to 103,000. 

CN [58] AOD-SO2 CRV RF-STKR 
Between May 2014 and May 2015 there were 2,188 

avoidable premature CRV stroke deaths. 

CN [59] AOD-PM2.5 STK GBD 
Premature STK deaths increased from 589,000 in 

2004 and to 761,000 in 2012. 

CN [60] AOD-PM2.5 STK GEM  
Between 2005-2017 there were 580,000 premature 
STK deaths, representing 36% of all PM2.5 deaths.  

CN [61] AOD-PM2.5 STK GBD  
STK age-standardized disability-adjusted life year 

rates were 3.99 in 1995-2001, -1.31 in 2001-2004 and -
1.98 in 2012-219. 

CN [62] AOD-PM2.5 STK GBD 
In this county-level 2010 study there were 670,906 

STK deaths; this total represents 52.90% of all PM2.5 

impacted premature deaths. 

IN [63] AOD-PM2.5 STK NLP There were 88,700 premature STK deaths. 

IN [64,65] AOD-PM2.5 STK GBD 
Between 2001-2015, in Veranasi, there were 1,000 

premature STK deaths per year. 

IN [65] AOD-PM2.5 STK GBD 
Between 2018-2019, in central India (Madhya 

Pradesh) there were 37,468 STK deaths. 

KR [66] AOD-PM2.5 HEM, ISC GBD 
Between 1990-2013 there were 5,382 ISC stroke and 

3,452 HEM stroke deaths. 

MA [67] AOD-PM2.5 STK RR 
There were 1,329 STK deaths in 2,000, 1,062 in 2008, 

and 2,745 in 2013. 

SA [68] AOD-PM2.5 STK GBD 
STK deaths increased from 554 in 1990, to 986 in 

2010, and then to 1,056 in 2017.  

US [69] AOD-PM2.5 STK RR 
In 2000-2015 there were 10 STK deaths in 

Washington, DC. 

US [70] 
 

AOD-PM2.5 

 

STK GBD  
Between 2010-2018 there were approximately 7,500 

STK deaths per year, with higher totals among Black 
persons and lower totals among White persons. 

1Area acronyms: 2+, two or more countries; CN, China; IN, India; KR, Republic of Korea; US, United States. The 
research publication reference number is to the right of the country acronym. 2RS acronyms: RS, remote sensing; 
AOD, aerosol optical depth; AOD-O3, ozone; AOD-PM2.5, PM≤2.5 µg/m3, fine particulate matter; AOD-SO2, sulfur 
dioxide. 3Type acronyms, stroke subtype: CRV, cerebrovascular; HEM, hemorrhagic; ISC, ischemic; STK, stroke. 
4CRF, concentration response function: ERF, exposure-response function; GBD, Global Burden of Disease; NLP, 
non-linear power law; RF-STKR, random forest-spatiotemporal kriging; RR, relative risk. 
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3.4. Significant Differences by Variable Outcomes 

One advantage of the quantitative-qualitative analysis of ambient AOD-pollution and stroke 
subtype publication results is the use of inferential statistical tests to objectively define qualitative 
outcomes, such as non-significant differences, significantly higher adverse outcomes due to ambient 
AOD-air pollution, and significantly lower protective outcomes resulting from RS greenness 
exposure, EVI and NDVI. Table 4 presents these three statistical outcomes by selected grouping 
variables included in the results of the reviewed research publications [71–122]. Cell entries include 
total records, and the associated percentage in parentheses. Stroke Subtype was the first variable 
evaluated in Table 4. The Stroke Subtype by Outcome categorical analysis was significant. For the 
Stroke Subtype variable, the totals (percentages) for the significantly Higher Outcome category 
exceeded the totals (percentages) for the significantly Lower Outcome category and the totals 
(percentages) for the Not Significant (NS) Outcome category. While the Geocoding Specificity 
assessment was also significantly higher with 125 (54.59%) records geocoded to the study 
participants’ home address, the Spatial Resolution variable (<10 km2 vs. ≥10 km2) was not significant. 
There were other significant differences among the Outcome variable and the different ambient AOD-
air pollutants. Except for ambient AOD-PM2.5-10, all other ambient AOD-air pollutant particulates and 
ambient AOD-O3 had higher totals and percentages in the significantly higher Outcome category 
than in the other two Outcome categories, with ambient AOD-PM2.5 contributing the highest number 
and percentage of records (n=88, 38.43%) to the significantly higher Outcome category compared to 
the other ambient AOD-particulate pollutants and ambient AOD-O3. The other significant outcome 
was for AOD-Air Pollutant Accuracy, which was assessed with the r2% statistic. For all ambient AOD-
air pollutants, there were more total and percent of records in the significantly Higher category than 
the other two categories, with 102 (44.54%) of all records with r2% values that were at least 84.00% 
(44.54%).  

Table 4. Study Variable Differences on the Statistical Significance Outcome for Publication-Extracted Records. 

Variable1 
Outcome2-3  

Higher Lower NS Total 
Stroke Subtypeb     

 Cerebrovascular 24 
(10.48) 

0 
(0.00) 

6 
(2.62) 

30 
(13.10) 

 Stroke  48 
(20.96) 

3 
(1.31) 

10 
(4.37) 

61 
(26.64) 

 Ischemic 65 
(28.38) 

2 
(0.87) 

10 
(4.37) 

77 
(33.62) 

 Hemorrhagic 33 
(14.41) 

8 
(3.49) 

20 
(8.73) 

61 
(26.64) 

Geocoding Specificityb     

 Residential Address 
125 

(54.59) 
4 

(1.75) 
27 

(11.79) 
156 

(68.12) 

 Other 
45 

(19.65) 
9 

(3.93) 
19 

(8.30) 
73 

(31.88) 
Spatial Resolution     

 <10 km2 
92 

(42.20) 
9 

(4.13) 
34 

(15.60) 
135 

(61.93) 

 ≥10 km2 
67 

(30.73) 
4 

(1.83) 
12 

(5.50) 
83 

(38.07) 
Remote Sensing Air Pollutantsb      

 AOD-Black Carbon (BC) 1  
(0.44) 

0 
(0.00) 

0  
(0.00) 

1 
(0.44) 

 AOD-Carbon Monoxide (CO) 5 0 4 9 
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(2.18) (0.00) (1.75) (3.93) 

 AOD-Nitrogen Dioxide (NO2) 
16 

(6.99) 
3 

(1.31) 
4 

(1.75) 
23 

(10.04) 

 AOD-Ozone (O3) 
10 

(4.37) 
5  

(2.18) 
4 

 (1.75) 
19 

(8.30) 

 AOD-Ultrafine PM (PM1) 
15 

(6.55) 
1 

(0.44) 
1 

(0.44) 
17 

(7.42) 

 AOD-Fine PM (PM2.5) 
88 

(38.43) 
1 

(0.44) 
22 

(9.61) 
111 

(48.47) 

 AOD-Intermediate PM (PM2.5-10) 
2 

(0.87) 
0 

(0.00) 
4  

(1.75) 
6 

(2.62) 

 AOD-Coarse PM (PM10) 
28 

(12.23) 
1 

(0.44) 
5 

(2.18) 
34 

(14.85) 

 AOD-Sulfur Dioxide (SO2) 
5 

(2.18) 
2 

(0.87) 
2 

(0.87) 
9  

(3.93) 
AOD-Air Pollution Readings     

 <37.60 µg/m3 
43 

(18.78) 
 

1 
(0.44) 

11 
(4.80) 

55 
(24.02) 

 ≥37.60 µg/m3 
127 

(55.46) 
12 

(5.24) 
35 

(15.28) 
174 

(75.98) 
AOD-Air Pollution Exposure     

 <1 Year 85 
(37.12) 

10 
(4.37) 

29 
(12.66) 

124 
(54.15) 

 1+ Years 85 
(37.12) 

3 
(1.31) 

17 
(7.42) 

105 
(45.85) 

AOD-Air Pollutant Accuracy (r2%)b     

 <84.00% 68 
(29.69) 

1 
(0.44) 

27 
(11.79) 

96 
(41.92) 

 ≥84.00% 102 
(44.54) 

12 
(5.24) 

19 
(8.30) 

133 
(58.08) 

Country     

 Canada 
7 

(3.06) 
0 

(0.00) 
1 

(0.44) 
8 

(3.49) 

 China 
133 

(58.08) 
12 

(5.24) 
34 

(14.85) 
179 

(78.17) 

 Israel 
5 

(2.18) 
1 

(0.44) 
3 

(1.31) 
9 

(3.93) 

 Mexico 
3 

(1.31) 
0 

(0.00) 
3 

(1.31) 
6 

(2.62) 

 United States 
12 

(5.24) 
0 

(0.00) 
2 

(0.87) 
14 

(6.11) 

 Other 
10 

(4.37) 
0 

(0.00) 
3 

(1.31) 
13 

(5.68) 
Publication Year Category     

 2012-2018 
15 

(6.55) 
0 

(0.00) 
7 

(3.06) 
22 

(9.61) 

 2019-2025 
155 

(67.69) 
13 

(5.68) 
39 

(17.03) 
207 

(90.39) 
1Variable acronyms: Remote Sensing Air Pollutants (AOD, aerosol optical depth; PM, particulate matter; 
Ultrafine PM, PM≤1 µg/m3; Fine PM≤2.5 µg/m3; Intermediate PM, PM2.5-10, between PM≤2.5 µg/m3 and PM≤10 
µg/m3; Coarse PM, PM≤10 µg/m3). AOD-Air Pollutant Accuracy (r2%, square of the correlation percent). For all 
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ambient AOD-air pollutants the unit of measurement is µg/m3. 2Significance of Outcome (Higher, significantly 
higher; Lower, significantly lower; NS, not significant). Cell totals include total number of records, with 
percentages in parentheses. 3Statistical outcome was assessed using the Chi-Square test if the expected cell total 
was ≥5, or the Monte Carlo Estimate of the Exact Test if the expected cell total was <5. Significance for the Chi-
Square test (a=p≤0.05, b=p≤0.01) or the Monte Carlo Estimate of the Exact Text (a=p≤0.05, b= p≤0.01). 

3.5. Stroke Subtype and Risk Factors 

The results in Table 5 make it possible to identify specific risk factor differences for each of the 
four stroke subtypes, ISC stroke, STK, HEM stroke, and CRV stroke. There were significant 
differences for each stroke subtype and the eight risk factors listed in the first column of Table 5, with 
all p’s≤0.01. A row analysis of the risk factors revealed that only Environmental, Other and Age were 
statistically significant. The Environmental risk factor included the most records (n=239, 54.92), Age 
had the fewest records (n=57, 9.52%) and the Other record total (n=90, 15.03%) was between these 
two statistically significant risk factors. A column analysis revealed stroke subtype differences. ISC 
stroke had the highest number (percent) of records (n=204, 34.06%), STK had the second highest total 
(n=198, 33.06%), HEM stroke had the third highest total (n=110, 18.36%), and CRV stroke that the 
lowest total (n=87, 14.52%). There were unique Risk Factor patterns for the four Stroke Subtype 
groups: ISC stroke included the highest number of records for the two significant risk factors, 
Environmental (n=122, 20.37%) and Age (n=21, 3.51%), but not for the Other risk factor. STK included 
the highest number of the Other risk factor (n=46, 7.68%), with ISC stroke showing the second-highest 
total (n=23, 3.84%) for the Other risk factor.  

Table 5. Statistical Assessment of Risk Factors by Stroke Subtype. 

Risk 
Factor1 

Stroke Subtype2 
total 

ISCb, b STKb, ab HEMb, a CRVb 

Environmentalb 
122 

(20.37) 
87 

(14.52) 
70 

(11.69) 
50  

(8.35) 
329  

(54.92) 

Otherb 
23 

(3.84) 
46 

(7.68) 
12 

(2.00) 
9 

 (1.50) 
90  

(15.03) 

Agea 
21 

(3.51) 
19  

(3.17) 
8  

(1.34) 
9  

(1.50) 
57  

(9.52) 

Gender 
16 

(2.67) 
15 

(2.50) 
10 

(1.67) 
8  

(1.34) 
49  

(8.18) 

Geographic 
14 

(2.34) 
14 

(2.34) 
9  

(1.50) 
5  

(0.83) 
42  

(7.01) 

Education-Income 
4 

(0.67) 
9 

(1.50) 
1 

(0.17) 
6  

(1.00) 
20  

(3.34) 

Ethnicity 
2 

(0.33) 
6 

(1.00) 
0 

(0.00) 
0  

(0.00) 
8  

(1.34) 

Race 2 
(0.33) 

2  
(0.33) 

0 
(0.00) 

0 
(0.00) 

4  
(0.67) 

Total 
204  

(34.06) 
198  

(33.06) 
110  

(18.36) 
87  

(14.52) 
599 

(100.00) 
1Significant differences for Risk Factors, Stroke Subtype (ISC, ischemic; STK, stroke; HEM, hemorrhagic; CRV, 
cerebrovascular). The Risk Factor by Stroke Subtype Interaction was evaluated using the Chi-Square test if the 
expected cell total was at least 5 or the Monte Carlo Estimate of the Exact Test if the expected cell total was less 
than 5. Statistical significance for the Chi-Square test: a, p≤0.05; b, p≤0.01; Monte Carlo Estimate of the Exact Test, 
same probabilities but with bold font superscript letters. First superscript letter in each stroke subtype column 
identifies significant differences among the eight risk factors. 2The same superscript letter, a or b, to the right of 
the superscript comma identifies the significant difference between each two-stroke subtype comparison, with 
p≤0.05. 
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There were also significant differences between the four stroke subtypes and the eight risk 
factors. The first superscript letter, before the superscript comma in Table 5, next to each stroke 
subtype acronym identifies significant differences for each stroke subtype on the eight risk factors. 
All four stroke subtypes showed significant differences on the eight risk factors with all p’s≤0.01. 
Statistical results are reported using superscript letters to the right of the comma identify differences 
between each stroke subtype compared to every other stroke subtype on the eight risk factors. In this 
study, the presence of the same a-d superscript letter identifies significant differences between two-
stroke subtype comparisons. Notice that STK was significantly different from HEM stroke (because 
of the presence of the same “a” superscript) and ISC stroke (because of the presence of the same “b” 
superscript). All other two-stroke subtype statistical comparisons were not significant with p’s>0.05. 
Interestingly, CRV stroke was not significantly different from STK, with p>0.05. 

3.6. RS Greenness and Stroke Subtype  

Table 6 includes results for the use of RS GRN technology to document decreases in stroke 
subtype mortality outcome and risk. This Table summarizes results for 17 research publications 
completed in eight countries: Australia (n=1), Belgium (n=1), Brazil (n=1), Canada (n=2), China (n=7), 
Spain (=1), Italy (n=1) and the United States (n=3). STK was the most often studied outcome (n=9), 
followed by ISC stroke (n=6), HEM stroke (n=5) and CRV stroke (n=4) [43,44,123–129]. Some 
publications evaluated more than one stroke subtype: a) HEM stroke and ISC stroke in China; b) 
HEM stroke, ISC stroke, and STK in China; c) CRV stroke and STK in Italy. Sixteen of the 17 
publications found significant decreases in the stroke subtype outcome and risk due to increased 
exposure to RS greenness. Only the Belgium (BE) publication [43] reported a non-significant 
difference between higher NDVI greenness values and CRV stroke mortality. Some of these RS 
greenness and stroke subtype studies controlled for confounders that included SES and ambient 
AOD-air pollutants, e.g., the two Canadian studies [18,19].  

Table 6. The Contribution of Higher Remote Sensing Enhanced Vegetation Index Values, Normalized Difference 
Vegetation Index Values and Ambient AOD Air Pollutant Concentration Level Values to Changes in Stroke 
Subtype Occurrence and Risk. 

 
AREA1 

 
RS2 Type3 Outcomes4 

AU [15] 

AOD-PM2.5  
AOD-NO2 

NDVI 

STK 

In an ecologic cross-sectional study of 699 neighborhoods, 
AOD-PM2.5 and AOD-NO2 were positively and significantly 
associated with self-reported STK prevalence, while NDVI 
greenness was negatively and significantly associated with 

STK prevalence. 

BE [43] 

 
NDVI 

 
CRV 

In a prospective study of 23,003 CRV adults at least 30 years 
old, NDVI greenness did not significantly decrease CRV 

mortality. 

BR [16] NDVI CRV 
In an ecologic study of census tracts, study participants 

exposed to fourth quartile NDVI values showed significantly 
lower CRV mortality. 

CA [18] NDVI STK 

In a retrospective cohort study of 89,958 persons, an 
interquartile NDVI increase produced a significant decrease 
in STK incidence, even after controlling for SES and ambient 

air pollution. 

CA [19] NDVI CRV 

In a cohort of 5,955 non-immigrant persons in 30 CA cities, 
higher NDVI values were negatively and significantly 

associated with lower CRV mortality after controlling for 
ambient air pollutants. 
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CN [127] 
AOD-PM2.5 

NDVI 
ISC 

The AOD-PM2.5 produced increase in ISC stroke mortality 
was significant in an area with a lower NDVI value of 0.31, 

but not in an area with a higher NDVI value of 0.57. 

CN [125] 
AOD-PM2.5 
AOD-NO2 

EVI 

HEM 
ISC 

Compared to the first two EVI tertiles, the highest EVI tertile 
significantly decreased the contribution of AOD-PM2.5 and 

AOD-NO2 to increased HEM stroke and ISC stroke mortality 
risk. 

CN [126] 

AOD-PM2.5 

AOD-NO2 

AOD-O3 

AOD-SO2 

AOD-CO 
EVI 

 
HEM 
ISC 
STK 

 

Results from a case-crossover design showed that higher 
neighborhood EVI values significantly decreased AOD-NO2 

risk of first HEM stroke, ISC stroke, and STK.  

CN [44] 

AOD-O3 
EVI 

NDVI 
 

HEM 

AOD-O3 significantly increased HEM stroke mortality only 
during the warm season, but higher NDVI and EVI values 
significantly decreased HEM stroke mortality during the 

warm season and the entire year.  

CN [129] 
AOD-O3 

EVI 
HEM 
ISC 

In urban counties only, higher EVI values significantly 
mitigated the AOD-O3 produced increase in ISC stroke 

mortality but not HEM stroke mortality. 

CN [124] NDVI STK 

In a cross-sectional study, higher movement activity or 
higher NDVI values were negatively and significantly 

associated with 25% and 45% decreased stroke risk, 
respectively.  

CN [21] NDVI 
HEM 
ISC 
STK 

In a prospective study of adults who were 30-79 years old, a 
0.1 increase in the NDVI maximum value was inversely and 
significantly associated with lower STK and ISC stroke risk 

but not HEM stroke risk. 

ES [20] NDVI ISC 
In Barcelona, higher third and fourth quartile NDVI values 

were negatively and significantly associated with lower 
acute ISC stroke hospitalization risk.  

IT [22]  NDVI 
CRV 
STK 

In Rome, 5th NDVI quintile values were negatively and 
significantly associated with lower CRV mortality and STK 

incidence.  

US [123] NDVI STK/TIA 

In a cross-sectional study completed in Miami-Dade County, 
Florida, higher census block NDVI values were negatively 
and significantly associated with decreased STK/TIA risk 

after controlling for SES. 

US [128] GRN MAPS STK 
In Los Angeles, a one interquartile increase in greenspace 
aggregation was associated with a 0.44% decrease in STK 

prevalence. 

US [17] 
EVI 

NDVI 
STK 

The Reasons for Geographic and Racial Differences in Stroke 
cohort study found significant inverse associations between 

higher EVI and NDVI values and lower STK incidence risk in 
the Stroke Belt.  

1AREA acronyms: 2+, two or more; AU, Australia; BE, Belgium; BR, Brazil; CA, Canada; CN, China; ES, Spain; 
IT, Italy; US, United States. The reference number next to the country acronym in the Area column identifies the 
publication. 2RS, remote sensing, acronyms: AOD, aerosol optical depth; EVI, enhanced vegetation index; GRN 
MAPS, greenness maps; NDVI, normalized difference vegetation index; AOD-CO, ambient AOD-carbon 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2026 doi:10.20944/preprints202603.0495.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0495.v1
http://creativecommons.org/licenses/by/4.0/


 18 of 35 

 

monoxide; AOD-NO2, ambient AOD-nitrogen dioxide; AOD-O3, ambient AOD-ozone; AOD-PM2.5, ambient 
AOD-fine particulate matter; AOD-SO2, ambient AOD-sulfur dioxide. 3TYPE acronyms: CRV, cerebrovascular; 
HEM, hemorrhagic; ISC, ischemic; STK, stroke; STK/TIA, stroke/transient ischemic attack. 4OUTCOME acronym: 
SES, social economic status. 

3.7. Physiologic Mechanisms and Stroke Subtypes 

Physiologic mechanisms mentioned in the Introduction and in the Discussion of the reviewed 
research published studies were also evaluated. The results of these analyses for both the 
Introduction and Discussion are included in Table S4 and for the Discussion only in Table 7. The 
results of both analyses are similar except that there were fewer records in the OTH category in Table 
S4 (n=41, 12.20%) than in the OTH category in Table 7 (n=94, 27.98%). Both Tables S4 and Table 7 had 
the same total number of records, n=336 (100.00%). However, while the two tables differed in totals 
(percentages) for each of the eight single and multiple descriptive physiologic mechanism categories, 
they included similar statistical outcomes – the qualitative outcomes that were based on the 
inferential statistical analyses that utilized a statistical test. Because of this latter reason, only the 
results in Table 7 will be described in detail below. 

Table 7. Totals (Percentages) of Single and Multiple Physiologic Mechanisms Included in the Discussion Section 
of Reviewed Research Publications by Stroke Subtype. 

PHYSIOLOGIC 
MECHANISMS1,3 

Stroke Subtype2, 3-4 

CRVb, ab HEMb, ac ISCb, bd STKb, cd Total 

IM 0 (0.00) 5 (1.49) 7 (2.08) 8 (2.38) 20 (5.95) 
IM-IN 2 (0.60) 2 (0.60) 2 (0.60) 1 (0.30) 7 (2.08) 

IM-IN-OS 0 (0.00) 6 (1.79) 6 (1.79) 9 (2.68) 21 (6.25) 
IM-OS 0 (0.00) 3 (0.89) 2 (0.60) 1 (0.30) 6 (1.79) 

INb 6 (1.79) 18 (5.36) 28 (8.33) 13 (3.87) 65 (19.35) 
IN-OSb 11 (3.27) 32 (9.52) 35 (10.42) 32 (9.52) 110 (32.74) 

OS 3 (0.89) 0 (0.00) 4 (1.19) 6 (1.79) 13 (3.87) 
OTHa 24 (7.14) 17 (5.06 17 (5.06) 36 (10.71) 94 (27.98) 

Total 46 (13.69) 83 (24.70) 101 (30.06) 106 (31.55) 336 (100.00) 

1Physiologic mechanism acronyms: IM, immune; IN, inflammation; OS, oxidative stress; OTH, other. 2Stroke 
subtype acronyms: CRV, cerebrovascular; HEM, hemorrhagic; ISC, ischemic; STK, stroke. 3Significance was 
evaluated using the Chi-Square Test if the expected cell count was ≥5 or the Monte Carlo Estimate for the Exact 
Test if the expected cell count was <5. Significance for the Chi-Square test (a, p≤0.05; b, p≤0.01) and the Monte 
Carlo Estimate of the Exact Test (a, p≤0.05; b, p≤0.01). The first superscript letter identifies significant differences 
for each Physiologic Mechanism (row) or Stroke Subtype (column). 4Two-stroke subtype comparisons are 
significantly different from each other at p≤0.05 if they have the same superscript letter to the right of the 
superscript comma. 

There were also significant differences among the single and multiple physiologic mechanisms 
mentioned in the Discussion. In the physiologic mechanism row analyses, only two single (IN, OTH) 
and one multiple (IN-OS) physiologic mechanisms were significantly different among the four stroke 
subtypes, with all p’s≤0.01. Record totals (percents) were highest for IN-OS (n=110, 32.74%), second 
highest for OTH (n=94, 27.98%), and third highest for IN (n=65, 19.35%). The ISC stroke subtype had 
the highest totals (percents) for IN (n=28, 8.33%) and IN-OS (n=35, 10.42%) physiologic mechanisms. 
The STK subtype had the highest total (percent) of the OTH (n=36, 10.71%) physiologic mechanism.  

Each of the four stroke subtypes were significantly different on the single (IM, IN, OS, OTH) and 
multiple (IM-IN, IM-IN-OS, IM-OS, IN-OS) physiologic mechanisms, with all p’s≤0.01. The CRV 
stroke subtype was significantly different from the HEM stroke subtype and the ISC stroke subtype 
on the eight physiologic mechanism categories, with all p’s≤0.05. The STK subtype was also 
significantly different from the HEM stroke subtype and the ISC stroke subtype on the different 
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physiologic mechanism categories, with all p’s≤0.05. However, the CRV stroke versus the STK 
comparison was not significantly different, with p>0.05.  

These results suggest that CRV stroke and STK may resemble each other on the IN (both had 
lower totals and percentages) and the OTH (both had higher totals and percentages) physiologic 
mechanisms but may differ from each other on the IN-OS physiologic mechanism (higher for STK 
and lower for CRV). A similar analysis suggests that ISC stroke and HEM stroke subtypes differ from 
each other (IN lower for HEM and higher for ISC) but resemble each other on the IN-OS (bother 
higher) physiologic mechanisms. Notice the STK had the same total (percent) of 32 (9.52%) for IN-OS 
as did HEM stroke (n=32, 9.52%).  

3.8. Descriptive-Explanatory and Stroke Subtype Physiologic Mechanism Differences 

Content analysis of the Introduction and Discussion of reviewed published research studies on 
the contribution of ambient AOD-particulates, ambient AOD-gases, and RS EVI and NDVI to stroke 
subtype occurrence and risk documented the use of different physiologic mechanisms. The 
physiological mechanisms mentioned were OS, IN, IM, OTH, and two or more combinations of the 
first three, e.g., IN-OS, IM-IN-OS. When these physiologic mechanisms were only mentioned in the 
Discussion, and not in the Introduction of the reviewed published studies, they were used as 
descriptors of the study’s results. That is, the physiologic mechanisms were used to describe post hoc 
the obtained results. Other evaluated research publications mentioned the physiologic mechanisms 
in both the Introduction and in the Discussion and included the use of a study designs that permitted 
the investigators to a priori evaluate physiologic mechanism scientific hypotheses. That is, the new 
information generated by these hypothesis testing study designs explain the results more thoroughly 
than the results themselves may suggest. The distinction between descriptive and explanatory 
physiologic mechanisms is important to applied public health studies and research public health 
studies, respectively. Applied environmental public health studies can utilize descriptive physiologic 
mechanisms to develop and implement population-based stroke subtype intervention programs. 
Research oriented environmental public health studies can use explanatory physiologic mechanisms 
to undertake hypothesis testing investigations that can increase our understanding of the importance 
of physiologic mechanisms in mediating the adverse effect of ambient AOD-air pollutants in the 
increased occurrence of stroke subtype outcome and risk and the protective effects of RS greenness 
to the decreased occurrence of stroke outcome and risk.  

Figure 3 includes the sequential stages that should be considered by a descriptive and 
explanatory stroke subtype physiological mechanism model. Both stroke subtype physiologic 
mechanism models emphasize the importance of the ecologic setting as a contributor to stroke 
subtype occurrence and risk. At a minimum, the ecologic setting includes descriptions of ambient 
AOD-air pollution concentration level values, RS EVI and NDVI spatial coverage extent on the earth’s 
surface, indoor air pollution, and air pollution in the workplace. The possible use of the descriptive 
stroke subtype physiologic mechanism model in applied public health studies is illustrated in Figure 
3A, and the use of the explanatory stroke subtype physiologic mechanism model in research public 
health studies is shown Figure 3B. All eight segments are the same in both panels. The difference is 
in the sequence of the occurrence of the “physiologic mechanism” segment in the two panels. The 
physiologic mechanism segment is last in panel A (descriptive), and first in Panel B (explanatory). 
Because of readability limitations due to the use of minimum font size in Figure 3, it was not possible 
to include all bullet items for each of the eight segments. Additional bullets for each segment, with 
an accompanying detailed description, are in Table S5.  
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Figure 3. Descending descriptive (A) and explanatory (B) stroke subtype physiologic mechanism model stages. 
Acronyms - Stroke Subtypes: CRV, cerebrovascular; STK, stroke; ISC, ischemic; HEM, hemorrhagic; 2+, two or 
more. Physiologic Mechanisms: ROS, reactive oxygen species; OS, oxidative stress; IN, inflammation; IM, 
immune; OTH, other. 

Applied public health studies that have the aim of developing a population-based stroke 
subtype intervention program should first evaluate each of the eight segments in Figure 3A. The first 
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segment identifies Pollutants, the four pollution sources – ambient AOD-air pollution (i.e., ambient 
AOD-particulates and ambient AOD gases), ecologic, occupational and indoor. Once the specific type 
of pollutant is selected, it is then possible to move to the second segment, Exposure Route – mouth, 
nose, olfactory tract, and ingestion. Exposure route(s) should be selected by also considering the 
Stroke Subtype (seventh segment). The third segment lists three organs – lungs, heart and brain. All 
four stroke subtypes involve the brain. The importance of the heart may differ based on stroke 
subtype, such as ischemic stroke vs. hemorrhagic stroke, with blood vessel rupture for the latter stoke 
subtype may be more important because of tachycardia. Because fine particulates can translocate 
lung tissue and enter the circulatory system, IN may contribute to vessel weakness followed by vessel 
rupture (also refer to the fourth segment, Dispersion). Specific pathophysiologic mechanisms are 
enumerated in the fifth segment, Pathophysiology. Atherosclerosis and vessel wall constriction could 
be important contributors to the occurrence of the ISC stroke subtype. Vessel wall weakness (Table 
S5) and vessel wall rupture could be relevant contributors to HEM stroke subtype occurrence and 
risk. The sixth segment illustrates different Risk Factors. The identified risk factors can contribute to 
increased stroke subtype occurrence and risk or can be protective by lowering stroke subtype 
occurrence and risk. Age extremes, lower educational attainment and limited economic resources can 
contribute to increased stroke subtype occurrence and risk. Increases in RS EVI and NDVI values 
(greenness) can mitigate stroke subtype occurrence and risk. Results from this quantitative-
qualitative literature review demonstrated the unique associations between risk factors and stroke 
subtype occurrence and risk. Interestingly, no unique risk factor was identified for CRV stroke. 
Applied public health studies should also consider the inclusion of descriptive Physiologic 
Mechanisms, the last segment in Figure 3A, in the development of population-based stroke subtype 
intervention programs. One reason is to mesh results from applied public health studies with the 
findings reported by research public health studies. Another advantage is to conceptually link results 
from applied public health studies with the findings generated by research public health studies. This 
type of sharing of applied and research findings may contribute to the development of more effective 
population-based stroke subtype intervention programs. 

Research public health studies should also consider the eight segments in Figure 3B, with 
specific bullets for each segment, in the design of investigations that have the objective of advancing 
our current understanding of stroke subtype physiologic mechanisms. The basis for this suggestion 
is that the seven other segments that follow the physiologic mechanism initial segment should be 
considered as comprising a final check on the inclusion of all essential study design variables and 
outcome measures associated with explanatory physiologic mechanisms. Research public health 
studies that aim to increase our understanding of stroke subtype physiologic mechanisms should 
also consider how the new information about explanatory physiologic mechanisms can be utilized 
by their applied public health colleagues who want to develop more effective population-based 
stroke subtype intervention programs.  

3.9. Stroke Subtype Intervention Programs 

Table 8 includes additional suggestions on the development and implementation of population-
based stroke subtype intervention programs. The content of Table 8 is organized into four stages. The 
first one involves the Development Stage. The are eight items to consider in the development of an 
applied population-based stroke subtype invention program. Many of these items were also included 
in Figure 3A. The last two items in the Development Stage are different. They include Resources and 
Objectives. The second stage, Implementation, includes five items. These five items should be 
considered as a final review of issues that may contribute to the implementation of a successful 
population-based stroke subtype intervention program. The three items in the Evaluation Stage 
become important once the population-based stroke subtype intervention program has ended. The 
first item involves the use of descriptive and inferential statistical tests to confirm the stroke subtype 
intervention program’s factually confirmed accomplishments – lowering the occurrence and risk of 
stroke subtype morbidity and mortality occurrence and risk. The second item is a confirmation that 
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the stroke subtype intervention program’s accomplishments are congruent with the results of other 
applied and research results in the published literature. An often overlooked milestone is the 
identification of new findings. It is important to demonstrate the utility of new, and previously 
untested methods, which, hopefully, can contribute to the lowering stroke subtype occurrence and 
risk. Finally, the importance of the Dissemination Stage should not be underestimated. Applied 
public health researchers have a professional obligation to inform study participants and persons 
residing in the study area about the stroke subtype intervention program’s results, and the 
importance of the results to the reduction of stroke subtype occurrence and risk. Another professional 
obligation involves sharing the intervention program’s accomplishments with other scientists by 
making presentations at scientific conferences and publishing the results in scientific journals.  

Table 8. Guidelines for the Development, Implementation, Evaluation and Dissemination Stages of a 
Population-Based Stroke Subtype Intervention Program1. 

Activities Available Options2 

Development Stage   
 Stroke Subtype CRV, HEM, ISC, STK 

 Risk Factors Environmental, Study participant Attributes, OTH 
 Pollutants Ambient AOD-air pollutant, Industrial, or Indoor 

 Constituents Lead, Dust. Soil, OTH  
 Physiologic Mechanisms IM, IN, OS, OTH, 2+  
 Greenness (Protective) EVI, NDVI 

 Resources Public health infrastructure, Health care system 
 Objectives Define outcomes as measurable endpoints 

Implementation Stage  
 Infrastructure Hire and train employees 

 Location Identify intervention catchment area 
 Recruitment Enroll intervention study participants 

 Duration Establish starting and ending dates 
 Subgoals Internal assessment of milestone attainment 

Evaluation Stage  
 Accomplishments Statistically evaluate intervention outcomes 

 Confirmation Agreement with previously reported outcome 
 Unique Outcomes Describe importance of new findings 

Dissemination Stage  
 Study Participants Describe intervention results  

 Study Area Present program results to community members 
 Professionals Conference presentations 

 Scientific Journals Publish results  
1These suggested guidelines should be used with the descriptive stroke subtype physiologic mechanism model, 
shown in Figure 3A. 2Acronyms: Stroke Subtype (CRV, cerebrovascular; HEM, hemorrhagic; ISC, ischemic; STK, 
stroke); Risk Factors (OTH, other); Pollutants (AOD, aerosol optical depth); Physiologic Mechanisms (IM, 
immune; IN, inflammation; OS, oxidative stress; 2+, two or more); Greenness (EVI, enhanced vegetation index; 
NDVI, normalized difference vegetation index). 

4.0. Discussion 

This quantitative-qualitative literature review of the contribution of RS ambient air pollution 
and greenness to stroke subtype occurrence and risk has identified new factual information on the 
accuracy of this expanding satellite-based methodology, risk factors and physiologic mechanisms. 
The r2% mean statistical estimates, which quantify the concordance between an ambient AOD-air 
pollutants concentration level values and on-the-ground ambient monitor measurements, were 75.1% 
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for AOD-PM2.5 and 84.7% for AOD-PM10. Some research publications included in this quantitative-
qualitative literature review reported AOD-PM2.5 r2% statistical values that exceeded 90% [5,6,77,116]. 
Statistical analyses of publication-extracted records showed significant adverse outcomes of ambient 
AOD-PM2.5 and other ambient AOD-pollutants, which included ambient particulates and gases, to 
increased stroke subtype occurrence and risk. The record-level risk factor analysis demonstrated, for 
the first time, the unique association between risk factors and stroke subtype occurrence and risk. 
Environmental, Age and Other (to be identified in subsequent investigations) risk factors contributed 
to each of the four stroke subtypes, with greater contributions of Environmental (n=329 records, 
54.92%) and Age (n=57 records, 9.52%) to ISC stroke and Other risk factors (n=46 records, 7.68%) to 
STK. Analysis of physiologic mechanisms mentioned in the Discussion of the reviewed publications 
identified, also for the first time, unique patterns of single and multiple physiologic mechanisms with 
specific stroke subtypes. IN (n=28 records, 8.33%) and IN-OS (n=35 records, 10.42%) physiological 
mechanisms were most often used to describe ISC stroke while the OTH (n=36 records, 10.71%) 
physiologic mechanism was most often associated with STK. Based on these and other identified 
quantitative-qualitative results it was possible to develop a descriptive and explanatory stroke 
subtype physiologic mechanism model. This model includes ambient AOD-air pollutants and other 
pollution sources occurring within the ecologic setting – the totality of the study participants’ 
residences, workplaces and where leisure activities occur. Another unique contribution of the model 
is its role in contributing to the development and implementation of population-based stroke subtype 
intervention programs. The seven objectives of this quantitative-qualitative literature review were 
presented as scientific questions in the Introduction. Now, each one will be considered in greater 
detail and in separate sections below. Each section’s aim will be to summarize the new information 
that was generated by this quantitative-qualitative literature review which contributes to our 
increased understanding of the four stroke subtypes: cerebrovascular, stroke, ischemic and 
hemorrhagic.  

The purpose of the first scientific question was to statistically evaluate changes in the publication 
year interval of the 99 reviewed research publications that were published between 2012-2025. This 
analysis demonstrated significant increases over time, from 25 (25.25%) in 2012-2018 to 74 (74.75%) 
in 2019-2025. One reason for this significant increase over time could be the scientific community’s 
increased awareness and familiarity with the freely available, preformatted and statistically 
evaluated ambient AOD-air pollution datasets that can include results and other data analysis health 
outcome resources for single and multiple countries. Another literature review of the contribution of 
RS greenness to stroke and ischemic stroke reported that all 27 reviewed publications were published 
between 2008-2023: two before 2013, 12 between 2013-2019 and 13 between 2020-2023 [14].  

The second and third scientific questions concerned whether ambient AOD-air pollution 
exposure adversely and significantly impacted stroke subtype occurrence and risk and if RS 
greenness significantly decreased stroke subtype occurrence and risk. Results summarized in Table 
3 demonstrated significant positive associations between higher ambient AOD-air pollution exposure 
and increased stroke subtype occurrence and risk. The fact that there were significant differences, 
even with methodological heterogeneity among different research publications, suggests that higher 
ambient AOD-air pollution exposure is a robust contributor to increased stroke subtype occurrence 
and risk. In addition, Table 6 results also demonstrated that RS greenness contributed to decreased 
stroke subtype occurrence and risk in 16 of the research publications. The importance of these two 
outcomes is that stroke subtype occurrence and risk mitigation can occur through the concurrent 
reduction in ambient AOD-air pollution concentration level values and by increasing spatial coverage 
of the most appropriate species of living vegetation, particularly trees with larger leaf areas that can 
absorb ambient air pollutants, on the earth’s surface [14,130].  

Differences between risk factors and stroke subtype was the focus of the fourth scientific 
question. Record-level analyses on this topic were included in Table 5. Each of the four stroke 
subtypes was significantly different on the eight risk factors. Among all of the risk factors, STK was 
significantly different from ISC stroke and HEM stroke, but not significantly different from CRV 
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stroke. These results suggest, again for the first time, that STK and CRV stroke occurrence and risk 
may be influenced by similar risk factors, while different combination of risk factors may influence 
ISC stroke and HEM stroke occurrence and risk. Results in Table 7 demonstrated that environmental 
risk factors were mentioned more often than any one of the other seven risk factors, and 
environmental risk factors occurred more often among the four stroke subtypes – ISC stroke, STK, 
HEM stroke and CRV stroke. Another review also identified environmental risk factors – ambient air 
pollutants, ambient temperature, and barometric pressure as important contributors to HEM stroke 
[28]. Environmental exposure to lead, cadmium and arsenic in the ecologic setting also results in 
higher stroke occurrence and risk [32].  

With regards to the fifth scientific question, the individual and multiple combinations of the four 
physiologic mechanisms differ between the four stroke subtypes. Descriptive physiologic 
mechanisms for the four stroke subtypes, as reported in the Discussion of the reviewed research 
publications, are summarized in Table 7. The STK subtype was significantly different from the ISC 
stroke and HEM stroke subtypes but did not differ significantly from the CRV stroke subtype. The 
CRV stroke subtype was also significantly different from HEM stroke and ISC stroke. In addition, 
HEM stroke and ISC stroke were not significantly different from each other on the single and multiple 
physiologic mechanisms of IM, IN, OS and OTH. These results suggest that similar physiologic 
mechanisms may be involved in the occurrence of CRV stroke and STK [27,30,31,33,37]. Table 7 also 
showed that IN-OS occurred with a similar frequency among ISC stroke (n=35 mentions, 10.42%) and 
HEM stroke (n=32, 9.52%). IN occurrence frequency was highest for ISC stroke (n=28 mentions, 
8.33%) and second highest for HEM stroke (n=18 mentions, 5.36%). A recent publication documented 
the presence of cerebral microbleeds in the brains of hypertensive rats who were exposed to real-
world ambient PM2.5 level of 59.2 µg/m3 for one year [131]. Coincidentally, the residents in in the 
Tongzhou District, Beijing, China, were exposed to the same ambient PM2.5 level that was used to 
expose the hypertensive rats who later developed cerebral microbleeds. This publication did not 
mention if the residents in the Tongzhou District, Beijing, China also had a higher prevalence of 
cerebral microbleeds, HEM stroke or another stroke subtype. The proposed mechanisms, based on 
the results of this laboratory study, implicated ambient PM2.5 produced cerebral microbleeds resulting 
from, in part, the presence of reactive oxygen species (ROS), OS and IN. To summarize, these three 
physiologic mechanisms of ROS, OS and IN may also indirectly contribute to the occurrence of 
cerebral microbleeds in residents in the Tongzhou District, Beijing, China, and participate in a 
pathophysiologic processes that begin with the occurrence of internal vascular stress on the interior 
walls of cerebral blood vessels and progresses, over time, to the rupture of the same cerebral blood 
vessels, especially in the presence of hypertension.  

The sixth and seventh scientific questions dealt with the development of a descriptive and 
explanatory stroke subtype physiologic mechanism model and the use of this model in the 
development and implementation of population-based stroke subtype mitigation programs. As was 
shown in Figure 3 and Table S5, procedurally, the two physiologic mechanism models only differ 
from each other on how and when the four single and multiple physiologic mechanisms of ROS, IM, 
IN, OS, and OTH are implemented in the manifestation of a stroke subtype. For the descriptive 
physiologic mechanism model, the four physiologic mechanisms, occurring singly or in combination, 
are used as additional attributes to characterize the obtained results, i.e., post-hoc. Additional 
suggestions on the use of the descriptive stroke subtype physiologic mechanism model in the design 
and implementation of stroke subtype public health intervention programs were included in Table 
8. The explanatory physiologic mechanism model requires that the research study design involves 
the” a priori evaluation of one or more physiologic mechanisms. Another difference between the 
descriptive and explanatory stroke subtype physiologic mechanism models involves the use of the 
descriptive stroke subtype physiologic mechanism model in applied environmental health 
epidemiologic studies, while the explanatory stroke subtype physiologic mechanism model is 
utilized in research environmental health epidemiologic studies. Unlike applied environmental 
health epidemiologic studies that can make unique and important contributions to lowering stroke 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2026 doi:10.20944/preprints202603.0495.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0495.v1
http://creativecommons.org/licenses/by/4.0/


 25 of 35 

 

subtype morbidity and mortality occurrence and risk, research epidemiologic studies can make other 
unique and important contributions by increasing our understanding of existing and new physiologic 
mechanisms that function as mediators between the exposure to the adverse effects of higher ambient 
AOD-air pollution concentration level values and the protective effects of greater RS greenness 
spatial coverage on the earth’s surface on the subsequent occurrence of increased or decreased stroke 
subtype occurrence and risk, respectively [14,30,31].  

An additional unexpected contribution of this literature review was the analytical results that 
described the relative success of the five electronic literature databases in identifying the same 99 
research publications. PMD, SC, EB, WoS and GS differed in their identification of the same unique 
research studies as well as in the identification of the same subset of research studies by two or more 
electronic literature databases. PMD identified the highest total of research studies while GS scholar 
identified one unique publication that was not retrieved by the other four electronic literature 
databases – PMD, SC, EB and WoS.. As an additional assessment of GS’s ability to identify specialized 
RS environmental health publications, the titles of the 99 research studies selected and reviewed were 
entered in the GS search window. Google identified all 99 published research studies through the 
correct reporting of the Journal’s online website and the PMD website, but not the websites of the 
other three proprietary electronic literature databases, SC, EB, and WoS. Limitations in the use of GS 
as a freely accessible Internet resource to find specialized RS environmental public health published 
studies include restrictions in completing abstract and keyword searches. One advantage of the three 
proprietary electronic literature databases is the built-in capability to conduct keyword, title, abstract 
searches, and to offer suggestions on the use of alternative keywords in the electronic literature 
database searches. One limitation shared by all five electronic literature databases is the absence of 
predefined search terms for RS environmental health specialty areas such as AOD-air pollutants, RS 
greenness and stroke subtypes.  

Based on the search results generated by the five electronic literature databases and other 
sources, this is the first literature review to evaluate the contribution of ambient AOD-air pollution 
and RS greenness to stroke subtype occurrence and risk. Another unique contribution of this work is 
the use of the quantitative-qualitative method to evaluate the content of the reviewed research 
publications. Specific attributes included in the Methods and Results sections of the reviewed studies 
were entered as single and multiple records in a dedicated Excel literature database file, and the 
entered information was subsequently statistically evaluated by utilizing SAS software [23,24]. This 
quantitative-qualitative literature review procedure permits the evaluation of multiple predictor and 
outcome variables. Results from the current quantitative-qualitative literature review, as well as 
previously completed quantitative-qualitative literature reviews on ambient AOD-air pollutants on 
the cardiovascular and respiratory systems, provide empirical evidence of the improved accuracy of 
ambient AOD-air pollutant concentration level values relative to on-the-ground air pollutant monitor 
measurements [23,24]. Unfortunately, at this time, it is not a common practice to also evaluate the 
accuracy of RS greenness readings with on-the-ground vegetation or tree canopy measurements, in 
a similar standardized manner.  

One limitation of this literature review concerns the limitations in identifying research 
publications that were published in other non-English languages, even with the use of translation 
software such as Google Translate. For this reason, it is possible that some research studies published 
in another non-English language were not identified by the implemented literature review or were 
published after the current literature review search was completed in August 2025. A second 
limitation is that this quantitative-qualitative literature review method cannot be used to evaluate 
outcomes with few research publication-extracted records. Under these circumstances, the extracted 
records can be evaluated with traditional descriptive procedures, but not with inferential statistical 
procedures. Recent improvements in the implementation of Bayesian statistical analytical methods 
make it possible to use the Chi-Square test even when the expected cell totals are <5. A third limitation 
in any literature review is that professional and personal interests and preferences of the scientist can 
influence the entire literature review process, starting with the formulation of study objectives, 
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specifying literature search criteria, evaluation of the results, and including the interpretation of the 
available statistical evidence. While the quantitative-qualitative literature review method can lower 
this type of professional-personal bias through the objective-qualitative assessment of record-level 
information, even this new method has limitations.  

5. Conclusions 

The increase in the number of research publications that evaluated the contribution of ambient 
AOD-air pollutants and RS greenness on stroke subtype occurrence and risk occurred between 2012-
2025 occurred because of the scientific community’s increased familiarity with an easily accessible 
and usable methodology that can be used in environmental public health research studies. Risk factor 
analyses differentiated, for the first time, functional differences between ISC stroke and HEM stroke 
from STK, and identified similarities between CRV stroke and STK. A content analysis of the mention 
of physiologic mechanisms in reviewed research studies provided estimates, also for the first time, 
on the use of single and multiple physiologic mechanisms of IM, IN, OS and OTH in the 
interpretation of the adverse effects of ambient AOD-air pollution exposure and the protective effects 
of increased RS greenness to higher and lower stroke subtype occurrence and risk, respectively. The 
descriptive stroke subtype physiologic mechanism model can be used in applied epidemiologic 
studies that develop and implement population-based stroke subtype intervention programs.  

6. Future Directions 

The new information included in this quantitative-qualitative literature review provides a basis 
to increase our current understanding of the importance of the ecologic setting and risk factors in 
changing the relationship between environmental exposure-health outcome associations that involve 
ambient AOD-air pollutants and RS greenness and stroke subtype occurrence and risk. Ambient 
AOD-air pollution concentration level values reported in specific research publications are starting 
to accurately estimate on-the-ground monitor measurements. These incremental improvements in 
the accuracy of ambient AOD-air pollution concentration level values should continue in the future. 
Similar efforts that have been devoted to the improvement of ambient AOD-air pollution accuracy 
should be directed towards demonstrating that RS greenness EVI and NDVI values accurately reflect 
the spatial coverage extent of living vegetation on the earth’s surface. Both of these RS air pollution 
and greenness values should be important tools in research and applied environmental health 
investigations. The introduced stroke subtype physiologic mechanism model can be used to design 
research focused epidemiologic studies that promise to advance our understanding of physiologic 
mechanisms and to use the model in applied epidemiologic studies that design and implement 
population-based stroke intervention programs. RS greenness provides a complimentary 
methodology to the reduction of ambient AOD-air pollution level values in population-based stroke 
intervention programs. Modification of stroke-subtype risk factors is a third way to further decrease 
stroke subtype occurrence and risk within the context of population-based stroke intervention 
programs. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. Supplementary File Table of Contents; Text File 1: Electronic Literature Search 
Summary – Descriptive and Inferential Statistical Analyses of the Contribution of Remote Sensing Air Pollution 
and Greenness to Changes in Stroke Subtype Occurrence and Risk; Table S1: Description of the Implemented 
Electronic Literature Search Strategy that was Used to Identify Published Research Articles on the Contribution 
of Remote Sensing Air Pollution and Greenness to Changes in Stroke Subtype Occurrence and Risk; Table S2: 
Totals and Percentages of Remote Sensing Air Pollution and Greenness Research Publications and Publication-
Extracted Stroke Subtype Records by Source; Table S3: Totals and Percentages of Remote Sensing Air Pollution 
and Greenness Research Publications and Publication-Extracted Stroke Subtype Records by Source; Table S4: 
Totals and Percentages of Single and Multiple Physiologic Mechanisms in the Introduction and the Discussion 
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