
UC Irvine
UC Irvine Electronic Theses and Dissertations

Title
Spatiotemporal Analysis of Particulate Matter Chemical Composition: Liquid Water Impacts 
over the United States

Permalink
https://escholarship.org/uc/item/2d47550f

Author
Christiansen, Amy Elizabeth

Publication Date
2020
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/2d47550f
https://escholarship.org
http://www.cdlib.org/


 

 

 

UNIVERSITY OF CALIFORNIA, 

IRVINE 

 

 

 

Spatiotemporal Analysis of Particulate Matter Chemical Composition: Liquid Water Impacts 

over the United States 

 

DISSERTATION 

 

 

submitted in partial satisfaction of the requirements 

for the degree of 

 

 

DOCTOR OF PHILOSOPHY 

 

in Chemistry 

 

 

by 

 

 

Amy Elizabeth Christiansen 

 

 

 

 

 

 

 

 

                                                               

 

 

         Dissertation Committee: 

                               Associate Professor Ann Marie Carlton, Chair 

                                     Professor Sergey Nizkorodov 

                                              Professor James N. Smith 

 

 

 

 

 

2020 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Chapter 2 © 2019 American Chemical Society 

Chapter 4 © 2020 American Chemical Society, unpublished work 

All other materials © 2020 Amy Elizabeth Christiansen 

 



ii 

 

DEDICATION 
 

 

 

To my parents, Grant and Mary, 

 

 

who have encouraged me from the day I was born 

 

 

and from whom the bad jokes never cease. 

 

 

Thanks for putting up with me. I love you. 

 

 

 

 

 

 

 

 

 

 

“Mama said: 

‘Burn your biographies, rewrite your history, light up your wildest dreams!’ 

… 

Mama said: 

‘Don’t give up, it’s a little complicated.’” 

 

 

 

“Well, this calls for a toast, so pour the champagne!” 

 

 

 

-Panic! At The Disco 

  



iii 

 

TABLE OF CONTENTS 

 
                              Page 

 

LIST OF FIGURES                                 v 

 

LIST OF TABLES                              viii 

 

ACKNOWLEDGMENTS                                ix 

 

CURRICULUM VITAE                              xiii 

 

ABSTRACT OF THE DISSERTATION                              xvi 

 

CHAPTER 1:  INTRODUCTION  1                               

    1.1 Background   1 

         1.1.1 Atmospheric Aerosol  1 

         1.1.2 Inorganic Fraction of Aerosol  2 

         1.1.3 Organic Fraction of Aerosol  2 

                 1.1.3.1 Long-term particulate OC measurement  4 

         1.1.4 Aerosol Liquid Water  6 

                 1.1.4.1 Contribution to ALW from Organics  8 

    1.2 Motivation   8 

         1.2.1 Impacts on Health  8 

         1.2.2 Impacts on Radiation                                 9 

    1.3 Key Knowledge Gaps                               13 

    1.4 Research Questions                               14 

    1.5 Specific Aims                               14 

    1.6 Structure of Dissertation                               15 

 

CHAPTER 2: AEROSOL OPTICAL THICKNESS: ORGANIC COMPOSITION, 

ASSOCIATED PARTICLE WATER, AND ALOFT EXTINCTION              17  

    2.1 Abstract                                                         17 

    2.2 Introduction                                18 

    2.3 Experimental                               22 

    2.4 Results and Discussion                               27 

    2.5 Conclusions                                37 

 

CHAPTER 3:  DIFFERENCES IN FINE PARTICLE CHEMICAL COMPOSITION ON  

                         CLEAR AND CLOUDY DAYS                                                                       39 

      3.1 Abstract                                39 

      3.2 Introduction                               40 

      3.3 Data and Methods                               43 

      3.4 Results and Discussion                               48 

           3.4.1 Hygroscopicity and Chemical Composition                               48 

           3.4.2 PM2.5 Mass Concentrations                               57 



iv 

 

           3.4.3 Case Study: The Mid South                               58 

      3.5 Conclusions                               60 

 

CHAPTER 4:  THE CHANGING NATURE OF ORGANIC CARBON OVER THE UNITED  

                         STATES                                62 

      4.1 Abstract                                62 

      4.2 Introduction                               63 

      4.3 Materials and Methods                               66 

           4.3.1 Surface Measurements and Estimates                               66 

           4.3.2 GEOS-Chem Modeling                               70 

      4.4 Results and Discussion                               72 

 

CHAPTER 5:  SUMMARY AND FUTURE DIRECTIONS                               81 

      5.1 Summary                                81 

           5.1.1 Aerosol Optical Thickness: Organic Composition, Associated  

                                        Particle Water, and Aloft Extinction                                81 

           5.1.2 Differences in Fine Particle Chemical Composition on Clear and  

                     Cloudy Days                                82 

           5.1.3 The Changing Nature of Organic Carbon over the United States      83 

           5.1.4 Key Knowledge Gaps Identified                               84 

      5.2 Future Directions                               85 

           5.2.1 Effects of Changing Salt Molality on Organic Partitioning into  

                                        Aerosols and Cloud Droplets                               85 

           5.2.2 Identifying the Role of Chemical Composition in Health Endpoints 89 

 

REFERENCES                                93 

 

APPENDIX A: SUPPORTING INFORMATION FOR CHAPTER 2                             119 

 

APPENDIX B: SUPPORTING INFORMATION FOR CHAPTER 3                             132 

 

APPENDIX C: SUPPORTING INFORMATION FOR CHAPTER 4                              149 

 

APPENDIX D: R CODE FOR CHAPTER 2                             163 

 

APPENDIX E: R CODE FOR CHAPTER 3                             201 

 

APPENDIX F: R CODE FOR CHAPTER 4                             241 

 

  



v 

 

LIST OF FIGURES 
 

                                      Page 

 

Figure 2.1 Seasonal average aerosol compositional mass by year integrated through the PBL 

for each region from 2007 to 2016 using PM measurements and estimated inorganic and organic 

water content. In each stacked bar, green corresponds to TOM, red corresponds to SO4
2-, dark 

blue to NO3
-, light blue to inorganic ALW, and turquoise to organic ALW. Seasonal average 

MODIS AOT (dotted yellow line) and PBL height (solid orange line) over time is overlaid for 

each region and season.                                      30 

 

Figure 2.2 Monthly dry PM2.5 and total (inorganic + organic) ALW mass integrated through 

the PBL and MODIS AOT from 2007 to 2016 for all focus sites in (a) Appalachia and (b) the 

CO Plateau summer (red) and winter (blue). Note that the axes are not equal between panels. The 

horizontal error bars indicate the potential range of water contributed by organics, with the left-

hand side representing low κorg values (0.01-0.04) and right-hand side representing high κorg 

values (0.17-0.20). Note some horizontal bars are smaller than the marks.             31 

 

Figure 2.3 Vertical profiles of 2007-2016 average total (inorganic + organic) water and 

CALIPSO-measured extinction coefficients for (a) Appalachia and (b) the CO Plateau. In both 

panels, red lines indicate summer ALW content, blue lines indicate winter ALW content, and 

brown lines indicate summertime (solid) and wintertime (dashed) CALIPSO-retrieved extinction 

at 532 nm.                    32 

 

Figure 2.4 Seasonal average OM mass from each OC fraction by year integrated from the 

surface through the PBL for each region from 2007 to 2016. In each stacked barchart, OM1 is 

the lightest green (bottom stack), and OM4 is the darkest green (top stack).          34 

 

Figure 3.1 ALW mass concentrations are significantly different between Clear Sky and 

Cloudy time periods beyond what would arise from changes solely in meteorology (e.g., RH). 

Monthly median estimated ALW distributions at each IMPROVE monitor in the eastern US 

during Clear Sky times (yellow, Clear Sky scenario), Cloudy times (blue, Cloudy scenario), and 

Cloudy times employing Clear Sky particle chemical composition (green, Mixed scenario). The 

black asterisk in (a) indicates the only situation where Clear Sky and Cloudy scenarios differ 

significantly. The red asterisk in (a) indicates the only situation where the Cloudy and Mixed 

scenarios do not differ significantly. The midline in the box is the median, the box boundaries are 

the 25th and 75th percentiles, and the whiskers are the 10th and 90th percentiles. Potential 

outliers are not shown but are used in calculations.              49 

 

Figure 3.2 Box plots of PM2.5, RH, NO3
-, and SO4

2- during clear sky times (yellow) and 

cloudy times (blue) across the eastern US. Note that potential outliers are not shown but are used 

in calculations. The width of the box plot is proportional to the number of observations. Red 

asterisks denote Cloudy and Clear Sky differences that are significant (p<0.05) by the Mann-

Whitney U Test.                  50 

 



vi 

 

Figure 3.3 Maps of the difference in ALW mass concentration medians (Cloudy-Clear Sky) 

for all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of 

the point corresponds to the magnitude of the difference. Triangles indicate that median 

differences are significant by the Mann-Whitney U Test. Note that the difference in wintertime 

medians for daily ALW concentrations in the Ohio River Valley (denoted with asterisk) is 

substantially larger than other regions (Cloudy median value is 4.6 µg m-3 larger than Clear Sky). 

                    52 

 

Figure 3.4 Maps of the difference in PM2.5 mass concentration medians (Cloudy-Clear Sky) 

for all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of 

the point corresponds to the magnitude of the difference. Triangles indicate that median 

differences are significant by the Mann-Whitney U Test.             53 

 

Figure 3.5 Maps of the difference in SO4
2- mass concentration medians (Cloudy-Clear Sky) 

for all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of 

the point corresponds to the magnitude of the difference. Triangles indicate that median 

differences are significant by the Mann-Whitney U Test.             54 

 

Figure 3.6 Maps of the difference in NO3
- mass concentration medians (Cloudy-Clear Sky) 

for all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of 

the point corresponds to the magnitude of the difference. Triangles indicate that median 

differences are significant by the Mann-Whitney U Test. Note that the difference in medians for 

daily NO3
-concentrations in winter for the Central Great Plains (denoted with asterisk) is 

substantially larger than other regions (Cloudy median value is 1.07 µg m-3 larger than Clear 

Sky).                    56 

 

Figure 3.7 Maps of the difference in TOC mass concentration medians (Cloudy-Clear Sky) 

for all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of 

the point corresponds to the magnitude of the difference. Triangles indicate that median 

differences are significant by the Mann-Whitney U Test.             57 

 

Figure 3.8 Box plots of cloudy and clear sky distributions of PM2.5 and chemical constituent 

mass concentrations (µg m-3) and RH in the Mid South for each season from 2010-2014. The 

width of the box plot is proportional to the number of observations. Note that potential outliers 

are not shown but are used in calculations. Red asterisks denote Cloudy and Clear Sky 

differences that are significant (p<0.05) by the Mann-Whitney U Test.           59 

 

Figure 4.1 Maps of relative decadal trends (2005-2015) in a) TOC, b) OC1, c) OC2, d) OC3, 

e) OC4, and f) PC mass concentrations for each chemical climatology region. Size corresponds 

to the magnitude of the percent change. Red indicates an increasing trend, blue indicates a 

decrease, a colored circle indicates that the increase or decrease is significant (p<0.05) by the 

Mann-Kendall test, and an unfilled circle indicates the change is insignificant.          73 

 

Figure 4.2 Decadal trends across the CONUS for a) TOC, OC fraction, and PC mass 

concentrations and b) fractional contribution of OC fractions and PC to TOC. Error bars 

represent the standard error of the medians.               74 



vii 

 

 

Figure 4.3 IMPROVE TOM and GEOS-Chem predictions of TOA across the CONUS from 

2005-2015. Standard errors are represented via error bars.             76 

 

Figure 4.4 Decadal decreases in ALW, GEOS-Chem predicted ISOAAQ, and OM2 for a) 

Appalachia and b) Great Basin. Note the y-axes are different between panels.          78 

 

Figure 5.1 Annual average (a) SO4
2- molality, NO3

- molality, and ALW mass concentrations 

in the eastern US, and annual average (b) temperature and RH in the eastern US from 2005-2016.  

        85 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



viii 

 

LIST OF TABLES 
 

       

                                           Page 

 

Table 2.1 Correlation (R2) and significance values from linear trend analyses for seasonal 

annual surface particle chemical component mass concentrations, MODIS AOT, CALIPSO 

AOT, and IMPROVE-estimated extinction over time from 2007 to 2016. Bolded values indicate 

significant correlations.                                                  28 

 

Table 3.1 Particle chemical constituent concentrations, meteorology, and growth factors 

during Cloudy (Cl) and Clear Sky (CS) times in the Mid South.            59 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



ix 

 

ACKNOWLEDGMENTS 
 

 

As I prepare this dissertation in isolation due to COVID-19 pandemic, I have had the time and 

space to reflect without distraction on the people who have helped me on my journey to my PhD. 

If someone had told me everything I would do and experience during my PhD when I applied, I 

would never have believed them. I never anticipated that I would start at one institution and end 

at another, or that I would meet so many incredible people along the way. I can confidently say 

that I would not have been able to do this without everyone around me. This has especially been 

true in these past couple months. I am incredibly grateful and forever indebted to so many people 

who have encouraged and believed in me. It is emotionally difficult to defend without having 

everyone here in person as I have been imagining throughout my entire graduate career, but I 

know that it is the everyday encouragement that has made the difference all along. 

 

First and foremost, I would like to thank Ann Marie Carlton, my advisor and friend, who has 

never stopped believing in me once these past five years. When I started graduate school at 

Rutgers University in New Jersey, I never anticipated being asked by my advisor to move across 

the country and complete graduate school at a different institution. When Ann Marie asked me to 

move with her to California, I had no idea what to say. I was filled with so many doubts, but Ann 

Marie never was. Even though I had only completed one year of graduate school and still had so 

much to learn, she never doubted my ability to be successful. I decided to accept her offer after I 

realized that I had a rare and special advisor, one who was not going to give up on me. I am so 

very glad I made that move almost four years ago now. I am incredibly grateful for her guidance 

and patience throughout my graduate career. Ann Marie, thank you for learning how to “read” 



x 

 

me and how to interpret my odd Midwestern communication tendencies. I had no idea at the time 

what a good choice in an advisor I had made back when I started graduate school. I admire you 

so much, and I look forward to staying in touch.  

 

Of course, I am also incredibly grateful to the members of my lab – past, present, and honorary – 

who have encouraged me along the way. From reading over my writing to reminding me that I 

am capable, this experience would have been much harder and sadder without them. Thank you 

all for being a captive audience as I have prepared for my defense. I am grateful to my lab 

members at Rutgers, especially Khoi Nguyen for all the help she gave me as I was starting out. I 

must also thank Madi Flesch and Mooji Boldbaatar for being great sounding boards and 

providing me with delicious snacks. I’m going to miss your baking almost as much I’ll miss you. 

I am also grateful to Jonathon Babila for asking me critical science questions and keeping me 

well-informed on the political state of America. Of course, this shoutout would not be complete 

without including Alicia Hoffman and Cynthia Wong, our honorary lab members, for providing 

valuable outside input and reminding me that life is bigger than the lab. 

 

I also thank my collaborators, Virendra Ghate, Will Porter, Barron Henderson, and Chris 

Hennigan for their incredible insights and help. I would never have been able to think as deeply 

and critically about satellites, atmospheric models, and experiments without their assistance. I 

am grateful for their patience and scientific expertise. Chris, it was such an awesome experience 

to be able to do Journal Club with you and to perform experiments in your lab. 

 



xi 

 

I would also like to thank Sergey Nizkorodov and Jim Smith, both of whom served on my 

advancement committee and are now on my dissertation committee. They have both been very 

supportive of me during my time at UCI. Jim, thank you for being so welcoming to me when I 

first arrived, giving me a space to exist while my office was being constructed, and serving as a 

mentor during that time. It was fun to TA Kinetics for you as well. Sergey, thank you for being 

supportive of my teaching ambitions and setting me up with Chem 1X during Fall 2019. I 

learned so much from that experience and am grateful that you gave me that opportunity. 

 

I am also grateful to the entire Smith group, who took me into their lab space when I had just 

arrived here from Rutgers. They were so welcoming while I transitioned to life at UCI, and I am 

happy and lucky to be able to call them my friends. Sabrina, our coffee support chats, your 

constant friendship, and your unmatched heroism have kept me going these past few years. 

 

I am very grateful for my family and friends who have supported me along the way. I am deeply 

in debt to my parents, who have always supported me regardless of what I do, even though it 

meant helping me move across the country one and a half times. I am thankful for the time I get 

to spend with them and the time they take to visit me. Mom and Dad, it hasn’t been easy to be so 

far apart, but I am grateful that you have been so supportive of my goals and ambitions. You 

have been behind me 100% for as long as I can remember, and I will always be grateful to you 

for your support and encouragement. I miss you both every day and can’t wait until you are able 

to come visit me in my new stomping grounds in Montana. 

 



xii 

 

I am so incredibly grateful for Brian Rosney and his outstanding support and patience during my 

graduate career. Thank you for always listening to me and being understanding. It’s been 

difficult these past few months between my dissertation and world events, and your FaceTimes 

and Snapchats of cats have been instrumental in the completion of my degree. Thank you for 

your flexibility and for supporting me, even when it took me away for weeks at a time. And most 

of all, thank you for being open-minded and making the move with me to Montana. It’s hard to 

leave everything behind (trust me, I know!), but I’m so excited to start our lives together. 

 

I also acknowledge my funding sources. Chapter 2 was supported by NSF Grants AGS-1242155 

and AGS-1445831. Chapter 3 was supported by NSF Grant AGS-1242155 and NASA Grant 

#80NSSC19K0987. Chapter 4 was supported by NOAA Grant #17OAR4310103 and NSF Grant 

#171945.  

 

Lastly, I thank the American Chemical Society for permission to reuse my published and 

submitted work in my dissertation. Chapter 2 was originally published in ACS Earth and Space 

Chemistry in February 2019, and Chapter 4 has been submitted to Environmental Science and 

Technology for publication. 

 

 

 

 

 

 

 

 

 

 

 

 

 



xiii 

 

CURRICULUM VITAE 

Amy Elizabeth Christiansen 

 

EDUCATION 
Ph.D.    Chemistry, University of California, Irvine, Irvine, CA                                 June 2020  

             Thesis Advisor: Dr. Annmarie Carlton 

             Program: Chemistry, Overall GPA: 3.99, Advanced to Candidacy 04/04/2018 

             Atmospheric Science, Rutgers University, New Brunswick, NJ        September 2015 –   

             Thesis Advisor: Dr. Annmarie Carlton                                                             August 2016 

             Program: Atmospheric Science, Overall GPA: 4.0                          

 

B.A.      Chemistry & Environmental Studies, Gustavus Adolphus College, St. Peter, MN                                                         

             Overall GPA: 3.95, Summa cum laude                                                                 May 2015  

 

 

PUBLICATIONS 
In review. Christiansen, A.E.; Carlton, A.G.; Henderson, B.H.: Differences in Fine Particle 

Chemical Composition on Clear and Cloudy Days. Open for discussion in Atmospheric 

Chemistry and Physics Discussions in March 2020, doi: 10.5194/acp-2020-184 

 

In review. Carlton, A.G.; Christiansen, A.E.; Flesch, M.; Hennigan, C.J.; Sareen, N.: Liquid 

Water and the Tropospheric Particulate Matter Burden: An Uncertain Chemical Continuum 

Across Phase States and Impacts. Submitted to Chemical Accounts in February 2020. 

 

In review. Christiansen, A.E.; Carlton, A.G.; Porter, W.C.: The Changing Nature of Organic 

Carbon over the United States. Submitted to Environmental Science and Technology in January 

2020. 

 

Submitted. Lance, S.; Zhang, J.; Schwab, J.; Brewer, M.; Minder, J.; Casson, P.; Brandt, R.; 

Fitzjarrald, D.; Schwab, J.; Lu, C.-H.; Chen, S.-P.; Yun, J.; Freedman, J.; Shrestha, B.; Min, Q.; 

Joseph, M.B.E.; Crandall, B.; Orlowski, D.; Christiansen, A.; Carlton, A.G.; Barth, M.: 

Overview of the CPOC Pilot Study at Whiteface Mountain, NY: Cloud Processing of Organics 

within Clouds. Submitted to the Bulletin of the American Meteorological Society in November 

2019. 

 

[2019] Christiansen, A.E.; Ghate, V.P.; Carlton, A.G.: Aerosol Optical Thickness: Organic 

Composition, Associated Particle Water, and Aloft Extinction. ACS Earth Space Chem, 3, 3, 

403-412, doi: 10.1021/acsearthspacechem.8b00163 

 

[2016] Anderson, S.C.; Christiansen, A.; Peterson, A.; Beukelman, L.; Nienow, A.M.: 

Statistical Analysis of the Photodegradation of Imazethapyr on the Surface of Extracted Soybean 

(Glycine max) and Corn (Zea mays) Epicuticular Waxes. Environ. Sci.: Processes Impacts, doi: 

10.1039/c6em00401f. 

 



xiv 

 

[2015] Christiansen, A.; Peterson, A.; Anderson, S.C.; Lass, R.; Johnson, M.; Nienow, A.M.: 

Analysis of the Photodegradation of the Imidazolinone Herbicides Imazamox, Imazapic, 

Imazaquin, and Imazamethabenz-methyl in Aqueous Solution. J. Agric. Food Chem., 63, 50, 

10768–10777, doi:10.1021/acs.jafc.5b04663. 

 

 

PRESENTATIONS 
Christiansen, A.E.; Carlton, A.G.; Davis, J.M.; Porter, W.C. (2019) Poster: “Decadal Trends in 

Particulate Organic Carbon Volatility Fractions” at the American Chemical Society National 

Meeting & Expo, San Diego, CA, August 27, 2019 

 

*Invited: Christiansen, A.E. (2019) Oral: “The Clear Sky Bias: A Perspective from a Girl with 

Her Head in the Clouds” at the UCI Southern California Undergraduate Research Symposium, 

Irvine, CA, August 3, 2019 

 

Christiansen, A.E.; Carlton, A.G.; Henderson, B.H.; Srivistava, D.; Daniels, J. (2019) Oral: 

“The Clear Sky Bias: Reconciling Satellite and Surface Measurements of Atmospheric Aerosol 

Burden” at the AirUCI Internal Symposium, Irvine, CA, March 28, 2019 

 

Christiansen, A.E.; Ghate, V.P.; Carlton, A.G. (2018) Poster: “Aerosol Optical Thickness: 

Organic Volatility and Associated Particle Water” at the American Geophysical Union Fall 

Meeting, Washington, DC, December 13, 2018 

 

Christiansen, A.E.; Ghate, V.P.; Carlton, A.G. (2018) Oral: “Aerosol Optical Thickness: 

Regional Variation in Organic Composition and Associated Particle Water” at the Lake 

Arrowhead AirUCI Retreat, Lake Arrowhead, CA, September 25, 2018 

 

Christiansen, A.E. and Carlton, A.G. (2017) Poster: “Spatial Differences in Summertime 

Enhancement of Aerosol Optical Thickness: Organic Carbon Fractionation and Particle Size” at 

the American Association for Aerosol Research Annual Conference, Raleigh, NC, October 17, 

2017 

Awarded Student Poster Award 

 

Christiansen A.; Peterson, A.; Nienow, A.M. (2014) Poster: “Photodegradation of 

Imidazolinone Herbicides and Pesticides in Aqueous Solution and on Plant Surfaces” at the 

American Chemical Society National Meeting, San Francisco, CA, August 2014 

 

Christiansen A.; Peterson, A.; Nienow, A.M. (2013) Poster: “Imidazolinone Herbicides: 

Photodegradation in Aqueous Solution and on Waxes” at the Midstates Consortium 

Undergraduate Research Symposium in the Physical Sciences, Math, and Computer Science at 

the University of Chicago, Chicago, IL, October 25, 2013 

 

 

TEACHING EXPERIENCE 
Instructor of Record, General Chemistry Plus (Chem 1X)           September – December 2019 

University of California, Irvine, Chemistry Department 



xv 

 

 

Graduate-Level Chemical Kinetics Teaching Assistant                                  April – June 2018 

University of California, Irvine, Chemistry Department  

 

General Chemistry Teaching Assistant, Lab and Lecture            September 2016 – June 2017 

University of California, Irvine, Chemistry Department  

 

Introduction to Climate Science Teaching Assistant                                   January – May 2016 

Rutgers University Meteorology Department  

 

 

Environmental Chemistry Teaching Assistant                                          February – May 2015 

Gustavus Adolphus College Chemistry Department 

  

General Chemistry Teaching Assistant                                           September – December 2014 

Gustavus Adolphus College Chemistry Department  

 

Chemistry Tutor                                                                                 September 2014 – May 2015 

Gustavus Adolphus College Chemistry Department  

  

 

HONORS AND AWARDS 
Student Poster Award at the 2017 American Association for Aerosol Research Annual 

Conference 

 

School of Environmental and Biological Sciences Excellence Fellowship at Rutgers 

University 

 

Phi Beta Kappa Society, inducted Spring 2014 

 

2014 American Chemical Society Division of Environmental Chemistry Undergraduate 

Student Award 

 

2014 Barry Goldwater Scholarship Nominee 

 

2014 Knock Scholarship at Gustavus Adolphus College 

 

 

ACADEMIC AND PROFESSIONAL SERVICE 
American Association for Aerosol Research Student Chapter at UCI            December 2018- 

Founding Member, Undergraduate Liaison, and Secretary                                           Present 

In charge of engaging undergraduate students in chapter events such as Q&A panels 

and workshops, as well as responsible for chapter meeting minutes. 

 

University of California, Irvine, Chemistry Graduate Recruitment Events          Spring 2018 

Participated in tours, Q&A panels, and dinners to recruit prospective graduate students. 



xvi 

 

ABSTRACT OF THE DISSERTATION 

 

Spatiotemporal Analysis of Particulate Matter Chemical Composition: Liquid Water Impacts 

over the United States 

 

By 

 

Amy Elizabeth Christiansen 

 

Doctor of Philosophy in Chemistry 

 

 University of California, Irvine, 2020 

 

Associate Professor Annmarie Carlton, Chair 

 

 

 

Organic compounds and aerosol liquid water (ALW) are two poorly-characterized components 

of fine particulate matter (PM2.5), a criteria pollutant that negatively impacts human health and 

affects Earth’s radiation budget. Organic compounds influence particle hygroscopicity, yet this is 

not well-constrained because of the difficulties inherent to characterizing the complex organic 

matrix, which is composed of hundreds of thousands of individual species. ALW impacts aerosol 

radiative properties, and aerosol growth due to water affects the formation of clouds, which are 

important drivers of weather and climate. Despite this, the influence of atmospheric water is 

minimized in field studies, laboratory experiments, and routine measurements. A quantitative 

understanding of organic speciation, ALW, and interactions between particle chemical 

components is necessary for accurate prediction of future air quality and climate. My dissertation 

aims to increase understanding of interactions between water and particle chemical components, 

especially organics. Specifically, I 1) investigate the potential of routinely-measured organic 

carbon (OC) and associated hygroscopicity to reconcile discrepancies between surface-measured 

PM2.5 and remotely-sensed aerosol optical thickness (AOT), 2) investigate differences in 



xvii 

 

chemical composition, particle hygroscopicity, and ALW between cloudy and clear sky days, 

and 3) analyze decadal trends in organic aerosol by combining measurements and model output 

to lend insights into changing organic speciation or formation pathways. I find that ALW 

qualitatively explains patterns in satellite-measured vertical extinction within the planetary 

boundary layer. Routinely-measured OC is unable to reconcile PM2.5 and AOT measurements, 

largely due to organic hygroscopicity uncertainties and extinction aloft, which cannot be 

extrapolated from surface measurements. I also find that ALW mass concentrations are 

significantly altered between cloudy and clear sky days. In a case study of the Mid South region, 

aerosol growth due to water is highest during cloudy times, when current techniques are least 

able to characterize particle mass and impacts. Finally, I find that organic aerosol chemical 

composition in both humid and arid regions across the US has been changing over time in ways 

related to ALW chemistry. This work highlights the need for a quantitative understanding of 

water-mediated chemistry in order to accurately characterize atmospheric aerosol burden and 

impacts. 
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CHAPTER 1 

INTRODUCTION 

 

Organic compounds compose a substantial fraction of atmospheric fine particulate matter 

(PM2.5), a criteria pollutant which negatively impacts public health and affects Earth’s radiation 

budget. Temporal and geospatial trends in the organic fraction and subsequent impacts are not 

well described by models, possibly due, in part, to poorly understood multiphase liquid water-

mediated chemistry.  

 

1.1 Background  

1.1.1 Atmospheric Aerosol  

Atmospheric aerosol impacts public health, visibility, and regional and global climate. The 

matrix of aerosol is complex and chemically diverse, comprising extremely low-volatility 

species, which are major contributors to aerosol mass (Ehn et al., 2014; Tröstl et al., 2016), low-

volatility components, and semi-volatile compounds, including water, which partition between 

the gaseous and condensed phases (Pöschl, 2005). Aerosols are either emitted directly (e.g., 

biomass burning, fossil fuel combustion, dust suspension) or formed via chemical reactions of 

gaseous precursor species (Finlayson-Pitts and Pitts, 2000; McNeill, 2017). Generally, aerosols 

that are directly emitted tend to be in the coarse mode, with aerodynamic diameters between 2.5 

and 10 µm, referred to as coarse particulate matter (PM10). Particles formed through secondary 

processes are typically fine mode, with aerodynamic diameters less than 2.5 µm (PM2.5). PM2.5 

poses a larger risk to human health than PM10 due to its ability to enter the bloodstream and is 

linked to cardiovascular disease, respiratory illnesses, and premature mortality (Pope et al., 2015; 
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Pope and Dockery, 2006). Major chemical constituents of PM2.5 include inorganic species such 

as sulfate, nitrate, and ammonium, as well as organic species and water. 

 

1.1.2 Inorganic Fraction of Aerosol 

Gaseous inorganic precursor species of atmospheric particles include SO2 and NOx (NO + NO2), 

which originate mainly from combustion (Finlayson-Pitts and Pitts, 2000). Other sources of SO2 

include volcanic eruptions and the oxidation of dimethyl sulfide (DMS) near oceans (Liao, 2003; 

McNeill, 2017). NOx can also originate from lightning and microbial activity in soils (Zhang et 

al., 2012). Another common inorganic precursor species is NH3, which is emitted from 

agriculture, wildfires, and biological sources (Zhang et al., 2012). Atmospheric oxidation of SO2 

and NOx leads to the secondary formation of SO4
2- and NO3

-, two dominant particle-phase 

species. These species can be neutralized by excess NH3 to form ammonium sulfate and 

ammonium nitrate, although NH3 is not often in excess.  

 

1.1.3 Organic Fraction of Aerosol 

Across the contiguous US (CONUS), and especially in the southeast US, the organic fraction of 

aerosol comprises an increasing majority of aerosol mass as sulfate concentrations decrease due 

to air quality regulations (Attwood et al., 2014; Malm et al., 2017). Organic components of 

aerosol can be emitted into the atmosphere directly via combustion processes (Hodzic et al., 

2010), although this accounts for only about 20% of total organic aerosol (OA) mass (Kanakidou 

et al., 2005; Spracklen et al., 2011). The rest of the organic mass is formed in the atmosphere as 

secondary organic aerosols (SOA) through condensational and aqueous-phase pathways 

(McNeill, 2017). Carbon-14 analysis at rural locations shows that most organic carbon is non-
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fossil and derived from the biosphere (Bench et al., 2007; Schichtel et al., 2008). Biogenic 

volatile organic carbon (VOC) interacts with anthropogenic emissions to enhance formation of 

SOA and thus is controllable via regulations targeting SO2 and NOx (Carlton et al., 2018a).  

 

Organic aerosol (OA) composition is currently not well characterized due to its complex matrix 

containing thousands of chemical species. As part of large field campaigns representing the 

efforts of dozens of PIs and hundreds of measurements, high mass closures between total 

measured organic aerosol and characterized particle-phase organic chemical composition are 

able to be obtained at specific locations, but this level of detailed measurement is not able to be 

obtained routinely by monitoring networks. For example, during the Southern Oxidant and 

Aerosol Study (SOAS), ~74% of total OA mass was characterized using gas chromatography 

and various mass spectrometry techniques (Zhang et al., 2018b). Aerosol mass spectrometers 

(AMS) are also used in field campaigns to characterize the organic fraction of aerosol. In 

conjunction with factor analysis methods, AMS measurements can be used to break down the 

organic fraction into different categories, such as oxygenated OA, hydrocarbon-like OA, low-

volatility OA, semi-volatile oxygenated OA, and biomass burning OA (Zhang et al., 2011). 

These categories are useful since each factor corresponds to hundreds of individual OA 

constituents that have similar chemical composition and behavior, which is indicative of various 

sources and processes. While these techniques offer a wealth of information about the organic 

fraction, routine monitoring networks are unable to perform measurements at this level of detail, 

and thus organic aerosol composition is largely unknown at most locations and times. 

 

 



4 

 

1.1.3.1 Long-term particulate OC measurement 

The longest record of routine organic carbon (OC) measurements in a wide variety of locations, 

representing over 30 years of data, is taken by the Interagency Monitoring of PROtected Visual 

Environments (IMPROVE) network. This represents a wealth of information on OC 

concentrations over a long period of time, and thus offers unique insight to decadal trends. The 

IMPROVE network measures total organic carbon (TOC) and volatility fraction mass 

concentrations, which do not provide chemical composition information. To measure TOC mass 

concentrations, a 0.5-cm2 punch is removed from a PM2.5 filter sample and placed in the heating 

zone of a DRI Model 2001 thermal/optical carbon analyzer. The temperature is increased 

stepwise under a helium environment to avoid oxidation of the species on the filter (Chow et al., 

2007). The carbonaceous material is converted to CO2 via a heated MnO2 oxidizer and then 

reduced to CH4 with a hydrogen-enriched nickel catalyst. The CH4 is detected via a flame-

ionization detector to yield organic carbon (OC) mass concentrations (Chow et al., 2007). OC 

mass is measured in four categories based on volatility: OC1 (140 ºC), OC2 (280 ºC), OC3 (480 

ºC), and OC4 (580 ºC) (Chow et al., 2007), referred to as the OC fractions. As the filter is heated 

in the absence of oxygen, some carbon pyrolyzes, especially above 300 ºC, and combusts upon 

the introduction of oxygen at the start of the subsequent elemental carbon measurement. The 

carbon that combusts upon introduction of oxygen is measured in the category “pyrolyzed 

carbon” (PC). Dividing the analysis into several temperature steps (i.e., the OC fractions) 

reduces the amount of pyrolysis (Chow et al., 1993; Rau, 1986). PC is measured in a separate 

category and cannot be assigned to a particular step in the temperature-ramp. Hence, reported 

mass concentrations for the OC fractions are lower mass bounds because some of each fraction 

may be lost to charring and counted as PC. TOC mass measurements are the sum of OC1, OC2, 
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OC3, OC4, and PC. Recently, Malm et al. (2020) demonstrated that PC and EC co-evolve from 

the filter, causing lower-temperature oxidation of EC. This may bias TOC mass concentrations 

high because they include some EC. The OC fractions are also subject to some uncertainties, 

including the loss of volatile species before and during analysis and interferences from metal 

salts, carbonate, KCl, and NaCl (Baumgardner et al., 2012; Chow and Watson, 2002; Dillner et 

al., 2009; Malm et al., 2011; Wang et al., 2010). 

 

The OC fractions do not identify individual species or functional groups, but they potentially 

lend insight to chemical composition and formation processes. A laboratory analysis of 

individual organic compounds found widely in the atmosphere (e.g., oxalic acid, levoglucosan, 

azelaic acid, and humic-like substances) found that as the molecular weight of an organic species 

increases, higher temperatures are needed for carbon evolution (Miyazaki et al., 2007). Field 

campaigns in locations around the world associate OC1 and OC2 with biomass burning and 

fossil fuel combustion, and OC3 and OC4 with cooking emissions and dust (Aswini et al., 2019; 

Cao et al., 2005; Chow et al., 2004). Meier and Schwab (2011) investigated individual organic 

compounds and mixtures that are prevalent in aerosols to determine which compounds may 

evolve in each OC fraction. Several organic species evolve in multiple fractions, although most 

evolve primarily in OC2 (Meier and Schwab, 2011). Other efforts to identify functional groups 

via Fourier-transform infrared spectroscopy of IMPROVE filters find evidence of carbonyls, 

alcohols, carboxylic acids, organonitrates, amines, and aromatics in PM2.5 samples analyzed for 

TOC content (Dillner and Takahama, 2015; Kamruzzaman et al., 2018; Weakley et al., 2016). 
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1.1.4 Aerosol Liquid Water 

Aerosol liquid water (ALW), a ubiquitous component of the aerosol matrix, makes up, on 

average, from 3.7% (Riverside, CA) to 85% (Hyytiala, Finland) of aerosol mass in areas sampled 

around the world (Nguyen et al., 2016a). ALW is a function of RH, chemical composition, 

temperature, and particle number concentration. It plays an important role as a facilitator of SOA 

formation by providing a medium for the partitioning and reaction of water-soluble gases 

(Carlton and Turpin, 2013). Traditionally, SOA formation has been thought to occur via semi-

volatile gas-phase oxidation products partitioning onto dry organic aerosol (Odum et al., 1996; 

Pankow, 1994), a mechanism conceived because most laboratory experiments are performed 

under dry conditions. For over 30 years, it has been well-established that small water-soluble 

organic gases are taken up by water in aerosols, cloud droplets, or fog and undergo aqueous 

chemistry to form lower volatility products that remain in the aerosol phase (Munger et al., 

1984), and this has been shown to occur worldwide (Blando and Turpin, 2000). Chemical 

reactions continue to occur in the aqueous phase of aerosol and contribute to SOA mass, leading 

to oxygenated species, functionalization, oligomerization, and accretion (Ervens et al., 2011). 

Cloud processing of organic species is also an important source of SOA globally (Liu et al., 

2012). Organic species oxidize and form water-soluble compounds, such as aldehydes, that can 

partition into cloud droplets and continue to oxidize into carboxylic acids and oligomers (Altieri 

et al., 2006, 2008; Boone et al., 2015; Carlton et al., 2006, 2007; Sorooshian et al., 2006). 

 

Despite the prevalence and importance of ALW in modulating particle chemical constituents, 

such as providing a medium for the formation of SOA, it is rarely measured. Measurements of 

ALW under ambient conditions have been made previously, but only as part of intensive field 
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studies (Khlystov, 2005; Nguyen et al., 2014b). ALW is not measured as a part of routine 

monitoring networks. Routine surface networks (e.g., IMPROVE, CSN) measure PM2.5 and 

chemical constituents after equilibration of filters typically at a standardized RH of 30-40% and 

temperature of 20-23 ºC (Chow et al., 2015; US EPA, 1998). These standards are often not 

representative of the ambient conditions when sampling took place. In humid places such as the 

southeast US, this results in the loss of water, nitrate, and dissolved and semi-volatile organic 

compounds (El-Sayed et al., 2016). Characterization of these filters thus lacks some condensed-

phase chemical information, especially with regard to ALW (Babila et al., 2020). Studies of 

ALW have traditionally focused on visibility issues and estimating particle growth factors (Ahlm 

et al., 2016; Malm et al., 1996; Pitchford and McMurry, 1994; Sorooshian et al., 2008). Lack of 

information on ALW concentrations and trends hinders understanding of the fate and transport of 

trace species in the atmosphere and adversely affects control strategies aimed at reducing aerosol 

impacts on climate, visibility, air pollution, and public health.  

 

To overcome this measurement challenge, ALW content is typically estimated using applications 

such as the aerosol inorganic (K+-Ca2+-Mg2+-NH4
+-Na+-SO4

2-NO3-Cl--H2O) thermodynamic 

equilibrium model ISORROPIA (Fountoukis and Nenes, 2007). It is important to note that 

ISORROPIA considers only inorganic components in its calculations, as organic contributions to 

water uptake are not well quantified and organic aerosol hygroscopicity is poorly constrained. 

Other aerosol thermodynamic models such as E-AIM (Clegg et al., 1998) incorporate organic 

components and are most useful when the precise chemical identity of the organic species are 

known, which is not the case for ambient OC measurements at routine networks. 
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1.1.4.1 Contribution to ALW from Organics 

Historically, organic hygroscopicity data is not routinely measured. Organic aerosol constituents 

can impact ALW (Saxena et al., 1995), although quantitative amounts remain uncertain. Typical 

hygroscopicity (κorg) values for the organic fraction of aerosols are low (κorg~0.1) (Engelhart et 

al., 2011; Pierce et al., 2012; Prenni et al., 2007), although individual compounds may have a 

larger impact based on polarity (Suda et al., 2012). Polarity in organic compounds generally 

increases as particles age via oxidation reactions, and thus hygroscopicity also tends to increase 

with age (Li, 2019; Tritscher et al., 2011). Aerosol water due to the organic fraction can be 

estimated according to κ-Kohler theory and the Zdanovskii-Stokes-Robinson (ZSR) mixing rule 

(Petters and Kreidenweis, 2007; Kreidenweis et al., 2008) (Eqn 1.1): 

𝑉𝑤,𝑜 = 𝑉𝑜𝜅𝑜𝑟𝑔
𝑎𝑤

1−𝑎𝑤
        (1.1) 

In this equation, 𝑉𝑤,𝑜 and 𝑉𝑜 are the volumes of water and organic matter, respectively, 𝜅𝑜𝑟𝑔 is 

the organic hygroscopicity parameter, and 𝑎𝑤 is water activity, which can be estimated as 

equivalent to RH when particle diameter information is not available. The difference between 

RH and 𝑎𝑤 is ~0.01-0.02 (Tang, 1996), which may result in an overestimate in water volume up 

to 11% (Nguyen et al., 2014b). 𝑉𝑜 is determined by dividing organic mass by a standard organic 

density of 1.4 g cm-3 (Turpin and Lim, 2001).  

 

1.2 Motivation 

1.2.1 Impacts on Health 

PM2.5 is a major contributor to air pollution, and elevated levels are associated with increased 

morbidity and mortality (Pope et al., 2015). There is currently no agreement amongst experts as 

to a safe level of PM2.5 exposure for regulatory purposes (Pope et al., 2015; Samet et al., 2000; 
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Smith et al., 2000). PM2.5 is absorbed deep in the lungs and is linked to negative health endpoints 

such as cardiovascular and respiratory diseases, increased cancer risk, and premature death 

(Burnett et al., 2014; Pope et al., 2015; Turner et al., 2011). Atmospheric PM2.5 is the fifth-

ranking mortality risk factor globally, causing an estimated 4.2 million deaths in 2015 (Cohen et 

al., 2017). There is an extensive historical record of extreme air pollution negatively impacting 

public health. One of the most famous examples is the Great London Smog of 1952, which led to 

estimated premature deaths numbering from 4000 (Logan, 1953) to 12,000 (Bell et al., 2004). 

Other air pollution events include episodes in Meuse Valley, Belgium, in 1930 and Donora, PA, 

in 1948 that led to 60 and 20 deaths, respectively, with thousands more stricken with respiratory 

problems (Fletcher, 1949; Nemery et al., 2001). 

 

While PM2.5 alone is linked to adverse health impacts, its chemical composition likely plays a 

role in modulating these effects (Atkinson et al., 2015; Lippmann, 2014). When PM deposits in 

the lungs, metals (e.g., Cu, Fe, Zn, As, Mn, and Ni) and organic components (e.g., organic 

hydroperoxides and peroxides, aromatic oxidation products, and black carbon) react with 

antioxidants and form reactive oxygen species (ROS) (Pöschl and Shiraiwa, 2015; Shiraiwa et 

al., 2017a). ROS triggers inflammation and leads to oxidative stress, cell death, and disease. 

Understanding the sources and composition of PM2.5 can help regulators and legislators enact 

appropriate control measures to safeguard public health. 

 

1.2.2 Impacts on Radiation 

PM2.5 imparts radiative impacts and affects visibility and climate via light extinction. Depending 

on chemical composition, aerosols can scatter and absorb incoming solar radiation and (if aloft) 
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diffuse backscatter from clouds (McNeill, 2017). Both scattering and absorption contribute to 

decreased visibility and aerosol optical thickness (AOT), a measure of the extinction of a ray of 

light as it travels through the atmosphere. Light scattering by fine particles proceeds largely via 

Mie scattering, which occurs when the diameter of a particle is approximately equal to the 

wavelength of radiation. Incident light is scattered primarily in the forward direction, causing a 

hazy appearance and limiting visual range (Finlayson-Pitts and Pitts, 2000).  

 

Light scattering and absorption of aerosol impacts regional and global climate via direct and 

indirect effects (Boucher et al., 2013). In the direct effect, aerosols reflect incoming shortwave 

radiation back to space, increasing Earth’s albedo and resulting in a cooling effect. Absorbing 

aerosols such as black carbon (BC) absorb visible and near-IR radiation and reduce albedo when 

deposited on snow and ice, resulting in a warming effect (Ramanathan and Carmichael, 2008). 

Indirect effects occur because aerosols serve as cloud condensation nuclei (CCN). A greater 

number concentration of aerosols results in an increase in cloud droplet number concentration 

and causes each droplet to be smaller in size when liquid water content is held constant (Boucher 

et al., 2013; Twomey, 1977). This leads to an increase in cloud albedo since the total droplet 

surface area is increased when many small droplets are present (Boucher et al., 2013; Twomey, 

1977). In addition, a decrease in cloud droplet size results in suppression of precipitation and 

increases the atmospheric lifetime of clouds (Albrecht, 1989), although this effect may not hold 

true for certain types of clouds (Ackerman et al., 2004; Jiang and Feingold, 2006; Xue and 

Feingold, 2006). Currently, aerosols and clouds are the areas of largest uncertainty in climate 

models (Boucher et al., 2013). The best estimate of the effective radiative forcing of aerosols is   

-0.95 to +0.05 W m-2 (Boucher et al., 2013). The complex chemical nature of aerosols and 
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incomplete understanding of their impacts on radiative forcings and cloud processes contributes 

to this large uncertainty.  

 

Organic aerosol composition affects particle intensive properties and may substantially impact 

the Earth’s radiation budget, but this is not well characterized. Model estimates of radiative 

forcings by organic aerosols tend to predict negative (cooling) forcings (Penner et al., 2001; Xu 

and Penner, 2012), and OA is generally treated as a scattering species (Flores et al., 2014; Kim et 

al., 2012; Lang-Yona et al., 2010; Ma and Thompson, 2012; Nakayama et al., 2010; Redmond 

and Thompson, 2011; Schnaiter et al., 2005). The effects of organic composition on particle 

scattering are complex, as some studies find that increasingly oxidized OA increases scattering 

(Cappa et al., 2011; Flores et al., 2014; Moise et al., 2015), while others find the opposite 

(Lambe et al., 2013; Nakayama et al., 2010). Coatings of certain organic species, such as 

succinic and glutaric acids, have been found to increase light scattering of aerosols by up to 3.8-

fold (Xue et al., 2009). 

 

Some chemical constituents, such as those in black and brown carbon, absorb radiation and thus 

impart a positive (warming) radiative forcing (McNeill, 2017). Black carbon (BC) absorbs 

strongly in a wide range of wavelengths from the UV to the IR regions. Sources of BC include 

fossil fuel combustion and biomass burning. While BC is a powerful climate forcer, it is short-

lived in the atmosphere and is often co-emitted with scattering aerosols (Bond et al., 2013). 

Brown carbon (BrC) absorbs efficiently in the near-UV and visible ranges (Zhang et al., 2013), 

although not as strongly as BC. The chemical composition of BrC is largely uncharacterized but 

determines its optical properties. Primary BrC is emitted from fossil fuel combustion and 
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biomass burning (Zhang et al., 2013). Secondary BrC is produced in the atmosphere via aging 

processes, and laboratory studies suggest that this is often a result of reactions with nitrogen 

(Bones et al., 2010; Updyke et al., 2012). Photooxidation of anthropogenic aromatics has been 

shown to lead rapidly to BrC formation under high-NOx conditions, and while biogenic VOCs 

can also form BrC, they tend to form relatively less than aromatic VOCs (Jaoui et al., 2008; 

Nakayama et al., 2010; Zhong and Jang, 2011). Both the absorption and scattering of radiation 

by organic aerosol affects remotely sensed products such as AOT in ways that are not well 

constrained.  

 

ALW, which is influenced by chemical composition, efficiently scatters visible light, impacting 

local visibility and remotely sensed variables such as AOT (Christiansen et al., 2019; Malm et 

al., 1994; Nguyen et al., 2016b; Pitchford et al., 2007). Particle size is a determining factor in 

light scattering by particles, and this is modulated by chemical composition via particle 

hygroscopicity and water uptake. Further, aerosol hygroscopic growth impacts cloud formation, 

storm morphology, and precipitation patterns (Kawecki et al., 2016; Kawecki and Steiner, 2018). 

Clouds play a dominant role in the Earth’s radiation budget (Trenberth et al., 2009) and are the 

primary drivers of vertical transport. Pollutants are transported by clouds from the boundary 

layer to the free troposphere, where their radiative impacts are amplified and the distance over 

which they are transported is increased (Barth, 2003). Aerosol-cloud interactions are a key 

uncertainty in climate model projections. 
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1.3 Key Knowledge Gaps  

Laboratory studies, ambient sampling, modeling, and analysis strategies are often designed in 

ways that minimize the influence of atmospheric water, despite its prevalence and the important 

role it plays in Earth’s radiation budget and aerosol burden. For example, during atmospheric 

chemistry field campaigns, aircraft typically avoid clouds. Remotely sensed variables such as 

AOT often do not include retrievals from cloudy times in the final data product, as error 

increases when clouds are present (Martin, 2008). Validation of satellite-derived AOT occurs 

primarily through comparison to surface observations such as those from sun photometers, which 

also include only cloud-free measurements (Liu et al., 2018). Further, air quality model 

evaluations are often conducted using cloud-free satellite retrievals (van Donkelaar et al., 2010; 

Guo et al., 2017; de Hoogh et al., 2016; Song et al., 2014; Tian and Chen, 2010) and cloud-free 

aircraft samples (Bray et al., 2017; McKeen et al., 2009). This biases model development toward 

cloud-free conditions and induces a persistent, implicit clear-sky bias in our understanding of 

tropospheric chemical composition. Further, laboratory experiments performed to understand 

particulate matter formation have historically been conducted under dry conditions (e.g., 

Lamkaddam et al., 2017; Ng et al., 2007) atypical of cloudy time periods and of ambient 

conditions in most locations in the CONUS. Current approaches are limited in their ability to 

quantitatively assess ambient aerosol physicochemical properties in all conditions, and this is a 

key knowledge gap. Given the prevalence of atmospheric water in the form of clouds, fog, and 

areas of high RH, and that atmospheric water is expected in increase in a warming climate 

(Boucher et al., 2004; Lavers et al., 2015), it is imperative to understand aqueous processes that 

impact aerosol chemical composition and subsequent radiative, meteorological, and climate 

impacts. Quantitative understanding of interactions between atmospheric water and particle 
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chemical components, especially organics, is essential to understanding the fate of trace species, 

resolving model uncertainty, and accurately predicting atmospheric aerosol burden and 

subsequent impacts. It remains a key knowledge gap. 

 

1.4 Research Questions 

The studies in this dissertation were guided by the following questions: 

• How does surface particle chemical composition influence ALW and its 

associations with surface-based extinction and remotely sensed AOT in 

climatologically different areas over the United States?  

• How does particle chemical composition change between cloudy and clear sky 

conditions? 

• How are ALW concentrations modulated by different meteorological conditions, 

emissions, and in situ chemical reactions? 

• How and why has the chemical speciation of organic aerosol changed over time 

across the CONUS? 

 

1.5 Specific Aims 

I address these questions via spatiotemporal analysis of large environmental PM2.5 composition 

datasets, satellite information, and model output over the CONUS. In my dissertation, I 1) 

investigate the potential of thermally-defined OC fractions and associated hygroscopicity to 

explain discrepancies between surface-measured PM2.5 and remotely-sensed AOT, 2) investigate 

differences in fine particle chemical composition, especially ALW, between cloudy and clear sky 

days as defined by satellite cloud flags, and 3) analyze decadal changes in organic aerosol 
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composition through a combination of routine measurements and atmospheric modeling to 

understand changing organic speciation, formation pathways, and associated implications for 

particle viscosity. 

 

1.6 Structure of Dissertation 

Chapter 2 aims to reconcile differences in seasonality between surface measurements of PM2.5 

and remotely sensed AOT trends. Over the CONUS, the strongest remotely sensed AOT is 

observed in the east, where ALW and extinction per unit PM2.5 dry mass are highest. However, 

surface measurements of PM2.5 do not show the same seasonality as remotely sensed AOT in the 

southeast US. This discrepancy is partly explained through water uptake from the inorganic 

chemical components SO4
2- and NO3

- calculated by the thermodynamic equilibrium model 

ISORROPIA. To explore if this discrepancy can be better reconciled, organic water uptake is 

estimated using κ-Kohler theory in two areas of the CONUS that exhibit differing patterns in 

AOT seasonality. Particle chemical constituent concentrations are taken from the IMPROVE 

network, and OC volatility fractions are used to estimate κ values for organic water uptake. 

Particle mass and ALW concentrations are integrated from the surface to the top of the planetary 

boundary layer (PBL). Integrated PM2.5 + ALW concentrations at two groups of four sites are 

compared to AOT derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) 

and vertically resolved extinction from the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite 

Observation (CALIPSO) from 2007 to 2016.  

 

Chapter 3 investigates the ways in which chemical composition differs between cloudy and clear 

sky conditions, with a particular focus on differences in particle hygroscopicity and ALW. 
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Surface PM2.5 chemical constituent concentrations from the IMPROVE network are examined 

from 2010 to 2014 across the CONUS during cloudy and clear sky times defined using MODIS 

cloud flags. The Mid South region, which encompasses large swaths of Oklahoma, Arkansas, 

and Missouri, as well as the location of the Atmospheric Radiation Measurement Southern Great 

Plains (ARM SGP) site, is used as a case study to investigate how chemical composition exerts a 

controlling effect on ALW concentrations in ways that cannot be explained solely through 

meteorology (e.g., RH).  

 

Chapter 4 investigates decadal trends in routine measurements of OC fractions taken from the 

IMPROVE network from 2005 to 2015 to determine which OC fractions are driving overall 

changes in total organic carbon (TOC). The measurements are paired in space and time with 

GEOS-Chem simulations of organic aerosol to assess species and formation pathways that may 

be changing in ways that impact the organic carbon budget. Results from this study lend insight 

to changing chemical regimes and controlling processes, with implications for particle phase 

state, viscosity, and oxidation state. 

 

Chapter 5 focuses on future investigative directions. This includes 1) the examination of the 

effect of salt concentrations on organic partitioning, a mechanism that may help to further 

explain decadal trends in organic aerosol, and 2) the assessment of potential health impacts of 

organic species for which partitioning is affected by atmospheric salts. 
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CHAPTER 2 

AEROSOL OPTICAL THICKNESS: ORGANIC COMPOSITION, 

ASSOCIATED PARTICLE WATER, AND ALOFT EXTINCTION 

 

Reproduced with permission from ACS Earth and Space Chemistry. Christiansen, A.E.; Ghate, 

V.P.; Carlton A.G., Aerosol Optical Thickness: Organic Composition, Associated Particle Water, 

and Aloft Extinction. ACS Earth and Space Chemistry 2019 3 (3), 403-412, DOI: 

10.1021/acsearthspacechem.8b00163. © 2019 American Chemical Society. 

 

2.1 Abstract 

Over the contiguous U.S., the strongest remotely sensed aerosol optical thickness (AOT) is 

observed in the east, where aerosol liquid water (ALW) and extinction per unit PM2.5 dry mass 

are highest. Positive associations between ALW due to sulfate and nitrate with remotely sensed 

AOT offer a contributing explanation for geospatial patterns in AOT seasonality. We seek to 

further resolve patterns in ALW-AOT relationships by investigating organic mass (OM) 

fractionation, converted from organic carbon (OC) measurements using regionally specific 

OM:OC ratios, and the associated impacts on ALW. ALW is integrated from the surface through 

the boundary layer and estimated from measured particle chemical composition using 

ISORROPIAv2.1 and κ-Kohler theory at eight Interagency Monitoring of PROtected Visual 

Environments (IMPROVE) sites in areas of contrasting AOT seasonality. Two groups of four 

sites each, clustered by chemical climatology, are compared to AOT derived from the Moderate 

Resolution Imaging Spectroradiometer and vertically resolved extinction retrieved from Cloud-

Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) from 2007-2016. 
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Estimated ALW within the planetary boundary layer (PBL) differs between the regions. Spatial 

patterns and vertical profiles are qualitatively similar to CALIPSO patterns. However, inclusion 

of volatility-based organic speciation from routine surface networks and the associated ALW do 

not improve correlation with satellite-derived AOT. CALIPSO-measured extinction is enhanced 

above the PBL, and may partly explain discrepancies. This work suggests that the effects of 

intrinsic physicochemical properties are remotely sensed, but approaches to link AOT to current 

surface measurements are limited in detail and their ability to assess aloft phenomena.  

 

2.2 Introduction 

Surface measurements of particle mass are insufficient to fully explain multi-year analyses that 

demonstrate summertime enhancement of aerosol optical thickness (AOT) over the southeast 

United States (U.S.), as observed by the Moderate Resolution Imaging Spectroradiometer 

(MODIS), the Multi-angle Imaging SpectroRadiometer (MISR) (Goldstein et al., 2009), and the 

Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) (Nguyen et al., 2016b). During 

2013, summer and winter MODIS AOT measurements in the southeast U.S. differed up to a 

factor of 4, while seasonal change in surface fine particle mass (PM2.5) show negligible 

differences (Kim et al., 2015). Poor agreement between AOT and surface PM2.5 arises for 

multiple reasons such as complex vertical structure, background spectral properties, and poorly 

constrained distribution in aerosol intensive properties such as those that affect volumetric 

growth due to particle hygroscopicity (van Donkelaar et al., 2006, 2010; Hersey et al., 2015; Jin 

et al., 2019; Kaku et al., 2018; Li et al., 2015; Liu et al., 2004; Martin, 2008; Wang and 

Christopher, 2003). Surface PM2.5 mass is partially decoupled from satellite retrievals of AOT 

because aerosol liquid water (ALW) is removed from particles upon collection, and surface 
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measurements do not capture a vertical column. Nguyen et al. 2016b suggest that ALW, a 

substantial component of tropospheric aerosol volume that is acknowledged to reduce visibility 

(i.e., scatter solar radiation in visible region) (Khan et al., 2011; Malm et al., 1996; Pitchford and 

McMurry, 1994; Volkamer et al., 2015) and increase surface extinction (Garland et al., 2007; 

Pitchford et al., 2007), is a plausible contributing factor to spatial and seasonal differences in 

AOT-surface PM2.5 mass relationships. ALW affects light extinction and is not directly captured 

by surface mass measurements of PM2.5 (Jefferson et al., 2017; Nguyen et al., 2016b; Pitchford et 

al., 2007; Volkamer et al., 2015; Ziemba et al., 2013).  

 

Reliable evaluation of policies to manage air quality requires an accurate understanding of the 

controlling chemical and physical mechanisms (Mao et al., 2018) that determine atmospheric 

composition measured at the surface and from satellite-derived estimates. Remotely sensed 

satellite data records dramatic improvements in air quality over the U.S., in particular the eastern 

U.S., in response to environmental regulations that reduce anthropogenic emissions (Attwood et 

al., 2014; Duncan et al., 2014; Kaku et al., 2018). Over the contiguous U.S. (CONUS), the 

strongest AOT and highest extinction-to-dry mass ratios are observed over the east (Li et al., 

2013), where ALW mass concentrations are predicted to be most abundant (Carlton and Turpin, 

2013; Nguyen et al., 2016b), particularly when the vertical column is considered (Carlton and 

Turpin, 2013). Aerosol chemical constituents such as sulfate (SO4
2-) and nitrate (NO3

-) facilitate 

water uptake and contribute to ALW mass with a controlling effect on particle size, the 

predominant property that determines particle scattering (Tang, 1996). These species also 

contribute to biogenic secondary organic aerosol (SOA) formation (Carlton and Turpin, 2013; 

McNeill, 2015; Pye et al., 2013). Biogenic SOA is more pronounced in forested locations such as 
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the southeast U.S., where ALW is abundant and precursor emissions increase with temperature. 

Remote AOT measurements in that region also increase in magnitude with temperature 

(Mielonen et al., 2018). Over the past decade, decreasing trends in particle inorganic chemical 

constituents that largely control ALW (e.g., SO4
2-) (Nguyen et al., 2015) are linked to regional 

observations of changes in climate-relevant aerosol optical properties and impacts such as 

summertime surface measurements of visibility, particle extinction, and ground‐based and 

satellite-derived AOT (Attwood et al., 2014; Leibensperger et al., 2012; Li and Martin, 2018). 

These trends are also linked to changes in the diurnally averaged surface radiative effect and 

large-scale changes coincident with the disappearance of the southeast U.S. warming hole 

(Meehl et al., 2015; Yu et al., 2014). 

 

Model estimates of radiative forcings by organic aerosols generally predict negative (cooling) 

forcings (Penner et al., 2001; Xu and Penner, 2012), and organic aerosol from both biogenic and 

anthropogenic sources is largely treated in the literature as a scattering species (Flores et al., 

2014; Kim et al., 2012; Lang-Yona et al., 2010; Ma and Thompson, 2012; Nakayama et al., 

2010; Redmond and Thompson, 2011; Schnaiter et al., 2005). Some studies linking organic 

aerosol composition to refractive index (RI), the real part of which is a measure of particle 

scattering, find a positive correlation between increasing RI and increasing O:C ratios from 

various precursor volatile organic carbon (VOC) species (Cappa et al., 2011; Flores et al., 2014; 

Moise et al., 2015), while others find the opposite trend (Lambe et al., 2013; Nakayama et al., 

2010). Atmospheric processing may increase light absorption by secondary organic species, but 

this depends on specific molecular identity, concentration, pH, and relative humidity (Moise et 

al., 2015). Such detailed ambient measurements are usually episodic and associated with an 
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intensive observing period (Carlton et al., 2018b; Docherty et al., 2011; Toon et al., 2016) and 

are not a part of routine monitoring network data.   

 

In the southeast US, ALW derived from surface measurements of inorganic particle chemical 

composition exhibits positive associations with AOT that differ by season (Nguyen et al., 

2016b). A possible explanation for these seasonal differences is the hygroscopic and 

chromophoric properties of the constituent organic species in aerosols that affect extinction 

(Brock et al., 2016), which are not considered in that analysis. Substantial uncertainties persist in 

regards to the effects of organic carbon composition and its influence on climate-relevant aerosol 

optical and hygroscopic properties (Moise et al., 2015). Previous studies demonstrate that 

inclusion of organic species is critical to understand and predict water uptake, which is 

dominated by organic species at certain times and locations (Mircea et al., 2005; Mochida et al., 

2006; Novakov and Penner, 1993). 

 

The Interagency Monitoring of PROtected Visual Environments (IMPROVE) network provides 

surface-based chemical speciation measurements at locations across the U.S. from 1988 to 

present. Ambient PM2.5 samples are analyzed for OC using thermal optical OC/EC analyzers 

(Khan et al., 2012; Meier and Schwab, 2011). Mass concentrations in four categories of OC 

(OC1, OC2, OC3, and OC4), pyrolyzed OC (OCP), and three categories of elemental carbon 

(EC1, EC2, and EC3) are measured based on volatilization at various temperatures, where OC1 

is the most volatile fraction and EC3 is the least (Chow et al., 2007). While these measurements 

provide information related to volatility of the organic PM2.5 constituents, they do not provide 

chemical identity or specific functional group information, though this is an active research area 
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(Dillner and Takahama, 2015; Kamruzzaman et al., 2018; Weakley et al., 2016). Generally, these 

data are only used for total OC and EC measurements, with the temperature ramp-based 

categories receiving relatively less attention in the literature. Studies have attempted to link 

thermal fractions to specific compounds, molecular weight, and refractory behavior, but variety 

in thermal protocols, matrix effects within aerosols, and the fact that some compounds evolve in 

multiple thermal fractions complicate interpretation (Meier and Schwab, 2011; Miyazaki et al., 

2007). Sources have been linked to thermal behavior, and positive matrix factorization analysis 

facilitates estimation of carbonaceous aerosol sources (Gilardoni et al., 2011), although this has 

not been directly linked to IMPROVE OC fractions. 

 

Here, we explore the potential of OC fractions, converted to organic mass (OM) using regionally 

specific values that account for oxygen and hydrogen, to further reconcile satellite-measured 

AOT and surface PM2.5 measurements through their hygroscopic effects. We test the hypothesis 

that differences in IMPROVE-measured organic chemical composition are important for water 

uptake and influence remotely sensed light extinction. To do so, we analyze regional and 

temporal trends in OC fractions, AOT, and ALW in the Appalachia and Colorado (CO) Plateau 

regions defined by chemical climatology that coincide with contrasting seasonal AOT patterns. 

For the first time, we compare surface PM2.5 to AOT accounting for OC categories defined and 

reported by IMPROVE and their contributions to ALW. 

 

2.3 Experimental 

IMPROVE data are downloaded from public archives (IMPROVE Network, 2019) on 26 May 

2016 for eight unique locations with complete data records in the continental U.S. from January 
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2007 to August 2016. These sites are grouped into two regions, Appalachia and CO Plateau, 

defined by IMPROVE as having similar chemical climatology (Hand et al., 2011). We choose 

four Appalachia sites, Cohutta, GA (COHU1), Great Smoky Mountains National Park, TN 

(GRSM1), Linville Gorge, NC (LIGO1), and Shining Rock Wilderness, NC (SHRO1), and four 

CO Plateau sites, Bryce Canyon National Park, UT (BRCA1), Canyonlands National Park, UT 

(CANY1), Capitol Reef National Park, UT (CAPI1), and Mesa Verde National Park, CO 

(MEVE1) (Figure A1). Appalachia exhibits summertime enhancement of AOT over wintertime 

values, while the CO Plateau does not (Figure A1). Here, we use summer definitions of June, 

July, and August (JJA) and winter definitions of December, January, and February (DJF). We 

use IMPROVE surface mass concentration data of PM2.5, and SO4
2-, NO3

-, and OC constituents 

for ALW estimates, which are available every three days. The OC fractions are differentiated by 

temperature using the IMPROVE thermal protocol, which changed fraction-temperature 

definitions beginning in 2005 (Chow et al., 2007). We analyze the years 2007-2016 to ensure 

consistent organic fractional comparisons among the years. This time period coincides with 

measurements from both MODIS and Cloud-Aerosol Lidar and Infrared Pathfinder Satellite 

Observation (CALIPSO). The mass concentration of OM is calculated by multiplying OC mass 

concentrations by regionally specific OM:OC ratios, 1.58 for sites within the CO Plateau and 

2.01 for sites within Appalachia (El-Zanan et al., 2005). In the absence of additional organic 

speciation information, we assume the same OM:OC for each OC fraction within an individual 

region, and this adds some uncertainty to our analysis. 

 

Mass concentrations of particle-phase liquid water at all sites are estimated using the inorganic 

aerosol thermodynamic equilibrium model ISORROPIAv2.1 (Fountoukis and Nenes, 2007). The 
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method application, species, and meteorology input data (from the North American Regional 

Reanalysis (NARR) model (https://www.esrl.noaa.gov/psd/)) are described in detail elsewhere 

(Nguyen et al., 2016b). Briefly, we assume metastable particles. Ammonium and dust are 

collected by surface monitors and contribute to the unspeciated PM2.5 dry mass used in this 

analysis, but their contribution to ALW is not included due to a lack of relevant speciation data at 

all sites for all years and uncertainties regarding water uptake by dust (Metzger et al., 2018). This 

introduces uncertainty and the net impact of this approach results in lower bound estimates of 

ALW mass concentrations. Water volume from organic species (𝑉𝑤,𝑜) is estimated using κ-

Kohler theory and the Zdanovskii-Stokes-Robinson (ZSR) mixing rule (Kreidenweis et al., 2008; 

Petters and Kreidenweis, 2007) (Eqn 2.1) 

𝑉𝑤,𝑜 = 𝑉𝑜𝜅𝑜𝑟𝑔
𝑎𝑤

1−𝑎𝑤
                                        (2.1) 

Here, 𝑎𝑤 is water activity, 𝑉𝑜 is the volume of organic matter, and κorg is the hygroscopicity 

parameter of the organic components. Activity is assumed to be equivalent to RH because 

particle diameter data is not readily available at IMPROVE monitoring stations. 𝑉𝑜 is determined 

by dividing OM by a typical organic density of 1.4 g cm-3 (Turpin and Lim, 2001). Species that 

volatilize at lower temperatures are most susceptible to loss during field latency, transport, and 

storage, especially at warm ambient temperatures (40 ºC) and storage times >3 hours (Dillner et 

al., 2009). OC1, carbon that evolves at T <300 ºC, is associated with low molecular weight 

(MW) (<180 g mol-1) and water-insoluble compounds (Miyazaki et al., 2007). We expect OC1 to 

be made up of primary emissions and interpret reported mass concentrations as a lower bound. 

Conversely, OC4 is less volatile and is expected to be composed of water-soluble, high-MW 

compounds associated with high volatilization temperatures (>300 ºC) (Miyazaki et al., 2007). 

We do not consider pyrolyzed OC, organic carbon that chars during heating, or EC in our 
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analysis. Sensitivities for assigned κorg values are performed encompassing the full range 

observed for organic species in laboratory studies (0.01≤κorg≤0.20) and 𝑉𝑤,𝑜 estimates can vary 

up to a factor of four (Nguyen et al., 2015; Petters and Kreidenweis, 2007). Because the chemical 

composition of the OC fractions is largely unknown, we assign κorg
 values of 0.08 for organic 

mass from OC1 (OM1), 0.10 for OC2 (OM2), 0.12 for OC3 (OM3), and 0.13 for OC4 (OM4). 

Lower-bound organic water contributions are estimated by assigning κorg values of 0.01 to OM1, 

0.02 to OM2, 0.03 to OM3, and 0.04 to OM4, and upper-bound contributions are estimated using 

κorg values of 0.17 for OM1, 0.18 for OM2, 0.19 for OM3, and 0.20 for OM4. These κorg 

assignments preserve differences in OC fractions, even when TOC does not change, and 

encompass the full range of typical values given in Petters and Kreidenweis (Petters and 

Kreidenweis, 2007). Additionally, surface extinction was calculated using the IMPROVE 

algorithm as described in Pitchford et al. 2007, which predicts measured median values better 

than extremes (Pitchford et al., 2007). 

 

Monthly AOT values from the MODIS onboard the Terra satellite, available as a Level-3 

monthly gridded product at a 1x1 degree resolution, across the CONUS were obtained from 

public archives (National Aeronautics and Space Administration, 2018b) on 28 September 2018 

for evaluation in the Appalachia and CO Plateau focus regions (Figure A1). The combined AOT 

at 550 nm closest to each site was used, calculated using the daily average corrected AOT over 

land. We investigate seasonal MODIS-derived AOT measurements (Levy et al., 2013; Remer et 

al., 2005) from January 2007 to August 2016. Monthly aggregates of single overpass MODIS 

AOT and of daily average particle speciation measurements are used for comparison (Figure 

A2). Previous analysis suggests monthly aggregation is suitable to resolve temporal mismatches 
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in sampling due to cloud cover (Christopher and Gupta, 2010). Additionally, publicly available 

(National Aeronautics and Space Administration, 2018a) daytime, cloud-free Level-3 monthly 

average CALIPSO-derived extinction coefficients and AOT from the CALIOP lidar (Tackett et 

al., 2018), available at the 5-degree longitude, 2-degree latitude, and 60 m vertical resolution, 

were obtained on 16 February 2018 at 532 nm by taking the pixel closest to each site. Quality 

control for MODIS and CALIOP data follow the algorithms by Platnick et al. 2015 and Tackett 

et al. 2018, respectively (Platnick, 2015; Tackett et al., 2018). CALIPSO data are used to 

examine AOT vertical profiles and to supplement MODIS AOT observations. Differences 

between 532 nm and 550 nm AOT are minimal, especially over the long-term timescales used 

here. MODIS AOT is primarily used for quantitative analysis, as MODIS Terra overpass is at 

10:30 local time each day, while CALIPSO overpass is at 13:32 local time every 16 days. 

AERONET AOT (Holben et al., 1998) at 500 nm is used to confirm spatial representativeness of 

MODIS in these regions. The root mean square error is small (<0.1) when comparing monthly 

averages for both regions and seasons (Figure A3 and Table A1). 

 

Seasonal differences in particle-phase species mass concentrations and AOT data are analyzed 

between summer and winter. In both the Appalachia and CO Plateau regions, a well-mixed 

boundary layer is assumed (Jin et al., 2019; Wagner et al., 2015). ALW is calculated using layer-

specific temperature and relative humidity and daily average species mass concentrations. Layer 

meteorological data is obtained from the NARR and the limits of integration are applied at each 

site individually from the surface to the top of the NARR-derived PBL. Overestimates of PBL 

height can arise with the NARR in areas of increased elevation (Lee and De Wekker, 2016). 

ALW concentrations in each layer are calculated thermodynamically and with the ZSR mixing 
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rule using the methods described above and previously (Nguyen et al., 2015, 2016b). Column 

values are estimated as a Riemann sum. All regression statistics are calculated using the lm 

function in R statistical software (R Core Team, 2013). 

 

2.4 Results and Discussion 

Decadal changes in aerosol chemical composition relevant to particle radiative effects (Alston 

and Sokolik, 2018; Jin et al., 2019) qualitatively match remotely sensed trends in Appalachia 

during summer. Statistically significant decreases over time (2007-2016) are found in 

Appalachia during summer for PM2.5, inorganic ALW, SO4
2-, total organic mass (TOM) driven 

by OM2, AOT, and IMPROVE-estimated surface extinction (Table 2.1 and Figures 2.1, A4). 

During this time period, summertime PM2.5 mass that includes ALW decreases by 73%. MODIS 

and CALIPSO AOT decrease by 55% and 52%, respectively. In Appalachia during winter, 

statistically significant decreases are found for PM2.5, inorganic ALW, SO4
2-, NO3

-, total organic 

mass (TOM) driven by OM1 and OM2, and IMPROVE-estimated surface extinction but not in 

remotely sensed AOT. Correlations between MODIS-derived AOT and IMPROVE-estimated 

extinction at the surface are robust during the summer in both Appalachia (R2=0.76) and the CO 

Plateau (R2=0.69) (Table A2). Wintertime correlations are low in both regions. Over the CO 

Plateau there is no statistically significant change in either satellite-retrieved AOT for the time 

period, and the only significant decadal change in surface-derived observations is for wintertime 

TOM driven by OM2 (Table 2.1). There is no statistically robust trend in organic ALW over 

time for either region or season. 

 

 



28 

 

Table 2.1. Correlation (R2) and significance values from linear trend analyses of species trends 

over time for seasonal annual surface particle chemical component mass concentrations, MODIS 

AOT, CALIPSO AOT, and IMPROVE-estimated extinction over time from 2007 to 2016. 

Bolded values indicate significant correlations. 

Species, Season, and Region 
R2 

(Species vs. Time) 
p-value 

Appalachia Summer 

PM2.5 0.66 <0.01 

Inorganic ALW 0.92 <0.01 

Organic ALW 0.21 0.10 

Sulfate 0.82 <0.01 

Nitrate -0.12 0.95 

TOM 0.38 0.03 

OM1 0.30 0.06 

OM2 0.72 <0.01 

OM3 0.09 0.20 

OM4 0.21 0.10 

MODIS AOT 0.47 0.02 

CALIPSO AOT 0.43 0.02 

Extinction 0.84 <0.01 

Appalachia Winter 

PM2.5 0.77 <0.01 

Inorganic ALW 0.41 0.03 

Organic ALW 0.15 0.15 

Sulfate 0.68 <0.01 

Nitrate 0.37 0.04 

TOM 0.45 0.02 

OM1 0.41 0.03 

OM2 0.58 0.01 

OM3 0.08 0.21 

OM4 0.22 0.10 

MODIS AOT <0.01 0.34 

CALIPSO AOT <0.01 0.87 

Extinction 0.65 <0.01 

CO Plateau Summer 

PM2.5 -0.03 0.41 

Inorganic ALW -0.02 0.39 

Organic ALW 0.03 0.28 

Sulfate 0.29 0.06 

Nitrate 0.01 0.32 

TOM 0.02 0.30 

OM1 0.20 0.11 

OM2 0.40 0.03 

OM3 -0.12 0.94 

OM4 -0.08 0.60 

MODIS AOT -0.08 0.57 
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CALIPSO AOT 0.10 0.19 

Extinction 0.10 0.19 

CO Plateau Winter 

PM2.5 0.19 0.12 

Inorganic ALW 0.12 0.17 

Organic ALW -0.05 0.47 

Sulfate 0.14 0.15 

Nitrate 0.03 0.28 

TOM 0.35 0.04 

OM1 -0.003 0.35 

OM2 0.53 0.01 

OM3 -0.001 0.35 

OM4 0.26 0.08 

MODIS AOT -0.03 0.41 

CALIPSO AOT <0.01 0.45 

Extinction 0.20 0.11 
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Figure 2.1. Seasonal average aerosol compositional mass by year integrated through the PBL for 

each region from 2007 to 2016 using PM measurements and estimated inorganic and organic 

water content. In each stacked bar, green corresponds to TOM, red corresponds to SO4
2-, dark 

blue to NO3
-, light blue to inorganic ALW, and turquoise to organic ALW. Seasonal average 

MODIS AOT (dotted yellow line) and PBL height (solid orange line) over time is overlaid for 

each region and season. 

 

Monthly averaged column-integrated MODIS AOT and PM2.5 mass correlations over Appalachia 

and the CO Plateau are consistently low (R2 < 0.2), with the exception of Appalachia summer 

(Figures 2.1, 2.2, and Table A3). Daily (24-hour) integrated surface measurements of particle 
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mass, chemical constituents and the related extinction change over a day (Guo et al., 2015; 

Nguyen et al., 2014c). However, AOT values are calculated from a single overpass for sun-

synchronous satellites such as Terra and CALIOP. Further, CALIPSO-retrieved extinction 

coefficients increase with height and are enhanced above the PBL during the summer in 

Appalachia, consistent with other findings for the southeast U.S. (Ford and Heald, 2013; Wagner 

et al., 2015). Aloft (>1200m) extinction is enhanced during winter in the CO Plateau (Figure 

2.3). Differences in temporal resolution and aloft extinction contribute to discrepancies between 

remotely sensed aerosol and integrated fine particle mass. 

 

 

Figure 2.2. Monthly dry PM2.5 and total (inorganic + organic) ALW mass integrated through the 

PBL and MODIS AOT from 2007 to 2016 for all focus sites in (a) Appalachia and (b) the CO 

Plateau summer (red) and winter (blue). Note that the axes are not equal between panels. The 

horizontal error bars indicate the potential range of water contributed by organics, with the left-

hand side representing low κorg values (0.01-0.04) and right-hand side representing high κorg 

values (0.17-0.20). Note some horizontal bars are smaller than the marks. 
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Patterns in CALIPSO-retrieved extinction coefficients qualitatively match ALW trends (Figures 

2.3, A5). Within the boundary layer, both CALIPSO extinction and ALW estimates exhibit 

strong seasonal differences in Appalachia. ALW differs on average by a factor of 2 from winter 

to summer, and CALIPSO extinction by a factor of 4 in Appalachia. CALIPSO-measured 

extinction increases with height within the boundary layer in Appalachia, as does ALW (Figure 

2.3). Estimates of radiative forcings in the southeast US at the top of the atmosphere and at the 

surface are more similar in winter than in summer (Alston and Sokolik, 2018). ALW mass 

concentrations and vertical change in ALW are substantially less in winter than in summer, 

consistent with boundary layer CALIPSO patterns and independent radiative transfer 

calculations (Alston and Sokolik, 2018). There is no statistically discernible seasonality in 

CALIPSO extinction or ALW over the CO Plateau. 

 

 

Figure 2.3. Vertical profiles of 2007-2016 average total (inorganic + organic) water and 

CALIPSO-measured extinction coefficients for (a) Appalachia and (b) the CO Plateau. In both 

panels, red lines indicate summer ALW content, blue lines indicate winter ALW content, and 

brown lines indicate summertime (solid) and wintertime (dashed) CALIPSO-retrieved extinction 

at 532 nm.  
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Seasonal differences in particle chemical constituents and AOT are noted in Appalachia, but only 

particle composition in the CO Plateau (Figures 2.1, 2.4). MODIS AOT is highest over 

Appalachia in summer when both PBL and aerosol mass concentrations are highest in the region 

(Figure 2.1). Seasonal change in both AOT and total PM2.5 mass (dry + wet) is greatest in 

Appalachia. In the CO Plateau, seasonal PBL change is substantial (Figure 2.1). The highest PBL 

and surface mass are both observed in summer, but neither column-integrated AOT nor surface 

extinction coefficients (Figure A4) are enhanced relative to winter values in this region. In the 

CO Plateau, seasonal differences are greatest for OM. Spatial and seasonal differences in organic 

matter are enhanced over OC seasonality when region-specific OM:OC ratios are applied to 

measured OC mass (Figures 2.4, A6-A8). From 2007-2016, integrated TOM in the CO Plateau is 

1.9 mg m-2 higher in summer over winter on average, and fluctuations in Appalachia average 1.2 

mg m-2. Integrated OM seasonality fluctuates most in OM2 and OM3 over both the CO Plateau 

and Appalachia. On average, OM2 and OM3 decrease by 0.52 and 0.83 mg m-2 from summer to 

winter in the CO Plateau, and by 0.54 and 0.31 mg m-2 in Appalachia, respectively.  
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Figure 2.4. Seasonal average OM mass from each OC fraction by year integrated from the 

surface through the PBL for each region from 2007 to 2016. In each stacked barchart, OM1 is 

the lightest green (bottom stack), and OM4 is the darkest green (top stack). 

 

In Appalachia, seasonal differences in PM2.5, inorganic ALW, SO4
2-, NO3

-, OM2, and estimated 

surface extinction decrease over the past decade (Table A4). From 2007 to 2016, seasonality in 

PM2.5 over Appalachia that includes ALW decreases by 81%, and MODIS and CALIPSO AOT 

decrease by 62% and 54%, respectively (Table A4). In the Southeast U.S., annual trends of 

seasonal differences in surface visibility and ground-based measured extinction have decreased 
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(Attwood et al., 2014; Li and Martin, 2018). Alston and Sokolik 2018 estimate radiative transfer 

for the southeast U.S. and find summertime radiative forcings at the surface are greater than in 

wintertime (Alston and Sokolik, 2018). That seasonality resembles seasonal patterns for ALW 

estimates in the region described here. Seasonality in the CO Plateau does not change from 2007-

2016 significantly for any surface-measured or estimated variable, nor remotely sensed AOT 

considered in this work (Table A4). 

 

ALW mass contributions dominate over PM2.5 dry mass in Appalachia in summer and winter. 

Yet, correlations between monthly average MODIS-derived AOT and integrated PM2.5 mass 

improve only slightly from dry mass only correlations when ALW is considered (Table A3), and 

the changes are not statistically significant. On average in Appalachia, inorganic ALW is a factor 

of 10 larger than organic ALW in summer and a factor of 8 in winter. Although ALW from 

organic aerosol constituents is typically less than from inorganic constituents, organic 

contributions can contribute substantially to uncertainty in ALW mass (Nguyen et al., 2015). 

Sensitivities to explore potential impacts of changes in particle organic chemical composition do 

not significantly change associations between integrated PM2.5+ALW and MODIS AOT (Table 

A3). This range of potential organic ALW is shown as error bars in Figures 2.2 and A9 and 

demonstrates that correlations with MODIS AOT are not improved by consideration of organic 

species contribution to ALW as estimated using routine air quality monitoring network data. A 

lack of chemically specific detail in aerosol OM speciation is a large source of uncertainty. 

However, the large uncertainties in OM and related ALW uptake have a negligible effect on 

satellite AOT-surface PM2.5 associations, similar to recent findings by Jin et al. 2019. 
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Changing atmospheric composition in the Southeast U.S. is linked to reductions in anthropogenic 

emissions, in particular for those that contribute to particle hygroscopic species (Carlton et al., 

2018b; Nguyen et al., 2015; Tosca et al., 2017), and these findings are consistent with the 

decadal and seasonal trends for the atmospheric burden of PM2.5+ALW over Appalachia 

presented here. The effects of intrinsic chromophoric and hygroscopic properties of individual 

compounds present in aerosol that directly and indirectly affect extinction may be observed by 

satellite-based systems but are poorly described in current approaches to link to surface 

measurements of routinely available data. Emissions and particulate chemical composition vary 

seasonally and spatially, in particular for organic species (Goldstein et al., 2009; Hand et al., 

2012, 2013; Schichtel et al., 2017). This is not reflected in surface measurements of particulate 

TOC (i.e., total organic carbon only) mass. Fourier-transform infrared spectroscopy 

(Kamruzzaman et al., 2018; Ruthenburg et al., 2014; Weakley et al., 2016) of IMPROVE filters 

describes the presence of diverse organic species such as carbonyls, alcohols, carboxylic acids, 

organonitrates, amines, and aromatics. Light-absorbing carbon may affect remote AOT 

measurements, such as primary brown carbon from forest fires and residential coal combustion 

(Alexander et al., 2008; Andreae and Gelencsér, 2006; Bond and Bergstrom, 2006), and 

oxidation of biogenic gas-phase compounds exposed to reduced nitrogen compounds (Bones et 

al., 2010; Laskin et al., 2010; Updyke et al., 2012), the hydroxyl radical, or direct photolysis 

(Hems and Abbatt, 2018; Zhao et al., 2015). Xue et al. 2009 find aerosol coatings of succinic and 

glutaric acids increase light scattering up to 3.8-fold. Routinely available individual OC fractions 

provide an indication of volatility, which is suggestive of chemical differences but not identity. 

Seasonal and spatial differences are pronounced in OM when measurement of organic fractions 

and non-carbon organic mass are considered. OM2 varies substantially between Appalachia and 
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the CO Plateau and by season (Figures A6, A7). Dicarboxylic salts are hygroscopic, evolve in 

OM2 (Kawamura and Bikkina, 2016), and may be important for overall ALW and subsequently 

extinction and AOT. However, dicarboxlyic compounds also co-evolve in other IMPROVE OC 

fractions (Meier and Schwab, 2011). Detailed particle chemical composition and size 

measurements improve understanding of the properties and controlling factors that determine 

subsequent radiatively important aerosol impacts (Brock et al., 2016; Jin et al., 2019). The 

chemical detail and knowledge needed to adequately describe subsequent impacts on aerosol 

extinction are lost in the context of volatility-defined TOC measurements (Meier and Schwab, 

2011). Development and application of methods that chemically identify individual compounds 

in different OC volatility fractions is a critical open area and may improve understanding of 

PM2.5-AOT relationships over long time periods and large spatial scales to better reconcile 

satellite- and surface-based measurements.  

 

2.5 Conclusions 

Decadal, seasonal, and spatial change in PM2.5 that includes ALW is positively associated with 

AOT most closely in Appalachia during summer. Correlations are low elsewhere and not 

significantly changed upon consideration of organic and inorganic contributions to ALW. 

However, within the boundary layer, spatial trends, seasonal patterns, and vertical profiles of 

remotely sensed extinction qualitatively match patterns in integrated ALW. Discrepancies 

between surface measurement integrations and satellite-derived AOT arise from poorly described 

particle chemical composition and limits on approaches to quantitatively extrapolate surface 

measurements to elevations aloft. Long-term trends of the atmospheric PM2.5 burden are limited 

in data availability to routine measurements, which lack chemical detail for organic species. 
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Organic speciation is a major source of uncertainty for aerosol chemical composition and is an 

area for future study.  
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CHAPTER 3 

DIFFERENCES IN FINE PARTICLE CHEMICAL COMPOSITION ON CLEAR 

AND CLOUDY DAYS 

 

Reproduced under the Creative Commons Attribution 4.0 License from Christiansen, A.E.; 

Carlton, A.G.; Henderson, B.H., Differences in Fine Particle Chemical Composition on Clear 

and Cloudy Days. Atmospheric Chemistry and Physics Discussions 2020, DOI: 10.5194/acp-

2020-184. 

 

3.1 Abstract 

Clouds are prevalent and alter fine particulate matter (PM2.5) mass and chemical composition. 

Cloud-affected satellite retrievals are subject to higher uncertainty and are often removed from 

data products, hindering quantitative estimates of tropospheric chemical composition during 

cloudy times. We examine surface PM2.5 chemical constituent concentrations in the Interagency 

Monitoring of PROtected Visual Environments (IMPROVE) network in the United States during 

Cloudy and Clear Sky times defined using Moderate Resolution Imaging Spectroradiometer 

(MODIS) cloud flags from 2010-2014 with a focus on differences in particle hygroscopicity and 

aerosol liquid water (ALW). Cloudy and Clear Sky periods exhibit significant differences in 

PM2.5 mass and chemical composition that vary regionally and seasonally. In the eastern US, 

relative humidity alone cannot explain differences in ALW, suggesting emissions and in situ 

chemistry exert determining impacts. An implicit clear sky bias may hinder efforts to 

quantitatively understand and improve representation of aerosol-cloud interactions, which remain 

dominant uncertainties in models. 
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3.2 Introduction 

At any given time, visible clouds cover over 60% of the Earth’s surface (King et al., 2013), and a 

warming climate causes cloud cover to change (Norris et al., 2016). Average cloud fraction 

values over the contiguous US (CONUS) are ~40% year-round with higher values in winter (44-

54%) than summer (26-34%) (Ju and Roy, 2008; Kovalskyy and Roy, 2015). Clouds act as 

atmospheric aqueous phase reactors, and their condensed phase oxidative chemistry generates 

particle mass aloft, such as sulfate (Zhou et al., 2019), water-soluble organic carbon (Carlton et 

al., 2008; Duong et al., 2011), and organo-sulfur compounds (Pratt et al., 2013). Clouds are the 

primary drivers of vertical transport in the atmosphere, moving trace species from the boundary 

layer to the free troposphere (FT) (Ervens, 2015). The radiative impacts of aerosols in the FT are 

substantial, especially when located above clouds where they scatter and absorb both incoming 

solar radiation and diffuse back scatter from clouds (Seinfeld, 2008). Aerosol-cloud interactions 

are complex and a critical uncertainty in model projections (Fan et al., 2016). 

 

Atmospheric chemistry laboratory studies, ambient sampling, modeling, and analysis strategies 

are often designed in ways that minimize cloud and water influences. This leads to an implicit, 

yet persistent clear sky bias in the quantitative understanding of tropospheric composition. 

During atmospheric chemistry field campaigns, aircraft typically avoid clouds, and direct 

measurement of in-cloud particle chemical composition is rare (Wagner et al., 2015). There is 

increased error in remotely sensed aerosol optical thickness (AOT) retrieval techniques during 

cloudy times (Martin, 2008), and impacted retrievals are screened from final data products to 

avoid measurement artifacts. Most validation of satellite-derived AOT through comparison to 

surface measurements, such as those from sun photometers used to retrieve AOT from the 
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ground up, is conducted for cloud-free periods (Liu et al., 2018). Air quality models are often 

evaluated with cloud-free satellite retrievals (van Donkelaar et al., 2010; Guo et al., 2017; de 

Hoogh et al., 2016; Song et al., 2014; Tian and Chen, 2010) and cloud-free aircraft samples 

(Bray et al., 2017; McKeen et al., 2009). This biases model development and predictive skill 

toward cloud-free conditions and hinders accurate prediction of trace species during cloudy time 

periods. Laboratory experiments to understand particulate matter formation are conducted under 

dry conditions (e.g., Lamkaddam et al., 2017; Ng et al., 2007) atypical of cloudy time periods. 

Should differences in aerosol physicochemical properties exist between cloudy and clear sky 

time periods, current approaches are limited in their ability to quantitatively assess those 

differences. This is a key knowledge gap. 

 

Characterization of fine particulate matter (PM2.5) mass and chemical composition in the US 

primarily relies on surface measurements from relatively sparsely spaced monitors. At various 

locations across the CONUS, the Interagency Monitoring of PROtected Visual Environments 

(IMPROVE) network samples every 3 days, and the Chemical Speciation Network (CSN) 

samples every 3 or 6 days (US Environmental Protection Agency, 2008). To improve upon 

surface network spatial and temporal limitations, data can be interpolated to describe particle 

mass (Li et al., 2014; Zhang et al., 2018a) and chemical composition over larger areas (Liu et al., 

2009; Tai et al., 2010). Satellite information can also be used (van Donkelaar et al., 2015b), such 

as the Moderate Resolution Imaging Spectroradiometer (MODIS) instruments aboard the Aqua 

and Terra satellite platforms. These view the entire Earth surface every 1 to 2 days and are used 

to impart information for use in air quality applications (van Donkelaar et al., 2015b; Gupta et 

al., 2006; Kloog et al., 2011; Sorek-Hamer et al., 2016). Many advanced satellite AOT models 
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translate space-based radiation measurements to surface PM2.5
 (van Donkelaar et al., 2010, 

2015b, 2015a; Gupta et al., 2006; Kessner et al., 2013; Kloog et al., 2011; Kumar et al., 2007; 

Liu et al., 2011; Schaap et al., 2009; Wang et al., 2012; Wang and Christopher, 2003) and 

employ sophisticated techniques that account for aerosol size and type, vertical extinction, mass, 

and relative humidity (RH) (van Donkelaar et al., 2010). Evaluation of AOT-to-PM2.5 techniques 

finds that monthly aggregated AOT can robustly estimate relationships spanning five years of 

daily mean values over North America (R>0.77) (van Donkelaar et al., 2010). While temporal 

and geospatial satellite AOT is useful for understanding trends in PM2.5 concentrations (van 

Donkelaar et al., 2015b; Sorek-Hamer et al., 2016; Wang and Christopher, 2003), an implicit 

constraint for this and other similar findings is that such agreement is for clear sky conditions.  

 

Surface networks record PM2.5 mass and chemical composition during clear sky and cloudy time 

periods alike. The difference between spatially and temporally aggregated PM2.5 mass 

concentrations in the CONUS for cloudy and all sky (cloudy + clear sky) conditions is estimated 

to be ±2.5 μg m-3 (Christopher and Gupta, 2010). Less attention has been given to clear sky and 

cloudy differences in PM2.5 chemical composition, especially with regards to particle 

hygroscopicity and water uptake. Aerosol mass concentrations and chemical speciation including 

aerosol liquid water (ALW) influence AOT (Christiansen et al., 2019; Malm et al., 1994; Nguyen 

et al., 2016b; Pitchford et al., 2007), cloud microphysics, and mesoscale convective systems 

(Kawecki and Steiner, 2018), including storm morphology and precipitation patterns (Kawecki et 

al., 2016). Particle chemical composition modulates particle size via water uptake. Particle size is 

a determining factor in light scattering by particles, which is important for aerosol radiative 

calculations. An implication of this work is that if particle hygroscopicity changes from clear sky 
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to cloudy time periods, when aerosol-cloud interactions are most important, a quantitative 

understanding remains unclear.  

 

In this work, we test the hypothesis that there are quantitative differences in PM2.5 chemical 

composition between cloudy and clear sky time periods in ways important for water uptake. We 

employ a combination of satellite products, surface measurements, and thermodynamic modeling 

to analyze annual and seasonal trends in chemical climatology regions across the CONUS. 

We assess and quantify seasonal statistical significance (Kahn, 2005) for differences in 

distributions of RH, PM2.5, and chemical speciation during cloudy and clear sky times using 

surface measurements from the IMPROVE network from 2010-2014 within the context of 

MODIS cloud flag values. Further, we examine one chemical climatology region in detail, the 

Mid South, as a case study. This region encompasses the location of the Atmospheric Radiation 

Measurement Southern Great Plains (SGP) site in an area of the CONUS that experiences varied 

weather patterns, a broad range of cloud conditions, and distinct seasonal variations in 

temperature and humidity (Sisterson et al., 2016). 

 

3.3 Data and Methods 

Cloudy and clear sky classifications are determined using publicly available data (National 

Aeronautics and Space Administration, 2018b) from MODIS on the Aqua and Terra satellites. 

Pairing of satellite and surface PM2.5 mass measurements typically works best in rural and 

vegetated locations, where the spectral properties of the background tend to be dark and vary 

little over the space of a satellite grid cell (Hauser, 2005; Jones and Christopher, 2010). For this 

reason, we use rural IMPROVE network sites that are located primarily in national parks, 
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although improvements have been made for retrievals over bright surfaces (Hauser, 2005; Hsu et 

al., 2004, 2006, 2013; Zhang et al., 2016). We use 500 m resolution pixels that contain the 

IMPROVE sites. Retrievals are flagged as cloudy if QA flags specifically identified clouds as 

preventing retrieval, or if 2.1-micrometer reflectance was too high (r>0.35) and the fraction of 

500 m sub pixels that were cloudy was greater than 44.4%. We choose 44.4% because it is a 

fundamental limit of the algorithm (Remer et al., 2013). IMPROVE monitors are frequently 

under a MODIS swath with valid retrievals even if the pixel containing the IMPROVE station is 

not successfully retrieved. As an alternative to the IMPROVE pixel, we employ a method for 

quality assurance, a 17x17 grid. This allows for any retrieval within a 50 km x 50 km area to 

represent the IMPROVE station. If all 17x17 pixels are not retrieved, then the state over the 

monitor is determined to be cloudy. The 17x17 grid approach is much more likely to attribute 

non-retrieved data to clouds (98.5%) than the containing pixel approach, which attributes 89.8% 

of non-retrieved data to clouds. Misidentifying non-retrievals as cloudy is unlikely to 

substantially affect interpretation, as the sample size is large (N>70,000 total observations, and 

N>1500 for an individual region). 

 

IMPROVE network data were downloaded on 13 July 2015 and 26 May 2016 from public 

archives (IMPROVE Network, 2019) for 132 unique sites across the CONUS with complete data 

records for the years 2010-2014 (Figure B1a). IMPROVE data are collected every 3 days. We 

investigate 24-hour average PM2.5 mass, ALW, RH, sulfate (SO4
2-), nitrate (NO3

-), and total 

organic carbon (TOC) mass concentrations. Other species affect particle hygroscopic properties 

but are not widely measured in routine networks. For example, we investigate TOC as a whole 

even though primary and secondary species affect water uptake differently. There is no direct 
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measurement of either in routine monitoring network operations, although fractionation can 

sometimes be used to infer information about sources and formation processes (Aswini et al., 

2019; Cao et al., 2005; Chow et al., 2004). We group IMPROVE sites across the CONUS into 22 

chemical climatology regions defined by the IMPROVE network (Figure B1b) (Hand et al., 

2011; Malm et al., 2017). PM2.5 mass and composition are provided directly from the IMPROVE 

database, while ALW is estimated. 

 

ALW is a function of RH, particle concentration, and chemical composition. We estimate ALW 

using a metastable assumption in the inorganic (K+–Ca2+–Mg2+–NH4
+–Na+–SO4

2-–NO3
-–Cl-–

H2O) aerosol thermodynamic equilibrium model ISORROPIAv2.1 (Fountoukis and Nenes, 

2007). The metastable state, in which the aerosol is in the aqueous phase and can be 

supersaturated with respect to dissolved salts, has been observed in field studies in different 

regions of the United States (Nguyen et al., 2014b; Rood et al., 1989). We use the reverse, open-

system problem because only aerosol measurements are available. Particle mass concentration 

inputs of SO4
2- and NO3

- are taken from IMPROVE measurements. Ammonium ion is not 

considered due to limited measurement availability. Dust and organic species are also not 

considered because water uptake properties are not well constrained (Jathar et al., 2016; Metzger 

et al., 2018), and there is large spatial heterogeneity in dust. Our approach to employing 

ISORROPIA introduces uncertainties (e.g., pH estimates would be unreliable (Guo et al., 2015)), 

but neglect of dust does not affect overall interpretation of ALW mass (Figure B2), consistent 

with an earlier sensitivity using this technique that included organic species (Nguyen et al., 

2015). The temperature and RH were extracted from the North American Regional Reanalysis 

(NARR) model (Kalnay et al., 1996) similar to Nguyen et al. 2016b. 
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Cloudy and Clear Sky differences in ALW are investigated in two ways. First, we compare ALW 

estimated using 24-hour average chemical composition and meteorology and group results into 

Clear Sky and Cloudy bins using the MODIS cloud flag. We use these daily values when 

comparing ALW within chemical climatology regions. Second, we investigate trends across the 

eastern US to isolate the effect of chemical composition. We select the eastern US since ALW 

concentrations are largest in this region (Figure B3) and it is in cloud often and consistently 

(cloud fraction 30-50% year-round) (Figure B4). This makes statistical comparisons between 

Cloudy and Clear Sky times more robust than in the western US, where ALW concentrations and 

cloud fraction are low in most seasons. We group 24-hour average chemical composition and 

meteorology into Clear Sky and Cloudy bins and take monthly medians. We perform ALW 

estimations using the medians via three ISORROPIA calculation scenarios: 1) Clear Sky 

chemical composition and Clear Sky meteorology (“Clear Sky” scenario), 2) Cloudy chemical 

composition and Cloudy meteorology (“Cloudy”), and 3) Clear Sky chemical composition and 

Cloudy meteorology (“Mixed”) (Table B1 and Figure B5). We use monthly medians to avoid 

complications that arise from differing numbers of Cloudy and Clear Sky days in the Mixed 

scenario. To investigate meteorology and chemical composition impacts separately, we perform 

the Mixed scenario in order to reproduce studies in which cloud free growth factors (Brock et al., 

2016) are eventually applied to models that contain cloudy meteorological conditions (Bar-Or et 

al., 2012). When the Mixed scenario is significantly different than Cloudy, we can reject the 

hypothesis that RH and temperature alone explain the difference. Wet deposition is 

unconstrained in this analysis, but cloud droplets typically evaporate (Pruppacher and Klett, 

2010). 
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Growth factors used in the Mid South region are estimated from a modified Kohler equation 

(Brock et al., 2016; Jefferson et al., 2017) (Eqn 3.1). We use RH from the NARR and estimate 

𝜅𝑑, the particle hygroscopicity, from IMPROVE-measured chemical composition mass 

concentrations and individual species κ values (𝜅𝑆𝑂4=0.5, 𝜅𝑁𝑂3=0.7) (Petters and Kreidenweis, 

2007). Here, 𝑔𝑓(𝐷) is the hygroscopic diameter growth. 

𝑔𝑓(𝐷) = (1 + 𝜅𝑑
𝑅𝐻

100−𝑅𝐻
)1/3                                                                         (3.1) 

Statistical significance for differences in measurement distributions of PM2.5 chemical 

composition and properties between Cloudy and Clear Sky time periods from 2010-2014 is 

determined using the Mann-Whitney U Test in R statistical software (R Core Team, 2013). The 

Mann-Whitney U Test is a non-parametric test that compares two samples to assess whether 

population distributions differ (McKnight and Najab, 2010). 2010-2014 encompasses typical 

conditions and coincides with several intensive observation periods including the Southeast 

Atmosphere Studies (SAS) (Carlton et al., 2018b), the Studies of the Emissions and Atmospheric 

Composition, Clouds, and Climate Coupling by Regional Surveys (SEAC4RS) (Toon et al., 

2016), and the California Research at the Nexus of Air Quality and Climate Change (CalNex) 

(Ryerson et al., 2013) field campaigns. We define cloud fraction for each region as the number 

of MODIS-flagged cloudy IMPROVE sampling days over the total number of IMPROVE 

sampling days. Further, we define winter as December, January, and February (DJF), spring as 

March, April, and May (MAM), summer as June, July, and August (JJA), and fall as September, 

October, and November (SON). 
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3.4 Results and Discussion 

3.4.1 Hygroscopicity and Chemical Composition 

Distributions in monthly particle chemical composition across the eastern US in 2010-2014 are 

sufficiently changed between MODIS-defined Cloudy and Clear Sky times to affect 

hygroscopicity and alter predicted ALW mass concentrations beyond differences that would 

arise from changes in meteorology alone (Figure 3.1). These findings are consistent with an 

analysis in the desert southwest US that shows that chemical composition is an essential factor 

for improving cloud condensation nuclei predictions (Crosbie et al., 2015). The only difference 

between the Mixed and Cloudy ALW calculations is that the Mixed scenario employs Clear Sky 

chemical composition (rather than Cloudy chemical composition) extrapolated to Cloudy 

meteorology. This type of scenario can occur in model development or satellite validation 

applications when PM2.5-AOT relationships or growth factors remain unmeasured for Cloudy 

periods (Brock et al., 2016; van Donkelaar et al., 2010; de Hoogh et al., 2016; Tian and Chen, 

2010). Previous work using climate models shows that application of ALW uptake that is 

influenced by incorrect chemical composition significantly affects top of atmosphere radiative 

forcing estimates and attribution of anthropogenic climate impacts (Rastak et al., 2017). When 

Clear Sky chemical composition is extrapolated to Cloudy period meteorology (“Mixed”), 

monthly median ALW concentrations in the eastern US, in all seasons except winter, are 

significantly different from our best estimate, which employs the actual chemical composition 

during cloudy periods (“Cloudy”). Interestingly, monthly median Clear Sky and Cloudy scenario 

ALW concentrations do not differ significantly except during winter despite higher Cloudy RH 

(Figure 3.2). This is consistent with chemical composition as a determining factor in ALW 
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(Carlton and Turpin, 2013; Liao and Seinfeld, 2005), CCN (Crosbie et al., 2015), and extinction 

(Pitchford et al., 2007) on cloudy days because the pattern in ALW is opposite the pattern in RH.  

 

 

Figure 3.1. ALW mass concentrations are significantly different between Clear Sky and Cloudy 

time periods beyond what would arise from changes solely in meteorology (e.g., RH). Monthly 

median estimated ALW distributions at each IMPROVE monitor in the eastern US during Clear 

Sky times (yellow, Clear Sky scenario), Cloudy times (blue, Cloudy scenario), and Cloudy times 

employing Clear Sky particle chemical composition (green, Mixed scenario). The black asterisk 

in (a) indicates the only situation where Clear Sky and Cloudy scenarios differ significantly. The 

red asterisk in (a) indicates the only situation where the Cloudy and Mixed scenarios do not 

differ significantly. The midline in the box is the median, the box boundaries are the 25th and 

75th percentiles, and the whiskers are the 10th and 90th percentiles. Potential outliers are not 

shown but are used in calculations. 
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Figure 3.2. Box plots of PM2.5, RH, NO3
-, and SO4

2- during clear sky times (yellow) and cloudy 

times (blue) across the eastern US. Note that potential outliers are not shown but are used in 

calculations. The width of the box plot is proportional to the number of observations. Asterisks 

denote Cloudy and Clear Sky differences that are not significant (p<0.05) by the Mann-Whitney 

U Test. 

 

Clear Sky/Cloudy patterns in SO4
2- and NO3

- mass concentrations, which affect particle 

hygroscopicity, vary regionally and seasonally. When aggregated over the eastern US, ALW 

estimates for the Mixed case are largest during summer and spring and can be explained by 

elevated Clear Sky SO4
2- and NO3

- concentrations and high Cloudy RH (Figure 3.2). Generally, 

Mixed ALW concentrations in the eastern US are higher than for the Cloudy scenario because 

Clear Sky chemical composition facilitates greater hygroscopicity and Cloudy RH is elevated 
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(Table B2). A notable exception is the Ohio River Valley during winter, where Cloudy SO4
2-, 

NO3
-, and RH are higher than Clear Sky. In this case, Cloudy period ALW concentrations are 

higher than for the Mixed scenario. These findings highlight that a changing PM2.5 chemical 

composition has a determining effect on ALW mass concentrations (Nguyen et al., 2016b), a 

critical element in the estimation of aerosol-cloud interactions and particle radiative impacts. 

During cloudy periods, when the accurate prediction of ALW and aerosol-cloud interactions is 

most critical, in situ knowledge of PM2.5 chemical composition is required.  

 

Differences in daily mass concentrations of fine particle chemical constituents between Cloudy 

and Clear Sky periods across the CONUS are spatially and temporally different among PM2.5 

mass and its chemical constituents except in the Northwest region (Figures 3.3-3.7, B6, and 

Tables B3-B7). These patterns cannot be adequately described as a function of MODIS cloud 

fraction (Figures B6-B7). If meteorological processes and physical transport are the only 

controlling factors, then patterns in mass concentrations among PM2.5 and constituents should 

not vary. However, they do, suggesting differences in emissions and/or in situ chemical 

production of PM2.5 during Cloudy and Clear Sky time periods. Where differences are significant 

for ALW, Cloudy ALW is higher than Clear Sky in all seasons, with few exceptions (Figure 3.3 

and Table B3). Water uptake contributes to particle growth with a determining impact on particle 

size and radiative properties. PM2.5 mass, greater during Clear Sky times in most regions and 

seasons, has nearly an opposite pattern to ALW spatial and seasonal trends (Figure 3.4). The 

largest ALW differences are observed in the central and eastern US during winter. Wintertime 

Cloudy SO4
2- mass concentrations are greater than Clear Sky (Figure 3.5 and Table B5), and the 

highest NO3
- mass concentration differences are observed during Cloudy times in winter when 
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temperatures are coldest (Figure 3.6 and Table B8). This promotes thermodynamic stability of 

nitrate in the condensed phase, increasing particle hygroscopicity and facilitating ALW.  

 

Figure 3.3. Maps of the difference in ALW mass concentration medians (Cloudy-Clear Sky) for 

all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of the 

point corresponds to the magnitude of the difference. Triangles indicate that median differences 

are significant by the Mann-Whitney U Test. Note that the difference in wintertime medians for 

daily ALW concentrations in the Ohio River Valley (denoted with asterisk) is substantially larger 

than other regions (Cloudy median value is 4.6 µg m-3 larger than Clear Sky). 
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Figure 3.4. Maps of the difference in PM2.5 mass concentration medians (Cloudy-Clear Sky) for 

all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of the 

point corresponds to the magnitude of the difference. Triangles indicate that median differences 

are significant by the Mann-Whitney U Test. 
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Figure 3.5. Maps of the difference in SO4
2- mass concentration medians (Cloudy-Clear Sky) for 

all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of the 

point corresponds to the magnitude of the difference. Triangles indicate that median differences 

are significant by the Mann-Whitney U Test.  

 

Outside of winter, significant SO4
2- mass concentrations are typically higher on Clear Sky days 

in the eastern US (Figure 3.5 and Table B5). Higher Clear Sky SO4
2- concentrations during 

summertime are associated with heat waves and stagnation events, which are characterized by a 

lack of ventilation in high pressure systems (Jacob and Winner, 2009; Wang and Angell, 1999) 

and higher electricity demand (Farkas et al., 2016) associated with emissions that form sulfate.  
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TOC mass concentrations are nearly always higher during Clear Sky times than Cloudy (Figure 

3.7 and Table B7) in all chemical climatology regions across the CONUS, with the largest 

differences during summer and fall. Precursor VOC emissions (e.g., biogenic) and subsequent 

derived PM that contributes to OC differ by season and region (Donahue et al., 2009; Gentner et 

al., 2017; Youn et al., 2013). Increased sunlight under clear sky conditions leads to higher 

biogenic VOC emissions (Sakulyanontvittaya et al., 2008) and enhanced photolysis rates that 

facilitate hydroxyl radical production important to secondary organic aerosol formation (Tang et 

al., 2003). Organic aerosol hygroscopicity and water uptake is highly uncertain (Christiansen et 

al., 2019; Nguyen et al., 2015), and yet has profound impacts on top-of-atmosphere radiative 

forcing calculations (Rastak et al., 2017). We note that TOC is also influenced by primary 

sources of OC including wildland fires in the west and prescribed burning in the east which are 

not influenced by cloud presence (Spracklen et al., 2007; Tian et al., 2009; Zeng et al., 2008). 
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Figure 3.6. Maps of the difference in NO3
- mass concentration medians (Cloudy-Clear Sky) for 

all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of the 

point corresponds to the magnitude of the difference. Triangles indicate that median differences 

are significant by the Mann-Whitney U Test. Note that the difference in medians for daily NO3
-

concentrations in winter for the Central Great Plains (denoted with asterisk) is substantially 

larger than other regions (Cloudy median value is 1.07 µg m-3 larger than Clear Sky).  
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Figure 3.7. Maps of the difference in TOC mass concentration medians (Cloudy-Clear Sky) for 

all regions from 2010-2014 for (a) winter, (b) spring, (c) summer, and (d) fall. The color of the 

point corresponds to the magnitude of the difference. Triangles indicate that median differences 

are significant by the Mann-Whitney U Test. 

 

3.4.2 PM2.5 Mass Concentrations 

Significant differences in PM2.5 mass concentrations measured at IMPROVE monitoring 

locations are observed between Cloudy and Clear Sky conditions in the majority (>60%) of 

regions in any given season during 2010-2014 (Figure 3.4 and Table B4) and do not correlate 

with MODIS cloud fraction during any season in any region (Figure B8). In all regions, Clear 

Sky PM2.5 concentrations are generally higher than Cloudy. Satellite AOT products used to 

derive PM2.5 may overestimate the atmospheric burden across the CONUS, particularly during 
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summertime. Median All Sky PM2.5 concentrations are also significantly different and typically 

lower than Clear Sky in multiple chemical climatology regions (Table B9). This suggests the 

clear sky bias in satellite data may impart a positive bias when assessing surface PM2.5 trends in 

model applications for air quality, weather, and climate.  

 

3.4.3 Case Study: The Mid South 

ALW concentrations are significantly higher during Cloudy times than Clear Sky in the Mid 

South during all seasons (Table 3.1 and Figure 3.8). RH in the region is high year-round during 

Cloudy and Clear Sky periods alike, with the median greater than 60%. Gas-phase water vapor 

mixing ratios are sufficiently high that water availability is not limiting for ALW in the region 

for any season. Aerosol mass concentrations and chemical composition vary, however, and the 

effects on particle hygroscopicity can be seen in contrasting Cloudy and Clear Sky ALW 

concentrations among the seasons. For example, during Clear Sky conditions, the highest ALW 

mass concentrations occur during summer and spring, which correspond to the highest SO4
2- 

concentrations in the Mid South, and not when Clear Sky RH is highest (i.e., during winter). The 

largest absolute ALW concentrations and estimated growth factors occur during Cloudy times in 

the winter and spring, when NO3
- mass fraction and RH are highest. This is consistent with 

independent humidified nephelometer measurements by Jefferson et al., who found that aerosol 

growth rates are highest in the winter and spring at the SGP site within the Mid South chemical 

climatology region, and identify nitrate and RH as determining factors (Jefferson et al., 2017). 
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Figure 3.8. Box plots of cloudy and clear sky distributions of PM2.5 and chemical constituent 

mass concentrations (µg m-3) and RH in the Mid South for each season from 2010-2014. The 

width of the box plot is proportional to the number of observations. Note that potential outliers 

are not shown but are used in calculations. Asterisks denote Cloudy and Clear Sky differences 

that are not significant (p<0.05) by the Mann-Whitney U Test. 

 

Table 3.1. Particle chemical constituent concentrations, meteorology, and growth factors during 

Cloudy (Cl) and Clear Sky (CS) times in the Mid South. 
 SO4

2- NO3
- ALW RH Growth Factors 

 CS Cl CS Cl CS Cl CS Cl CS Cl 

Win 0.77 1.24 0.90 1.22 1.32 3.61 0.64 0.80 1.33 1.50 

Spr 1.46 1.79 0.37 0.50 2.48 4.02 0.62 0.76 1.25 1.41 

Sum 1.91 1.69 0.20 0.19 2.92 3.57 0.59 0.72 1.21 1.39 

Fall 1.05 1.17 0.18 0.33 1.56 2.74 0.57 0.73 1.18 1.37 
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NO3
- concentrations are generally lower than SO4

2- in the Mid South, but NO3
- is more 

hygroscopic and provides influence over ALW patterns. Sulfate is traditionally considered 

dominant in determining absolute ALW mass concentrations in this region, and sulfate mass 

fraction is highest in summer (Carlton and Turpin, 2013; Gasparini et al., 2006). Similar to other 

regions of the CONUS, SO4
2- mass concentrations are greatest during summertime Clear Sky 

conditions due to transport (Parworth et al., 2015), increased rates of photochemistry (Stone et 

al., 2012), and increased electricity sector emissions during heat waves and stagnation events 

(Appel et al., 2011; Farkas et al., 2016), which generally occur on sunny days. Sulfate mass 

fraction is lowest in winter, when NO3
- concentrations are high due to cooler temperatures and 

transport of precursor species from nearby agricultural and surrounding urban areas (Parworth et 

al., 2015). Year-round NO3
- concentrations are higher during Cloudy conditions than Clear Sky, 

which are associated with lower temperatures. Under Cloudy conditions, the highest ALW 

concentrations and estimated growth factors occur during winter and spring, when NO3
- mass 

fraction and RH are highest. In another continental location, the Po Valley in Italy, NO3
- was 

found to control ALW concentrations with implications for secondary organic aerosol (Hodas et 

al., 2014). The Mid South is also a continental, agricultural area and aerosol growth may be 

subject to similar mechanisms. 

 

3.5 Conclusions 

Across the CONUS, statistically discernible differences among PM2.5 and chemical constituent 

concentrations under Cloudy and Clear Sky conditions cannot be explained solely by physical 

mechanisms. The chemical properties of aerosol are important to explain differences in water 

uptake and particle composition under different meteorological conditions. While meteorological 
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phenomena such as pressure systems, winds, and air mixing affect PM2.5 and chemical 

component concentrations, they are insufficient to explain chemical constituent differences 

between Cloudy and Clear Sky times. In situ chemical formation processes are necessary to fully 

explain temporal and spatial patterns. Spatially and seasonally, PM2.5 and particle speciation 

information that lends insight into water uptake, particle properties, and particle growth is 

incomplete when information is gathered only during Clear Sky times. The work presented here 

indicates aerosol growth due to water uptake is greatest during satellite periods identified as 

Cloudy in many regions, when satellites are unable to remotely sense particle properties and 

impacts. This limits understanding of atmospheric particle burden and its climate-relevant 

physicochemical properties, which have implications for the prediction of weather (Kawecki and 

Steiner, 2018), air quality, and climate. This indicates that the clear sky bias affects accurate 

representation of ALW on cloudy days and suggests that without in situ chemical information, 

aerosol-cloud interactions and subsequent estimates of radiative forcings in models (Lin et al., 

2016; Vogelmann et al., 2012) will remain a large uncertainty.  
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CHAPTER FOUR 

THE CHANGING NATURE OF ORGANIC CARBON OVER THE UNITED 

STATES 

 

Reproduced with permission from Environmental Science and Technology. Christiansen, A.E.; 

Carlton A.G.; Porter, W.C., The Changing Nature of Organic Carbon over the United States. 

Submitted for publication to Environmental Science and Technology. Unpublished work © 2020 

American Chemical Society. 

 

4.1 Abstract 

Total organic carbon (TOC) mass concentrations are decreasing across the contiguous US 

(CONUS), most notably in the southeast US. We investigate decadal trends in organic carbon 

(OC) thermal fractions (OC1 (volatilizes at 140 °C), OC2 (280 °C), OC3 (480 °C), OC4 (580 

°C)) and pyrolyzed carbon (PC) as measured and reported at 121 locations in the Interagency 

Monitoring of PROtected Visual Environments (IMPROVE) monitoring network from 2005-

2015 for 23 chemical climatology regions across the CONUS. Reductions in PC and OC2 drive 

the observed and reported decadal decreases in TOC (TOC = OC1 + OC2 + OC3 + OC4 + PC) 

mass concentrations across the CONUS. OC2 decreases by 40% from 2005-2015, and PC 

decreases by 34%. The largest absolute mass decreases occur in the eastern US, and relative 

changes normalized to local concentrations are more uniform across the CONUS. In each region, 

OC is converted to organic mass (OM) using region-and-season-specific OM:OC ratios. 

Simulations with GEOS-Chem reproduce OM trends in all regions and suggest decreases across 

the CONUS, and especially in the eastern US, are due to aerosol liquid water (ALW) chemistry. 
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Individual model species, most notably secondary organic aerosol derived from isoprene 

oxidation products and formed in ALW, correlate significantly (p<0.05) with OM2 across the 

CONUS, even in arid western regions. Links among model species and OM fractions lend 

insight to changing chemical regimes with implications for particle phase state, viscosity, and 

oxidation state. These findings contribute to the growing body of literature that suggests federal 

air quality rules aimed at anthropogenic SO2 and NOx emissions induce the co-benefit of further 

reducing fine particle mass through decreases in TOC, primarily through chemistry involving 

ALW. Results suggest that these benefits extend beyond the eastern US. 

 

4.2 Introduction 

Concentrations of organic carbon (OC), a major contributor to fine particulate matter (PM2.5) 

mass (Zhang et al., 2007), have decreased over past decades across the contiguous US (CONUS), 

notably in the southeast US (Attwood et al., 2014; Blanchard et al., 2013; Malm et al., 2017; 

Nguyen et al., 2015; Ridley et al., 2018). Carbon-14 analysis at rural locations such as national 

parks revealed that most OC is non-fossil in these areas and presumably derived from biogenic 

emissions (Bench et al., 2007; Schichtel et al., 2008), which are projected to increase as the 

climate warms (Heald et al., 2008). In urban and near-urban locations, residential heating and 

cooking contributes some amount of non-fossil carbon-14, but this is not a significant contributor 

at remote locations (Heal, 2014; Schichtel et al., 2008). Smoke from wildfires, which are 

increasing in frequency, intensity, and acreage burned (Spracklen et al., 2009; Westerling, 2016), 

also contribute non-fossil carbon to total organic carbon (TOC). Decreases in OC are attributable 

to the effects of anthropogenic NOx and SO2 regulations (Carlton et al., 2018a), the impetus of 

which was to reduce acid deposition in the eastern US and ozone mixing ratios. This reduces 
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surface mass concentrations of sulfate and nitrate (Ridley et al., 2018), hygroscopic PM 

constituents that facilitate aerosol liquid water (ALW) formation and secondary organic aerosol 

(SOA), in turn reducing contributions to OC in observations in the Southeast US (Nguyen et al., 

2015) and in model simulations of the CONUS (Carlton et al., 2018a; Marais et al., 2017). The 

Community Multiscale Air Quality (CMAQ) and GEOS-Chem models better reproduce 

observed decadal trends most successfully when the SOA chemical mechanism includes water-

mediated chemistry and uptake, in particular in the eastern US (Marais et al., 2016). 

 

The Interagency Monitoring of PROtected Visual Environments (IMPROVE) network provides 

the longest continuous measurements of surface ambient concentrations of carbonaceous 

material in PM2.5 across the US using thermal optical organic carbon/elemental carbon (OC/EC) 

analyzers (Khan et al., 2012; Meier and Schwab, 2011). Organic and elemental carbon mass 

concentrations are measured from the evolution of organic species from a filter at operationally-

defined temperatures. Mass measurements of OC are made by heating filters in a helium 

environment to allow organic species to volatilize without oxidation on the filter. Organic 

species tend to pyrolyze above 300 ºC (Chow et al., 1993), and this pyrolysis is monitored and 

corrected via reflectance (Rau, 1986). The IMPROVE network defines four OC thermal fractions 

(OC1, OC2, OC3, and OC4) at temperatures ranging from 140-580 ºC (Chow et al., 2007), a 

protocol applied routinely since 2005, to minimize the amount of OC that undergoes pyrolysis 

during analysis (Chow et al., 2005, 2007; Rau, 1986). OC fraction measurements provide 

information about the volatility of the organic species within each fraction and not specific 

chemical identity. There are a number of uncertainties within these fractions including pyrolysis, 

interactions from other species (Baumgardner et al., 2012; Chow and Watson, 2002; Wang et al., 
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2010), and analytical biases (Malm et al., 2020). However, previous studies have used OC 

fractions to provide chemical insight regarding speciation and sources (Aswini et al., 2019; Cao 

et al., 2005; Chow et al., 2004; Lim et al., 2012). Field campaigns in locations around the world, 

using a previous iteration of the IMPROVE thermal protocol, identify biomass burning and 

anthropogenic combustion processes as major sources of OC1 and OC2 (Aswini et al., 2019; Cao 

et al., 2005; Chow et al., 2004), and cooking emissions and dust as sources that contribute to 

OC3 and OC4 (Chow et al., 2004; Lim et al., 2012). A laboratory analysis of individual organic 

compounds found widely in the atmosphere (e.g., oxalic acid, levoglucosan, azelaic acid, and 

humic-like substances) found that as the molecular weight of an organic species increases, higher 

temperatures are needed for carbon evolution (Miyazaki et al., 2007). Efforts to identify specific 

organic functional groups (Dillner and Takahama, 2015; Kamruzzaman et al., 2018; Weakley et 

al., 2016) and other chemical properties, including viscosity (Rothfuss and Petters, 2017), from 

filters analyzed for TOC content are an active area of research.  

 

Changing chemical regimes for ozone in response to decreases in anthropogenic NOx emissions 

in the atmosphere of the CONUS are noted in the literature (Simon et al., 2015). This changing 

photochemistry may also affect SOA formation pathways in ways that affect the overall nature of 

particulate organic carbon by altering speciation, degree of oxidation, and phase state. Volatile 

organic carbon (VOC) reacts with various oxidants and forms peroxy radicals (RO2) in the 

presence of oxygen (Seinfeld and Pandis, 1998). Traditionally, the fate of an RO2 species is 

assumed to be predominantly driven by its bimolecular reaction with NO, HO2, or another RO2. 

However, as NOx emissions decrease, autoxidation reactions are becoming more important, 

potentially leading to more highly oxidized organic species (Praske et al., 2018). Decadal 
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changes in OC fraction mass concentrations and relative fractional contribution to the total may 

indicate changes in SOA speciation, oxidation, and other properties. Hand et al. 2019 cautiously 

suggest that organic aerosol (OA) across the CONUS is increasingly aged and oxidized over 

time, although analytical bias in the separation of OC and EC confound interpretation (Malm et 

al., 2020). 

 

Previous studies of temporal trends in OA and particulate OC focus on TOC measurements 

(Attwood et al., 2014; Nguyen et al., 2015; Ridley et al., 2018), and decadal trends in the 

individual thermal fractions have not received as much analysis in the literature. Here, we 

investigate geospatial and temporal trends in OC fractions to determine which contribute 

significantly to overall TOC decreases. We also track decadal changes in OA from 2005-2015 in 

the GEOS-Chem model to identify potential OC sources and formation mechanisms that may 

help to explain observed trends. 

 

4.3 Materials and Methods 

4.3.1 Surface Measurements and Estimates 

IMPROVE network chemical speciation data were downloaded on 26 February 2020 for 121 

sites across the CONUS with >80% of sampling days reported from 2005-2015 (IMPROVE 

Network, 2019) (Figure C1a). These years correspond to a change in the thermal protocol in 

2005 (Chow et al., 2007) and a change in the instrument after 2015 (Chow et al., 2018). We use 

all reported values and uncertainties. Values below the method detection limit (MDL) are kept in 

the analysis when the value plus uncertainty is above the MDL. Uncertainties are reported as 

measures of standard deviation (Hyslop and White, 2008), and there is an equal chance that these 
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values fall above or below the MDL. Since these values may exceed the MDL, we keep them in 

our analysis. Rural sites are grouped into 23 chemical climatology regions defined by IMPROVE 

as having similar aerosol composition and topography (Figure C1b) (Malm et al., 2017), and 

each region in our analysis contains between 2 and 10 sites. We use surface mass concentration 

data of thermally-defined OC fractions OC1 (140 ºC), OC2 (280 ºC), OC3 (480 ºC), and OC4 

(580 ºC), PC, and TOC (OC1 + OC2 + OC3 + OC4 + PC) across these chemical climatology 

regions. OC1 concentrations are assumed to be a lower bound due to volatilization of species 

during field latency, transport, and storage (Dillner et al., 2009). We report OC1 trends and 

concentrations since they are reported by the IMPROVE network, but we do not attempt to 

assign chemical meaning due to high levels of uncertainty. OC4 is the least volatile fraction.  

 

The OC fractions are operationally defined, and there is debate about how method differences 

impact quantification of OC and EC (Baumgardner et al., 2012). IMPROVE uses one of several 

thermal/optical reflectance analysis protocols, and we limit our analysis to this method to avoid 

inter-comparison issues. Some analytical biases may still persist (Baumgardner et al., 2012; 

Chow and Watson, 2002; Dillner et al., 2009; Malm et al., 2011; Wang et al., 2010). Semi-

volatile species, such as ammonium nitrate (Chow et al., 2015) and OC1, are lost from filter 

samples before and during analysis (Dillner et al., 2009; Malm et al., 2011). Metal salt particles, 

particularly ones containing copper and iron, can reduce the oxidation temperature of EC and 

enhance OC charring, affecting the OC/EC split and reported TOC concentrations (Wang et al., 

2010). KCl and NaCl from biomass smoke and sea spray can also alter the temperature at which 

large organic compounds and EC evolve (Baumgardner et al., 2012). CONUS-averaged copper 

and iron concentrations do not appreciably change, and sea salt concentrations do not trend 
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positive or negative from 2005-2015 (Figure C2). Further, we use median values in our analysis 

to minimize the impact of episodic outliers, such as wildfires and biomass burning. Water-

soluble organic carbon (WSOC) characteristic of rural aerosol is susceptible to pyrolysis during 

analysis (Khan et al., 2012). Total pyrolyzed carbon (PC) is measured in a separate category 

from the thermal fractions and cannot be assigned to a particular step in the temperature-ramp. 

Hence, reported mass concentrations for OC fractions are lower mass bounds because some of 

each fraction may be lost to charring and counted as PC (Khan et al., 2012). Recently, Malm et 

al. 2020 demonstrated that PC and EC co-evolve, causing lower-temperature oxidation of EC 

(Boparai et al., 2008; Subramanian et al., 2006), which biases TOC concentrations high because 

it includes some EC. It is difficult to quantitatively assess how PC impacts individual OC 

fraction trends. While there are uncertainties and precautions to take when using OC fraction 

data, the IMPROVE record is the oldest continuous TOC network in the CONUS, and the 

underutilized OC fraction data may facilitate insight regarding the controlling mechanisms 

responsible for the decrease in TOC and its changing nature. 

 

The IMPROVE protocol measures particulate organic carbon, yet organic aerosol is composed of 

other elements such as hydrogen, oxygen, nitrogen, and sulfur that are not accounted for in these 

measurements. Often, an OM:OC ratio of 1.8 is applied as a factor to account for non-carbon 

organic mass, though ratios vary spatially, seasonally, and decadally, and depend on air mass 

origin (Aiken et al., 2008; El-Zanan et al., 2005; Hand et al., 2019; Philip et al., 2014; Simon et 

al., 2011). Several methods of OM:OC ratio determination are discussed in the literature. El-

Zanan et al. 2005 experimentally determined OM:OC ratios at five IMPROVE sites 

representative of their chemical climatology regions using subsequent solvent extractions of 
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dichloromethane, acetone, and water. Other methods include multiple linear regression  

approaches based on reported IMPROVE measurements (Simon et al., 2011), a combination of 

aerosol mass spectrometers (AMS) and satellite NO2 data (Philip et al., 2014), and functional 

group information derived from Fourier-Transform Infrared (FT-IR) spectra of IMPROVE 

samples (Ruthenburg et al., 2014). Across all analyses, OM:OC ratios ranged from 1.3 to 2.6. 

Ratios are highest in the summer and rural areas, and lowest in the winter and urban areas (Philip 

et al., 2014; Simon et al., 2011). Average OM:OC ratios across the CONUS may be increasing 

with time (Figure C3) (Hand et al., 2019), although analytical biases that apportion some light-

absorbing carbon (LAC) to OC (Malm et al., 2020) cannot be ruled out. 

 

We determine seasonal organic mass (OM) for all regions across the CONUS with >80% 

complete data from 2005-2015 using OM:OC ratios determined via mass balance using 

IMPROVE-defined reconstructed mass (Air Quality Research Center, 2019) and removing the 

1.8 multiplier from OC (Eqn 4.1) as summarized in Malm et al. 2020 (El-Zanan et al., 2005; 

Lowenthal and Kumar, 2003; Malm et al., 2020). 

𝑂𝑀: 𝑂𝐶 =  
𝑃𝑀2.5−𝐴𝑚𝑚.𝑆𝑢𝑙𝑓.−𝐴𝑚𝑚.𝑁𝑖𝑡.−𝐸𝐶−𝑆𝑂𝐼𝐿−1.8∗𝐶𝑙

𝑂𝐶
     (4.1) 

Here, SOIL is equal to (2.2*Al + 2.49*Si + 1.63*Ca + 2.42*Fe + 1.94*Ti) (Air Quality Research 

Center, 2019). We convert IMPROVE-measured OC to OM estimates for a more direct 

comparison to GEOS-Chem simulations because the model provides OA mass concentrations. 

Each OC fraction and TOC is multiplied by the appropriate seasonal and regional OM:OC ratio, 

and they are referred to as OM fractions and TOM. 
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ALW mass concentrations are estimated using the thermodynamic equilibrium model 

ISORROPIA version 2.1, publicly available online (Fountoukis and Nenes, 2007). Temperature 

and relative humidity (RH) data were extracted from the North American Regional Reanalysis 

(NARR) model as in Nguyen et al. 2016b. 3-hour temperature and RH data are averaged to 24 

hours to match the 24-hour sampling time of IMPROVE measurements. ALW concentrations are 

estimated at each available IMPROVE sampling day. We assume metastable conditions, in 

which the aerosol is composed of only an aqueous phase (Nguyen et al., 2014b; Rood et al., 

1989), and use only SO4
2- and NO3

- mass concentrations since NH4
+, which increases ALW, is 

not measured at IMPROVE sites. We do not include dust and organic species due to large water 

uptake uncertainties (Christiansen et al., 2019; Jathar et al., 2016; Metzger et al., 2018) and the 

spatial heterogeneity in dust, which would disproportionately affect uncertainties in ALW 

estimations across regions. Our approach affects absolute values of ALW, but it does not affect 

overall interpretation or broad trends, consistent with previous analyses which use the same 

method and include organic compounds (Nguyen et al., 2015) and dust (Christiansen et al., 2020) 

in sensitivity analyses of ALW estimates.  

  

4.3.2 GEOS-Chem Modeling 

Observations are paired in space and time via a nearest neighbor approach with model 

predictions from GEOS-Chem version 12.3.2 (http://acmg.seas.harvard.edu/geos) driven by the 

MERRA-2 reanalysis product (Gelaro et al., 2017) developed by the NASA Global Modeling 

and Assimilation Office (GMAO). Nested 0.5º x 0.625º simulations over North America are 

examined across 2005-2015 using output from global simulations run at 2º x 2.5º horizontal 

resolution to provide boundary conditions. Anthropogenic emissions for the United States are 
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taken from the National Emissions Inventory 2011 (NEI11) developed by the United States 

Environmental Protection Agency (EPA), as implemented in GEOS-Chem by Travis et al. 2016 

and adjusted for trends over time using EPA’s national annual scaling factors. Online biogenic 

emissions are provided by the Model of Emissions of Gases and Aerosols from Nature 

(MEGANv2.1) (Guenther et al., 2012) with updates for acetaldehyde emissions (Millet et al., 

2010) and CO2 dependence (Tai et al., 2013). Biogenic emissions vary over time based on 

ambient meteorological conditions, as do trends in leaf area index (LAI), which are captured 

using the MODIS-derived LAI data product from Yuan et al. 2011. Fire emissions are modeled 

using the fourth-generation global fire emissions database (GFED4) (Giglio et al., 2013; van der 

Werf et al., 2010). Inorganic aerosol thermodynamics are modeled using the ISORROPIA 2.2 

module (Fountoukis and Nenes, 2007), while SOA formation is represented by the simplified 

Volatility Basis Set (VBS) approach of Pye et al. 2010 with the addition of the non-reversible 

aqueous-phase isoprene SOA scheme of Marais et al. 2016.  

 

We determine the direction and significance of relative decadal trends in particulate OC, OC 

converted to OM, and predicted GEOS-Chem speciation bins (defined in Table C1) using Sen’s 

slope and the Mann-Kendall test, non-parametric techniques that are resistant to outliers and 

account for seasonality, in R statistical software (Kendall, 1975; Mann, 1945; R Core Team, 

2013; Sen, 1968; Theil, 1950). We define winter as December, January, and February (DJF), 

spring as March, April, and May (MAM), summer as June, July, and August (JJA), and fall as 

September, October, and November (SON). 
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4.4 Results and Discussion 

Across the CONUS, absolute and relative OC1, OC2, and PC mass concentrations exhibit 

statistically significant (p<0.05) decreasing trends over time in all chemical climatology regions 

(Figures 4.1, C4), as does TOC with the exception of two regions in California. The median TOC 

concentration across the CONUS decreases from 0.78 µg m-3 in 2005 to 0.64 µg m-3 in 2015. 

OC2 and PC drive TOC mass concentration decreases. Species in OC2 may contain carboxylic 

acids, polyaromatic hydrocarbons (PAHs), and steranes (Meier and Schwab, 2011). PAHs and 

steranes are anthropogenic emissions markers for incomplete fossil fuel combustion and motor 

oil emissions (Abdel-Shafy and Mansour, 2016; Dat and Chang, 2017; Ruehl et al., 2011), and 

carboxylic acids originate from oxidation of biogenic and anthropogenic VOCs or direct 

emission from fossil fuel combustion and biomass burning (Ferrero et al., 2019). Changes in PC 

may be due to mis-apportioned EC (Malm et al., 2020), and some laboratory analyses connect 

PC to WSOC (Khan et al., 2012). OC2 and PC decreases are ubiquitous and significant (p<0.05), 

with the largest absolute and relative decreases occurring in the eastern US, where ALW mass 

concentrations and relative decreases in ALW are also greatest (Figures C4-C6) (Carlton and 

Turpin, 2013; Nguyen et al., 2016b). These decreases are generally larger than measurement 

uncertainties, especially in the southeast US (Figure C7). OC3 increases in three chemical 

climatology regions in the humid eastern US over the same time period, especially during 

summer and fall (Figure C8) after 2013.  
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Figure 4.1. Maps of relative decadal trends (2005-2015) in a) TOC, b) OC1, c) OC2, d) OC3, e) 

OC4, and f) PC mass concentrations for each chemical climatology region. Size corresponds to 

the magnitude of the percent change. Red indicates an increasing trend, blue indicates a decrease, 

a colored circle indicates that the increase or decrease is significant (p<0.05) by the Mann-

Kendall test, and an unfilled circle indicates the change is insignificant. 

 

The magnitude of decadal changes among the OC fractions varies within and across regions, and 

OC fractional contributions to TOC differ from 2005-2015 (Figure 4.2). OC2 mass 

concentrations decrease significantly (p<0.05) by a total of 0.07 µg m-3, from 23% of TOC to 

17%. By contrast, OC3 mass concentrations across the CONUS increase by 0.03 µg m-3, from 

27% of TOC to 38%, and contribute the most by mass to CONUS-averaged TOC after 2010. 

Over the decade from 2005-2015, these increases are significant in three regions in the eastern 

US. OC4 mass concentrations decrease by less than 0.01 µg m-3; however, the fractional 
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contribution of OC4 to TOC increases from 19% to 23%. Median publicly reported OC1 mass 

concentrations decrease by more than 50%. In 2005, across the CONUS, PC concentrations are 

higher than any OC fraction at 0.23 µg m-3 and decrease to 0.15 µg m-3 by 2015 (29% of TOC to 

24%). The rate of decline for PC is significant, higher than that for any OC fraction, and is 

spatially consistent with the largest decreases in ALW (Figures C5, C6). Decadal declines in 

OC2 are statistically robust, larger than measurement uncertainties, and OC2 is less likely to 

pyrolyze than fractions evolving at higher temperatures (Chow et al., 1993). 

 

 

Figure 4.2. Decadal trends across the CONUS for a) TOC, OC fraction, and PC mass 

concentrations and b) fractional contribution of OC fractions and PC to TOC. Error bars 

represent the standard error of the medians. 
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GEOS-Chem reproduces spatial and temporal trends in IMPROVE-estimated total organic mass 

(TOM) using region-and-season-specific OM:OC ratios across the CONUS (Figure 4.3). 

Individual GEOS-Chem simulated organic aerosol speciation bin mass concentrations correlate 

significantly (p<0.05) with specific IMPROVE OM fractions in every region and season, 

offering plausible mechanistic insight to these changes. Significant correlations (p<0.05) 

between predicted OA and estimated OM fractions are found in each region and indicate that 

some chemical complexity tied to formation pathways is captured by OC fraction measurements 

in routine network data. Over all regions and seasons, we assess 13 model species (Table C1) 

and compare with OM fractions. We find 739 significant paired evaluations over 11 years in 23 

regions. Correlations are positive and occur frequently among IMPROVE-measured OM2 and 

GEOS-Chem speciation bins representing water-mediated components; thus, we explore 

pathways and impacts of water-mediated chemistry. 
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Figure 4.3. IMPROVE TOM and GEOS-Chem predictions of TOA across the CONUS from 

2005-2015. Standard errors are represented via error bars. 

 

Water-mediated chemistry predicted by GEOS-Chem is linked to observations in the OM 

fractions in multiple regions across the CONUS and provides plausible mechanistic explanations 

for observations. GEOS-Chem oxidation products of isoprene produced in the aqueous 

mechanism (ISOAAQ) correlate significantly (p<0.05) with OM2 in summer (Figure 4.4). This 

GEOS-Chem species includes carboxylic acids (Nguyen et al., 2010), which are formed from the 

aqueous-phase chemistry of isoprene oxidation products (Carlton et al., 2006; Tan et al., 2010) 
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and observed as part of OC2 in laboratory studies (Aswini et al., 2019; Cao et al., 2005; Chow et 

al., 2004). Statistical significance is also observed for ISOAAQ with OM1 and OM4 in some 

regions and seasons. This is consistent with laboratory studies that demonstrate evolution of 

individual compounds such as oxalic acid in one or more OC thermal fraction (Meier and 

Schwab, 2011). 

 

Decreasing summertime measured OM2 trends correlate significantly (p<0.05) with decreases in 

measured (R>0.9) and predicted (R>0.9) SO4
2-, ALW (R>0.8), and ISOAAQ, which includes 

species that require the presence of water to form (Figures C9, C10) (Nguyen et al., 2014a). The 

absolute and relative decreases are highest in the humid eastern US during summer, where 

decreases in ALW are largest (Figure C5). However, decreases in OM2, ALW and ISOAAQ 

occur in most regions across the CONUS. For example, in the Great Basin region, representative 

of arid areas of the US (Figure 4.4), predicted ALW mass and isoprene emissions are low (Wang 

et al., 2017b), yet relative decreases in OM2, ALW, and ISOAAQ are similar to observed trends 

in the eastern U.S. This is suggestive that water-mediated processes also play a determining role 

in TOC decreases outside humid locations of the eastern US.  
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Figure 4.4. Decadal decreases in ALW, GEOS-Chem predicted ISOAAQ, and OM2 for a) 

Appalachia and b) Great Basin. Note the y-axes are different between panels. 

 

GEOS-Chem also predicts increases in several speciation bins, including aerosol products of 

light aromatics (ASOA), terpene oxidation products (TSOA), aerosols from semi-volatile organic 

carbon (POA), and oxidation products of primary organic gas oxidation (OPOA) (Table C1 and 

Figure C11). Many of these changes, especially OPOA (Figure C12), are positively correlated 

with OM3, which also demonstrates increases. OPOA generally follows the same temporal 

pattern as OM3 in many regions, showing an increase in concentrations starting in the latter half 
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of our analysis (Figure C13). Increases in OPOA are linked to OM3 in spring, summer, and fall 

across the CONUS. While TOC is reported to be decreasing, increases among positively 

associated independent measurements and modeled species (i.e., OM3 and OPOA) warrant 

further study. 

 

Changes in OC fractions and ALW suggest changing particle properties. ALW acts as a 

plasticizer, and decreases in ALW lead to more viscous particles in laboratory and model studies 

(O’Meara et al., 2016; Reid et al., 2018). It is also plausible that changes in the fractional 

contribution of the thermal OC fractions are indicative of altered OA viscosity (Champion et al., 

2019; Yli‐Juuti et al., 2017). PC decreases alongside ALW and has been linked in laboratory 

studies to WSOC (Khan et al., 2012), which may suggest decreasing WSOC concentrations. As 

noted previously, decreases in PC may be due to decreases in mis-apportioned light-absorbing 

carbon (LAC) (Malm et al., 2020). LAC is thought to be organic in nature (Malm et al., 2020) 

and could form from browning reactions in the atmosphere facilitated by ALW (Chang and 

Thompson, 2010; De Haan et al., 2009; Sareen et al., 2010). Organic speciation changes may 

also occur concurrent with decreasing NOx emissions and increasing importance of autoxidation 

reactions (Praske et al., 2018). These findings are consistent with a potential increase in OA 

viscosity and are supportive of the changing nature of organic chemical species and pathways in 

OA over the CONUS. This has implications for particle phase state, which affects processes 

including reactive uptake and particle growth (Li and Shiraiwa, 2019) through changing mass 

transfer and bulk diffusion (Berkemeier et al., 2016; Marshall et al., 2016), impacting ability to 

quantitatively model and accurately assess aerosol impacts on climate and air quality (Shiraiwa 

et al., 2017b). Increased particle viscosity leads to long particle-phase diffusion timescales, 
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which can prolong time needed for oxidation and degradation and increase long-range transport 

of pollutants. 

 

Biogenic emissions of VOCs have not changed greatly in the CONUS over the decade analyzed 

here, and have even increased in some areas (Heald et al., 2008; Spracklen et al., 2009). 

Decreases, most notably in inorganic anthropogenic emissions of SO2 and NOx, contribute to 

decreasing OA concentrations through a variety of mechanisms (Lane et al., 2008; Marais et al., 

2017; Nguyen et al., 2015). Models consistently suggest that the dominant impact is via ALW 

formation pathways (Carlton et al., 2018a; Carlton and Turpin, 2013; Marais et al., 2017). The 

largest decreases in OA predicted by GEOS-Chem are strongly linked to SOA formed via 

aqueous pathways. Observed decreases in individual OC fractions positively associated with 

GEOS-Chem organic aerosol are at least partially attributable to decreases in anthropogenic 

emissions, most notably inorganic compounds that affect aerosol hygroscopicity to facilitate 

ALW uptake and SOA formation. The consistencies among independent decadal surface 

measurements and modeling results in humid and arid regions alike suggests that some level of 

chemical information is captured in routine OC fraction measurements and reproduced by 

models. This may offer insights into changing chemical regimes and implications for phase state, 

viscosity, and oxidation state of OA in the CONUS. Proper assessment of the impacts of climate, 

energy, and regulatory policy requires that models make accurate predictions for the right 

reasons. The findings here are consistent with the hypothesis that ancillary benefits occur broadly 

across the CONUS from federal air quality rules aimed at ozone and acid rain through reductions 

in OA mass concentrations.  
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CHAPTER FIVE 

SUMMARY AND FUTURE DIRECTIONS 

 

5.1 Summary 

5.1.1 Aerosol Optical Thickness: Organic Composition, Associated Particle Water, and 

Aloft Extinction 

Surface measurements of particle mass are insufficient to fully explain trends of AOT 

summertime enhancement over the southeast US, as observed by MODIS and CALIOP. Satellite 

measurements differ up to a factor of 4 between summer and winter, while seasonal change in 

PM2.5 shows negligible differences. ALW from inorganic particle components partially explains 

this discrepancy, but these associations differ by season. I hypothesized that ALW from organic 

components could help resolve this seasonal discrepancy and improve PM2.5-AOT relationships. 

IMPROVE data was used at eight locations in two focus regions, Appalachia and the Colorado 

Plateau, with differing seasonal AOT patterns from 2007-2016. Organic hygroscopicity was 

estimated spanning the typical range for organic species in laboratory studies (0.01≤κ≤0.20) and 

organic ALW concentrations were calculated using κ-Kohler theory. AOT values are taken from 

MODIS, and vertical extinction from CALIPSO. I present findings that show decadal, seasonal, 

and spatial change in PM2.5 that includes ALW is positively associated with AOT most closely in 

Appalachia during summer. I find that correlations are low in the Colorado Plateau, and that 

correlations between PM2.5 and AOT are not significantly changed upon consideration of organic 

and inorganic contributions to ALW. Within the boundary layer, spatial trends, seasonal patterns, 

and vertical profiles of remotely sensed extinction qualitatively match patterns in integrated 

ALW. Extinction is enhanced above the boundary layer. Trends are unable to be reconciled 
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partly because of poorly described particle chemical composition and the inability of current 

approaches to assess aloft phenomena. To better assess water uptake and aerosol chemical 

properties, organic speciation must be better constrained, and this is an area for future study. 

 

5.1.2 Differences in Fine Particle Chemical Composition on Clear and Cloudy Days 

Satellite retrievals that are affected by cloudy conditions are often removed from final data 

products, which hinders knowledge of chemical composition during cloudy times. Cloud 

processing is an important source of aerosol mass and alters chemical composition. I investigated 

differences in PM2.5 mass and chemical composition between cloudy and clear sky times. I 

hypothesized that there are quantitative differences in PM2.5 chemical composition between 

cloudy and clear sky times in ways that impact particle hygroscopicity and water uptake. 

IMPROVE data were downloaded for sites across the CONUS with complete data from 2010-

2014. Observations were paired in space and time with cloud flags from MODIS overpasses to 

attain two sets of observations, one during clear sky times and one during cloudy times. There 

are statistically discernible differences among PM2.5 and chemical constituent concentrations 

under cloudy and clear sky conditions that cannot be explained solely by physical mechanisms. 

Chemical constituent concentrations are sufficiently changed between cloudy and clear sky 

periods to affect ALW. Differences in chemical constituent concentrations require in situ 

chemical formation processes to fully explain temporal and spatial patterns. This work indicates 

that aerosol growth due to water uptake is greatest during cloudy times, when satellites are 

unable to remotely sense particle properties and impacts. The clear sky bias affects accurate 

representation of ALW. Without in situ chemical information, aerosol-cloud interactions and 

estimates of radiative forcings in models will remain a large uncertainty. 
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5.1.3 The Changing Nature of Organic Carbon over the United States  

TOC concentrations have been decreasing across the CONUS, and especially in the southeast 

US. I investigated if these trends are driven by specific OC fractions. IMPROVE data were 

downloaded for all sites across the CONUS with complete data from 2005-2015. I find that 

reductions in PC and OC2 drive observed and reported decadal decreases in TOC across the 

CONUS. Relative changes normalized to local concentrations are uniform across the CONUS, 

and the largest absolute changes occur in the eastern US. I also paired CONUS-wide 

observations of OC converted to OM with GEOS-Chem model simulations of OA to identify 

potential species classes or chemical regimes that may be changing over time. GEOS-Chem 

simulations reproduce OM trends across the CONUS and suggest that decreases are due to ALW 

chemistry. Individual model species simulated by GEOS-Chem, notably SOA derived from 

isoprene oxidation products and formed in ALW, correlate significantly with OM2 in regions 

across the CONUS, including arid regions. There are small increases in OM3 that are correlated 

with increases in GEOS-Chem model species, which is an interesting area for future study. 

Correlations between model species and OM fractions lend insight to changing chemical regimes 

with implications for particle phase state and viscosity. These findings agree with previous 

studies in the literature which suggest that decreasing ALW concentrations due to SO2 and NOx 

emissions regulations also decrease TOC. These findings are consistent with literature that 

suggests federal air quality rules aimed at anthropogenic SO2 and NOx emissions further reduce 

fine particle mass through decreases in TOC, primarily through chemistry involving ALW. 

Benefits are prevalent in the humid eastern US and also occur in arid regions. 
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5.1.4 Key Knowledge Gaps Identified 

Chapter 3 discusses the differences in chemical composition that occur between cloudy and clear 

sky days, which affect particle hygroscopicity and water content. Currently, models are not 

sufficiently evaluated against aerosol data influenced by clouds or atmospheric water. Cloud 

processing and water-mediated reactions are essential to understanding the fate, transport, and 

radiative impacts of aerosol. One focus area for improvement is in the design of laboratory 

studies. Many experiments rely on low RH values of 10% or less, conditions that are 

atmospherically relevant only in extremely dry locations such as deserts. To encompass areas 

with higher ambient RH such as the southeast US, laboratory experiments must be designed that 

do not rely on extremely low RH conditions. Environmentally-relevant RH conditions, which are 

typically >60% for the southeast US, need to be employed, and the effects of varying RH 

conditions (as occur diurnally and seasonally) should continue to be investigated, despite the 

inherent difficulties such as complications from contaminants. 

 

Further, the organic fraction of atmospheric aerosol is poorly characterized, which negatively 

impacts ability to model organic aerosol and its subsequent impacts. In particular, better 

description of organic composition and hygroscopicity is necessary, as illustrated in Chapter 2. 

Experiments to better characterize organic chemical composition and to increase understanding 

of its effects on particle hygroscopicity should be implemented to narrow this knowledge gap. 

Chapter 4 investigates how routine monitoring network site measurements offer potential 

insights into organic chemical composition, but much work is required to lower uncertainties 

regarding these measurements and to standardize and improve measurement techniques and 

analyses of organic carbon within and between long-term monitoring networks. 
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5.2 Future Directions 

5.2.1 Effects of Changing Salt Molality on Organic Partitioning into Aerosols and Cloud 

Droplets  

Inorganic salts (e.g., SO4
2-, NO3

-) promote the formation of ALW, which serves as a medium for 

the partitioning of water-soluble organic gases (Prisle et al., 2010) and is a dominant facilitator 

of SOA formation through aqueous processing (Carlton and Turpin, 2013; Hodas et al., 2014; 

McNeill, 2015). Beyond promoting ALW, inorganic salts can also react directly with organic 

compounds to form S- and N-containing species (Darer et al., 2011; Froyd et al., 2010; Lee et al., 

2016), and they can alter the partitioning of organics to the condensed phase (Wang et al., 2014). 

Across the CONUS, summertime aerosol salt molality is estimated from ground-based 

observations to be >1 mol kg-1. Sulfate molality in the eastern US has risen in recent years 

despite reductions in sulfate mass due to decreasing relative humidity, and nitrate molality is also 

increasing (Figure 5.1). 

 

 

Figure 5.1. Annual average (a) SO4
2- molality, NO3

- molality, and ALW mass concentrations in 

the eastern US, and annual average (b) temperature and RH in the eastern US from 2005-2016. 
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The partitioning of chemical species to water is traditionally described using Henry’s Law, 

which is valid only for ideal, dilute solutions. Particles are much too concentrated for standard 

Henry’s Law constants (KH) to apply. The presence of salts can alter the effective Henry’s Law 

constant of an organic species by more than an order of magnitude, and this is dependent on salt, 

organic species, and concentration (Wang et al., 2014, 2017a). Inorganic salts impact the 

partitioning of organic species, such as α-dicarbonyls and naphthols, to water via salting-in and 

salting-out effects (Almeida et al., 1983; Waxman et al., 2015). Salting-in is defined as the 

phenomenon that occurs when the solubility of a substance in water increases with an increase in 

salt concentration. Conversely, salting-out occurs when the solubility of a substance in water 

decreases with increasing salt concentration. For example, the partitioning of glyoxal to the 

particle phase is enhanced in the presence of salts (salting-in) (Waxman et al., 2015), while the 

partitioning of methylglyoxal and butenedial are reduced by salts (salting-out) (Birdsall et al., 

2019; Waxman et al., 2015). The relative effectiveness of salting effects is quantified via the 

Setschenow equation (Eqn 5.1). 

𝑙𝑜𝑔
𝑆0

𝑆
= 𝐾𝑠𝐶         (5.1) 

Here, S0 is the solubility of the solute in pure water, S is the solubility in salt solution, Ks is the 

Setchenow coefficient, and C is the salt concentration. When salting-out occurs, Ks is positive, 

and Ks is negative when salting-in occurs. Salt effects are generally not included in model 

simulations. The implementation of Setschenow coefficients in CMAQ for glyoxal results in an 

increase in particle phase glyoxal by a factor of 3 (Sareen et al., 2017). Understanding the 

dramatic impact of salts on organic partitioning is essential to predicting the fate and transport of 

carbon. More experiments are required to apply Sestchenow coefficients to other organic gases 

and improve model representation of organic partitioning. 
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Water favors the partitioning of polar organic compounds, and the salting effect is most dramatic 

for polar organic species with high O:C ratios (Kampf et al., 2013; Waxman et al., 2015). The 

partitioning behavior of gases under high ionic strength conditions has only been studied for a 

small group of polar organic compounds (Birdsall et al., 2019; Kampf et al., 2013; Khan et al., 

1995; Nguyen et al., 2014b; Waxman et al., 2015). Theoretical predictions of KH from 

computational approaches tend to worsen as molecules become more oxygenated and water-

soluble (Raventos-Duran et al., 2010). Reducing uncertainty in KH values in highly concentrated 

solutions is essential to improving model predictions. Further, organic partitioning impacts 

particle phase state, which has important implications for aerosol hygroscopic growth, CCN 

activation, and effects on climate (Berkemeier et al., 2016). Many atmospherically relevant salt 

anions (e.g., SO4
2-, NO3

-, Cl-) are observed to affect the partitioning of organic compounds into 

water, and although cations also impact partitioning, anions have a determining effect (Hyde et 

al., 2017).  

 

In Chapter 4, I present evidence that suggests organic aerosol concentration and composition 

over the CONUS is changing in time and space (Figure 4.1). TOC concentrations have been 

decreasing, and this is driven by PC and OC2, fractions that are linked to organic components 

formed in ALW. As ALW concentrations decrease and salt molality increases, it is possible that 

salting effects may also play a role in the observed OC changes. If species that are expected to 

evolve in OC2 (e.g., carboxylic acids, steranes) salt-out, this could help to further explain 

changes in organic carbon over time. Further, I find evidence for potential increases in OC3 in 

the eastern US, which are also linked to various GEOS-Chem speciation bins. Interestingly, 

increases in OC3 occur after 2014, when sulfate and nitrate molality increase most greatly. 
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Species that evolve in OC3 may be more polar and viscous (Champion et al., 2019; Yli-Juuti et 

al., 2017), and if these species salt-in, this may help to explain decadal trends in OC3 as well as 

provide further evidence for changes in particle phase state. Understanding the salting behavior 

of atmospherically-relevant organic species could lend further insights into the decadal OC 

fraction trends observed in Chapter 4. 

 

Organic partitioning in water can be investigated using mist chambers (Hennigan et al., 2018). 

Mist chambers operate by concentrating water-soluble gases from a high volume of air into mist 

droplets via turbulent mixing and have been employed previously in field studies (Sareen et al., 

2016). Field and laboratory experiments should be performed to investigate salting effects on 

organic partitioning. Results from these experiments can be used in models to improve prediction 

of organic partitioning and SOA formation. 

 

1) The tendency of individual atmospherically relevant species (e.g., glyoxal, 

methylglyoxal, methanol) to salt in or out should be tested via laboratory-based mist 

chamber experiments. The Carlton lab is currently constructing a parallel mist chamber 

sampling setup similar to the one in Hennigan et al. 2018. Here, one mist chamber is 

filled with nanopure water, and the other with dissolved salts of varying concentrations. 

These chambers can be run side-by-side to test the effects of common atmospheric 

inorganic salts (e.g., NaCl, KCl, ammonium sulfate, and ammonium nitrate) on the 

partitioning behavior of individual organic species. WSOC concentrations in the aqueous 

phase of both nanopure and salty water can be determined via a total organic carbon 
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analyzer. These mist chamber experiments can lead to the determination of Setschenow 

coefficients that can be implemented in models. 

 

2) The Setschenow coefficients determined from these mist chamber experiments should 

then be implemented in atmospheric models such as CMAQ for individual compounds, 

with the goal of assessing the potential implications of salt-affected partitioning for the 

atmospheric carbon budget. 

 

3) The tendency of organic species in ambient air to salt in or out should be tested via mist 

chambers deployed in the field. These experiments should be performed in multiple 

locations across the CONUS during different seasons to assess spatial and seasonal 

trends, as organic species and sources vary depending on location. 

 

Results from these mist chamber and modeling experiments will lend insight into the way 

organic species are influenced by the presence of salts. The partitioning of organic species into 

water is also important from a health standpoint, as discussed in the next section (5.2.2).  

 

5.2.2 Identifying the Role of Chemical Composition in Health Endpoints 

A recent study (Babila et al., 2020) points out a discrepancy in the literature regarding the role of 

particulate sulfate in health endpoints. Sulfate is often positively correlated with increased health 

risk in epidemiology studies (Dockery et al., 1993, 1996; Raizenne et al., 1996), especially those 

performed in the humid eastern US. However, toxicology studies are unable to find mechanistic 

evidence for a direct association between sulfate and health endpoints (Reiss et al., 2007; 
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Schlesinger, 2007), and sulfate concentrations need to be increased up to 1000 µg m-3, ~30 times 

above the NAAQS 24-hour standard, to observe effects on pulmonary function in humans 

(Schlesinger and Cassee, 2003). 

 

Recent evidence suggests that sulfate itself is not the chemical species driving negative health 

endpoints, but that it rather acts as a surrogate for other species to impact the body. One 

possibility is that sulfate can provide the acidic environment necessary for various transition 

metals to dissolve in aerosol and subsequently enter the body, where they cause oxidative stress 

(Fang et al., 2017). Sulfate also promotes the uptake of ALW, which facilitates the partitioning 

of organic compounds to aerosols and the formation of SOA, especially in the eastern US 

(Carlton and Turpin, 2013). Organic compounds that partition into aerosol water may also 

partition into lung fluid when breathed in and negatively impact the body. For example, isoprene 

epoxydiol SOA, which can only form in the presence of ALW, causes oxidative stress in human 

bronchial epithelial cells, an effect that is not seen in control experiments using sulfate aerosol 

(Arashiro et al., 2018; Lin et al., 2017; Saffari et al., 2014; Verma et al., 2015). Associations 

between sulfate and health endpoints are often noted in the humid eastern US (Tsai et al., 2000) 

and not in the dry western US (Fairley, 1999; Mar et al., 2000), where ALW concentrations are 

low. 

 

It is currently difficult to quantitatively assess the impact of ALW on health endpoints, as ALW 

concentrations are generally not measured, and the influence of water in both routine sampling 

and field studies is minimized, as discussed in Chapter 3. Babila et al. 2020 find that ALW 

concentrations from the routine monitoring network IMPROVE are biased low for most 
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locations. This may also impact the chemical composition that is recorded by the networks, as 

some semi-volatile species are also lost upon the equilibration of filters. This investigation 

warrants further research into the toxic effects of chemical constituents that are facilitated by the 

presence of ALW, such as WSOC. Partitioning of organic compounds into the particle phase that 

is affected by salt concentrations may alter the identity and concentration of organic species to 

which people are exposed, especially as salt concentrations increase over time. The testing of 

ambient samples to understand the effects of ambient organic species on health endpoints is 

essential.  

 

Numerous previous experiments have been performed on the oxidative capacity of various 

atmospheric species, including WSOC (Verma et al., 2014), humic-like substances (Dou et al., 

2015), and highly oxygenated organic aerosols (Verma et al., 2015). Assays typically used to 

assess oxidative potential include ascorbic acid (AA) and dithiothreitol (DTT), both of which are 

depleted by oxidation and mimic the interaction of pollutants and cellular antioxidants. These 

assays are not sensitive to sulfate, and the impacts of chemical constituents are likely due to 

secondary processing (Fang et al., 2017), such as partitioning and reaction in an aqueous 

medium. Experiments should be performed to evaluate the impact of inorganic salts on the 

partitioning of WSOC and subsequent potential health impacts such as ROS formation and 

oxidative potential.  

 

1) Laboratory experiments to investigate the impact that salt concentrations have on the 

oxidative potential of individual species should be performed. Similar to the previous 

section (5.2.1), parallel mist chamber experiments (one mist chamber with nanopure 
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water, and the other with dissolved atmospherically relevant salts) should be run to 

investigate how the oxidative potential of individual water-soluble organic compounds 

changes in relation to partitioning. ROS generation potential of samples collected in the 

mist chambers can be assessed via DTT or AA assay. 

 

2) Parallel mist chambers should be deployed in the field to conduct ambient sampling of 

WSOC for oxidative potential (as in Puthussery et al., 2018). As in the laboratory 

experiments, the ROS generation potential of extracts from both chambers can be 

measured via DTT or AA assay. These experiments should be performed in both humid 

and dry locations throughout the year to investigate the impacts of location and season on 

oxidative potential. 

 

Results from these experiments will help to better constrain the role of ALW and salt molality in 

modulating health endpoints via the partitioning of water-soluble organic compounds.  
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APPENDIX A 

SUPPORTING INFORMATION FOR CHAPTER 2 

 

 

Figure A1. (a) Location of the four CO Plateau (blue) and four Appalachia (red) IMPROVE 

focus sites. (b) Average 2001-2014 seasonal differences (summer-winter) in MODIS AOT 

measurements with all IMPROVE network sites superimposed. 
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Figure A2. Diurnal variability in PM2.5 measurements captured by EPA monitors during one 

representative day, 7/1/2010, at EPA monitoring locations within the Appalachia and CO Plateau 

regions (Bryson City, NC, and Red Wash, UT). The red box indicates times of MODIS and 

CALIPSO overpass. 
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Figure A3. Monthly summer (red) and winter (blue) aggregate AERONET AOT at 500 nm 

versus monthly summer and winter aggregate MODIS AOT at 550 nm for (a) Appalachia and (b) 

the CO Plateau.  
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Figure A4. Extinction coefficients (purple) estimated using the IMPROVE algorithm plotted 

concurrently with MODIS (orange solid line) and CALIPSO (red dotted line) AOT in (a) 

Appalachia summer, (b) Appalachia winter, (c) CO Plateau summer, and (d) CO Plateau winter. 
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Figure A5. Representative (a) summer and (b) winter vertical profiles for dry PM2.5 (black) and 

ALW (blue) mass concentrations for COHU1 (Appalachia) on 8/31/2012 and 12/8/2011, 

respectively. Dry PM2.5 does not change with height in a well-mixed PBL, but ALW does, 

regardless of season. 
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Figure A6. (a) Organic carbon and (b) organic mass fractionation contribution to total organic 

mass concentration by season and region from 2007-2016. The diameter of each pie chart is 

relative to the average Appalachia summer mass concentration in (a) and (b), respectively.  
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Figure A7. Seasonality in organic mass concentrations at the surface in Appalachia (black) and 

the CO Plateau (blue) for (a) TOM, (b) organic mass from OC1, (c) organic mass from OC2, (d) 

organic mass from OC3, and (e) organic mass from OC4. 
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Figure A8. Seasonality in organic carbon concentrations at the surface in Appalachia (black) and 

the CO Plateau (blue) for (a) TOC, (b) OC1, (c) OC2, (d) OC3, and (e) OC4. 
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Figure A9. Monthly average aerosol water path (aerosol liquid water integrated through the 

planetary boundary layer) against MODIS AOT for all sites in (a) Appalachia (circles) and (b) 

CO Plateau (squares) summer (red) and winter (blue) for 2007-2016. The lines of best fit are 

shown for Appalachia summer (black) and winter (gray). Note that the axes are not equal 

between panels. Horizontal error bars indicate the uncertainty of organic contributions to ALW, 

with the left-hand side showing the low sensitivity (κorg = 0.01-0.04) and the right-hand side 

showing the high sensitivity (κorg = 0.17-0.20).  
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Table A1. The root mean square error between monthly average AERONET and MODIS AOT.  

 Appalachia 

Summer 

Appalachia 

Winter 

CO Plateau 

Summer 

CO Plateau 

Winter 

RSME 0.10 0.02 0.04 0.06 
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Table A2. Correlation (R2) and significance values for IMPROVE-estimated surface extinction 

and MODIS AOT from 2007 to 2016 by season and region. Bolded values indicate significant 

correlations. 

Region and Season R2 p-value 

Appalachia Summer 0.76 <0.01 

Appalachia Winter 0.11 <0.01 

CO Plateau Summer 0.69 <0.01 

CO Plateau Winter 0.10 0.01 
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Table A3. Correlations between monthly average aerosol water path, and PM2.5 mass 

concentrations + aerosol water path and MODIS AOT for various κorg scenarios. 

Kappa assignment Summer R2 Summer p-value Winter R2 Winter p-value 

Appalachia 

Dry PM2.5 0.48 <0.01 0.16 <0.01 

PM2.5 + Inorganic ALW 0.48 <0.01 0.14 <0.01 

PM2.5 + Low κorg 

estimate 

0.48 <0.01 0.14 <0.01 

PM2.5 + Med κorg 

estimate 

0.48 <0.01 0.14 <0.01 

PM2.5 + High κorg 

estimate 

0.47 <0.01 0.15 <0.01 

PM2.5 + All κorg =0.01 0.48 <0.01 0.14 <0.01 

PM2.5 + All κorg =0.1 0.48 <0.01 0.14 <0.01 

PM2.5 + All κorg =0.15 0.47 <0.01 0.15 <0.01 

PM2.5 + All κorg =0.2 0.47 <0.01 0.15 <0.01 

CO Plateau 

Dry PM2.5 0.09 <0.01 0.09 <0.01 

PM2.5 + Inorganic ALW 0.10 <0.01 0.11 <0.01 

PM2.5 + Low κorg estimate 0.10 <0.01 0.11 <0.01 

PM2.5 + Med κorg estimate 0.11 <0.01 0.11 <0.01 

PM2.5 + High κorg estimate 0.11 <0.01 0.12 <0.01 

PM2.5 + All κorg =0.01 0.10 <0.01 0.11 <0.01 

PM2.5 + All κorg =0.1 0.10 <0.01 0.11 <0.01 

PM2.5 + All κorg =0.15 0.11 <0.01 0.11 <0.01 

PM2.5 + All κorg =0.2 0.11 <0.01 0.12 <0.01 
 

 

  



131 

 

 

Table A4. Linear trend analysis (R2) and significance values for seasonal differences (summer-

winter) in surface particle chemical component mass concentrations, MODIS AOT, and 

extinction over time from 2007 to 2016. Bolded values indicate significant correlations. 

Regional Seasonal Difference 

(Summer-Winter) 

R2 

(Species Seasonal Difference 

vs. Time) 

p-value 

Appalachia 

Dry PM2.5 0.53 0.01 

Inorganic ALW 0.88 <0.01 

Organic ALW -0.09 0.63 

Sulfate 0.76 <0.01 

Nitrate 0.43 0.02 

TOM 0.04 0.28 

OM1 0.26 0.07 

OM2 0.44 0.02 

OM3 0.27 0.07 

OM4 0.01 0.33 

MODIS AOT 0.43 0.02 

CALIPSO AOT 0.43 0.02 

Extinction 0.75 <0.01 

CO Plateau 

Dry PM2.5 -0.12 0.92 

Inorganic ALW 0.02 0.31 

Organic ALW 0.09 0.33 

Sulfate -0.12 0.82 

Nitrate 0.004 0.34 

TOM -0.08 0.59 

OM1 0.11 0.18 

OM2 0.13 0.16 

OM3 -0.11 0.79 

OM4 -0.12 0.90 

MODIS AOT -0.14 0.86 

CALIPSO AOT -0.04 0.44 

Extinction -0.12 0.83 
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SUPPORTING INFORMATION FOR CHAPTER 3 

 

 
Figure B1. Locations of all a) IMPROVE network sites and b) chemical climatology regions. 

Each site is color-coded by region. 
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Figure B2. Median ALW mass concentrations calculated from ISORROPIA with dust (Na+, 

Ca2+, K+, Mg2+, Cl-) included (blue line) and without dust (black line). In the dust sensitivity, 

cations form insoluble species with sulfate and precipitate. If ammonium were present, it would 

compete with dust for sulfate and form more soluble species and increase ALW. Here, the dust 

sensitivity likely represents a lower bound. 
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Figure B3. Average annual ALW mass concentrations across the CONUS. The largest 

concentrations are located east of the Mississippi River. The boxed area indicates the chemical 

climatology regions investigated in the eastern US ALW scenarios. 
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Figure B4. MODIS cloud fraction across the CONUS from 2010-2014 during a) winter, b) 

spring, c) summer, and d) fall. A hotter color indicates that a location is in cloud for a greater 

percentage of time. 
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Figure B5. Flowchart describing how the three scenarios (Cloudy, Clear Sky, and Mixed) for the 

eastern US are performed and compared. 
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Figure B6. Percent of PM2.5 chemical constituents (SO4

2-, NO3
-, TOC, ALW) in which cloudy-

clear sky directional trends are the same as those of PM2.5 in each region across the CONUS. For 

example, if median daily TOC is greater during Cloudy times, and median daily PM2.5 is also 

greater during Cloudy times, this is counted as a match. 
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Figure B7. Plots of median Cloudy – Clear Sky differences by region (dots) in particle chemical 

constituents (colors) by MODIS median cloud fraction for a) winter, b) spring, c) summer, and d) 

fall. In each plot, SO4
2- is represented by red, NO3

- by dark blue, ALW by light blue, and TOC 

by green. 
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Figure B8. Plots of median Cloudy – Clear Sky differences by region (dots) in PM2.5 by MODIS 

median cloud fraction for a) winter, b) spring, c) summer, and d) fall. 
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Table B1. Variable input conditions to ISORROPIA-II for each water uptake scenario. 

 “Clear Sky” “Cloudy” “Mixed” 

Meteorology 

MODIS classification – Clear Sky 
   

Meteorology 

MODIS classification – Cloudy 
   

PM2.5 Chemical Composition 

MODIS classification – Clear Sky 
   

PM2.5 Chemical Composition 

MODIS classification – Cloudy 
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Table B2. Cloudy – Clear Sky and Cloudy – Mixed differences in each of the chemical 

climatology regions that comprise the eastern US. Negative values indicate that Cloudy 

concentrations are larger. 

Season 
Cloudy – 

Clear SO4
2- 

Cloudy – 

Clear NO3
- 

Cloudy – 

Clear RH 

Cloudy – 

Clear ALW 

Cloudy – 

Mixed ALW 

 Ohio River Valley 

Winter 0.57 0.26 0.08 4.08 2.39 

Spring -0.15 0.00 0.04 0.83 -0.44 

Summer -0.28 0.01 0.05 0.75 -0.67 

Fall -0.01 -0.01 0.10 1.17 -0.02 

 Appalachia 

Winter 0.19 0.02 0.11 1.36 0.56 

Spring -0.17 -0.01 0.08 0.83 -0.45 

Summer -0.59 0.00 0.04 -0.83 -1.61 

Fall -0.12 0.03 0.09 0.79 -0.35 

 Southeast 

Winter 0.16 -0.03 0.06 1.74 0.56 

Spring -0.21 -0.02 0.06 0.89 -0.61 

Summer -0.41 -0.03 0.01 -1.12 -1.20 

Fall -0.18 -0.02 0.04 -0.13 -0.56 

 East Coast 

Winter -0.20 0.06 0.10 2.01 -0.51 

Spring -0.21 -0.07 0.07 0.71 -0.86 

Summer 0.07 0.02 0.03 1.23 0.22 

Fall -0.14 0.02 0.08 0.35 -0.50 

 Northeast 

Winter -0.06 -0.07 0.10 0.57 -0.25 

Spring -0.05 -0.06 0.09 0.47 -0.15 

Summer 0.07 0.01 0.05 0.90 0.22 

Fall -0.02 0.00 0.08 0.25 -0.10 
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Table B3. Seasonal differences in ALW and RH medians (cloudy-clear sky) in all chemical 

climatology regions. Negative values indicate that clear sky temperatures are larger than cloudy. 

Bold and italicized values are significantly different by the Mann-Whitney U Test. 

Region Spring Summer Fall Winter 
 ALW RH ALW RH ALW RH ALW RH 

Northwest -0.12 0.12 -0.02 0.13 -0.09 0.22 -0.12 0.08 

OR/NorCal -0.15 0.13 0.01 0.26 -0.05 0.30 0.00 0.19 

CA Coast 0.35 0.21 0.09 0.39 0.66 0.28 0.24 0.21 

Sierra NV -0.06 0.23 0.06 0.09 -0.03 0.24 -0.01 0.15 

SoCal 0.04 0.03 0.20 0.16 -0.09 0.10 0.16 0.23 

HellsCyn 0.01 0.13 -0.01 0.20 0.07 0.25 -0.02 0.06 

Great Basin 0.00 0.12 0.13 0.11 0.02 0.15 0.01 0.08 

N Rockies -0.12 0.13 0.01 0.14 0.06 0.21 -0.01 0.00 

CO Plateau -0.03 0.08 0.02 0.05 0.14 0.18 0.15 0.15 

Mogollon 

Plateau 
-0.04 0.05 0.09 0.08 0.15 0.11 0.15 0.15 

Southern AZ -0.04 0.01 -0.08 0.11 0.15 0.07 0.05 0.00 

N Great Plains 0.42 0.18 0.25 0.11 0.21 0.15 1.01 0.12 

Central 

Rockies 
0.01 0.15 0.04 0.08 0.04 0.17 0.14 0.14 

West TX 0.09 0.03 -0.03 0.01 0.38 0.09 0.22 0.02 

Central Great 

Plains 
0.67 0.10 0.71 0.11 0.59 0.12 2.48 0.14 

Mid South 1.54 0.14 0.65 0.13 1.18 0.16 2.29 0.16 

Boundary 

Waters 
0.65 0.12 0.47 0.06 0.66 0.07 0.13 0.02 

OH River 

Valley 
0.75 0.07 -0.02 0.05 1.50 0.11 4.58 0.10 

Appalachia 0.13 0.09 -0.73 0.05 0.81 0.12 1.51 0.12 

Southeast 0.95 0.06 -1.41 0.01 -0.70 0.04 1.63 0.06 

E Coast 0.61 0.10 -1.00 0.04 0.40 0.08 1.35 0.11 

Northeast 0.37 0.10 0.78 0.06 0.43 0.09 0.75 0.10 
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Table B4. Seasonal differences in reported PM2.5 mass concentration medians (cloudy-clear sky) 

in all chemical climatology regions. Negative values indicate that clear sky concentrations are 

larger than cloudy. Bold and italicized values are significantly different by the Mann-Whitney U 

Test. 

Region Spring Summer Fall Winter 

Northwest -0.73 -1.46 -1.44 -0.69 

OR/NorCal -0.94 -1.66 -1.49 -0.46 

CA Coast -1.36 -2.77 -0.94 -0.27 

Sierra NV -1.67 -0.05 -2.02 -0.44 

SoCal -0.23 -0.46 -0.75 0.53 

HellsCyn -0.65 -1.55 -1.10 -0.38 

Great Basin -0.36 -0.69 -0.78 -0.10 

N Rockies -1.12 -1.30 -1.55 -0.06 

CO Plateau -0.58 -0.05 -0.43 -0.12 

Mogollon Plateau -0.98 -0.57 -0.06 -0.30 

Southern AZ -0.65 -1.16 0.07 0.00 

N Great Plains -0.30 -0.34 -0.63 0.65 

Central Rockies -0.95 -0.22 -0.84 -0.14 

West TX -0.10 -0.28 0.17 0.42 

Central Great Plains -0.26 -0.85 -0.15 2.76 

Mid South 0.20 -1.74 -0.23 1.49 

Boundary Waters 0.27 -0.20 0.05 0.20 

OH River Valley -1.34 -1.70 -0.40 1.02 

Appalachia -1.19 -2.45 -0.99 0.46 

Southeast -0.63 -2.03 -1.40 0.22 

E Coast -0.03 -1.40 -0.99 -0.12 

Northeast -0.42 -0.33 -0.21 -0.16 
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Table B5. Seasonal differences in SO4
2- mass concentration medians (cloudy-clear sky) in all 

chemical climatology regions. Negative values indicate that clear sky SO4
2- concentrations are 

larger than cloudy. Bold and italicized values are significantly different by the Mann-Whitney U 

Test. 

Region Spring Summer Fall Winter 

Northwest -0.18 -0.19 -0.18 -0.09 

OR/NorCal -0.17 -0.14 -0.21 -0.05 

CA Coast -0.19 -0.38 -0.12 -0.02 

Sierra NV -0.27 -0.09 -0.21 -0.05 

SoCal -0.04 -0.07 -0.12 0.03 

HellsCyn -0.13 -0.10 -0.11 -0.05 

Great Basin -0.06 -0.06 -0.08 -0.01 

N Rockies -0.16 -0.06 -0.10 0.01 

CO Plateau -0.13 -0.01 -0.06 0.02 

Mogollon Plateau -0.09 -0.11 0.06 -0.01 

Southern AZ -0.03 -0.15 -0.10 0.04 

N Great Plains 0.06 0.02 0.04 0.20 

Central Rockies -0.13 -0.04 -0.11 0.03 

West TX 0.08 -0.12 0.27 0.11 

Central Great Plains 0.07 0.00 0.16 0.52 

Mid South 0.33 -0.22 0.12 0.47 

Boundary Waters 0.13 0.13 0.14 0.09 

OH River Valley -0.14 -0.49 0.01 0.68 

Appalachia -0.24 -0.64 -0.17 0.24 

Southeast -0.17 -0.53 -0.42 0.17 

E Coast -0.37 -0.46 -0.44 -0.13 

Northeast -0.10 -0.03 -0.05 -0.05 
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Table B6. Seasonal differences in NO3
- mass concentration medians (cloudy-clear sky) in all 

chemical climatology regions. Negative values indicate that clear sky NO3
- concentrations are 

larger than cloudy. Bold and italicized values are significantly different by the Mann-Whitney U 

Test. 

Region Spring Summer Fall Winter 

Northwest -0.05 -0.03 -0.04 -0.04 

OR/NorCal -0.03 -0.03 -0.03 -0.01 

CA Coast -0.15 -0.20 -0.12 0.04 

Sierra NV -0.08 -0.02 -0.04 -0.03 

SoCal 0.11 -0.14 -0.06 0.24 

HellsCyn -0.02 -0.02 0.01 -0.06 

Great Basin 0.00 -0.01 0.00 0.00 

N Rockies -0.03 0.00 -0.01 0.00 

CO Plateau -0.02 0.00 0.01 0.04 

Mogollon Plateau -0.04 -0.02 0.02 0.05 

Southern AZ -0.06 -0.02 0.08 0.01 

N Great Plains 0.10 0.02 0.04 0.23 

Central Rockies -0.02 0.01 -0.01 0.02 

West TX 0.05 0.01 0.11 0.17 

Central Great Plains 0.22 0.05 0.22 1.07 

Mid South 0.13 -0.01 0.15 0.32 

Boundary Waters 0.05 0.01 0.04 0.04 

OH River Valley 0.05 0.01 0.11 0.24 

Appalachia 0.03 0.00 0.01 0.02 

Southeast 0.03 -0.02 0.00 -0.02 

E Coast -0.01 0.04 -0.02 0.04 

Northeast -0.02 0.01 0.01 -0.06 
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Table B7. Seasonal differences in TOC mass concentration medians (cloudy-clear sky) in all 

chemical climatology regions. Negative values indicate that clear sky TOC concentrations are 

larger than cloudy. Bold and italicized values are significantly different by the Mann-Whitney U 

Test. 

Region Spring Summer Fall Winter 

Northwest -0.15 -0.40 -0.40 -0.18 

OR/NorCal -0.15 -0.46 -0.39 -0.12 

CA Coast -0.27 -0.27 -0.29 -0.13 

Sierra NV -0.36 -0.03 -0.41 -0.12 

SoCal -0.01 -0.38 -0.11 0.08 

HellsCyn -0.03 -0.44 -0.32 0.00 

Great Basin -0.03 -0.11 -0.17 -0.03 

N Rockies -0.18 -0.46 -0.50 -0.06 

CO Plateau -0.05 0.03 -0.07 -0.01 

Mogollon Plateau -0.08 -0.02 0.01 -0.04 

Southern AZ 0.02 -0.06 0.03 -0.01 

N Great Plains -0.04 -0.20 -0.20 0.07 

Central Rockies -0.10 0.13 -0.14 -0.06 

West TX 0.02 -0.01 0.00 0.02 

Central Great Plains -0.21 -0.13 -0.18 0.17 

Mid South -0.06 -0.27 -0.16 0.02 

Boundary Waters -0.03 -0.16 -0.06 0.03 

OH River Valley -0.28 -0.30 -0.12 -0.17 

Appalachia -0.18 -0.30 -0.26 0.00 

Southeast -0.25 -0.16 -0.33 -0.14 

E Coast -0.27 -0.32 -0.33 -0.10 

Northeast -0.10 -0.23 -0.10 -0.03 
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Table B8. Seasonal differences in temperature medians (cloudy-clear sky) in all chemical 

climatology regions. Negative values indicate that clear sky temperatures are larger than cloudy. 

Bold and italicized values are significantly different by the Mann-Whitney U Test. 

Region Spring Summer Fall Winter 

Northwest -1.65 -3.69 -4.60 -0.41 

OR/NorCal -1.89 -3.67 -6.26 -1.02 

CA Coast -1.42 -4.41 -3.40 0.54 

Sierra NV -5.91 0.44 -7.64 -1.65 

SoCal -2.40 2.60 -2.85 -0.37 

HellsCyn -3.10 -4.87 -7.93 -1.47 

Great Basin -2.50 -0.13 -4.99 -0.65 

N Rockies -4.07 -4.60 -7.10 -2.40 

CO Plateau -4.31 1.26 -5.62 -4.36 

Mogollon Plateau -3.78 0.56 -3.34 -2.03 

Southern AZ -0.46 0.43 -4.54 -0.21 

N Great Plains -4.92 -2.78 -7.49 -4.58 

Central Rockies -6.33 -1.01 -7.29 -4.11 

West TX -0.84 -0.33 -0.01 0.22 

Central Great Plains -3.42 -1.82 -1.94 -4.10 

Mid South -0.37 -2.13 -0.44 -0.21 

Boundary Waters -5.10 -0.86 -4.34 -5.71 

OH River Valley -0.94 -1.29 0.45 -1.33 

Appalachia -2.11 -0.93 0.88 -0.79 

Southeast -1.43 -0.80 0.84 0.69 

E Coast -0.72 -0.85 2.06 1.97 

Northeast -3.28 -0.80 -1.38 -1.68 
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Table B9. Seasonal all sky (clear and cloudy data) and clear sky differences in PM2.5 mass 

concentration medians (all sky-clear sky) in all chemical climatology regions. Negative values 

indicate that clear sky PM2.5 concentrations are larger than all sky. Bold and italicized values are 

significantly different by the Mann-Whitney U Test. 

Region Spring Summer Fall Winter 

Northwest -0.47 -0.40 -0.68 -0.65 

OR/NorCal -0.46 -0.14 -0.52 -0.27 

CA Coast -0.21 -0.07 -0.14 -0.05 

Sierra NV -0.67 -0.01 -0.36 -0.21 

SoCal -0.08 -0.04 -0.03 0.11 

HellsCyn -0.42 -0.18 -0.45 -0.31 

Great Basin -0.12 -0.13 -0.22 -0.07 

N Rockies -0.82 -0.29 -0.91 -0.05 

CO Plateau -0.22 -0.01 -0.08 -0.06 

Mogollon Plateau -0.16 -0.06 -0.01 -0.09 

Southern AZ -0.01 -0.15 0.02 0.00 

N Great Plains -0.15 -0.06 -0.27 0.42 

Central Rockies -0.36 -0.03 -0.24 -0.11 

West TX -0.02 -0.13 0.02 0.13 

Central Great Plains -0.14 -0.23 -0.05 1.69 

Mid South 0.12 -0.40 -0.05 0.58 

Boundary Waters 0.11 -0.05 0.02 0.19 

OH River Valley -0.78 -0.72 -0.17 0.67 

Appalachia -0.42 -0.78 -0.30 0.22 

Southeast -0.19 -0.74 -0.34 0.07 

E Coast -0.01 -0.36 -0.18 -0.05 

Northeast -0.21 -0.12 -0.11 -0.08 
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APPENDIX C 

SUPPORTING INFORMATION FOR CHAPTER 4 

 

 

Figure C1. Locations of (a) sites and (b) chemical climatology regions.  
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Figure C2.  Decadal trends in species (copper, iron, and sea salt) mass concentrations that may 

interfere with OC fraction evolution. 
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Figure C3. CONUS-averaged OM:OC ratios for all seasons and regions from 2005-2015. 
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Figure C4. Absolute decadal changes (2005-2015) a) TOC, b) OC1, c) OC2, d) OC3, e) OC4, 

and f) PC mass concentrations for each chemical climatology region. Size corresponds to the 

magnitude of change. Red indicates an increasing trend, blue indicates a decrease, a colored 

circle indicates that the increase or decrease is significant (p<0.05) by the Mann-Kendall test, 

and an unfilled circle indicates that the change is insignificant. 
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Figure C5. Decadal (2005-2015) percent differences in ALW mass concentrations at each 

chemical climatology region across the CONUS. 
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Figure C6. Decadal (2005-2015) percent changes in PC during a) winter, b) spring, c) summer, 

and d) fall for each chemical climatology region. The color represents the magnitude of the 

change, and a filled circle represents a significant change.  
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Figure C7. Decadal trends in OC fraction a) OC1, b) OC2, c) OC3, d) OC4, and e) PC mass 

concentrations from 2005-2015 in Appalachia, a representative region. The black line is the 

median OC concentration, and the gray background represents the uncertainty. 
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Figure C8. Decadal (2005-2015) percent changes in OC3 during a) winter, b) spring, c) summer, 

and d) fall for each chemical climatology region. The color represents the magnitude of the 

change, and a filled circle represents a significant change. 
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Figure C9.  Decadal (2005-2015) correlations (R) between summertime GEOS-Chem predicted 

ISOAAQ and IMPROVE-measured a) TOM, b) OM1, c) OM2, d) OM3, and e) OM4 for each 

chemical climatology region. The color represents the magnitude of the correlation, and a filled 

circle represents a significant change. 
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Figure C10. Decadal (2005-2015) percent changes in GEOS-Chem ISOAAQ during a) winter, 

b) spring, c) summer, and d) fall for each chemical climatology region. The color represents the 

magnitude of the change, and a filled circle represents a significant change. 
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Figure C11. Decadal trends for species predicted to increase in GEOS-Chem, including a) 

OPOA, b) TSOA, c) ASOA, and d) POA. Note that the y-axes are not the same between panels 

for better visualization of trends over time. 
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Figure C12. Correlations between OM3 and OPOA in a) winter, b) spring, c) summer, and d) 

fall in each chemical climatology region across the CONUS. The color represents the strength of 

the correlation, and a filled circle represents a significant correlation. 
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Figure C13. Decadal trends in GEOS-Chem predicted OPOA and IMPROVE-measured OM3 

across the CONUS from 2005-2015. 
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Table C1. Definitions of all GEOS-Chem speciation bins considered in this analysis. 

GEOS-Chem Speciation Bin Definition 

ASOA Aerosol products of light aromatics + IVOC 

oxidation 

TSOA Aerosol products of terpene oxidation 

ISOA Aerosol products of isoprene oxidation 

ISOAAQ Aerosol from aqueous isoprene mechanism 

OPOA Aerosol products of primary organic gas 

oxidation 

POA Aerosols from SVOCs 

OA Sum of organic aerosol 

BC Black carbon 

INDIOL Aerosol-phase organonitrate hydrolysis 

product 

SAL Sea salt aerosol 

NIT Nitrate 

SO4 Sulfate 

NH4 Ammonium 
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APPENDIX D 

R CODE FOR CHAPTER 2 

 

#R code for 2019 ACS Earth and Space Chemistry paper 

#Christiansen et al. 2019 

 

#Main paper figures 

#All these figures were manipulated into publication-ready images in powerpoint 

 

######################## 

#Figure 1: stacked barcharts# 

######################## 

#MODIS AOT data 

Modis <- read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/modis_aod_month.csv") 

modis$SE_AOD_low <- modis$SE_AOD-modis$SE_AOD_SD 

modis$SE_AOD_hi <- modis$SE_AOD+modis$SE_AOD_SD 

modis$MW_AOD_low <- modis$MW_AOD-modis$MW_AOD_SD 

modis$MW_AOD_hi <- modis$MW_AOD+modis$MW_AOD_SD 

modis$Year <- ifelse(modis$Month=="12",modis$Year <- as.numeric(modis$year)+1, 

modis$Year <- modis$year) 

aotsummer <- subset(modis, Month=="6"|Month=="7"|Month=="8") 

aotwinter <- subset(modis, Month=="12"|Month=="1"|Month=="2") 

aotsummermeans <- aggregate(aotsummer, by=list(aotsummer$Year), FUN="mean", na.rm=T) 

aotwintermeans <- aggregate(aotwinter, by=list(aotwinter$Year), FUN="mean", na.rm=T) 

 

#Integrated speciation data (integrated from surface to top of PBL) 

Kapint <- read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/focus_2001-2016_intunder95-1.csv") 

kapint$Date <- as.Date(as.character(kapint$Date), format="%m/%d/%Y") 

kapint$Year <- ifelse(kapint$Month=="12",kapint$Year<- as.numeric(kapint$year)+1, 

kapint$Year <- kapint$year) 

library(zoo) 

yq <- as.yearqtr(as.yearmon(kapint$Date,"%Y-%m-%d")+1/12) 

kapint$season <- factor(format(yq,"%q"), levels=1:4, 

labels=c("winter","spring","summer","fall")) 

 

kapint$totwater <- (kapint$alw_org_fixed+kapint$alw_inorg)/1000 

kapint$totwater_L <- (kapint$alw_low_fixed+kapint$alw_inorg)/1000 

kapint$totwater_H <- (kapint$alw_high_fixed+kapint$alw_inorg)/1000 

 

kapint$PMwater <-( kapint$MF.Val/1000)+kapint$totwater 
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kapint$PMwater_L <- (kapint$MF.Val/1000)+kapint$totwater_L 

kapint$PMwater_H <- (kapint$MF.Val/1000)+kapint$totwater_H 

 

kapint$totwater_0.01 <- (kapint$alw_0.01+kapint$alw_inorg)/1000 

kapint$totwater_0.1 <- (kapint$alw_0.1+kapint$alw_inorg)/1000 

kapint$totwater_0.15 <- (kapint$alw_0.15+kapint$alw_inorg)/1000 

kapint$totwater_0.2 <- (kapint$alw_0.2+kapint$alw_inorg)/1000 

kapint$PMwater_0.01 <- (kapint$MF.Val/1000)+kapint$totwater_0.01 

kapint$PMwater_0.1 <- (kapint$MF.Val/1000)+kapint$totwater_0.1 

kapint$PMwater_0.15 <- (kapint$MF.Val/1000)+kapint$totwater_0.15 

kapint$PMwater_0.2 <- (kapint$MF.Val/1000)+kapint$totwater_0.2 

 

kapint$PMinorg <- (kapint$MF.Val+kapint$alw_inorg)/1000 

 

kapint$alw_inorg <- kapint$alw_inorg/1000 

kapint$alw_org_fixed <- kapint$alw_org_fixed/1000 

kapint$NO3 <- kapint$NO3/1000 

kapint$SO4 <- kapint$SO4/1000 

kapint$OMtot <- kapint$OMtot/1000 

kapint$PM25 <- kapint$MF.Val/1000 

kapint$OM1 <- kapint$OM1/1000 

kapint$OM2 <- kapint$OM2/1000 

kapint$OM3 <- kapint$OM3/1000 

kapint$OM4 <- kapint$OM4/1000 

 

#Break speciation data into west (CO Plateau) and southeast (Appalachia) 

west <- subset(kapint, 

SiteCode=="BRCA1"|SiteCode=="CANY1"|SiteCode=="CAPI1"|SiteCode=="MEVE1") 

se <- subset(kapint, 

SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="SHRO1"|SiteCode=="LIGO1") 

 

#set to 2007-2016 

se2 <- subset(se, Year>=2007&Year<=2016) 

sesummer <- subset(se2, season=="summer") 

sesummer<-sesummer[sesummer$totwater<quantile(sesummer$totwater,0.95,na.rm=T),] 

sewinter <- subset(se2,season=="winter") 

sewinter<-sewinter[sewinter$totwater<quantile(sewinter$totwater,0.95,na.rm=T),] 

west2 <- subset(west,Year>=2007&Year<=2016) 

wsummer <- subset(west2,season=="summer") 

wsummer<-wsummer[wsummer$totwater<quantile(wsummer$totwater,0.95,na.rm=T),] 

wwinter <- subset(west2,season=="winter") 

wwinter<-wwinter[wwinter$totwater<quantile(wwinter$totwater,0.95,na.rm=T),] 

 

#aggregate by year 

sesummermeans<-aggregate(sesummer,by=list(sesummer$Year), FUN="mean",na.rm=T) 

sewintermeans<-aggregate(sewinter,by=list(sewinter$Year), FUN="mean",na.rm=T) 
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wsummermeans<-aggregate(wsummer,by=list(wsummer$Year), FUN="mean",na.rm=T) 

wwintermeans<-aggregate(wwinter,by=list(wwinter$Year), FUN="mean",na.rm=T) 

 

#PBL data 

pbldata<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/pbl_data/pbl-season-1.csv") 

pbldata$Group.2<-as.Date(as.character(pbldata$Group.2), format="%m/%d/%Y") 

pbldata$Date<-pbldata$Group.2 

sepbl<-

subset(pbldata,SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="LIGO1"|SiteCode=="S

HRO1") 

wpbl<-

subset(pbldata,SiteCode=="BRCA1"|SiteCode=="CAPI1"|SiteCode=="CANY1"|SiteCode=="M

EVE1") 

 

#set years 

sepbl2<-subset(sepbl,year>=2007&year<=2016) 

wpbl2<-subset(wpbl,year>=2007&year<=2016) 

sepblsummer<-subset(sepbl2,season=="summer") 

sepblwinter<-subset(sepbl2,season=="winter") 

wpblsummer<-subset(wpbl2,season=="summer") 

wpblwinter<-subset(wpbl2,season=="winter") 

 

#aggregate by year 

sespblmeans<-aggregate(sepblsummer, by=list(sepblsummer$year), FUN="mean",na.rm=T) 

sewpblmeans<-aggregate(sepblwinter,by=list(sepblwinter$year), FUN="mean",na.rm=T) 

wspblmeans<-aggregate(wpblsummer,by=list(wpblsummer$year), FUN="mean",na.rm=T) 

wwpblmeans<-aggregate(wpblwinter,by=list(wpblwinter$year), FUN="mean",na.rm=T) 

 

#appalachia summer 

sesummerdfrm<-

data.frame(Year=sesummermeans$Group.1,alw_orgtot=sesummermeans$alw_org_fixed,alw_in

org=sesummermeans$alw_inorg,NO3=sesummermeans$NO3,SO4=sesummermeans$SO4,OMto

t=sesummermeans$OMtot) 

names(sesummerdfrm)<-c("Year", "Org Water", "Inorg Water", "Nitrate", "Sulfate","TOM") 

test<-as.matrix(sesummerdfrm) 

sesummerdfrm3<-subset(test,select=c(`Org Water`,`Inorg Water`, Nitrate, Sulfate, TOM)) 

sesummerdfrm3.t<-t(sesummerdfrm3) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/modis_plots/stacked_AS2.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-barplot(sesummerdfrm3.t, col=c("turquoise4", "cadetblue1", "mediumblue", "firebrick", 

"green4"), las=1, cex.axis=2, xaxt="n", ylim=c(0,20)) 



166 

 

legend(x=1,y=16,pch=c(16,16,16,16,16,16),col=c("green4", "firebrick", 

"mediumblue","cadetblue1","turquoise4","white"),legend=c("TOM", "Sulfate", "Nitrate", 

"Inorganic Water", "Organic Water",""), 

cex=1.7,x.intersp=1.3,text.width=2,bty="n",ncol=3,yjust=0,xpd=T) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-3.5,labels=paste(labs),xpd=T,srt=35) 

text("Appalachia Summer",x=9,y=15,cex=2) 

par(new=T) 

plot(aotsummermeans$Year,aotsummermeans$SE_AOD,type="l",col="orange2",lty=3,lwd=8,yl

im=c(0,0.5),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(0,0.5,by=0.1),cex.axis=2,las=1,col.axis="orange3") 

par(new=T) 

plot(sespblmeans$year,sespblmeans$PBL,type="l",col="orangered1",lty=1,lwd=6,ylim=c(800,2

400),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(800,2400,by=400),cex.axis=2,las=1, col.axis="orangered2",line=3.8) 

dev.off() 

 

#appalachia winter 

sewinterdfrm<-data.frame(Year=sewintermeans$Group.1, 

alw_orgtot=sewintermeans$alw_org_fixed, alw_inorg=sewintermeans$alw_inorg, 

NO3=sewintermeans$NO3, SO4=sewintermeans$SO4, OMtot=sewintermeans$OMtot) 

names(sewinterdfrm)<-c("Year", "Org Water", "Inorg Water", "Nitrate", "Sulfate", "TOM") 

test<-as.matrix(sewinterdfrm) 

sewinterdfrm3<-subset(test, select=c(`Org Water`,`Inorg Water`, Nitrate, Sulfate, TOM)) 

sewinterdfrm3.t<-t(sewinterdfrm3) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/fixed_paper_plots/modis_plots/stacked_AW2.jpg", height=4, width=8, units="in", 

res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-barplot(sewinterdfrm3.t, col=c("turquoise4", "cadetblue1", "mediumblue", "firebrick", 

"green4"), las=1, cex.axis=2, xaxt="n", ylim=c(0,20)) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-3.5,labels=paste(labs),xpd=T,srt=35) 

text("Appalachia Winter",x=9.25,y=15,cex=2) 

par(new=T) 

plot(aotwintermeans$Year,aotwintermeans$SE_AOD,type="l",col="orange2",lty=3,lwd=8,ylim

=c(0,0.5),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(0,0.5,by=0.1),cex.axis=2,las=1,col.axis="orange3") 

par(new=T) 

plot(sewpblmeans$year,sewpblmeans$PBL,type="l",col="orangered1",lty=1,lwd=6,ylim=c(800,

2400),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(800,2400,by=400),cex.axis=2,las=1,col.axis="orangered2",line=3.8) 

dev.off() 

 

#co plateau summer 
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wsummerdfrm<-data.frame(Year=wsummermeans$Group.1, 

alw_orgtot=wsummermeans$alw_org_fixed, alw_inorg=wsummermeans$alw_inorg, 

NO3=wsummermeans$NO3, SO4=wsummermeans$SO4, OMtot=wsummermeans$OMtot) 

names(wsummerdfrm)<-c("Year","Org Water","Inorg Water", "Nitrate", "Sulfate","TOM") 

test<-as.matrix(wsummerdfrm) 

wsummerdfrm3<-subset(test,select=c(`Org Water`,`Inorg Water`, Nitrate, Sulfate, TOM)) 

wsummerdfrm3.t<-t(wsummerdfrm3) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/modis_plots/stacked_CPS2.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-

barplot(wsummerdfrm3.t,col=c("turquoise4","cadetblue1","mediumblue","firebrick","green4"),la

s=1,cex.axis=2,xaxt="n",ylim=c(0,20)) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-3.5,labels=paste(labs),xpd=T,srt=35) 

text("CO Plateau Summer",x=8.75,y=14,cex=2) 

par(new=T) 

plot(aotsummermeans$Year,aotsummermeans$MW_AOD,type="l",col="orange2",lty=3,lwd=8,

ylim=c(0,0.5),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(0,0.5,by=0.1),cex.axis=2,las=1,col.axis="orange3") 

par(new=T) 

plot(wspblmeans$year,wspblmeans$PBL,type="l",col="orangered1",lty=1,lwd=6,ylim=c(800,24

00),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(800,2400,by=400),cex.axis=2,las=1,col.axis="orangered2",line=3.8) 

dev.off() 

 

#co plateau winter 

wwinterdfrm<-

data.frame(Year=wwintermeans$Group.1,alw_orgtot=wwintermeans$alw_org_fixed,alw_inorg=

wwintermeans$alw_inorg,NO3=wwintermeans$NO3,SO4=wwintermeans$SO4,OMtot=wwinter

means$OMtot) 

names(wwinterdfrm)<-c("Year","Org Water","Inorg Water","Nitrate","Sulfate","TOM") 

test<-as.matrix(wwinterdfrm) 

wwinterdfrm3<-subset(test,select=c(`Org Water`,`Inorg Water`, Nitrate, Sulfate, TOM)) 

wwinterdfrm3.t<-t(wwinterdfrm3) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/modis_plots/stacked_CPW2.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-

barplot(wwinterdfrm3.t,col=c("turquoise4","cadetblue1","mediumblue","firebrick","green4"),las

=1,cex.axis=2,xaxt="n",ylim=c(0,20)) 

labs<-seq(2007,2016,by=1) 



168 

 

text(cex=2,x=bp-0.3,y=-3.5,labels=paste(labs),xpd=T,srt=35) 

text("CO Plateau Winter",x=9,y=15,cex=2) 

par(new=T) 

plot(wwpblmeans$year,wwpblmeans$PBL,type="l",col="orangered1",lty=1,lwd=6,ylim=c(800,

2400),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(800,2400,by=400),cex.axis=2,las=1,col.axis="orangered2",line=3.8) 

par(new=T) 

plot(aotwintermeans$Year,aotwintermeans$MW_AOD,type="l",col="orange2",lty=3,lwd=8,yli

m=c(0,0.5),ylab=NA,xlab=NA,axes=F) 

axis(side=4,at=seq(0,0.5,by=0.1),cex.axis=2,las=1,col.axis="orange3") 

dev.off() 

 

################################################ 

#Figure 2: Scatter plots of MODIS AOT vs PM2.5 + ALW# 

################################################ 

kapint2<-subset(kapint,Year>=2007&Year<=2016) 

kapint3<-subset(kapint,season=="summer"|season=="winter") 

brca<-subset(kapint3,SiteCode=="BRCA1") 

cany<-subset(kapint3,SiteCode=="CANY1") 

capi<-subset(kapint3,SiteCode=="CAPI1") 

meve<-subset(kapint3,SiteCode=="MEVE1") 

cohu<-subset(kapint3,SiteCode=="COHU1") 

grsm<-subset(kapint3,SiteCode=="GRSM1") 

ligo<-subset(kapint3,SiteCode=="LIGO1") 

shro<-subset(kapint3,SiteCode=="SHRO1") 

 

brcameans<-aggregate(brca,by=list(brca$Month,brca$Year),FUN="mean",na.rm=T) 

canymeans<-aggregate(cany,by=list(cany$Month,cany$Year),FUN="mean",na.rm=T) 

capimeans<-aggregate(capi,by=list(capi$Month,capi$Year),FUN="mean",na.rm=T) 

mevemeans<-aggregate(meve,by=list(meve$Month,meve$Year),FUN="mean",na.rm=T) 

cohumeans<-aggregate(cohu,by=list(cohu$Month,cohu$Year),FUN="mean",na.rm=T) 

grsmmeans<-aggregate(grsm,by=list(grsm$Month,grsm$Year),FUN="mean",na.rm=T) 

ligomeans<-aggregate(ligo,by=list(ligo$Month,ligo$Year),FUN="mean",na.rm=T) 

shromeans<-aggregate(shro,by=list(shro$Month,shro$Year),FUN="mean",na.rm=T) 

 

modis<-read.csv("C:/Users/Amy/Desktop/Research/ALW and OC/ALW and OC paper/2005-

2016 analysis/data 2001-2016/modis_aod_month.csv") 

modis$SE_AOD_low<-modis$SE_AOD-modis$SE_AOD_SD 

modis$SE_AOD_hi<-modis$SE_AOD+modis$SE_AOD_SD 

modis$MW_AOD_low<-modis$MW_AOD-modis$MW_AOD_SD 

modis$MW_AOD_hi<-modis$MW_AOD+modis$MW_AOD_SD 

modis$Year<-ifelse(modis$Month=="12",modis$Year<-

as.numeric(modis$year)+1,modis$Year<-modis$year) 

 

modis2<-

subset(modis,Month=="12"|Month=="1"|Month=="2"|Month=="6"|Month=="7"|Month=="8") 
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modis2$Year<-ifelse(modis2$Month=="12",modis2$Year<-

as.numeric(modis2$year)+1,modis2$Year<-modis2$year) 

modis2$Group.2<-modis2$Year 

modis2$Group.1<-modis2$Month 

 

brcaintmeans<-merge(brcameans,modis2,by=c("Group.1","Group.2")) 

brcaintmeanssummer<-

subset(brcaintmeans,brcaintmeans$Group.1==6|brcaintmeans$Group.1==7|brcaintmeans$Group.

1==8) 

brcaintmeanssummer$AOT<-brcaintmeanssummer$BRCA1 

brcaintmeanswinter<-

subset(brcaintmeans,brcaintmeans$Group.1==12|brcaintmeans$Group.1==1|brcaintmeans$Grou

p.1==2) 

brcaintmeanswinter$AOT<-brcaintmeanswinter$BRCA1 

 

canyintmeans<-merge(canymeans,modis2,by=c("Group.1","Group.2")) 

canyintmeanssummer<-

subset(canyintmeans,canyintmeans$Group.1==6|canyintmeans$Group.1==7|canyintmeans$Grou

p.1==8) 

canyintmeanssummer$AOT<-canyintmeanssummer$CANY1 

canyintmeanswinter<-

subset(canyintmeans,canyintmeans$Group.1==12|canyintmeans$Group.1==1|canyintmeans$Gro

up.1==2) 

canyintmeanswinter$AOT<-canyintmeanswinter$CANY1 

 

capiintmeans<-merge(capimeans,modis2,by=c("Group.1","Group.2")) 

capiintmeanssummer<-

subset(capiintmeans,capiintmeans$Group.1==6|capiintmeans$Group.1==7|capiintmeans$Group.

1==8) 

capiintmeanssummer$AOT<-capiintmeanssummer$CAPI1 

capiintmeanswinter<-

subset(capiintmeans,capiintmeans$Group.1==12|capiintmeans$Group.1==1|capiintmeans$Grou

p.1==2) 

capiintmeanswinter$AOT<-capiintmeanswinter$CAPI1 

 

meveintmeans<-merge(mevemeans,modis2,by=c("Group.1","Group.2")) 

meveintmeanssummer<-

subset(meveintmeans,meveintmeans$Group.1==6|meveintmeans$Group.1==7|meveintmeans$G

roup.1==8) 

meveintmeanssummer$AOT<-meveintmeanssummer$MEVE1 

meveintmeanswinter<-

subset(meveintmeans,meveintmeans$Group.1==12|meveintmeans$Group.1==1|meveintmeans$

Group.1==2) 

meveintmeanswinter$AOT<-meveintmeanswinter$MEVE1 

 

cohuintmeans<-merge(cohumeans,modis2,by=c("Group.1","Group.2")) 
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cohuintmeanssummer<-

subset(cohuintmeans,cohuintmeans$Group.1==6|cohuintmeans$Group.1==7|cohuintmeans$Gro

up.1==8) 

cohuintmeanssummer$AOT<-cohuintmeanssummer$COHU1 

cohuintmeanswinter<-

subset(cohuintmeans,cohuintmeans$Group.1==12|cohuintmeans$Group.1==1|cohuintmeans$Gr

oup.1==2) 

cohuintmeanswinter$AOT<-cohuintmeanswinter$COHU1 

 

grsmintmeans<-merge(grsmmeans,modis2,by=c("Group.1","Group.2")) 

grsmintmeanssummer<-

subset(grsmintmeans,grsmintmeans$Group.1==6|grsmintmeans$Group.1==7|grsmintmeans$Gro

up.1==8) 

grsmintmeanssummer$AOT<-grsmintmeanssummer$GRSM1 

grsmintmeanswinter<-

subset(grsmintmeans,grsmintmeans$Group.1==12|grsmintmeans$Group.1==1|grsmintmeans$Gr

oup.1==2) 

grsmintmeanswinter$AOT<-grsmintmeanswinter$GRSM1 

 

ligointmeans<-merge(ligomeans,modis2,by=c("Group.1","Group.2")) 

ligointmeanssummer<-

subset(ligointmeans,ligointmeans$Group.1==6|ligointmeans$Group.1==7|ligointmeans$Group.1

==8) 

ligointmeanssummer$AOT<-ligointmeanssummer$LIGO1 

ligointmeanswinter<-

subset(ligointmeans,ligointmeans$Group.1==12|ligointmeans$Group.1==1|ligointmeans$Group.

1==2) 

ligointmeanswinter$AOT<-ligointmeanswinter$LIGO1 

 

shrointmeans<-merge(shromeans,modis2,by=c("Group.1","Group.2")) 

shrointmeanssummer<-

subset(shrointmeans,shrointmeans$Group.1==6|shrointmeans$Group.1==7|shrointmeans$Group.

1==8) 

shrointmeanssummer$AOT<-shrointmeanssummer$SHRO1 

shrointmeanswinter<-

subset(shrointmeans,shrointmeans$Group.1==12|shrointmeans$Group.1==1|shrointmeans$Grou

p.1==2) 

shrointmeanswinter$AOT<-shrointmeanswinter$SHRO1 

 

newdf<-

rbind(brcaintmeanssummer,canyintmeanssummer,capiintmeanssummer,meveintmeanssummer) 

newdf1<-

rbind(brcaintmeanswinter,canyintmeanswinter,capiintmeanswinter,meveintmeanswinter) 

 

#co plateau scatterplots 
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jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/reviewer_plots/cop_sites_pmwater.jpg",width=6,height=6,units="in",res=300) 

plot(newdf$PMwater,newdf$AOT,pch=22,cex=1,col="firebrick2",xlim=c(0,20),xaxt="n",ylim=

c(0,0.3),yaxt="n",las=1,xlab="",ylab="",main="",cex.main=1.5,cex.axis=1.2,cex.lab=1.3) 

axis(side=1,at=seq(0,20,by=5),las=1,cex.axis=1.5) 

axis(side=2,at=seq(0,0.3,by=0.05),las=1,cex.axis=1.5) 

arrows(newdf$PMwater_L,newdf$AOT,newdf$PMwater_H,newdf$AOT,       

length=0.05,angle=90,code=3,col=adjustcolor("firebrick2",alpha.f=0.5),lwd=2) 

points(newdf1$PMwater,newdf1$AOT,pch=22,cex=1,col="mediumblue",xlab="",xaxt="n",ylab

="",main="") 

arrows(newdf1$PMwater_L,newdf1$AOT,newdf1$PMwater_H,newdf1$AOT,       

length=0.05,angle=90,code=3,col=adjustcolor("mediumblue",alpha.f=0.5),lwd=2) 

legend("bottomright",legend=c("CPS","CPW"),col=c("firebrick2","mediumblue"),pch=c(22,22),

cex=1.5) 

linfit<-lm(newdf$AOT~newdf$PMwater) 

summary(linfit) 

abline(linfit,lwd=3) 

linfit2<-lm(newdf1$AOT~newdf1$PMwater) 

summary(linfit2) 

abline(linfit2,lwd=3,col="gray50") 

dev.off() 

 

#appalachia scatterplots 

newdf2<-

rbind(cohuintmeanssummer,grsmintmeanssummer,ligointmeanssummer,shrointmeanssummer) 

newdf3<-

rbind(cohuintmeanswinter,grsmintmeanswinter,ligointmeanswinter,shrointmeanswinter) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/reviewer_plots/app_sites_pmwater.jpg",width=6,height=6,units="in",res=300) 

plot(newdf2$PMwater,newdf2$AOT,pch=16,cex=1,col="firebrick2",xlim=c(0,50),xaxt="n",yli

m=c(0,0.62),yaxt="n",las=1,xlab="",ylab="",main="",cex.main=1.5,cex.axis=1.2,cex.lab=1.3) 

axis(side=1,at=seq(0,50,by=10),las=1,cex.axis=1.5) 

axis(side=2,at=seq(0,0.62,by=0.1),las=1,cex.axis=1.5) 

arrows(newdf2$PMwater_L,newdf2$AOT,newdf2$PMwater_H,newdf2$AOT,       

length=0.05,angle=90,code=3,col=adjustcolor("firebrick2",alpha.f=0.5),lwd=2) 

points(newdf3$PMwater,newdf3$AOT,pch=16,cex=1,col="mediumblue",xlab="",xaxt="n",ylab

="",main="") 

arrows(newdf3$PMwater_L,newdf3$AOT,newdf3$PMwater_H,newdf3$AOT,       

length=0.05,angle=90,code=3,col=adjustcolor("mediumblue",alpha.f=0.5),lwd=2) 

legend("bottomright",legend=c("AS","AW"),col=c("firebrick2","mediumblue"),pch=c(16,16),ce

x=1.5) 

linfit<-lm(newdf2$AOT~newdf2$PMwater) 

summary(linfit) 

abline(linfit,lwd=3) 

linfit2<-lm(newdf3$AOT~newdf3$PMwater) 



172 

 

summary(linfit2) 

abline(linfit2,lwd=3,col="gray50") 

dev.off() 

 

################################# 

#Figure 3: extinction and ALW profiles# 

################################# 

allext<-read.csv("C:/Users/stor/Documents/MATLAB/all_ext_all_alts.csv") 

allext$alt.m<-allext$alt.km*1000 

 

summer<-data.frame(alt=allext$alt.m,SiteCode=allext$SiteCode,                   

Jun2006=allext$X6.1.2006,Jul2006=allext$X7.1.2006,Aug2006=allext$X8.1.2006,                   

Jun2007=allext$X6.1.2007,Jul2007=allext$X7.1.2007,Aug2007=allext$X8.1.2007,                   

Jun2008=allext$X6.1.2008,Jul2008=allext$X7.1.2008,Aug2008=allext$X8.1.2008,                   

Jun2009=allext$X6.1.2009,Jul2009=allext$X7.1.2009,Aug2009=allext$X8.1.2009,                   

Jun2010=allext$X6.1.2010,Jul2010=allext$X7.1.2010,Aug2010=allext$X8.1.2010,                   

Jun2011=allext$X6.1.2011,Jul2011=allext$X7.1.2011,Aug2011=allext$X8.1.2011,                   

Jun2012=allext$X6.1.2012,Jul2012=allext$X7.1.2012,Aug2012=allext$X8.1.2012,                   

Jun2013=allext$X6.1.2013,Jul2013=allext$X7.1.2013,Aug2013=allext$X8.1.2013,                   

Jun2014=allext$X6.1.2014,Jul2014=allext$X7.1.2014,Aug2014=allext$X8.1.2014,                   

Jun2015=allext$X6.1.2015,Jul2015=allext$X7.1.2015,Aug2015=allext$X8.1.2015,                   

Jun2016=allext$X6.1.2016,Jul2016=allext$X7.1.2016,Aug2016=allext$X8.1.2016) 

 

winter<-data.frame(alt=allext$alt.m,SiteCode=allext$SiteCode,                   

Dec2006=allext$X12.1.2006,Jan2007=allext$X1.1.2007,Feb2007=allext$X2.1.2007,                   

Dec2007=allext$X12.1.2007,Jan2008=allext$X1.1.2008,Feb2008=allext$X2.1.2008,                   

Dec2008=allext$X12.1.2008,Jan2009=allext$X1.1.2009,Feb2009=allext$X2.1.2009,                   

Dec2009=allext$X12.1.2009,Jan2010=allext$X1.1.2010,Feb2010=allext$X2.1.2010,                   

Dec2010=allext$X12.1.2010,Jan2011=allext$X1.1.2011,Feb2011=allext$X2.1.2011,                   

Dec2011=allext$X12.1.2011,Jan2012=allext$X1.1.2012,Feb2012=allext$X2.1.2012,                   

Dec2012=allext$X12.1.2012,Jan2013=allext$X1.1.2013,Feb2013=allext$X2.1.2013,                   

Dec2013=allext$X12.1.2013,Jan2014=allext$X1.1.2014,Feb2014=allext$X2.1.2014,                   

Dec2014=allext$X12.1.2014,Jan2015=allext$X1.1.2015,Feb2015=allext$X2.1.2015,                   

Dec2015=allext$X12.1.2015,Jan2016=allext$X1.1.2016) 

 

sesummer<-

subset(summer,SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="LIGO1"|SiteCode=="

SHRO1") 

sewinter<-

subset(winter,SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="LIGO1"|SiteCode=="S

HRO1") 

wsummer<-

subset(summer,SiteCode=="BRCA1"|SiteCode=="CANY1"|SiteCode=="CAPI1"|SiteCode=="

MEVE1") 
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wwinter<-

subset(winter,SiteCode=="BRCA1"|SiteCode=="CANY1"|SiteCode=="CAPI1"|SiteCode=="M

EVE1") 

 

#need to get an average value at each altitude 

sesummeragg<-aggregate(sesummer,by=list(sesummer$alt),FUN="mean",na.rm=T) 

sewinteragg<-aggregate(sewinter,by=list(sewinter$alt),FUN="mean",na.rm=T) 

wsummeragg<-aggregate(wsummer,by=list(wsummer$alt),FUN="mean",na.rm=T) 

wwinteragg<-aggregate(wwinter,by=list(wwinter$alt),FUN="mean",na.rm=T) 

 

#want to get seasonal averages for each year 

sesummeragg2<-subset(sesummeragg,sesummeragg$alt>0) 

sewinteragg2<-subset(sewinteragg,sewinteragg$alt>0) 

wsummeragg2<-subset(wsummeragg,wsummeragg$alt>0) 

wwinteragg2<-subset(wwinteragg,wwinteragg$alt>0) 

 

#write loop that goes "for each altitude, average all the months" 

#alternatively, 

sesummervals<-data.frame(alt=sesummeragg[,2],extavgs=rowMeans(sesummeragg[,-1:-

3],na.rm=T)) 

sewintervals<-data.frame(alt=sewinteragg[,2],extavgs=rowMeans(sewinteragg[,-1:-3],na.rm=T)) 

wsummervals<-data.frame(alt=wsummeragg[,2],extavgs=rowMeans(wsummeragg[,-1:-

3],na.rm=T)) 

wwintervals<-data.frame(alt=wwinteragg[,2],extavgs=rowMeans(wwinteragg[,-1:-3],na.rm=T)) 

 

#water data at all pressure levels 

allpress<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/combined_2001-2016_allpressures.csv") 

allpress$Date<-as.Date(as.character(allpress$Date),format="%m/%d/%Y") 

allpress$year<-substring(allpress$Date,1,4) 

allpress$Month<-substring(allpress$Date,6,7) 

allpress$year<-as.numeric(allpress$year) 

allpress$Month<-as.numeric(allpress$Month) 

library(zoo) 

yq<-as.yearqtr(as.yearmon(allpress$Date,"%Y-%m-%d")+1/12) 

allpress$season<-

factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 

allpress$Year<-ifelse(allpress$Month=="12",allpress$year+1,allpress$year) #to match DJF 

assignments 

allpress$LayerOrgWater<-as.numeric(as.character(allpress$LayerOrgWater)) 

allpress$Masswo<-as.numeric(as.character(allpress$Masswo)) 

allpress$totwater<-allpress$water+allpress$Masswo 

allpress$PM25water<-allpress$water+allpress$Masswo+allpress$MF.Val 

allpress2<-subset(allpress,totwater>0) 

allpress2<-subset(allpress2,RH<0.95) 
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#merge with pbldata 

pbldata<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/pbl_data/pbl-season-1.csv") 

pbldata$Group.2<-as.Date(as.character(pbldata$Group.2),format="%m/%d/%Y") 

pbldata$Date<-pbldata$Group.2 

allpress3<-merge(pbldata,allpress2,by=c("Date","SiteCode")) 

 

#now need to only keep data that is below the PBL 

allpress3$BelowPBL<-ifelse(allpress3$Height>allpress3$PBL,NA,allpress3$Height) 

completeFun<-function(allpress3,BelowPBL){ 

  completeVec<-complete.cases(allpress3[,BelowPBL]) 

  return(allpress3[completeVec,]) 

} 

 

allpress4<-completeFun(allpress3,"BelowPBL") 

west<-

subset(allpress4,allpress4$SiteCode=="BRCA1"|allpress4$SiteCode=="CANY1"|allpress4$Site

Code=="CAPI1"|allpress4$SiteCode=="MEVE1") 

se<-

subset(allpress4,allpress4$SiteCode=="COHU1"|allpress4$SiteCode=="GRSM1"|allpress4$Site

Code=="LIGO1"|allpress4$SiteCode=="SHRO1") 

se2<-subset(se,Year>=2007&Year<=2016) 

sesummer<-subset(se2,season.x=="summer") 

sesummer<-sesummer[sesummer$totwater<quantile(sesummer$totwater,0.95,na.rm=T),] 

sewinter<-subset(se2,season.x=="winter") 

sewinter<-sewinter[sewinter$totwater<quantile(sewinter$totwater,0.95,na.rm=T),] 

west2<-subset(west,Year>=2007&Year<=2016) 

wsummer<-subset(west2,season.x=="summer") 

wsummer<-wsummer[wsummer$totwater<quantile(wsummer$totwater,0.95,na.rm=T),] 

wwinter<-subset(west,season.x=="winter") 

wwinter<-wwinter[wwinter$totwater<quantile(wwinter$totwater,0.95,na.rm=T),] 

 

#co plateau extinction and water vertical profiles 

wsummer2<-subset(wsummer,wsummer$Height<2164)#mean PBL height for co plateau 

summer, all years 

wsummer2means<-aggregate(wsummer2,by=list(wsummer2$pressure),FUN="mean",na.rm=T) 

wwinter2<-subset(wwinter,wwinter$Height<1000)#mean PBL height for co plateau winter, all 

years 

wwinter2means<-aggregate(wwinter2,by=list(wwinter2$pressure),FUN="mean",na.rm=T) 

wsummervals2<-subset(wsummervals,wsummervals$alt>0) 

wsummervals2[is.na(wsummervals2)]<-0 

wwintervals2<-subset(wwintervals,wwintervals$alt>0) 

wwintervals2[is.na(wwintervals2)]<-0 
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jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/COP_profile_withEXT_avgs.jpg",height=6,width=6,units="in",res=300) 

par(mar=c(5.1,5,4.1,2.1)) 

plot(wsummer2means$totwater,wsummer2means$Height,type="l",lty=2,lwd=4,col="firebrick2",

xlim=c(0,10),ylim=c(0,2200),xlab=NA,ylab=NA,yaxt="n",xaxt="n") 

axis(side=1,at=seq(0,10,by=2),labels=F) 

labs<-seq(0,10,by=2) 

text(seq(0,10,by=2),par("usr")[3]-0.1,labels=labs,srt=0,xpd=T,cex=2,adj=c(0.5,1.8)) 

axis(side=2,at=seq(0,2200,by=400),cex.axis=2,las=1) 

points(wwinter2means$totwater,wwinter2means$Height,type="l",lty=2,lwd=4,col="mediumblue

",xlab=NA,ylab=NA,yaxt="n",xaxt="n") 

par(new=T) 

plot(wsummervals2$extavgs,wsummervals2$alt,type="l",ylim=c(0,2200),xlim=c(0,0.1),lty=1,lw

d=4,col="sienna",xlab=NA,ylab=NA,yaxt="n",xaxt="n") 

axis(side=1,at=seq(0,0.1,by=0.02),labels=F,col.ticks="sienna",lwd.ticks=3,line=3,col="sienna",l

wd=2) 

labs2<-seq(0,0.1,0.02) 

text(seq(0,0.1,by=0.02),par("usr")[3]-

0.1,labels=labs2,srt=0,xpd=T,cex=2,adj=c(0.5,4),col="sienna") 

points(wwintervals2$extavgs,wwintervals2$alt,type="l",ylim=c(0,2200),lty=3,lwd=4,col="sienn

a") 

legend("bottomright",legend=c("Summer ALW","Winter ALW","Summer Extinction","Winter 

Extinction"),lty=c(2,2,1,3),col=c("firebrick2","mediumblue","sienna","sienna"),cex=1.2,lwd=c(4

,4,4,4)) 

dev.off() 

 

#appalachia extinction and water vertical profiles 

sesummer2<-subset(sesummer,sesummer$Height<939)#mean PBL height for app summer 

sesummer2means<-aggregate(sesummer2,by=list(sesummer2$pressure),FUN="mean",na.rm=T) 

sewinter2<-subset(sewinter,sewinter$Height<842)#mean PBL height for app winter 

sewinter2means<-aggregate(sewinter2,by=list(sewinter2$pressure),FUN="mean",na.rm=T) 

sesummervals2<-subset(sesummervals,sesummervals$alt>0) 

sesummervals2[is.na(sesummervals2)]<-0 

sewintervals2<-subset(sewintervals,sewintervals$alt>0) 

sewintervals2[is.na(sewintervals2)]<-0 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/App_profile_withEXT_avgs.jpg",height=6,width=6,units="in",res=300) 

par(mar=c(5.1,5,4.1,2.1)) 

plot(sesummer2means$totwater,sesummer2means$Height,type="l",lty=2,lwd=4,col="firebrick2"

,xlim=c(0,10),ylim=c(0,2200),xlab=NA,ylab=NA,yaxt="n",xaxt="n") 

axis(side=1,at=seq(0,10,by=2),labels=F) 

labs<-seq(0,10,by=2) 

text(seq(0,10,by=2),par("usr")[3]-0.1,labels=labs,srt=0,xpd=T,cex=2,adj=c(0.5,1.8)) 
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axis(side=2,at=seq(0,2200,by=400),cex.axis=2,las=1) 

points(sewinter2means$totwater,sewinter2means$Height,type="l",lty=2,lwd=4,col="mediumblu

e",xlab=NA,ylab=NA,yaxt="n",xaxt="n") 

par(new=T) 

plot(sesummervals2$extavgs,sesummervals2$alt,type="l",ylim=c(0,2200),xlim=c(0,0.1),lty=1,l

wd=4,col="sienna",xlab=NA,ylab=NA,yaxt="n",xaxt="n") 

axis(side=1,at=seq(0,0.1,by=0.02),labels=F,col.ticks="sienna",lwd.ticks=3,line=3,col="sienna",l

wd=2) 

labs2<-seq(0,0.1,0.02) 

text(seq(0,0.1,by=0.02),par("usr")[3]-

0.1,labels=labs2,srt=0,xpd=T,cex=2,adj=c(0.5,4),col="sienna") 

points(sewintervals2$extavgs,sewintervals2$alt,type="l",ylim=c(0,2200),lty=3,lwd=4,col="sienn

a") 

dev.off() 

 

#################################### 

#Figure 4: Integrated OM stacked barcharts# 

#################################### 

 

alldata<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/focus_2001-2016_intunder95-1.csv") 

alldata$Date<-as.Date(as.character(alldata$Date),format="%m/%d/%Y") 

alldata$Month<-substring(alldata$Date,6,7) 

alldata$Month<-as.numeric(alldata$Month) 

alldata$Year<-ifelse(alldata$Month=="12",alldata$year+1,alldata$year) #to match DJF 

assignments 

 

alldata$totwater<-alldata$alw_orgtot+alldata$alw_inorg 

alldata2<-subset(alldata,totwater>0) 

alldata3<-subset(alldata2,Year>=2007&Year<=2016) 

 

#put all units into mg/m^2 

alldata3$OM1<-alldata3$OM1/1000 

alldata3$OM2<-alldata3$OM2/1000 

alldata3$OM3<-alldata3$OM3/1000 

alldata3$OM4<-alldata3$OM4/1000 

 

se<-

subset(alldata3,SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="LIGO1"|SiteCode=="S

HRO1") 

west<-

subset(alldata3,SiteCode=="BRCA1"|SiteCode=="CAPI1"|SiteCode=="CANY1"|SiteCode=="

MEVE1") 

 

sesummer<-subset(se,se$season=="summer") 

sewinter<-subset(se,se$season=="winter") 
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wsummer<-subset(west,west$season=="summer") 

wwinter<-subset(west,west$season=="winter") 

 

sesummer<-sesummer[sesummer$totwater<quantile(sesummer$totwater,0.95),] 

sewinter<-sewinter[sewinter$totwater<quantile(sewinter$totwater,0.95),] 

wsummer<-wsummer[wsummer$totwater<quantile(wsummer$totwater,0.95),] 

wwinter<-wwinter[wwinter$totwater<quantile(wwinter$totwater,0.95),] 

 

sesummermeans<-aggregate(sesummer,by=list(sesummer$Year),FUN="mean",na.rm=T) 

sewintermeans<-aggregate(sewinter,by=list(sewinter$Year),FUN="mean",na.rm=T) 

wsummermeans<-aggregate(wsummer,by=list(wsummer$Year),FUN="mean",na.rm=T) 

wwintermeans<-aggregate(wwinter,by=list(wwinter$Year),FUN="mean",na.rm=T) 

 

#appalachia summer  

sesummerdfrm<-

data.frame(Year=sesummermeans$Group.1,OM1=sesummermeans$OM1,OM2=sesummermean

s$OM2,OM3=sesummermeans$OM3,OM4=sesummermeans$OM4) 

names(sesummerdfrm)<-c("Year","OM1","OM2","OM3","OM4") 

test<-as.matrix(sesummerdfrm) 

sesummerdfrm3<-subset(test,select=c(OM1, OM2, OM3, OM4)) 

sesummerdfrm3.t<-t(sesummerdfrm3) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/orgfracs_stack_SES_big.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-

barplot(sesummerdfrm3.t,col=c("palegreen1","palegreen2","palegreen3","palegreen4"),las=1,cex

.axis=2,xaxt="n",ylim=c(0,5)) 

legend(x=-

0,y=4.5,pch=c(16,16,16,16,16),col=c("palegreen4","palegreen3","palegreen2","palegreen1"),leg

end=c("OM4","OM3","OM2","OM1"),cex=2,x.intersp=0.5,text.width=1.3,bty="n",ncol=4,yjust

=0,xpd=T) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-0.75,labels=paste(labs),xpd=T,srt=35) 

text("Appalachia Summer",x=8.5,y=4,cex=2) 

dev.off() 

 

#appalachia winter 

sewinterdfrm<-

data.frame(Year=sewintermeans$Group.1,OM1=sewintermeans$OM1,OM2=sewintermeans$O

M2,OM3=sewintermeans$OM3,OM4=sewintermeans$OM4) 

names(sewinterdfrm)<-c("Year","OM1","OM2","OM3","OM4") 

test<-as.matrix(sewinterdfrm) 

sewinterdfrm3<-subset(test,select=c(OM1, OM2, OM3, OM4)) 

sewinterdfrm3.t<-t(sewinterdfrm3) 



178 

 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/orgfracs_stack_SEW_big.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-

barplot(sewinterdfrm3.t,col=c("palegreen1","palegreen2","palegreen3","palegreen4"),las=1,cex.a

xis=2,xaxt="n",ylim=c(0,5)) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-0.75,labels=paste(labs),xpd=T,srt=35) 

text("Appalachia Winter",x=8.5,y=4,cex=2) 

 

dev.off() 

 

#co plateau summer 

wsummerdfrm<-

data.frame(Year=wsummermeans$Group.1,OM1=wsummermeans$OM1,OM2=wsummermeans

$OM2,OM3=wsummermeans$OM3,OM4=wsummermeans$OM4) 

names(wsummerdfrm)<-c("Year","OM1","OM2","OM3","OM4") 

test<-as.matrix(wsummerdfrm) 

wsummerdfrm3<-subset(test,select=c(OM1, OM2, OM3, OM4)) 

wsummerdfrm3.t<-t(wsummerdfrm3) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/orgfracs_stack_WS_big.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-

barplot(wsummerdfrm3.t,col=c("palegreen1","palegreen2","palegreen3","palegreen4"),las=1,cex

.axis=2,xaxt="n",ylim=c(0,5)) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-0.75,labels=paste(labs),xpd=T,srt=35) 

text("CO Plateau Summer",x=8,y=4,cex=2) 

dev.off() 

 

#co plateau winter 

wwinterdfrm<-

data.frame(Year=wwintermeans$Group.1,OM1=wwintermeans$OM1,OM2=wwintermeans$OM

2,OM3=wwintermeans$OM3,OM4=wwintermeans$OM4) 

names(wwinterdfrm)<-c("Year","OM1","OM2","OM3","OM4") 

test<-as.matrix(wwinterdfrm) 

wwinterdfrm3<-subset(test,select=c(OM1, OM2, OM3, OM4)) 

wwinterdfrm3.t<-t(wwinterdfrm3) 
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jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/orgfracs_stack_WW_big.jpg",height=4,width=8,units="in",res=300) 

par(mar=c(5,3,2,8.5)) 

bp<-

barplot(wwinterdfrm3.t,col=c("palegreen1","palegreen2","palegreen3","palegreen4"),las=1,cex.a

xis=2,xaxt="n",ylim=c(0,5)) 

labs<-seq(2007,2016,by=1) 

text(cex=2,x=bp-0.3,y=-0.75,labels=paste(labs),xpd=T,srt=35) 

text("CO Plateau Winter",x=8,y=4,cex=2) 

dev.off() 
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#Supporting Information code 

#Christiansen et al. 2019 

 

########################### 

#Figure S1. Focus site locations# 

########################### 

library(maps) 

 

jpeg("C:/Users/stor/Documents/ALW and OC 

paper/plots/sitemap.jpg",width=6,height=4,units="in",res=300) 

 

par(oma=c(0,0,0,0)) 

map('state',lty=1,lwd=2,interior=F,col="black") 

#map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=c(-111.2926,-112.1736,-109.821,-

108.4907),y=c(38.3022,37.6184,38.4587,37.1984),col="turquoise1",pch=16) 

points(x=c(-84.6265,-83.9416,-82.7744,-

81.9331),y=c(34.7852,35.6334,35.3937,35.9723),col="red",pch=16) 

 

dev.off() 

 

################################ 

#Figure S2. PM2.5 Diurnal Variability# 

################################  

epa<-read.csv("C:/Users/stor/Documents/ALW and OC paper/EPA_24hr_PM25.csv") 

 

#appalachia 

bryson<-subset(epa,epa$Site=="BrysonCity") 

unique(bryson$Day) 

head(bryson$Day) 

tail(bryson$Day) 

 

#co plateau 

deadman<-subset(epa,epa$Site=="Deadman") 

unique(deadman$Day) 

head(deadman$Day) 

tail(deadman$Day) 

 

#overlapping years are 2009, 2010, 2011 

#so choose summer 2010 

#maybe july 

 

bryson$Day<-as.Date(as.character(bryson$Day),format="%m/%d/%Y") 

deadman$Day<-as.Date(as.character(deadman$Day),format="%m/%d/%Y") 

 

bryson$Month<-substring(bryson$Day,6,7) 
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deadman$Month<-substring(deadman$Day,6,7) 

 

bryson$year<-substring(bryson$Day,1,4) 

deadman$year<-substring(deadman$Day,1,4) 

 

bryson2<-subset(bryson,Month=="07"&year=="2010") 

deadman2<-subset(deadman,Month=="07"&year=="2010") 

 

#we'll do 7/1/2010 to keep it simple 

bry<-subset(bryson2,Day=="2010-07-01") 

dea<-subset(deadman2,Day=="2010-07-01") 

 

bry$Hour<-substring(bry$Date,12,13) 

bry$Hour<-as.numeric(bry$Hour) 

dea$Hour<-substring(dea$Date,12,13) 

dea$Hour<-as.numeric(dea$Hour) 

 

tiff("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/daily_variability_plots/Hourly_PM25.tiff",height=6,width=6,units="i

n",res=300) 

par(mar=c(5.1,5,4.1,3)) 

plot(bry$Hour,bry$PM25,type="l",ylim=c(0,30),col="darkgreen",lwd=3,cex.axis=1.5, 

     ylab=expression("PM"[2.5]~"Mass Concentration"~~(mu*g~m^{-

3})),xlab="Hour",cex.lab=1.5) 

lines(dea$Hour,dea$PM25,type="l",col="brown4",lwd=3,xlab="",ylab="") 

rect(10.5,3,13.5,15,col=NA,border="red3",lwd=3) 

legend("topleft",legend=c("Appalachia","CO 

Plateau"),lty=c(1,1),lwd=c(3,3),col=c("darkgreen","brown4"),cex=1.5) 

dev.off() 

 

################################# 

#Figure S3. AERONET vs MODIS AOT# 

#################################  

 

#comparing AERONET AOD at 500 nm to MODIS AOD at 550 nm 

#will need to use aggregated data since sites don't line up exactly 

#first, load in modis data 

modis<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/modis_aod_month.csv") 

modis$Year<-ifelse(modis$Month=="12",modis$Year<-

as.numeric(modis$year)+1,modis$Year<-modis$year) 

modissummer<-subset(modis,Month=="6"|Month=="7"|Month=="8") 

modiswinter<-subset(modis,Month=="12"|Month=="1"|Month=="2") 

 

#now load in AERONET data 



182 

 

aero<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/AERONET_AOD.csv") 

aero$Year<-ifelse(aero$Month=="12",aero$Year<-as.numeric(aero$year)+1,aero$Year<-

aero$year) 

aerosummer<-subset(aero,Month=="6"|Month=="7"|Month=="8") 

aerowinter<-subset(aero,Month=="12"|Month=="1"|Month=="2") 

 

#combine datasets 

summercombo<-merge(modissummer,aerosummer,by=c("Month","Year")) 

wintercombo<-merge(modiswinter,aerowinter,by=c("Month","Year")) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/reviewer_plots/appalachia_aeronet_modis.jpg",height=6,width=6,units="in",res=300) 

plot(summercombo$SE_AOD.x,summercombo$SE_AOD.y,xlim=c(0,0.5),ylim=c(0,0.3),cex.axi

s=1.5,ylab="",xlab="", 

     las=1,pch=16,col="firebrick2",cex=2) 

points(wintercombo$SE_AOD.x,wintercombo$SE_AOD.y,ylab="",xlab="",xaxt="n",yaxt="n",p

ch=16,col="mediumblue",cex=2) 

abline(lm(summercombo$SE_AOD.y~summercombo$SE_AOD.x),lwd=3) 

abline(lm(wintercombo$SE_AOD.y~wintercombo$SE_AOD.x),lwd=3,col="gray50") 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/reviewer_plots/cop_aeronet_modis.jpg",height=6,width=6,units="in",res=300) 

plot(summercombo$MW_AOD.x,summercombo$MW_AOD.y,xlim=c(0,0.2),ylim=c(0,0.21),ce

x.axis=1.5,ylab="",xlab="", 

     las=1,pch=22,col="firebrick2",cex=2) 

points(wintercombo$MW_AOD.x,wintercombo$MW_AOD.y,ylab="",xlab="",xaxt="n",yaxt="

n",pch=22,col="mediumblue",cex=2) 

abline(lm(summercombo$MW_AOD.y~summercombo$MW_AOD.x),lwd=3) 

abline(lm(wintercombo$MW_AOD.y~wintercombo$MW_AOD.x),lwd=3,col="gray50") 

dev.off() 

 

 

##################################################### 

#Figure S4. Extinction coefficients and MODIS/CALIPSO AOT# 

#####################################################  

aot<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/focus_aot_means07-16-1.csv") 

aotsummer<-subset(aot,season=="summer") 

aotwinter<-subset(aot,season=="winter") 

aotsummermeans<-aggregate(aotsummer,by=list(aotsummer$Year),FUN="mean",na.rm=T) 

aotwintermeans<-aggregate(aotwinter,by=list(aotwinter$Year),FUN="mean",na.rm=T) 
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modis<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/modis_aod_month.csv") 

modis$Year<-ifelse(modis$Month=="12",modis$Year<-

as.numeric(modis$year)+1,modis$Year<-modis$year) 

modissummer<-subset(modis,Month=="6"|Month=="7"|Month=="8") 

modiswinter<-subset(modis,Month=="12"|Month=="1"|Month=="2") 

modissummermeans<-

aggregate(modissummer,by=list(modissummer$Year),FUN="mean",na.rm=T) 

modiswintermeans<-aggregate(modiswinter,by=list(modiswinter$Year),FUN="mean",na.rm=T) 

 

ext<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/new_extinction/combo_extinction.csv") 

ext$Date<-as.Date(as.character(ext$Date),format="%m/%d/%Y") 

ext$Month<-substring(ext$Date,6,7) 

ext$Month<-as.numeric(ext$Month) 

ext$year<-substring(ext$Date,1,4) 

ext$year<-as.numeric(ext$year) 

library(zoo) 

yq<-as.yearqtr(as.yearmon(ext$Date,"%Y-%m-%d")+1/12) 

ext$season<-factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 

ext$Year<-ifelse(ext$Month=="12",ext$year+1,ext$year) #to match DJF assignments 

ext<-subset(ext,ext$pressure=="1000") 

ext<-subset(ext,ext$RH<0.95) 

west<-

subset(ext,SiteCode=="BRCA1"|SiteCode=="CANY1"|SiteCode=="CAPI1"|SiteCode=="MEV

E1") 

se<-

subset(ext,SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="LIGO1"|SiteCode=="SHR

O1") 

se2<-subset(se,Year>=2007&Year<=2016) 

sesummer<-subset(se2,season=="summer") 

sewinter<-subset(se2,season=="winter") 

west2<-subset(west,Year>=2007&Year<=2016) 

wsummer<-subset(west2,season=="summer") 

wwinter<-subset(west2,season=="winter") 

#average everything by Year 

sesummermeans<-aggregate(sesummer,by=list(sesummer$Year),FUN="mean",na.rm=T) 

sewintermeans<-aggregate(sewinter,by=list(sewinter$Year),FUN="mean",na.rm=T) 

wsummermeans<-aggregate(wsummer,by=list(wsummer$Year),FUN="mean",na.rm=T) 

wwintermeans<-aggregate(wwinter,by=list(wwinter$Year),FUN="mean",na.rm=T) 

 

#plots 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/new_extinction/AS_bext_modisAOT_calipsoAOT.jpg",width=6,height=6,units="in",res

=300) 

par(mar=c(5.1,4.3,4.1,4)) 



184 

 

 

plot(modissummermeans$Year,modissummermeans$SE_AOD,ylim=c(0,0.5),type="l",col="dark

orange3",lwd=3,xaxt="n",xlab="",ylab="",las=1,cex.axis=2,col.axis="darkorange3") 

axis(side=1,at=seq(2007,2016,by=1),labels=F) 

labs<-seq(2007,2016,by=1) 

text(seq(2007,2016,by=1),par("usr")[3]-0.05,labels=labs,srt=45,xpd=T,cex=2,adj=c(0.7,0.5)) 

lines(aotsummermeans$Year,aotsummermeans$SE_AOD,type="l",lty=2,col="red3",lwd=3,xaxt

="n",xlab="",ylab="") 

par(new=T) 

plot(sesummermeans$Year,sesummermeans$bext,type="l",col="purple4",lwd=3,ylim=c(0,100),

xaxt="n",yaxt="n",xlab="",ylab="") 

axis(side=4,las=1,cex.axis=2,col.axis="purple4") 

 

legend("topright",legend=c("MODIS AOT","CALIPSO 

AOT","Extinction"),col=c("darkorange3","red3","purple4"),lty=c(1,2,1),lwd=3) 

 

dev.off() 

 

### 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/new_extinction/AW_bext_modisAOT_calipsoAOT.jpg",width=6,height=6,units="in",re

s=300) 

par(mar=c(5.1,4.3,4.1,4)) 

 

plot(modiswintermeans$Year,modiswintermeans$SE_AOD,ylim=c(0,0.5),type="l",col="darkora

nge3",lwd=3,xaxt="n",xlab="",ylab="",las=1,cex.axis=2,col.axis="darkorange3") 

axis(side=1,at=seq(2007,2016,by=1),labels=F) 

labs<-seq(2007,2016,by=1) 

text(seq(2007,2016,by=1),par("usr")[3]-0.05,labels=labs,srt=45,xpd=T,cex=2,adj=c(0.7,0.5)) 

lines(aotwintermeans$Year,aotwintermeans$SE_AOD,type="l",lty=2,col="red3",lwd=3,xaxt="n

",xlab="",ylab="") 

par(new=T) 

plot(sewintermeans$Year,sewintermeans$bext,type="l",col="purple4",lwd=3,ylim=c(0,100),xax

t="n",yaxt="n",xlab="",ylab="") 

axis(side=4,las=1,cex.axis=2,col.axis="purple4") 

 

legend("topright",legend=c("MODIS AOT","CALIPSO 

AOT","Extinction"),col=c("darkorange3","red3","purple4"),lty=c(1,2,1),lwd=3) 

 

dev.off() 

 

### 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/new_extinction/CPS_bext_modisAOT_calipsoAOT.jpg",width=6,height=6,units="in",r

es=300) 

par(mar=c(5.1,4.3,4.1,4)) 
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plot(modissummermeans$Year,modissummermeans$MW_AOD,ylim=c(0,0.5),type="l",col="da

rkorange3",lwd=3,xaxt="n",xlab="",ylab="",las=1,cex.axis=2,col.axis="darkorange3") 

axis(side=1,at=seq(2007,2016,by=1),labels=F) 

labs<-seq(2007,2016,by=1) 

text(seq(2007,2016,by=1),par("usr")[3]-0.05,labels=labs,srt=45,xpd=T,cex=2,adj=c(0.7,0.5)) 

lines(aotsummermeans$Year,aotsummermeans$MW_AOD,type="l",lty=2,col="red3",lwd=3,xa

xt="n",xlab="",ylab="") 

par(new=T) 

plot(wsummermeans$Year,wsummermeans$bext,type="l",col="purple4",lwd=3,ylim=c(0,100),x

axt="n",yaxt="n",xlab="",ylab="") 

axis(side=4,las=1,cex.axis=2,col.axis="purple4") 

 

legend("topright",legend=c("MODIS AOT","CALIPSO 

AOT","Extinction"),col=c("darkorange3","red3","purple4"),lty=c(1,2,1),lwd=3) 

 

dev.off() 

 

### 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/new_extinction/CPW_bext_modisAOT_calipsoAOT.jpg",width=6,height=6,units="in",r

es=300) 

par(mar=c(5.1,4.3,4.1,4)) 

 

plot(modiswintermeans$Year,modiswintermeans$MW_AOD,ylim=c(0,0.5),type="l",col="darko

range3",lwd=3,xaxt="n",xlab="",ylab="",las=1,cex.axis=2,col.axis="darkorange3") 

axis(side=1,at=seq(2007,2016,by=1),labels=F) 

labs<-seq(2007,2016,by=1) 

text(seq(2007,2016,by=1),par("usr")[3]-0.05,labels=labs,srt=45,xpd=T,cex=2,adj=c(0.7,0.5)) 

lines(aotwintermeans$Year,aotwintermeans$MW_AOD,type="l",lty=2,col="red3",lwd=3,xaxt="

n",xlab="",ylab="") 

par(new=T) 

plot(wwintermeans$Year,wwintermeans$bext,type="l",col="purple4",lwd=3,ylim=c(0,100),xaxt

="n",yaxt="n",xlab="",ylab="") 

axis(side=4,las=1,cex.axis=2,col.axis="purple4") 

 

legend("topright",legend=c("MODIS AOT","CALIPSO 

AOT","Extinction"),col=c("darkorange3","red3","purple4"),lty=c(1,2,1),lwd=3) 

 

dev.off() 

 

######################## 

#Figure S5. Vertical profiles# 

########################  
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allpress<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/combined_2001-2016_allpressures.csv") 

allpress$Date<-as.Date(as.character(allpress$Date),format="%m/%d/%Y") 

allpress$year<-substring(allpress$Date,1,4) 

allpress$Month<-substring(allpress$Date,6,7) 

allpress$year<-as.numeric(allpress$year) 

allpress$Month<-as.numeric(allpress$Month) 

library(zoo) 

yq<-as.yearqtr(as.yearmon(allpress$Date,"%Y-%m-%d")+1/12) 

allpress$season<-

factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 

allpress$Year<-ifelse(allpress$Month=="12",allpress$year+1,allpress$year) #to match DJF 

assignments 

allpress$LayerOrgWater<-as.numeric(as.character(allpress$LayerOrgWater)) 

allpress$Masswo<-as.numeric(as.character(allpress$Masswo)) 

allpress$totwater<-allpress$water+allpress$Masswo 

allpress$PM25water<-allpress$water+allpress$Masswo+allpress$MF.Val 

allpress2<-subset(allpress,totwater>0) 

allpress2<-subset(allpress2,RH<0.95) 

 

#merge with pbldata 

pbldata<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/pbl_data/pbl-season-1.csv") 

pbldata$Group.2<-as.Date(as.character(pbldata$Group.2),format="%m/%d/%Y") 

pbldata$Date<-pbldata$Group.2 

allpress3<-merge(pbldata,allpress2,by=c("Date","SiteCode")) 

#now need to only keep data that is below the PBL 

allpress3$BelowPBL<-ifelse(allpress3$Height>allpress3$PBL,NA,allpress3$Height) 

completeFun<-function(allpress3,BelowPBL){ 

  completeVec<-complete.cases(allpress3[,BelowPBL]) 

  return(allpress3[completeVec,]) 

} 

allpress4<-completeFun(allpress3,"BelowPBL") 

west<-

subset(allpress4,allpress4$SiteCode=="BRCA1"|allpress4$SiteCode=="CANY1"|allpress4$Site

Code=="CAPI1"|allpress4$SiteCode=="MEVE1") 

se<-

subset(allpress4,allpress4$SiteCode=="COHU1"|allpress4$SiteCode=="GRSM1"|allpress4$Site

Code=="LIGO1"|allpress4$SiteCode=="SHRO1") 

se2<-subset(se,Year>=2007&Year<=2016) 

sesummer<-subset(se2,season.x=="summer") 

sesummer<-sesummer[sesummer$totwater<quantile(sesummer$totwater,0.95,na.rm=T),] 

sewinter<-subset(se2,season.x=="winter") 

sewinter<-sewinter[sewinter$totwater<quantile(sewinter$totwater,0.95,na.rm=T),] 

west2<-subset(west,Year>=2007&Year<=2016) 

wsummer<-subset(west2,season.x=="summer") 
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wsummer<-wsummer[wsummer$totwater<quantile(wsummer$totwater,0.95,na.rm=T),] 

wwinter<-subset(west,season.x=="winter") 

wwinter<-wwinter[wwinter$totwater<quantile(wwinter$totwater,0.95,na.rm=T),] 

 

sesummer2<-subset(sesummer,sesummer$Height<939) 

sewinter2<-subset(sewinter,sewinter$Height<842) 

 

day<-subset(sesummer2,Date=="2011-08-31") 

day$PM25water<-day$MF.Val+day$water+day$Masswo 

cohuday<-subset(day,SiteCode=="COHU1") 

 

day2<-subset(sewinter2,Date=="2011-12-08") 

day2$PM25water<-day2$MF.Val+day2$water+day2$Masswo 

cohuday2<-subset(day2,SiteCode=="COHU1") 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-

2016/fixed_paper_plots/Appalachia_profiles_sameaxis.jpg",height=6,width=6,units="in",res=30

0) 

par(mfrow=c(1,2)) 

plot(cohuday$MF.Val,cohuday$Height,type="l",xlim=c(0,31),ylim=c(100,800),las=1,lwd=3,col

="black", 

     xlab="",ylab="",cex.axis=1.5,xaxt="n") 

lines(cohuday$PM25water,cohuday$Height,lwd=3,col="dodgerblue2") 

axis(side=1,at=seq(0,31,by=10),las=1,cex.axis=1.5) 

plot(cohuday2$MF.Val,cohuday2$Height,type="l",xlim=c(0,31),ylim=c(100,800),las=1,lwd=3,c

ol="black", 

     ylab="",xlab="",cex.axis=1.5,xaxt="n") 

lines(cohuday2$PM25water,cohuday2$Height,lwd=3,col="dodgerblue2") 

axis(side=1,at=seq(0,31,by=10),las=1,cex.axis=1.5) 

legend("topright",legend=c(expression("Dry PM"[2.5]),expression("Dry PM"[2.5]~"+ 

ALW")),col=c("black","dodgerblue2"),lty=c(1,1),lwd=c(3,3),cex=0.9) 

dev.off() 

 

####################### 

#Figure S6. OM Pie charts# 

#######################  

 

allpress<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/combined_2001-2016_allpressures.csv") 

 

allpress$Date<-as.Date(as.character(allpress$Date),format="%m/%d/%Y") 

allpress$year<-substring(allpress$Date,1,4) 

allpress$Month<-substring(allpress$Date,6,7) 

 

allpress$year<-as.numeric(allpress$year) 
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allpress$Month<-as.numeric(allpress$Month) 

 

library(zoo) 

yq<-as.yearqtr(as.yearmon(allpress$Date,"%Y-%m-%d")+1/12) 

allpress$season<-

factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 

allpress$Year<-ifelse(allpress$Month=="12",allpress$year+1,allpress$year) #to match DJF 

assignments 

 

allpress$LayerOrgWater<-as.numeric(as.character(allpress$LayerOrgWater)) 

allpress$totwater<-(allpress$LayerOrgWater+allpress$LayerInorgWater)/1000 

 

allpress2<-subset(allpress,totwater>0) 

allpress2<-subset(allpress2,RH<0.95) 

 

#merge with pbldata 

pbldata<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/pbl_data/pbl-season-1.csv") 

pbldata$Group.2<-as.Date(as.character(pbldata$Group.2),format="%m/%d/%Y") 

pbldata$Date<-pbldata$Group.2 

allpress3<-merge(pbldata,allpress2,by=c("Date","SiteCode")) 

#now need to only keep data that is below the PBL 

allpress3$BelowPBL<-ifelse(allpress3$Height>allpress3$PBL,NA,allpress3$Height) 

 

completeFun<-function(allpress3,BelowPBL){ 

  completeVec<-complete.cases(allpress3[,BelowPBL]) 

  return(allpress3[completeVec,]) 

} 

 

allpress4<-completeFun(allpress3,"BelowPBL") 

 

west<-

subset(allpress4,allpress4$SiteCode=="BRCA1"|allpress4$SiteCode=="CANY1"|allpress4$Site

Code=="CAPI1"|allpress4$SiteCode=="MEVE1") 

se<-

subset(allpress4,allpress4$SiteCode=="COHU1"|allpress4$SiteCode=="GRSM1"|allpress4$Site

Code=="LIGO1"|allpress4$SiteCode=="SHRO1") 

 

se2<-subset(se,Year>=2007&Year<=2016) 

se2<-subset(se2,pressure=="1000") 

sesummer<-subset(se2,season.x=="summer") 

sesummer<-sesummer[sesummer$totwater<quantile(sesummer$totwater,0.95,na.rm=T),] 

sewinter<-subset(se2,season.x=="winter") 

sewinter<-sewinter[sewinter$totwater<quantile(sewinter$totwater,0.95,na.rm=T),] 

west2<-subset(west,Year>=2007&Year<=2016) 

west2<-subset(west2,pressure=="1000") 
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wsummer<-subset(west2,season.x=="summer") 

wsummer<-wsummer[wsummer$totwater<quantile(wsummer$totwater,0.95,na.rm=T),] 

wwinter<-subset(west,season.x=="winter") 

wwinter<-wwinter[wwinter$totwater<quantile(wwinter$totwater,0.95,na.rm=T),] 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/pie charts/surf_organic matter w.jpg",height=6,width=6,units="in",res=300) 

 

slices<-c(mean(wsummer$OM1,na.rm=T),mean(wsummer$OM2,na.rm=T), 

          mean(wsummer$OM3,na.rm=T),mean(wsummer$OM4,na.rm=T)) 

slices2<-c(mean(wwinter$OM1,na.rm=T),mean(wwinter$OM2,na.rm=T), 

           mean(wwinter$OM3,na.rm=T),mean(wwinter$OM4,na.rm=T)) 

pct <- round(slices/sum(slices)*100) 

pct2<-round(slices2/sum(slices2)*100) 

lbls<-c("OM1","OM2","OM3","OM4") 

cols<-c("palegreen","palegreen2","palegreen3","palegreen4") 

lbls2<-c("OM1","OM2","OM3","OM4") 

lbls<-paste(lbls,pct) #add percent to chart 

lbls2<-paste(lbls2,pct2) 

lbls <- paste(lbls,"%",sep="") # add % to labels  

lbls2 <- paste(lbls2,"%",sep="") # add % to labels  

par(mfrow=c(1,2)) #1 row, 2 columns 

pie(slices, labels=NA, col=cols, xlab="",radius=(sum(slices)/2.194027)*0.8)#relative to mean 

SES mass 

#mtext(side=3, text="SE Summer vs Winter", line=1, adj=-4) 

pie(slices2, labels=NA, col=cols, xlab="",radius=(sum(slices2)/2.194027)*0.8)#relative to mean 

SES mass 

 

dev.off() 

 

####################### 

#Figure S7. OM seasonality# 

#######################  

 

allpress<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/combined_2001-2016_allpressures.csv") 

allpress$Date<-as.Date(as.character(allpress$Date),format="%m/%d/%Y") 

allpress$year<-substring(allpress$Date,1,4) 

allpress$Month<-substring(allpress$Date,6,7) 

allpress$year<-as.numeric(allpress$year) 

allpress$Month<-as.numeric(allpress$Month) 

library(zoo) 

yq<-as.yearqtr(as.yearmon(allpress$Date,"%Y-%m-%d")+1/12) 

allpress$season<-

factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 
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allpress$Year<-ifelse(allpress$Month=="12",allpress$year+1,allpress$year) #to match DJF 

assignments 

allpress$Masswo<-as.numeric(as.character(allpress$Masswo)) 

allpress$totwater<-allpress$water+allpress$Masswo 

allpress<-subset(allpress,allpress$totwater>0) 

allpress2<-subset(allpress,allpress$pressure=="1000") 

 

west<-

subset(allpress2,allpress2$SiteCode=="BRCA1"|allpress2$SiteCode=="CANY1"|allpress2$Site

Code=="CAPI1"|allpress2$SiteCode=="MEVE1") 

se<-

subset(allpress2,allpress2$SiteCode=="COHU1"|allpress2$SiteCode=="GRSM1"|allpress2$Site

Code=="LIGO1"|allpress2$SiteCode=="SHRO1") 

se2<-subset(se,Year>=2007&Year<=2016) 

west2<-subset(west,Year>=2007&Year<=2016) 

west3<-aggregate(west2,by=list(west2$year,west2$Month),FUN="mean",na.rm=T) 

se3<-aggregate(se2,by=list(se2$year,se2$Month),FUN="mean",na.rm=T) 

 

se4<-subset(se3,se3$RH<0.95) 

west4<-subset(west3,west3$RH<0.95) 

se4<-se4[se4$totwater<quantile(se4$totwater,0.95),] 

west4<-west4[west4$totwater<quantile(west4$totwater,0.95),] 

 

se4<-subset(se4,OMtot<9)#removing one heck of an outlier 

 

###unrelated 

sesummer<-subset(se4,se4$Month=="6"|se4$Month=="7"|se4$Month=="8") 

sewinter<-subset(se4,se4$Month=="12"|se4$Month=="1"|se4$Month=="2") 

wsummer<-subset(west4,west4$Month=="6"|west4$Month=="7"|west4$Month=="8") 

wwinter<-subset(west4,west4$Month=="12"|west4$Month=="1"|west4$Month=="2") 

wilcox.test(sesummer$OMtot,sewinter$OMtot,alternative="two.sided") 

wilcox.test(wsummer$OMtot,wwinter$OMtot,alternative="two.sided") 

wilcox.test(sesummer$OM1,sewinter$OM1,alternative="two.sided") 

wilcox.test(wsummer$OM1,wwinter$OM1,alternative="two.sided") 

wilcox.test(sesummer$OM2,sewinter$OM2,alternative="two.sided") 

wilcox.test(wsummer$OM2,wwinter$OM2,alternative="two.sided") 

wilcox.test(sesummer$OM3,sewinter$OM3,alternative="two.sided") 

wilcox.test(wsummer$OM3,wwinter$OM3,alternative="two.sided") 

wilcox.test(sesummer$OM4,sewinter$OM4,alternative="two.sided") 

wilcox.test(wsummer$OM4,wwinter$OM4,alternative="two.sided") 

t.test(sesummer$OMtot,sewinter$OMtot,alternative="two.sided") 

t.test(wsummer$OMtot,wwinter$OMtot,alternative="two.sided") 

t.test(sesummer$OM1,sewinter$OM1,alternative="two.sided") 

t.test(wsummer$OM1,wwinter$OM1,alternative="two.sided") 

t.test(sesummer$OM2,sewinter$OM2,alternative="two.sided") 

t.test(wsummer$OM2,wwinter$OM2,alternative="two.sided") 
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t.test(sesummer$OM3,sewinter$OM3,alternative="two.sided") 

t.test(wsummer$OM3,wwinter$OM3,alternative="two.sided") 

t.test(sesummer$OM4,sewinter$OM4,alternative="two.sided") 

t.test(wsummer$OM4,wwinter$OM4,alternative="two.sided") 

### 

 

#plots 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OMtot.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OMtot~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,3.5),lwd=3,las=1,ylab="OMtot",xlab="Date",cex.a

xis=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-predict(loess(west4$OMtot~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OM1.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OM1~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OM1",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-predict(loess(west4$OM1~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OM2.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OM2~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OM2",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-predict(loess(west4$OM2~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OM3.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 
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lo.pred<-predict(loess(se4$OM3~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OM3",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-predict(loess(west4$OM3~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OM4.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OM4~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OM4",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-predict(loess(west4$OM4~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

####################### 

#Figure S8. OC seasonality# 

#######################  

 

#plots for OC instead 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OCtot.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OCtot~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,3.5),lwd=3,las=1,ylab="OCtot",xlab="Date",cex.a

xis=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-predict(loess(west4$OCtot~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OC1.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OC1f.Value~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OC1",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 
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lo.pred<-

predict(loess(west4$OC1f.Value~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OC2.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OC2f.Value~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OC2",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-

predict(loess(west4$OC2f.Value~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OC3.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OC3f.Value~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OC3",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-

predict(loess(west4$OC3f.Value~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/om seasonality/OC4.jpg",height=6,width=6,units="in",res=300) 

i<-order(se4$Date) 

lo.pred<-predict(loess(se4$OC4f.Value~as.numeric(se4$Date),span=0.1),na.action=na.exclude) 

plot(se4$Date[i],lo.pred[i],type="l",ylim=c(0,1.5),lwd=3,las=1,ylab="OC4",xlab="Date",cex.axi

s=1.5,cex.lab=1.5) 

i<-order(west4$Date) 

lo.pred<-

predict(loess(west4$OC4f.Value~as.numeric(west4$Date),span=0.1),na.action=na.exclude) 

lines(west4$Date[i],lo.pred[i],type="l",col="blue",lwd=3) 

legend("topright",legend=c("SE","W"),col=c("black","blue"),lty=c(1,1),lwd=c(3,3),cex=1.5) 

dev.off() 
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################################# 

#Figure S9. Aerosol water path vs AOT# 

#################################  

 

modis<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/modis_aod_month.csv") 

modis$SE_AOD_low<-modis$SE_AOD-modis$SE_AOD_SD 

modis$SE_AOD_hi<-modis$SE_AOD+modis$SE_AOD_SD 

modis$MW_AOD_low<-modis$MW_AOD-modis$MW_AOD_SD 

modis$MW_AOD_hi<-modis$MW_AOD+modis$MW_AOD_SD 

modis$Year<-ifelse(modis$Month=="12",modis$Year<-

as.numeric(modis$year)+1,modis$Year<-modis$year) 

aotsummer<-subset(modis,Month=="6"|Month=="7"|Month=="8") 

aotwinter<-subset(modis,Month=="12"|Month=="1"|Month=="2") 

aotsummermeans<-aggregate(aotsummer,by=list(aotsummer$Year),FUN="mean",na.rm=T) 

aotwintermeans<-aggregate(aotwinter,by=list(aotwinter$Year),FUN="mean",na.rm=T) 

 

 

 

kapint<-read.csv("C:/Users/stor/Documents/ALW and OC paper/2005-2016 

analysis/newdata_alllevels/data 2001-2016/focus_2001-2016_intunder95-1.csv") 

kapint<-read.csv("C:/Users/Amy/Desktop/Research/ALW and OC/ALW and OC paper/2005-

2016 analysis/data 2001-2016/focus_2001-2016_intunder95-1.csv") 

kapint$Date<-as.Date(as.character(kapint$Date),format="%m/%d/%Y") 

kapint$Year<-ifelse(kapint$Month=="12",kapint$Year<-

as.numeric(kapint$year)+1,kapint$Year<-kapint$year) 

library(zoo) 

yq<-as.yearqtr(as.yearmon(kapint$Date,"%Y-%m-%d")+1/12) 

kapint$season<-factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 

 

kapint$totwater<-(kapint$alw_org_fixed+kapint$alw_inorg)/1000 

kapint$totwater_L<-(kapint$alw_low_fixed+kapint$alw_inorg)/1000 

kapint$totwater_H<-(kapint$alw_high_fixed+kapint$alw_inorg)/1000 

 

kapint$PMwater<-(kapint$MF.Val/1000)+kapint$totwater 

kapint$PMwater_L<-(kapint$MF.Val/1000)+kapint$totwater_L 

kapint$PMwater_H<-(kapint$MF.Val/1000)+kapint$totwater_H 

 

kapint$totwater_0.01<-(kapint$alw_0.01+kapint$alw_inorg)/1000 

kapint$totwater_0.1<-(kapint$alw_0.1+kapint$alw_inorg)/1000 

kapint$totwater_0.15<-(kapint$alw_0.15+kapint$alw_inorg)/1000 

kapint$totwater_0.2<-(kapint$alw_0.2+kapint$alw_inorg)/1000 

kapint$PMwater_0.01<-(kapint$MF.Val/1000)+kapint$totwater_0.01 

kapint$PMwater_0.1<-(kapint$MF.Val/1000)+kapint$totwater_0.1 

kapint$PMwater_0.15<-(kapint$MF.Val/1000)+kapint$totwater_0.15 

kapint$PMwater_0.2<-(kapint$MF.Val/1000)+kapint$totwater_0.2 
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kapint$PMinorg<-(kapint$MF.Val+kapint$alw_inorg)/1000 

 

kapint$alw_inorg<-kapint$alw_inorg/1000 

kapint$alw_org_fixed<-kapint$alw_org_fixed/1000 

kapint$NO3<-kapint$NO3/1000 

kapint$SO4<-kapint$SO4/1000 

kapint$OMtot<-kapint$OMtot/1000 

kapint$PM25<-kapint$MF.Val/1000 

kapint$OM1<-kapint$OM1/1000 

kapint$OM2<-kapint$OM2/1000 

kapint$OM3<-kapint$OM3/1000 

kapint$OM4<-kapint$OM4/1000 

 

kapint2<-subset(kapint,Year>=2007&Year<=2016) 

kapint3<-subset(kapint,season=="summer"|season=="winter") 

brca<-subset(kapint3,SiteCode=="BRCA1") 

cany<-subset(kapint3,SiteCode=="CANY1") 

capi<-subset(kapint3,SiteCode=="CAPI1") 

meve<-subset(kapint3,SiteCode=="MEVE1") 

cohu<-subset(kapint3,SiteCode=="COHU1") 

grsm<-subset(kapint3,SiteCode=="GRSM1") 

ligo<-subset(kapint3,SiteCode=="LIGO1") 

shro<-subset(kapint3,SiteCode=="SHRO1") 

 

#summer and winter by site 

brcasummer<-subset(brca,season=="summer") 

brcasummer<-

brcasummer[brcasummer$totwater<quantile(brcasummer$totwater,0.95,na.rm=T),] 

brcawinter<-subset(brca,season=="winter") 

brcawinter<-brcawinter[brcawinter$totwater<quantile(brcawinter$totwater,0.95,na.rm=T),] 

 

canysummer<-subset(cany,season=="summer") 

canysummer<-

canysummer[canysummer$totwater<quantile(canysummer$totwater,0.95,na.rm=T),] 

canywinter<-subset(cany,season=="winter") 

canywinter<-canywinter[canywinter$totwater<quantile(canywinter$totwater,0.95,na.rm=T),] 

 

capisummer<-subset(capi,season=="summer") 

capisummer<-

capisummer[capisummer$totwater<quantile(capisummer$totwater,0.95,na.rm=T),] 

capiwinter<-subset(capi,season=="winter") 

capiwinter<-capiwinter[capiwinter$totwater<quantile(capiwinter$totwater,0.95,na.rm=T),] 

 

mevesummer<-subset(meve,season=="summer") 
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mevesummer<-

mevesummer[mevesummer$totwater<quantile(mevesummer$totwater,0.95,na.rm=T),] 

mevewinter<-subset(meve,season=="winter") 

mevewinter<-mevewinter[mevewinter$totwater<quantile(mevewinter$totwater,0.95,na.rm=T),] 

 

cohusummer<-subset(cohu,season=="summer") 

cohusummer<-

cohusummer[cohusummer$totwater<quantile(cohusummer$totwater,0.95,na.rm=T),] 

cohuwinter<-subset(cohu,season=="winter") 

cohuwinter<-cohuwinter[cohuwinter$totwater<quantile(cohuwinter$totwater,0.95,na.rm=T),] 

 

grsmsummer<-subset(grsm,season=="summer") 

grsmsummer<-

grsmsummer[grsmsummer$totwater<quantile(grsmsummer$totwater,0.95,na.rm=T),] 

grsmwinter<-subset(grsm,season=="winter") 

grsmwinter<-grsmwinter[grsmwinter$totwater<quantile(grsmwinter$totwater,0.95,na.rm=T),] 

 

ligosummer<-subset(ligo,season=="summer") 

ligosummer<-ligosummer[ligosummer$totwater<quantile(ligosummer$totwater,0.95,na.rm=T),] 

ligowinter<-subset(ligo,season=="winter") 

ligowinter<-ligowinter[ligowinter$totwater<quantile(ligowinter$totwater,0.95,na.rm=T),] 

 

shrosummer<-subset(shro,season=="summer") 

shrosummer<-

shrosummer[shrosummer$totwater<quantile(shrosummer$totwater,0.95,na.rm=T),] 

shrowinter<-subset(shro,season=="winter") 

shrowinter<-shrowinter[shrowinter$totwater<quantile(shrowinter$totwater,0.95,na.rm=T),] 

 

#aggregate by year for each site 

brcasummermeans<-aggregate(brcasummer,by=list(brcasummer$Year),FUN="mean",na.rm=T) 

brcawintermeans<-aggregate(brcawinter,by=list(brcawinter$Year),FUN="mean",na.rm=T) 

canysummermeans<-

aggregate(canysummer,by=list(canysummer$Year),FUN="mean",na.rm=T) 

canywintermeans<-aggregate(canywinter,by=list(canywinter$Year),FUN="mean",na.rm=T) 

capisummermeans<-aggregate(capisummer,by=list(capisummer$Year),FUN="mean",na.rm=T) 

capiwintermeans<-aggregate(capiwinter,by=list(capiwinter$Year),FUN="mean",na.rm=T) 

mevesummermeans<-

aggregate(mevesummer,by=list(mevesummer$Year),FUN="mean",na.rm=T) 

mevewintermeans<-aggregate(mevewinter,by=list(mevewinter$Year),FUN="mean",na.rm=T) 

cohusummermeans<-

aggregate(cohusummer,by=list(cohusummer$Year),FUN="mean",na.rm=T) 

cohuwintermeans<-aggregate(cohuwinter,by=list(cohuwinter$Year),FUN="mean",na.rm=T) 

grsmsummermeans<-

aggregate(grsmsummer,by=list(grsmsummer$Year),FUN="mean",na.rm=T) 

grsmwintermeans<-aggregate(grsmwinter,by=list(grsmwinter$Year),FUN="mean",na.rm=T) 

ligosummermeans<-aggregate(ligosummer,by=list(ligosummer$Year),FUN="mean",na.rm=T) 
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ligowintermeans<-aggregate(ligowinter,by=list(ligowinter$Year),FUN="mean",na.rm=T) 

shrosummermeans<-aggregate(shrosummer,by=list(shrosummer$Year),FUN="mean",na.rm=T) 

shrowintermeans<-aggregate(shrowinter,by=list(shrowinter$Year),FUN="mean",na.rm=T) 

 

brcameans<-aggregate(brca,by=list(brca$Month,brca$Year),FUN="mean",na.rm=T) 

canymeans<-aggregate(cany,by=list(cany$Month,cany$Year),FUN="mean",na.rm=T) 

capimeans<-aggregate(capi,by=list(capi$Month,capi$Year),FUN="mean",na.rm=T) 

mevemeans<-aggregate(meve,by=list(meve$Month,meve$Year),FUN="mean",na.rm=T) 

cohumeans<-aggregate(cohu,by=list(cohu$Month,cohu$Year),FUN="mean",na.rm=T) 

grsmmeans<-aggregate(grsm,by=list(grsm$Month,grsm$Year),FUN="mean",na.rm=T) 

ligomeans<-aggregate(ligo,by=list(ligo$Month,ligo$Year),FUN="mean",na.rm=T) 

shromeans<-aggregate(shro,by=list(shro$Month,shro$Year),FUN="mean",na.rm=T) 

modis2<-

subset(modis,Month=="12"|Month=="1"|Month=="2"|Month=="6"|Month=="7"|Month=="8") 

modis2$Year<-ifelse(modis2$Month=="12",modis2$Year<-

as.numeric(modis2$year)+1,modis2$Year<-modis2$year) 

modis2$Group.2<-modis2$Year 

modis2$Group.1<-modis2$Month 

brcaintmeans<-merge(brcameans,modis2,by=c("Group.1","Group.2")) 

brcaintmeanssummer<-

subset(brcaintmeans,brcaintmeans$Group.1==6|brcaintmeans$Group.1==7|brcaintmeans$Group.

1==8) 

brcaintmeanssummer$AOT<-brcaintmeanssummer$BRCA1 

brcaintmeanswinter<-

subset(brcaintmeans,brcaintmeans$Group.1==12|brcaintmeans$Group.1==1|brcaintmeans$Grou

p.1==2) 

brcaintmeanswinter$AOT<-brcaintmeanswinter$BRCA1 

 

canyintmeans<-merge(canymeans,modis2,by=c("Group.1","Group.2")) 

canyintmeanssummer<-

subset(canyintmeans,canyintmeans$Group.1==6|canyintmeans$Group.1==7|canyintmeans$Grou

p.1==8) 

canyintmeanssummer$AOT<-canyintmeanssummer$CANY1 

canyintmeanswinter<-

subset(canyintmeans,canyintmeans$Group.1==12|canyintmeans$Group.1==1|canyintmeans$Gro

up.1==2) 

canyintmeanswinter$AOT<-canyintmeanswinter$CANY1 

 

capiintmeans<-merge(capimeans,modis2,by=c("Group.1","Group.2")) 

capiintmeanssummer<-

subset(capiintmeans,capiintmeans$Group.1==6|capiintmeans$Group.1==7|capiintmeans$Group.

1==8) 

capiintmeanssummer$AOT<-capiintmeanssummer$CAPI1 

capiintmeanswinter<-

subset(capiintmeans,capiintmeans$Group.1==12|capiintmeans$Group.1==1|capiintmeans$Grou

p.1==2) 
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capiintmeanswinter$AOT<-capiintmeanswinter$CAPI1 

 

meveintmeans<-merge(mevemeans,modis2,by=c("Group.1","Group.2")) 

meveintmeanssummer<-

subset(meveintmeans,meveintmeans$Group.1==6|meveintmeans$Group.1==7|meveintmeans$G

roup.1==8) 

meveintmeanssummer$AOT<-meveintmeanssummer$MEVE1 

meveintmeanswinter<-

subset(meveintmeans,meveintmeans$Group.1==12|meveintmeans$Group.1==1|meveintmeans$

Group.1==2) 

meveintmeanswinter$AOT<-meveintmeanswinter$MEVE1 

 

cohuintmeans<-merge(cohumeans,modis2,by=c("Group.1","Group.2")) 

cohuintmeanssummer<-

subset(cohuintmeans,cohuintmeans$Group.1==6|cohuintmeans$Group.1==7|cohuintmeans$Gro

up.1==8) 

cohuintmeanssummer$AOT<-cohuintmeanssummer$COHU1 

cohuintmeanswinter<-

subset(cohuintmeans,cohuintmeans$Group.1==12|cohuintmeans$Group.1==1|cohuintmeans$Gr

oup.1==2) 

cohuintmeanswinter$AOT<-cohuintmeanswinter$COHU1 

 

grsmintmeans<-merge(grsmmeans,modis2,by=c("Group.1","Group.2")) 

grsmintmeanssummer<-

subset(grsmintmeans,grsmintmeans$Group.1==6|grsmintmeans$Group.1==7|grsmintmeans$Gro

up.1==8) 

grsmintmeanssummer$AOT<-grsmintmeanssummer$GRSM1 

grsmintmeanswinter<-

subset(grsmintmeans,grsmintmeans$Group.1==12|grsmintmeans$Group.1==1|grsmintmeans$Gr

oup.1==2) 

grsmintmeanswinter$AOT<-grsmintmeanswinter$GRSM1 

 

ligointmeans<-merge(ligomeans,modis2,by=c("Group.1","Group.2")) 

ligointmeanssummer<-

subset(ligointmeans,ligointmeans$Group.1==6|ligointmeans$Group.1==7|ligointmeans$Group.1

==8) 

ligointmeanssummer$AOT<-ligointmeanssummer$LIGO1 

ligointmeanswinter<-

subset(ligointmeans,ligointmeans$Group.1==12|ligointmeans$Group.1==1|ligointmeans$Group.

1==2) 

ligointmeanswinter$AOT<-ligointmeanswinter$LIGO1 

 

shrointmeans<-merge(shromeans,modis2,by=c("Group.1","Group.2")) 

shrointmeanssummer<-

subset(shrointmeans,shrointmeans$Group.1==6|shrointmeans$Group.1==7|shrointmeans$Group.

1==8) 
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shrointmeanssummer$AOT<-shrointmeanssummer$SHRO1 

shrointmeanswinter<-

subset(shrointmeans,shrointmeans$Group.1==12|shrointmeans$Group.1==1|shrointmeans$Grou

p.1==2) 

shrointmeanswinter$AOT<-shrointmeanswinter$SHRO1 

 

 

newdf2<-

rbind(cohuintmeanssummer,grsmintmeanssummer,ligointmeanssummer,shrointmeanssummer) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/reviewer_plots/app_sites_totwater.jpg",width=6,height=6,units="in",res=300) 

 

plot(newdf2$totwater,newdf2$AOT,pch=16,cex=1,col="firebrick2",xlim=c(0,25),xaxt="n",ylim

=c(0,0.62),yaxt="n",las=1,xlab="",ylab="",main="",cex.main=1.5,cex.axis=1.2,cex.lab=1.3) 

axis(side=1,at=seq(0,25,by=5),las=1,cex.axis=1.5) 

axis(side=2,at=seq(0,0.62,by=0.1),las=1,cex.axis=1.5) 

arrows(newdf2$totwater_L,newdf2$AOT,newdf2$totwater_H,newdf2$AOT, 

       length=0.05,angle=90,code=3,col=adjustcolor("firebrick2",alpha.f=0.5),lwd=2) 

#title(ylab=expression("Column AOT"),line=3.1,cex.lab=1.3) 

#mtext("a) TOM ALW",side=3,line=-2,cex=1.5,adj=0.01) 

points(newdf3$totwater,newdf3$AOT,pch=16,cex=1,col="mediumblue",xlab="",xaxt="n",ylab=

"",main="") 

arrows(newdf3$totwater_L,newdf3$AOT,newdf3$totwater_H,newdf3$AOT, 

       length=0.05,angle=90,code=3,col=adjustcolor("mediumblue",alpha.f=0.5),lwd=2) 

 

legend("bottomright",legend=c("AS","AW"),col=c("firebrick2","mediumblue"),pch=c(16,16),ce

x=1.5) 

 

linfit<-lm(newdf2$AOT~newdf2$totwater) 

summary(linfit) 

abline(linfit,lwd=3) 

 

linfit2<-lm(newdf3$AOT~newdf3$totwater) 

summary(linfit2) 

abline(linfit2,lwd=3,col="gray50") 

 

dev.off() 

 

 

newdf<-

rbind(brcaintmeanssummer,canyintmeanssummer,capiintmeanssummer,meveintmeanssummer) 

 

jpeg("C:/Users/stor/Documents/ALW and OC paper/2005-2016 analysis/newdata_alllevels/data 

2001-2016/reviewer_plots/cop_sites_totwater.jpg",width=6,height=6,units="in",res=300) 
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plot(newdf$totwater,newdf$AOT,pch=22,cex=1,col="firebrick2",xlim=c(0,3),xaxt="n",ylim=c(

0,0.3),yaxt="n",las=1,xlab="",ylab="",main="",cex.main=1.5,cex.axis=1.2,cex.lab=1.3) 

axis(side=1,at=seq(0,3,by=1),las=1,cex.axis=1.5) 

axis(side=2,at=seq(0,0.3,by=0.05),las=1,cex.axis=1.5) 

arrows(newdf$totwater_L,newdf$AOT,newdf$totwater_H,newdf$AOT, 

       length=0.05,angle=90,code=3,col=adjustcolor("firebrick2",alpha.f=0.5),lwd=2) 

#title(ylab=expression("Column AOT"),line=3.1,cex.lab=1.3) 

#mtext("a) TOM ALW",side=3,line=-2,cex=1.5,adj=0.01) 

points(newdf1$totwater,newdf1$AOT,pch=22,cex=1,col="mediumblue",xlab="",xaxt="n",ylab=

"",main="") 

arrows(newdf1$totwater_L,newdf1$AOT,newdf1$totwater_H,newdf1$AOT, 

       length=0.05,angle=90,code=3,col=adjustcolor("mediumblue",alpha.f=0.5),lwd=2) 

 

legend("bottomright",legend=c("CPS","CPW"),col=c("firebrick2","mediumblue"),pch=c(22,22),

cex=1.5) 

 

linfit<-lm(newdf$AOT~newdf$totwater) 

summary(linfit) 

abline(linfit,lwd=3) 

 

linfit2<-lm(newdf1$AOT~newdf1$totwater) 

summary(linfit2) 

abline(linfit2,lwd=3,col="gray50") 

 

dev.off() 
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APPENDIX E 

R CODE FOR CHAPTER 3 

 

#Cloudy vs Clear Sky PM2.5 chemical constituent differences 

#Code for all figures and tables 

 

#Main Paper 

 

############################## 

#Figure 1. Eastern US comparisons# 

############################## 

 

cmetschem<-read.csv("C:/Users/stor/Documents/Satellites/eastern_combo_isotest.csv") 

 

#break into seasons 

dfrmwinter<-subset(cmetschem,Month=="12"|Month=="1"|Month=="2") 

dfrmspring<-subset(cmetschem,Month=="3"|Month=="4"|Month=="5") 

dfrmsummer<-subset(cmetschem,Month=="6"|Month=="7"|Month=="8") 

dfrmfall<-subset(cmetschem,Month=="9"|Month=="10"|Month=="11") 

 

#winter boxplot 

jpeg("C:/Users/stor/Documents/Satellites/new_water_test/EasternTEST_Winter.jpg",height=6,w

idth=6,units="in",res=300) 

boxplot(dfrmwinter$water_sun,dfrmwinter$water_cloud,dfrmwinter$water_test,las=1,cex.axis=

2,ylim=c(0,8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,8,by=2),line=-0.8,cex.axis=2,tick=F,las=1) 

title("Eastern US Winter",line=1,cex.main=2) 

axis(side=1,at=seq(1,3,by=1),labels=c("Clear 

Sky","Cloudy","Mixed"),line=0,cex.axis=1.5,tick=F) 

dev.off() 

 

#spring boxplot 

jpeg("C:/Users/stor/Documents/Satellites/new_water_test/EasternTEST_Spring.jpg",height=6,wi

dth=6,units="in",res=300) 

boxplot(dfrmspring$water_sun,dfrmspring$water_cloud,dfrmspring$water_test,las=1,cex.axis=2

,ylim=c(0,8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 
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axis(side=2,at=seq(0,8,by=2),line=-0.8,cex.axis=2,tick=F,las=1) 

title("Eastern US Spring",line=1,cex.main=2) 

axis(side=1,at=seq(1,3,by=1),labels=c("Clear 

Sky","Cloudy","Mixed"),line=0,cex.axis=1.5,tick=F) 

dev.off() 

 

#summer boxplot 

jpeg("C:/Users/stor/Documents/Satellites/new_water_test/EasternTEST_Summer.jpg",height=6,

width=6,units="in",res=300) 

boxplot(dfrmsummer$water_sun,dfrmsummer$water_cloud,dfrmsummer$water_test,las=1,cex.a

xis=2,ylim=c(0,8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,8,by=2),line=-0.8,cex.axis=2,tick=F,las=1) 

title("Eastern US Summer",line=1,cex.main=2) 

axis(side=1,at=seq(1,3,by=1),labels=c("Clear 

Sky","Cloudy","Mixed"),line=0,cex.axis=1.5,tick=F) 

dev.off() 

 

#fall boxplot 

jpeg("C:/Users/stor/Documents/Satellites/new_water_test/EasternTEST_Fall.jpg",height=6,widt

h=6,units="in",res=300) 

boxplot(dfrmfall$water_sun,dfrmfall$water_cloud,dfrmfall$water_test,las=1,cex.axis=2,ylim=c(

0,8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,8,by=2),line=-0.8,cex.axis=2,tick=F,las=1) 

title("Eastern US Fall",line=1,cex.main=2) 

axis(side=1,at=seq(1,3,by=1),labels=c("Clear 

Sky","Cloudy","Mixed"),line=0,cex.axis=1.5,tick=F) 

dev.off() 

 

#significance tests 

#cloudy vs sunny 

wilcox.test(dfrmwinter$water_sun,dfrmwinter$water_cloud,alternative="two.sided") 

wilcox.test(dfrmspring$water_sun,dfrmspring$water_cloud,alternative="two.sided") 

wilcox.test(dfrmsummer$water_sun,dfrmsummer$water_cloud,alternative="two.sided") 

wilcox.test(dfrmfall$water_sun,dfrmfall$water_cloud,alternative="two.sided") 

 

#cloudy vs mixed 

wilcox.test(dfrmwinter$water_test,dfrmwinter$water_cloud,alternative="two.sided") 

wilcox.test(dfrmspring$water_test,dfrmspring$water_cloud,alternative="two.sided") 

wilcox.test(dfrmsummer$water_test,dfrmsummer$water_cloud,alternative="two.sided") 

wilcox.test(dfrmfall$water_test,dfrmfall$water_cloud,alternative="two.sided") 
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########################### 

#Figure 2. Eastern US box plots# 

########################### 

cmetschem<-read.csv("C:/Users/stor/Documents/Satellites/eastern_combo_isotest.csv") 

 

#seasons 

dfrmwinter<-subset(cmetschem,Month=="12"|Month=="1"|Month=="2") 

dfrmspring<-subset(cmetschem,Month=="3"|Month=="4"|Month=="5") 

dfrmsummer<-subset(cmetschem,Month=="6"|Month=="7"|Month=="8") 

dfrmfall<-subset(cmetschem,Month=="9"|Month=="10"|Month=="11") 

 

##### 

#NO3# 

##### 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/spring_NO3_meds.jpg",height=6,

width=6,units="in",res=300) 

boxplot(dfrmspring$NO3_SUN,dfrmspring$NO3_CLOUD,las=1,cex.axis=2.5,ylim=c(0,0.6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Spring NO"[3])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/summer_NO3_meds.jpg",height=

6,width=6,units="in",res=300) 

boxplot(dfrmsummer$NO3_SUN,dfrmsummer$NO3_CLOUD,las=1,cex.axis=2.5,ylim=c(0,0.6)

, 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Summer NO"[3])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/fall_NO3_meds.jpg",height=6,wi

dth=6,units="in",res=300) 

boxplot(dfrmfall$NO3_SUN,dfrmfall$NO3_CLOUD,las=1,cex.axis=2.5,ylim=c(0,0.6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 
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title(main=expression(bold("EUS Fall NO"[3])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/winter_NO3_meds.jpg",height=6,

width=6,units="in",res=300) 

boxplot(dfrmwinter$NO3_SUN,dfrmwinter$NO3_CLOUD,las=1,cex.axis=2.5,ylim=c(0,0.6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Winter NO"[3])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

##### 

#SO4# 

##### 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/spring_SO4_meds.jpg",height=6,

width=6,units="in",res=300) 

boxplot(dfrmspring$SO4_SUN,dfrmspring$SO4_CLOUD,las=1,cex.axis=2.5,ylim=c(0,2.8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Spring SO"[4])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/summer_SO4_meds.jpg",height=6

,width=6,units="in",res=300) 

boxplot(dfrmsummer$SO4_SUN,dfrmsummer$SO4_CLOUD,las=1,cex.axis=2.5,ylim=c(0,2.8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Summer SO"[4])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/fall_SO4_meds.jpg",height=6,wid

th=6,units="in",res=300) 

boxplot(dfrmfall$SO4_SUN,dfrmfall$SO4_CLOUD,las=1,cex.axis=2.5,ylim=c(0,2.8), 
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na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Fall SO"[4])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/winter_SO4_meds.jpg",height=6,

width=6,units="in",res=300) 

boxplot(dfrmwinter$SO4_SUN,dfrmwinter$SO4_CLOUD,las=1,cex.axis=2.5,ylim=c(0,2.8), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Winter SO"[4])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

####### 

#PM2.5# 

####### 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/spring_PM25_meds.jpg",height=6

,width=6,units="in",res=300) 

boxplot(dfrmspring$MF.Value.x,dfrmspring$MF.Value.y,las=1,cex.axis=2.5,ylim=c(0,10.2), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Spring PM"[2.5])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/summer_PM25_meds.jpg",height

=6,width=6,units="in",res=300) 

boxplot(dfrmsummer$MF.Value.x,dfrmsummer$MF.Value.y,las=1,cex.axis=2.5,ylim=c(0,10.2), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Summer PM"[2.5])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#fall 
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jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/fall_PM25_meds.jpg",height=6,w

idth=6,units="in",res=300) 

boxplot(dfrmfall$MF.Value.x,dfrmfall$MF.Value.y,las=1,cex.axis=2.5,ylim=c(0,10.2), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Fall PM"[2.5])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/winter_PM25_meds.jpg",height=6

,width=6,units="in",res=300) 

boxplot(dfrmwinter$MF.Value.x,dfrmwinter$MF.Value.y,las=1,cex.axis=2.5,ylim=c(0,10.2), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Winter PM"[2.5])),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#### 

#RH# 

#### 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/spring_RH_meds.jpg",height=6,w

idth=6,units="in",res=300) 

boxplot(dfrmspring$RH_SUN,dfrmspring$RH_CLOUD,las=1,cex.axis=2.5,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("CONUS Spring RH")),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/summer_RH_meds.jpg",height=6,

width=6,units="in",res=300) 

boxplot(dfrmsummer$RH_SUN,dfrmsummer$RH_CLOUD,las=1,cex.axis=2.5,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Summer RH")),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 
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#fall 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/fall_RH_meds.jpg",height=6,widt

h=6,units="in",res=300) 

boxplot(dfrmfall$RH_SUN,dfrmfall$RH_CLOUD,las=1,cex.axis=2.5,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Fall RH")),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/easternUS_boxplots/winter_RH_meds.jpg",height=6,w

idth=6,units="in",res=300) 

boxplot(dfrmwinter$RH_SUN,dfrmwinter$RH_CLOUD,las=1,cex.axis=2.5,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,xaxt="n",varwi

dth=T) 

title(main=expression(bold("EUS Winter RH")),cex.main=2,line=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.5,tick=F) 

dev.off() 

 

########################## 

#Figure 3. Differences in ALW# 

########################## 

regionswin<-

read.csv("C:/Users/stor/Documents/Satellites/regions_allwinters_sca_fixedsites.csv") 

regionsspring<-

read.csv("C:/Users/stor/Documents/Satellites/regions_allsprings_sca_fixedsites.csv") 

regionssum<-

read.csv("C:/Users/stor/Documents/Satellites/regions_allsummers_sca_fixedsites.csv") 

regionsfall<-read.csv("C:/Users/stor/Documents/Satellites/regions_allfalls_sca_fixedsites.csv") 

 

regionswin$ALW_diff<-regionswin$med_ALW_CLOUD-regionswin$med_ALW_SUN 

regionsspring$ALW_diff<-regionsspring$med_ALW_CLOUD-regionsspring$med_ALW_SUN 

regionssum$ALW_diff<-regionssum$med_ALW_CLOUD-regionssum$med_ALW_SUN 

regionsfall$ALW_diff<-regionsfall$med_ALW_CLOUD-regionsfall$med_ALW_SUN 

 

regionswin$alwsig<-ifelse(regionswin$ALW_scp<0.05,"Y","N") 

regionsspring$alwsig<-ifelse(regionsspring$ALW_scp<0.05,"Y","N") 

regionssum$alwsig<-ifelse(regionssum$ALW_scp<0.05,"Y","N") 

regionsfall$alwsig<-ifelse(regionsfall$ALW_scp<0.05,"Y","N") 

 

#winter ALW differences 
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jpeg("C:/Users/stor/Documents/Satellites/colorbar_maps/ALW_winter.jpg",height=6,width=8,un

its="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionswin,aes(x=regionswin$avglon,y=regionswin$avglat, 

                                 

colour=ALW_diff,shape=alwsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,1

7))+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-2.5,2.5),breaks=c(-2.5,-2.0,-1.5,-1.0,-

0.5,0,0.5,1.0,1.5,2.0,2.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

#spring ALW differences 

jpeg("C:/Users/stor/Documents/Satellites/colorbar_maps/ALW_spring.jpg",height=6,width=8,un

its="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsspring,aes(x=regionsspring$avglon,y=regionsspring$avglat, 

                                    

colour=ALW_diff,shape=alwsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,1

7))+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-2.5,2.5),breaks=c(-2.5,-2.0,-1.5,-1.0,-

0.5,0,0.5,1.0,1.5,2.0,2.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

#summer ALW differences 

jpeg("C:/Users/stor/Documents/Satellites/colorbar_maps/ALW_summer.jpg",height=6,width=8,

units="in",res=300) 
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states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionssum,aes(x=regionssum$avglon,y=regionssum$avglat, 

                                 

colour=ALW_diff,shape=alwsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,1

7))+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-2.5,2.5),breaks=c(-2.5,-2.0,-1.5,-1.0,-

0.5,0,0.5,1.0,1.5,2.0,2.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

#fall ALW differences 

jpeg("C:/Users/stor/Documents/Satellites/colorbar_maps/ALW_fall.jpg",height=6,width=8,units

="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsfall,aes(x=regionsfall$avglon,y=regionsfall$avglat, 

                                  

colour=ALW_diff,shape=alwsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,1

7))+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-2.5,2.5),breaks=c(-2.5,-2.0,-1.5,-1.0,-

0.5,0,0.5,1.0,1.5,2.0,2.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

########################### 

#Figure 4. Differences in PM2.5# 

########################### 
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regionswin<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allsummers_sca_fixedsites.cs

v") 

regionsspring<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allsprings_sca_fixedsites.csv"

) 

regionssum<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allfalls_sca_fixedsites.csv") 

regionsfall<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allwinters_sca_fixedsites.csv"

) 

 

#PM2.5 

regionswin$PM_diff<-regionswin$med_PM25_CLOUD-regionswin$med_PM25_SUN 

regionsspring$PM_diff<-regionsspring$med_PM25_CLOUD-regionsspring$med_PM25_SUN 

regionssum$PM_diff<-regionssum$med_PM25_CLOUD-regionssum$med_PM25_SUN 

regionsfall$PM_diff<-regionsfall$med_PM25_CLOUD-regionsfall$med_PM25_SUN 

 

regionswin$pmsig<-ifelse(regionswin$PM25_scp<0.05,"Y","N") 

regionsspring$pmsig<-ifelse(regionsspring$PM25_scp<0.05,"Y","N") 

regionssum$pmsig<-ifelse(regionssum$PM25_scp<0.05,"Y","N") 

regionsfall$pmsig<-ifelse(regionsfall$PM25_scp<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/PM_winter.jpg",height=6,

width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionswin,aes(x=regionswin$avglon,y=regionswin$avglat, 

                                 

colour=PM_diff,shape=pmsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17))

+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-3,3),breaks=c(-3,-2,-1,0,1,2,3))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/PM_spring.jpg",height=6,

width=8,units="in",res=300) 

states<-map_data("state") 
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g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsspring,aes(x=regionsspring$avglon,y=regionsspring$avglat, 

                                    

colour=PM_diff,shape=pmsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17))

+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-3,3),breaks=c(-3,-2,-1,0,1,2,3))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/PM_summer.jpg",height=

6,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionssum,aes(x=regionssum$avglon,y=regionssum$avglat, 

                                 

colour=PM_diff,shape=pmsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17))

+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-3,3),breaks=c(-3,-2,-1,0,1,2,3))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/PM_fall.jpg",height=6,wid

th=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsfall,aes(x=regionsfall$avglon,y=regionsfall$avglat, 
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colour=PM_diff,shape=pmsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17))

+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-3,3),breaks=c(-3,-2,-1,0,1,2,3))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

#significant and insignificant legend 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/significance_legend.jpg",h

eight=4,width=4,units="in",res=300) 

plot(NULL) 

legend("center",legend=c("Significiant","Not 

Significant"),pch=c(2,1),col="black",cex=1.75,ncol=1) 

dev.off() 

 

######################### 

#Figure 5. Differences in SO4# 

######################### 

regionswin$SO4_diff<-regionswin$med_SO4_CLOUD-regionswin$med_SO4_SUN 

regionsspring$SO4_diff<-regionsspring$med_SO4_CLOUD-regionsspring$med_SO4_SUN 

regionssum$SO4_diff<-regionssum$med_SO4_CLOUD-regionssum$med_SO4_SUN 

regionsfall$SO4_diff<-regionsfall$med_SO4_CLOUD-regionsfall$med_SO4_SUN 

 

regionswin$so4sig<-ifelse(regionswin$SO4_scp<0.05,"Y","N") 

regionsspring$so4sig<-ifelse(regionsspring$SO4_scp<0.05,"Y","N") 

regionssum$so4sig<-ifelse(regionssum$SO4_scp<0.05,"Y","N") 

regionsfall$so4sig<-ifelse(regionsfall$SO4_scp<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/SO4_winter.jpg",height=6,

width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionswin,aes(x=regionswin$avglon,y=regionswin$avglat, 

                                 

colour=SO4_diff,shape=so4sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.7,0.7),breaks=c(-0.7,-

0.35,0,0.35,0.7))+ 
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  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/SO4_spring.jpg",height=6,

width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsspring,aes(x=regionsspring$avglon,y=regionsspring$avglat, 

                                    

colour=SO4_diff,shape=so4sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.7,0.7),breaks=c(-0.7,-

0.35,0,0.35,0.7))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/SO4_summer.jpg",height=

6,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionssum,aes(x=regionssum$avglon,y=regionssum$avglat, 

                                 

colour=SO4_diff,shape=so4sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.7,0.7),breaks=c(-0.7,-

0.35,0,0.35,0.7))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 
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        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/SO4_fall.jpg",height=6,wi

dth=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsfall,aes(x=regionsfall$avglon,y=regionsfall$avglat, 

                                  

colour=SO4_diff,shape=so4sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.7,0.7),breaks=c(-0.7,-

0.35,0,0.35,0.7))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

########################## 

#Figure 6. Differences in NO3# 

########################## 

regionswin$NO3_diff<-regionswin$med_NO3_CLOUD-regionswin$med_NO3_SUN 

regionsspring$NO3_diff<-regionsspring$med_NO3_CLOUD-regionsspring$med_NO3_SUN 

regionssum$NO3_diff<-regionssum$med_NO3_CLOUD-regionssum$med_NO3_SUN 

regionsfall$NO3_diff<-regionsfall$med_NO3_CLOUD-regionsfall$med_NO3_SUN 

 

regionswin$no3sig<-ifelse(regionswin$NO3_scp<0.05,"Y","N") 

regionsspring$no3sig<-ifelse(regionsspring$NO3_scp<0.05,"Y","N") 

regionssum$no3sig<-ifelse(regionssum$NO3_scp<0.05,"Y","N") 

regionsfall$no3sig<-ifelse(regionsfall$NO3_scp<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/NO3_winter.jpg",height=6

,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionswin,aes(x=regionswin$avglon,y=regionswin$avglat, 
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colour=NO3_diff,shape=no3sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17

))+ 

  scale_colour_gradientn(colours=blue2red(22),limits=c(-0.4,0.4),breaks=c(-0.4,-0.2,0,0.2,0.4))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

#star and triangle made in powerpoint 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/NO3_spring.jpg",height=6

,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsspring,aes(x=regionsspring$avglon,y=regionsspring$avglat, 

                                    

colour=NO3_diff,shape=no3sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17

))+ 

  scale_colour_gradientn(colours=blue2red(22),limits=c(-0.4,0.4),breaks=c(-0.4,-0.2,0,0.2,0.4))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/NO3_summer.jpg",height

=6,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionssum,aes(x=regionssum$avglon,y=regionssum$avglat, 

                                 

colour=NO3_diff,shape=no3sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17

))+ 

  scale_colour_gradientn(colours=blue2red(22),limits=c(-0.4,0.4),breaks=c(-0.4,-0.2,0,0.2,0.4))+ 

  labs(x="",y="",title="")+ 
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theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/NO3_fall.jpg",height=6,wi

dth=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsfall,aes(x=regionsfall$avglon,y=regionsfall$avglat, 

                                  

colour=NO3_diff,shape=no3sig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17

))+ 

  scale_colour_gradientn(colours=blue2red(22),limits=c(-0.4,0.4),breaks=c(-0.4,-0.2,0,0.2,0.4))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

########################## 

#Figure 7. Differences in TOC# 

########################## 

regionswin$TOC_diff<-regionswin$med_TOC_CLOUD-regionswin$med_TOC_SUN 

regionsspring$TOC_diff<-regionsspring$med_TOC_CLOUD-regionsspring$med_TOC_SUN 

regionssum$TOC_diff<-regionssum$med_TOC_CLOUD-regionssum$med_TOC_SUN 

regionsfall$TOC_diff<-regionsfall$med_TOC_CLOUD-regionsfall$med_TOC_SUN 

 

regionswin$tocsig<-ifelse(regionswin$TOC_scp<0.05,"Y","N") 

regionsspring$tocsig<-ifelse(regionsspring$TOC_scp<0.05,"Y","N") 

regionssum$tocsig<-ifelse(regionssum$TOC_scp<0.05,"Y","N") 

regionsfall$tocsig<-ifelse(regionsfall$TOC_scp<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/TOC_winter.jpg",height=6

,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 
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g 

g+geom_point(data=regionswin,aes(x=regionswin$avglon,y=regionswin$avglat, 

                                 

colour=TOC_diff,shape=tocsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.51,0.5),breaks=c(-0.5,-

0.25,0,0.25,0.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/TOC_spring.jpg",height=6

,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsspring,aes(x=regionsspring$avglon,y=regionsspring$avglat, 

                                    

colour=TOC_diff,shape=tocsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.51,0.5),breaks=c(-0.5,-

0.25,0,0.25,0.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/TOC_summer.jpg",height

=6,width=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionssum,aes(x=regionssum$avglon,y=regionssum$avglat, 
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colour=TOC_diff,shape=tocsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.51,0.5),breaks=c(-0.5,-

0.25,0,0.25,0.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/colorbar_maps/TOC_fall.jpg",height=6,wi

dth=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsfall,aes(x=regionsfall$avglon,y=regionsfall$avglat, 

                                  

colour=TOC_diff,shape=tocsig),size=4)+guides(shape=F)+scale_shape_manual(values=c(19,17)

)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(-0.51,0.5),breaks=c(-0.5,-

0.25,0,0.25,0.5))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

########################## 

#Figure 8. Mid South box plots# 

########################## 

midsouth<-

subset(allyears,SiteCode=="CHER1"|SiteCode=="HEGL1"|SiteCode=="ELLI1"|SiteCode=="W

IMO1"|SiteCode=="UPBU1"|SiteCode=="CACR1"|SiteCode=="SIKE1") 

midsouthsun<-subset(midsouth,CLOUDY==0) 

midsouthcloud<-subset(midsouth,CLOUDY==1) 

 

midsouthsummersun<-subset(midsouthsun,Month==6|Month==7|Month==8) 

midsouthsummercloud<-subset(midsouthcloud,Month==6|Month==7|Month==8) 

midsouthwintersun<-subset(midsouthsun,Month==12|Month==1|Month==2) 
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midsouthwintercloud<-subset(midsouthcloud,Month==12|Month==1|Month==2) 

midsouthspringsun<-subset(midsouthsun,Month==3|Month==4|Month==5) 

midsouthspringcloud<-subset(midsouthcloud,Month==3|Month==4|Month==5) 

midsouthfallsun<-subset(midsouthsun,Month==9|Month==10|Month==11) 

midsouthfallcloud<-subset(midsouthcloud,Month==9|Month==10|Month==11) 

 

midsouthsummer<-subset(midsouth,Month==6|Month==7|Month==8) 

midsouthwinter<-subset(midsouth,Month==12|Month==1|Month==2) 

midsouthspring<-subset(midsouth,Month==3|Month==4|Month==5) 

midsouthfall<-subset(midsouth,Month==9|Month==10|Month==11) 

 

##### 

#SO4# 

##### 

 

#winter 

jpeg("C:/Users/amych/Documents/Research/Satellites/nearSGP/MidSouth_winter_SO4.jpg",heig

ht=6,width=6,units="in",res=300) 

boxplot(midsouthwintersun$SO4,midsouthwintercloud$SO4,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Winter",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#spring 

jpeg("C:/Users/amych/Documents/Research/Satellites/nearSGP/MidSouth_spring_SO4.jpg",heig

ht=6,width=6,units="in",res=300) 

boxplot(midsouthspringsun$SO4,midsouthspringcloud$SO4,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Spring",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/amych/Documents/Research/Satellites/nearSGP/MidSouth_summer_SO4.jpg",he

ight=6,width=6,units="in",res=300) 

boxplot(midsouthsummersun$SO4,midsouthsummercloud$SO4,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 
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axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Summer",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/amych/Documents/Research/Satellites/nearSGP/MidSouth_fall_SO4.jpg",height

=6,width=6,units="in",res=300) 

boxplot(midsouthfallsun$SO4,midsouthfallcloud$SO4,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Fall",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

##### 

#NO3# 

##### 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_winter_NO3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthwintersun$NO3,midsouthwintercloud$NO3,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Winter",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_spring_NO3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthspringsun$NO3,midsouthspringcloud$NO3,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Spring",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#summer 
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jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_summer_NO3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthsummersun$NO3,midsouthsummercloud$NO3,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Summer",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_fall_NO3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthfallsun$NO3,midsouthfallcloud$NO3,las=1,cex.axis=3,ylim=c(0,6), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,6,by=2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Fall",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#### 

#RH# 

#### 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_winter_RH.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthwintersun$RH,midsouthwintercloud$RH,las=1,cex.axis=3,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,1,by=0.2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Winter",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_spring_RH.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthspringsun$RH,midsouthspringcloud$RH,las=1,cex.axis=3,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 
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axis(side=2,at=seq(0,1,by=0.2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Spring",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_summer_RH.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthsummersun$RH,midsouthsummercloud$RH,las=1,cex.axis=3,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,1,by=0.2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Summer",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_fall_RH.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthfallsun$RH,midsouthfallcloud$RH,las=1,cex.axis=3,ylim=c(0,1), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,1,by=0.2),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Fall",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

 

####### 

#PM2.5# 

####### 

 

#winter 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_winter_PM25.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthwintersun$MF.Value,midsouthwintercloud$MF.Value,las=1,cex.axis=3,ylim=

c(0,20), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,20,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Winter",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 
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#spring 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_spring_PM25.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthspringsun$MF.Value,midsouthspringcloud$MF.Value,las=1,cex.axis=3,ylim=c

(0,20), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,20,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Spring",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_summer_PM25.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthsummersun$MF.Value,midsouthsummercloud$MF.Value,las=1,cex.axis=3,yli

m=c(0,20), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,20,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Summer",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_fall_PM25.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthfallsun$MF.Value,midsouthfallcloud$MF.Value,las=1,cex.axis=3,ylim=c(0,20

), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3"),outline=F,yaxt="n",xaxt="

n",varwidth=T) 

axis(side=2,at=seq(0,20,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Fall",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

##### 

#ALW# 

##### 

 

#winter 



224 

 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_winter_ALW3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthwintersun$water,midsouthwintercloud$water,las=1,cex.axis=3,ylim=c(0,15), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,15,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Winter",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#spring 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_spring_ALW3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthspringsun$water,midsouthspringcloud$water,las=1,cex.axis=3,ylim=c(0,15), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,15,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Spring",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_summer_ALW3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthsummersun$water,midsouthsummercloud$water,las=1,cex.axis=3,ylim=c(0,15

), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,15,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Summer",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/stor/Documents/Satellites/allsites 

data/regions/boxplots/MidSouth_fall_ALW3.jpg",height=6,width=6,units="in",res=300) 

boxplot(midsouthfallsun$water,midsouthfallcloud$water,las=1,cex.axis=3,ylim=c(0,15), 

        

na.action=na.exclude,medcol="black",col=c("gold3","deepskyblue3","green4"),outline=F,yaxt="

n",xaxt="n",varwidth=T) 

axis(side=2,at=seq(0,15,by=5),line=-0.8,cex.axis=3,tick=F,las=1) 

title("MidSouth Fall",line=1,cex.main=2) 

axis(side=1,at=seq(1,2,by=1),labels=c("Clear Sky","Cloudy"),line=0.5,cex.axis=2.75,tick=F) 
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dev.off() 
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#Supporting Information for Chapter 3 

 

############################### 

#Figure S1. Site and region locations# 

############################### 

allyears<-read.csv("C:/Users/stor/Documents/Satellites/allyears_updated_withcations.csv") 

allyears<-

read.csv("C:/Users/amych/Documents/Research/Satellites/allyears_updated_withcations.csv") 

allyears$MF.Value<-ifelse(allyears$MF.Value<0,NA,allyears$MF.Value) 

allyears$SO4<-ifelse(allyears$SO4<0,NA,allyears$SO4) 

allyears$NO3<-ifelse(allyears$NO3<0,NA,allyears$NO3) 

allyears$water<-ifelse(allyears$water<0,NA,allyears$water) 

allyears$OC1f.Value<-ifelse(allyears$OC1f.Value<0,NA,allyears$OC1f.Value) 

allyears$OC2f.Value<-ifelse(allyears$OC2f.Value<0,NA,allyears$OC2f.Value) 

allyears$OC3f.Value<-ifelse(allyears$OC3f.Value<0,NA,allyears$OC3f.Value) 

allyears$OC4f.Value<-ifelse(allyears$OC4f.Value<0,NA,allyears$OC4f.Value) 

allyears$OPf.Value<-ifelse(allyears$OPf.Value<0,NA,allyears$OPf.Value) 

allyears$OCtot<-ifelse(allyears$OCtot<0,NA,allyears$OCtot) 

 

attach(allyears) 

 

northwest<-

allyears[SiteCode=="MAKA1"|SiteCode=="MAKA2"|SiteCode=="OLYM1"|SiteCode=="LYN

D1"|SiteCode=="NOCA1"|SiteCode=="PASA1"|SiteCode=="SNPA1"|SiteCode=="MORA1"|Si

teCode=="WHPA1",] 

#columgorge<-allyears[SiteCode=="COGO1"|SiteCode=="CORI1",] 

ornorcal<-

allyears[SiteCode=="MOHO1"|SiteCode=="THSI1"|SiteCode=="KALM1"|SiteCode=="CRLA1

"|SiteCode=="REDW1"|SiteCode=="LABE1"|SiteCode=="TRIN1"|SiteCode=="LAVO1"|SiteC

ode=="BLIS1",] 

cacoast<-allyears[SiteCode=="PORE1"|SiteCode=="PINN1"|SiteCode=="RAFA1",] 

sierranv<-

allyears[SiteCode=="SOLA1"|SiteCode=="YOSE1"|SiteCode=="KAIS1"|SiteCode=="SEQU1"|

SiteCode=="DOME1"|SiteCode=="HOOV1",] 

socal<-

allyears[SiteCode=="SAGA1"|SiteCode=="SAGO1"|SiteCode=="JOSH1"|SiteCode=="AGTI1",

] 

hellscyn<-

allyears[SiteCode=="STAR1"|SiteCode=="HECA1"|SiteCode=="SALM1"|SiteCode=="SAWT1

"|SiteCode=="SCOV1"|SiteCode=="CRMO1",] 

grbasin<-allyears[SiteCode=="JARB1"|SiteCode=="GRBA1",] 

norrockies<-

allyears[SiteCode=="CABI1"|SiteCode=="GLAC1"|SiteCode=="FLAT1"|SiteCode=="MONT1

"|SiteCode=="GAMO1"|SiteCode=="SULA1"|SiteCode=="YELL1"|SiteCode=="NOAB1"|Site

Code=="BRID1"|SiteCode=="BOLA2",] 
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coplateau<-

allyears[SiteCode=="ARCH1"|SiteCode=="CAPI1"|SiteCode=="ZION1"|SiteCode=="BRCA1"|

SiteCode=="CANY1"|SiteCode=="WEMI1"|SiteCode=="MEVE1"|SiteCode=="ZICA1"|SiteCo

de=="INGA1"|SiteCode=="GRCA1"|SiteCode=="GRCA2"|SiteCode=="SAPE1"|SiteCode=="B

AND1"|SiteCode=="MEAD1",] 

mogplateau<-

allyears[SiteCode=="SYCA1"|SiteCode=="HILL1"|SiteCode=="IKBA1"|SiteCode=="PEFO1"|

SiteCode=="SIAN1"|SiteCode=="TONT1"|SiteCode=="QUVA1"|SiteCode=="BALD1"|SiteCo

de=="BOAP1"|SiteCode=="WHIT1"|SiteCode=="GICL1"|SiteCode=="SAAN1",] 

soaz<-

allyears[SiteCode=="ORPI1"|SiteCode=="SAWE1"|SiteCode=="SAGU1"|SiteCode=="DOUG1

"|SiteCode=="CHIR1",] 

norgrpln<-

allyears[SiteCode=="MELA1"|SiteCode=="ULBE1"|SiteCode=="LOST1"|SiteCode=="FOPE1"

|SiteCode=="THRO1"|SiteCode=="NOCH1"|SiteCode=="CLPE1"|SiteCode=="THBA1"|SiteCo

de=="WICA1"|SiteCode=="BADL1",] 

cenrockies<-

allyears[SiteCode=="BRLA1"|SiteCode=="MOZI1"|SiteCode=="STPE1"|SiteCode=="RMHQ1

"|SiteCode=="ROMO1"|SiteCode=="WHRI1"|SiteCode=="GRSA1"|SiteCode=="SHMI1"|SiteC

ode=="WHPE1",] 

wtexas<-allyears[SiteCode=="SACR1"|SiteCode=="GUMO1"|SiteCode=="BIBE1",] 

cengrpln<-

allyears[SiteCode=="CRES1"|SiteCode=="NEBR1"|SiteCode=="BLMO1"|SiteCode=="GRRI1"

|SiteCode=="OMAH1"|SiteCode=="VILA1"|SiteCode=="LASU1"|SiteCode=="LASU2"|SiteCo

de=="BOND1"|SiteCode=="CEBL1"|SiteCode=="SAFO1"|SiteCode=="TALL1"|SiteCode=="E

LDO1",] 

midsouth<-

allyears[SiteCode=="CHER1"|SiteCode=="HEGL1"|SiteCode=="ELLI1"|SiteCode=="WIMO1"

|SiteCode=="UPBU1"|SiteCode=="CACR1"|SiteCode=="SIKE1",] 

bndywaters<-

allyears[SiteCode=="VOYA1"|SiteCode=="VOYA2"|SiteCode=="BOWA1"|SiteCode=="ISRO

1"|SiteCode=="ISLE1"|SiteCode=="SENE1",] 

ohriver<-

allyears[SiteCode=="MING1"|SiteCode=="CADI1"|SiteCode=="MACA1"|SiteCode=="LIVO1"

|SiteCode=="QUCI1"|SiteCode=="MKGO1",] 

appalachia<-

allyears[SiteCode=="SIPS1"|SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="SHRO1"

|SiteCode=="LIGO1"|SiteCode=="DOSO1"|SiteCode=="FRRE1"|SiteCode=="AREN1"|SiteCo

de=="SHEN1"|SiteCode=="JART1"|SiteCode=="JEFF1",] 

southeast<-

allyears[SiteCode=="BRIS1"|SiteCode=="BRET1"|SiteCode=="OKEF1"|SiteCode=="ROMA1"

|SiteCode=="SAMA1"|SiteCode=="CHAS1"|SiteCode=="EVER1",] 

ecoast<-allyears[SiteCode=="SWAN1"|SiteCode=="BRIG1",] 

northeast<-

allyears[SiteCode=="PRIS1"|SiteCode=="MOOS1"|SiteCode=="PEND1"|SiteCode=="OLTO1"|

SiteCode=="ACAD1"|SiteCode=="CABA1"|SiteCode=="BRMA1"|SiteCode=="GRGU1"|SiteC
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ode=="PNRF1"|SiteCode=="PACK1"|SiteCode=="LOND1"|SiteCode=="CACO1"|SiteCode=="

QURE1"|SiteCode=="LYBR1"|SiteCode=="MAVI1"|SiteCode=="MOMO1"|SiteCode=="COHI

1"|SiteCode=="ADPI1",] 

 

#first, all sites 

library(maps) 

 

jpeg("C:/Users/stor/Documents/Satellites/paper 

plots/allsites_map_color.jpg",height=4,width=6,units="in",res=300) 

map("state", interior = FALSE, lwd=1,col="gray20") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="gray50") 

points(unique(northwest$lon),unique(northwest$lat),col="steelblue3",pch=16,cex=0.75) 

points(unique(ecoast$lon),unique(ecoast$lat),col="seagreen4",pch=16,cex=0.75) 

points(unique(ohriver$lon),unique(ohriver$lat),col="peru",pch=16,cex=0.75) 

points(unique(appalachia$lon),unique(appalachia$lat),col="orchid3",pch=16,cex=0.75) 

points(unique(southeast$lon),unique(southeast$lat),col="sienna4",pch=16,cex=0.75) 

points(unique(midsouth$lon),unique(midsouth$lat),col="mediumblue",pch=16,cex=0.75) 

points(unique(cengrpln$lon),unique(cengrpln$lat),col="palegreen4",pch=16,cex=0.75) 

points(unique(bndywaters$lon),unique(bndywaters$lat),col="skyblue",pch=16,cex=0.75) 

points(unique(norgrpln$lon),unique(norgrpln$lat),col="brown2",pch=16,cex=0.75) 

points(unique(cenrockies$lon),unique(cenrockies$lat),col="mediumpurple",pch=16,cex=0.75) 

points(unique(coplateau$lon),unique(coplateau$lat),col="lightblue4",pch=16,cex=0.75) 

points(unique(mogplateau$lon),unique(mogplateau$lat),col="pink4",pch=16,cex=0.75) 

points(unique(wtexas$lon),unique(wtexas$lat),col="mediumturquoise",pch=16,cex=0.75) 

points(unique(soaz$lon),unique(soaz$lat),col="darkred",pch=16,cex=0.75) 

points(unique(norrockies$lon),unique(norrockies$lat),col="lightgoldenrod4",pch=16,cex=0.75) 

points(unique(grbasin$lon),unique(grbasin$lat),col="lightblue",pch=16,cex=0.75) 

points(unique(sierranv$lon),unique(sierranv$lat),col="chocolate4",pch=16,cex=0.75) 

points(unique(cacoast$lon),unique(cacoast$lat),col="dodgerblue4",pch=16,cex=0.75) 

points(unique(ornorcal$lon),unique(ornorcal$lat),col="greenyellow",pch=16,cex=0.75) 

points(unique(northeast$lon),unique(northeast$lat),col="midnightblue",pch=16,cex=0.75) 

points(unique(socal$lon),unique(socal$lat),col="lightgreen",pch=16,cex=0.75) 

points(unique(hellscyn$lon),unique(hellscyn$lat),col="black",pch=16,cex=0.75) 

dev.off() 

 

#region average locations, by color 

jpeg("C:/Users/stor/Documents/Satellites/paper 

plots/allregions_map_color.jpg",height=4,width=6,units="in",res=300) 

map("state", interior = FALSE, lwd=1,col="gray20") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="gray50") 

points(mean(northwest$lon),mean(northwest$lat),col="steelblue3",pch=16,cex=0.75) 

points(mean(ecoast$lon),mean(ecoast$lat),col="seagreen4",pch=16,cex=0.75) 

points(mean(ohriver$lon),mean(ohriver$lat),col="peru",pch=16,cex=0.75) 

points(mean(appalachia$lon),mean(appalachia$lat),col="orchid3",pch=16,cex=0.75) 

points(mean(southeast$lon),mean(southeast$lat),col="sienna4",pch=16,cex=0.75) 

points(mean(midsouth$lon),mean(midsouth$lat),col="mediumblue",pch=16,cex=0.75) 
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points(mean(cengrpln$lon),mean(cengrpln$lat),col="palegreen4",pch=16,cex=0.75) 

points(mean(bndywaters$lon),mean(bndywaters$lat),col="skyblue",pch=16,cex=0.75) 

points(mean(norgrpln$lon),mean(norgrpln$lat),col="brown2",pch=16,cex=0.75) 

points(mean(cenrockies$lon),mean(cenrockies$lat),col="mediumpurple",pch=16,cex=0.75) 

points(mean(coplateau$lon),mean(coplateau$lat),col="lightblue4",pch=16,cex=0.75) 

points(mean(mogplateau$lon),mean(mogplateau$lat),col="pink4",pch=16,cex=0.75) 

points(mean(wtexas$lon),mean(wtexas$lat),col="mediumturquoise",pch=16,cex=0.75) 

points(mean(soaz$lon),mean(soaz$lat),col="darkred",pch=16,cex=0.75) 

points(mean(norrockies$lon),mean(norrockies$lat),col="lightgoldenrod4",pch=16,cex=0.75) 

points(mean(grbasin$lon),mean(grbasin$lat),col="lightblue",pch=16,cex=0.75) 

points(mean(sierranv$lon),mean(sierranv$lat),col="chocolate4",pch=16,cex=0.75) 

points(mean(cacoast$lon),mean(cacoast$lat),col="dodgerblue4",pch=16,cex=0.75) 

points(mean(ornorcal$lon),mean(ornorcal$lat),col="greenyellow",pch=16,cex=0.75) 

points(mean(northeast$lon),mean(northeast$lat),col="midnightblue",pch=16,cex=0.75) 

points(mean(socal$lon),mean(socal$lat),col="lightgreen",pch=16,cex=0.75) 

points(mean(hellscyn$lon),mean(hellscyn$lat),col="black",pch=16,cex=0.75) 

 

text(mean(northwest$lon),mean(northwest$lat+1),"Northwest",cex=0.75,col="steelblue3") 

text(mean(hellscyn$lon),mean(hellscyn$lat+1),"Hells Canyon",cex=0.75,col="black") 

text(mean(norrockies$lon),mean(norrockies$lat+1),"Northern 

Rockies",cex=0.75,col="lightgoldenrod4") 

text(mean(norgrpln$lon+2),mean(norgrpln$lat-1),"Northern Great 

Plains",cex=0.75,col="brown2") 

text(mean(bndywaters$lon),mean(bndywaters$lat+1),"Boundary 

Waters",cex=0.75,col="skyblue") 

text(mean(cenrockies$lon+2),mean(cenrockies$lat+1),"Central 

Rockies",cex=0.75,col="mediumpurple") 

text(mean(cengrpln$lon),mean(cengrpln$lat+1),"Central Great 

Plains",cex=0.75,col="palegreen4") 

text(mean(northeast$lon),mean(northeast$lat+1),"Northeast",cex=0.75,col="midnightblue") 

text(mean(ecoast$lon),mean(ecoast$lat+1),"East Coast",cex=0.75,col="seagreen4") 

text(mean(appalachia$lon),mean(appalachia$lat-1),"Appalachia",cex=0.75,col="orchid3") 

text(mean(ohriver$lon),mean(ohriver$lat+1),"Ohio River Valley",cex=0.75,col="peru") 

text(mean(southeast$lon),mean(southeast$lat+1),"Southeast",cex=0.75,col="sienna4") 

text(mean(midsouth$lon),mean(midsouth$lat+1),"Mid South",cex=0.75,col="mediumblue") 

text(mean(wtexas$lon+2),mean(wtexas$lat+1),"West Texas",cex=0.75,col="mediumturquoise") 

text(mean(mogplateau$lon),mean(mogplateau$lat+1),"Mogollon 

Plateau",cex=0.75,col="pink4") 

text(mean(soaz$lon),mean(soaz$lat-1),"Southern AZ",cex=0.75,col="darkred") 

text(mean(coplateau$lon+2),mean(coplateau$lat-0.75),"Colorado 

Plateau",cex=0.75,col="lightblue4") 

text(mean(socal$lon-1),mean(socal$lat-1),"Southern CA",cex=0.75,col="lightgreen") 

text(mean(sierranv$lon),mean(sierranv$lat+1),"Sierra Nevada",cex=0.75,col="chocolate4") 

text(mean(cacoast$lon-1),mean(cacoast$lat-1),"CA Coast",xpd=T,cex=0.75,col="dodgerblue4") 

text(mean(grbasin$lon-1),mean(grbasin$lat+1),"Great Basin",cex=0.75,col="lightblue") 
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text(mean(ornorcal$lon),mean(ornorcal$lat+1),"Oregon/Northern 

CA",xpd=T,cex=0.75,col="greenyellow") 

dev.off() 

 

################################################### 

#Figure S2. Comparison of dust and no-dust ALW estimations# 

################################################### 

allyears$Month<-as.numeric(allyears$Month) 

allyears$year<-as.numeric(allyears$year) 

 

dfrm<-

data.frame(Date=allyears$Date,Month=allyears$Month,year=allyears$year,water=allyears$wate

r, 

                 water_withcats=allyears$water_withcats,SO4=allyears$SO4,NO3=allyears$NO3, 

                 

RH=allyears$RH,TEMP=allyears$TEMP,Na=allyears$NAf.Value,Cl=allyears$CHLf.Value, 

                 Ca=allyears$CAf.Value,K=allyears$Kf.Value,Na=allyears$NAf.Value) 

dfrmmeds<-aggregate(dfrm,by=list(dfrm$Month,dfrm$year),FUN="median",na.rm=T) 

 

tiff("C:/Users/stor/Documents/Satellites/Dust_vs_NoDust_ALW.tif",height=6,width=6,units="in

",res=300) 

par(mar=c(5.1,5.1,4.1,2.1)) 

plot(dfrmmeds$Date,dfrmmeds$water,type="l",ylim=c(0,1.5),lwd=3,las=1,ylab=expression("AL

W"~(mu*g~m^{-3})),cex.axis=1.5,cex.lab=1.5,xlab="") 

lines(dfrmmeds$Date,dfrmmeds$water_withcats,col="blue",lwd=3) 

legend("topright",legend=c("No Dust","With 

Dust"),lwd=3,col=c("black","blue"),cex=1.5,bty="n") 

dev.off() 

 

################################ 

#Figure S3. ALW mass concentrations# 

################################ 

library(ggplot2) 

library(colorRamps) 

 

northwest<-

allyears[SiteCode=="MAKA1"|SiteCode=="MAKA2"|SiteCode=="OLYM1"|SiteCode=="LYN

D1"|SiteCode=="NOCA1"|SiteCode=="PASA1"|SiteCode=="SNPA1"|SiteCode=="MORA1"|Si

teCode=="WHPA1",] 

ornorcal<-

allyears[SiteCode=="MOHO1"|SiteCode=="THSI1"|SiteCode=="KALM1"|SiteCode=="CRLA1

"|SiteCode=="REDW1"|SiteCode=="LABE1"|SiteCode=="TRIN1"|SiteCode=="LAVO1"|SiteC

ode=="BLIS1",] 

cacoast<-allyears[SiteCode=="PORE1"|SiteCode=="PINN1"|SiteCode=="RAFA1",] 
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sierranv<-

allyears[SiteCode=="SOLA1"|SiteCode=="YOSE1"|SiteCode=="KAIS1"|SiteCode=="SEQU1"|

SiteCode=="DOME1"|SiteCode=="HOOV1",] 

socal<-

allyears[SiteCode=="SAGA1"|SiteCode=="SAGO1"|SiteCode=="JOSH1"|SiteCode=="AGTI1",

] 

hellscyn<-

allyears[SiteCode=="STAR1"|SiteCode=="HECA1"|SiteCode=="SALM1"|SiteCode=="SAWT1

"|SiteCode=="SCOV1"|SiteCode=="CRMO1",] 

grbasin<-allyears[SiteCode=="JARB1"|SiteCode=="GRBA1",] 

norrockies<-

allyears[SiteCode=="CABI1"|SiteCode=="GLAC1"|SiteCode=="FLAT1"|SiteCode=="MONT1

"|SiteCode=="GAMO1"|SiteCode=="SULA1"|SiteCode=="YELL1"|SiteCode=="NOAB1"|Site

Code=="BRID1"|SiteCode=="BOLA2",] 

coplateau<-

allyears[SiteCode=="ARCH1"|SiteCode=="CAPI1"|SiteCode=="ZION1"|SiteCode=="BRCA1"|

SiteCode=="CANY1"|SiteCode=="WEMI1"|SiteCode=="MEVE1"|SiteCode=="ZICA1"|SiteCo

de=="INGA1"|SiteCode=="GRCA1"|SiteCode=="GRCA2"|SiteCode=="SAPE1"|SiteCode=="B

AND1"|SiteCode=="MEAD1",] 

mogplateau<-

allyears[SiteCode=="SYCA1"|SiteCode=="HILL1"|SiteCode=="IKBA1"|SiteCode=="PEFO1"|

SiteCode=="SIAN1"|SiteCode=="TONT1"|SiteCode=="QUVA1"|SiteCode=="BALD1"|SiteCo

de=="BOAP1"|SiteCode=="WHIT1"|SiteCode=="GICL1"|SiteCode=="SAAN1",] 

soaz<-

allyears[SiteCode=="ORPI1"|SiteCode=="SAWE1"|SiteCode=="SAGU1"|SiteCode=="DOUG1

"|SiteCode=="CHIR1",] 

norgrpln<-

allyears[SiteCode=="MELA1"|SiteCode=="ULBE1"|SiteCode=="LOST1"|SiteCode=="FOPE1"

|SiteCode=="THRO1"|SiteCode=="NOCH1"|SiteCode=="CLPE1"|SiteCode=="THBA1"|SiteCo

de=="WICA1"|SiteCode=="BADL1",] 

cenrockies<-

allyears[SiteCode=="BRLA1"|SiteCode=="MOZI1"|SiteCode=="STPE1"|SiteCode=="RMHQ1

"|SiteCode=="ROMO1"|SiteCode=="WHRI1"|SiteCode=="GRSA1"|SiteCode=="SHMI1"|SiteC

ode=="WHPE1",] 

wtexas<-allyears[SiteCode=="SACR1"|SiteCode=="GUMO1"|SiteCode=="BIBE1",] 

cengrpln<-

allyears[SiteCode=="CRES1"|SiteCode=="NEBR1"|SiteCode=="BLMO1"|SiteCode=="GRRI1"

|SiteCode=="OMAH1"|SiteCode=="VILA1"|SiteCode=="LASU1"|SiteCode=="LASU2"|SiteCo

de=="BOND1"|SiteCode=="CEBL1"|SiteCode=="SAFO1"|SiteCode=="TALL1"|SiteCode=="E

LDO1",] 

midsouth<-

allyears[SiteCode=="CHER1"|SiteCode=="HEGL1"|SiteCode=="ELLI1"|SiteCode=="WIMO1"

|SiteCode=="UPBU1"|SiteCode=="CACR1"|SiteCode=="SIKE1",] 

bndywaters<-

allyears[SiteCode=="VOYA1"|SiteCode=="VOYA2"|SiteCode=="BOWA1"|SiteCode=="ISRO

1"|SiteCode=="ISLE1"|SiteCode=="SENE1",] 
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ohriver<-

allyears[SiteCode=="MING1"|SiteCode=="CADI1"|SiteCode=="MACA1"|SiteCode=="LIVO1"

|SiteCode=="QUCI1"|SiteCode=="MKGO1",] 

appalachia<-

allyears[SiteCode=="SIPS1"|SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="SHRO1"

|SiteCode=="LIGO1"|SiteCode=="DOSO1"|SiteCode=="FRRE1"|SiteCode=="AREN1"|SiteCo

de=="SHEN1"|SiteCode=="JART1"|SiteCode=="JEFF1",] 

southeast<-

allyears[SiteCode=="BRIS1"|SiteCode=="BRET1"|SiteCode=="OKEF1"|SiteCode=="ROMA1"

|SiteCode=="SAMA1"|SiteCode=="CHAS1"|SiteCode=="EVER1",] 

ecoast<-allyears[SiteCode=="SWAN1"|SiteCode=="BRIG1",] 

northeast<-

allyears[SiteCode=="PRIS1"|SiteCode=="MOOS1"|SiteCode=="PEND1"|SiteCode=="OLTO1"|

SiteCode=="ACAD1"|SiteCode=="CABA1"|SiteCode=="BRMA1"|SiteCode=="GRGU1"|SiteC

ode=="PNRF1"|SiteCode=="PACK1"|SiteCode=="LOND1"|SiteCode=="CACO1"|SiteCode=="

QURE1"|SiteCode=="LYBR1"|SiteCode=="MAVI1"|SiteCode=="MOMO1"|SiteCode=="COHI

1"|SiteCode=="ADPI1",] 

 

northwest$avglat<-mean(unique(northwest$lat)) 

ornorcal$avglat<-mean(unique(ornorcal$lat)) 

cacoast$avglat<-mean(unique(cacoast$lat)) 

sierranv$avglat<-mean(unique(sierranv$lat)) 

socal$avglat<-mean(unique(socal$lat)) 

hellscyn$avglat<-mean(unique(hellscyn$lat)) 

grbasin$avglat<-mean(unique(grbasin$lat)) 

norrockies$avglat<-mean(unique(norrockies$lat)) 

coplateau$avglat<-mean(unique(coplateau$lat)) 

mogplateau$avglat<-mean(unique(mogplateau$lat)) 

soaz$avglat<-mean(unique(soaz$lat)) 

norgrpln$avglat<-mean(unique(norgrpln$lat)) 

cenrockies$avglat<-mean(unique(cenrockies$lat)) 

wtexas$avglat<-mean(unique(wtexas$lat)) 

cengrpln$avglat<-mean(unique(cengrpln$lat)) 

midsouth$avglat<-mean(unique(midsouth$lat)) 

bndywaters$avglat<-mean(unique(bndywaters$lat)) 

ohriver$avglat<-mean(unique(ohriver$lat)) 

appalachia$avglat<-mean(unique(appalachia$lat)) 

southeast$avglat<-mean(unique(southeast$lat)) 

ecoast$avglat<-mean(unique(ecoast$lat)) 

northeast$avglat<-mean(unique(northeast$lat)) 

 

northwest$avglon<-mean(unique(northwest$lon)) 

ornorcal$avglon<-mean(unique(ornorcal$lon)) 

cacoast$avglon<-mean(unique(cacoast$lon)) 

sierranv$avglon<-mean(unique(sierranv$lon)) 

socal$avglon<-mean(unique(socal$lon)) 
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hellscyn$avglon<-mean(unique(hellscyn$lon)) 

grbasin$avglon<-mean(unique(grbasin$lon)) 

norrockies$avglon<-mean(unique(norrockies$lon)) 

coplateau$avglon<-mean(unique(coplateau$lon)) 

mogplateau$avglon<-mean(unique(mogplateau$lon)) 

soaz$avglon<-mean(unique(soaz$lon)) 

norgrpln$avglon<-mean(unique(norgrpln$lon)) 

cenrockies$avglon<-mean(unique(cenrockies$lon)) 

wtexas$avglon<-mean(unique(wtexas$lon)) 

cengrpln$avglon<-mean(unique(cengrpln$lon)) 

midsouth$avglon<-mean(unique(midsouth$lon)) 

bndywaters$avglon<-mean(unique(bndywaters$lon)) 

ohriver$avglon<-mean(unique(ohriver$lon)) 

appalachia$avglon<-mean(unique(appalachia$lon)) 

southeast$avglon<-mean(unique(southeast$lon)) 

ecoast$avglon<-mean(unique(ecoast$lon)) 

northeast$avglon<-mean(unique(northeast$lon)) 

 

northwest$region<-"northwest" 

ornorcal$region<-"ornorcal" 

cacoast$region<-"cacoast" 

sierranv$region<-"sierranv" 

socal$region<-"socal" 

hellscyn$region<-"hellscyn" 

grbasin$region<-"grbasin" 

norrockies$region<-"norrockies" 

coplateau$region<-"coplateau" 

mogplateau$region<-"mogplateau" 

soaz$region<-"soaz" 

norgrpln$region<-"norgrpln" 

cenrockies$region<-"cenrockies" 

wtexas$region<-"wtexas" 

cengrpln$region<-"cengrpln" 

midsouth$region<-"midsouth" 

bndywaters$region<-"bndywaters" 

ohriver$region<-"ohriver" 

appalachia$region<-"appalachia" 

southeast$region<-"southeast" 

ecoast$region<-"ecoast" 

northeast$region<-"northeast" 

 

regions<-rbind(northwest,ornorcal,cacoast,sierranv,socal,hellscyn,grbasin,norrockies,coplateau, 

               

mogplateau,soaz,norgrpln,cenrockies,wtexas,cengrpln,midsouth,bndywaters,ohriver,appalachia, 

               southeast,ecoast,northeast) 
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regionsdfrm<-

data.frame(lat=regions$lat,lon=regions$lon,water=regions$water,region=regions$region) 

 

regionsdfrmmeans<-aggregate(regionsdfrm,by=list(regions$region),FUN="mean",na.rm=T) 

 

tiff("C:/Users/stor/Documents/Satellites/colorbar_maps/ALW_concentrations.tif",height=6,widt

h=8,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=regionsdfrmmeans,aes(x=regionsdfrmmeans$lon,y=regionsdfrmmeans$lat, 

                                       colour=water),size=4)+guides(shape=F)+ 

  scale_colour_gradientn(colours=matlab.like(22),limits=c(0,6.5),breaks=c(0,2,4,6))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

#box done in powerpoint 

 

############################# 

#Figure S4. MODIS cloud fraction# 

############################# 

cloudfr<-

read.csv("C:/Users/amych/Documents/Research/Satellites/number_per_cloudfrac_winter.csv") 

cloudfr<-

read.csv("C:/Users/amych/Documents/Research/Satellites/number_per_cloudfrac_summer.csv") 

cloudfr<-

read.csv("C:/Users/amych/Documents/Research/Satellites/number_per_cloudfrac_spring.csv") 

cloudfr<-

read.csv("C:/Users/amych/Documents/Research/Satellites/number_per_cloudfrac_fall.csv") 

 

#winter 

jpeg("C:/Users/amych/Documents/Research/Satellites/cloudfrac_winter.jpg",height=5,width=6,u

nits="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3) #define g to be a drawing of the contiguous US 

g 

g+geom_point(data=cloudfr,aes(x=cloudfr$avglon,y=cloudfr$avglat,colour=cloudfrac,size=4))+ 



235 

 

  

scale_colour_gradientn(guide=guide_colorbar(barwidth=1,barheight=12),colours=matlab.like2(2

2),limits=c(0,1))+ 

  xlab("")+ylab("")+ggtitle("Cloud Fraction")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5))+ 

  guides(size=F) 

dev.off() 

 

#summer 

jpeg("C:/Users/amych/Documents/Research/Satellites/cloudfrac_summer.jpg",height=5,width=6,

units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3) #define g to be a drawing of the contiguous US 

g 

g+geom_point(data=cloudfr,aes(x=cloudfr$avglon,y=cloudfr$avglat,colour=cloudfrac,size=4))+ 

  

scale_colour_gradientn(guide=guide_colorbar(barwidth=1,barheight=12),colours=matlab.like2(2

2),limits=c(0,1))+ 

  xlab("")+ylab("")+ggtitle("Cloud Fraction")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5))+ 

  guides(size=F) 

dev.off() 

 

#spring 

jpeg("C:/Users/amych/Documents/Research/Satellites/cloudfrac_spring.jpg",height=5,width=6,u

nits="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3) #define g to be a drawing of the contiguous US 

g 

g+geom_point(data=cloudfr,aes(x=cloudfr$avglon,y=cloudfr$avglat,colour=cloudfrac,size=4))+ 

  

scale_colour_gradientn(guide=guide_colorbar(barwidth=1,barheight=12),colours=matlab.like2(2

2),limits=c(0,1))+ 

  xlab("")+ylab("")+ggtitle("Cloud Fraction")+ 
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theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5))+ 

  guides(size=F) 

dev.off() 

 

#fall 

jpeg("C:/Users/amych/Documents/Research/Satellites/cloudfrac_fall.jpg",height=5,width=6,unit

s="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3) #define g to be a drawing of the contiguous US 

g 

g+geom_point(data=cloudfr,aes(x=cloudfr$avglon,y=cloudfr$avglat,colour=cloudfrac,size=4))+ 

  

scale_colour_gradientn(guide=guide_colorbar(barwidth=1,barheight=12),colours=matlab.like2(2

2),limits=c(0,1))+ 

  xlab("")+ylab("")+ggtitle("Cloud Fraction")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=12), 

        plot.title=element_text(hjust=0.5))+ 

  guides(size=F) 

dev.off() 

 

################### 

#Figure S5. Flowchart# 

################### 

 

#made in powerpoint 

 

######################### 

#Figure S6. Percent matching# 

######################### 

percs<-read.csv("C:/Users/stor/Documents/Satellites/percent_matching.csv") 

 

jpeg("C:/Users/stor/Documents/Satellites/paper 

plots/Percent_Matching.jpg",height=5,width=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 
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g 

g+geom_point(data=percs,aes(x=percs$avglon,y=percs$avglat,colour=avg),size=4)+ 

  

scale_colour_gradientn(colours=rev(heat.colors(22)),limits=c(40,100))+labs(x="",y="",title="")

+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

,legend.title=element_blank(),legend.text=element_text(size=12),plot.title=element_text(hjust=0.

5,size=16)) 

dev.off() 

 

 

 

######################################## 

#Figure S7. Cloud fraction vs chem constituents# 

######################################## 

meds<-read.csv("C:/Users/stor/Documents/Satellites/regions_allsummers_sca_fixedsites.csv") 

meds$cloudfrac<-meds$PM25_CLOUD_n/meds$PM25_ALL_n 

 

meds2<-read.csv("C:/Users/stor/Documents/Satellites/regions_allsprings_sca_fixedsites.csv") 

meds2$cloudfrac<-meds2$PM25_CLOUD_n/meds2$PM25_ALL_n 

 

meds3<-read.csv("C:/Users/stor/Documents/Satellites/regions_allfalls_sca_fixedsites.csv") 

meds3$cloudfrac<-meds3$PM25_CLOUD_n/meds3$PM25_ALL_n 

 

meds4<-read.csv("C:/Users/stor/Documents/Satellites/regions_allwinters_sca_fixedsites.csv") 

meds4$cloudfrac<-meds4$PM25_CLOUD_n/meds4$PM25_ALL_n 

 

#particle chemical components 

meds$so4_diff<-meds$med_SO4_CLOUD-meds$med_SO4_SUN 

meds$no3_diff<-meds$med_NO3_CLOUD-meds$med_NO3_SUN 

meds$alw_diff<-meds$med_ALW_CLOUD-meds$med_ALW_SUN 

meds$toc_diff<-meds$med_TOC_CLOUD-meds$med_TOC_SUN 

 

meds2$so4_diff<-meds2$med_SO4_CLOUD-meds2$med_SO4_SUN 

meds2$no3_diff<-meds2$med_NO3_CLOUD-meds2$med_NO3_SUN 

meds2$alw_diff<-meds2$med_ALW_CLOUD-meds2$med_ALW_SUN 

meds2$toc_diff<-meds2$med_TOC_CLOUD-meds2$med_TOC_SUN 

 

meds3$so4_diff<-meds3$med_SO4_CLOUD-meds3$med_SO4_SUN 

meds3$no3_diff<-meds3$med_NO3_CLOUD-meds3$med_NO3_SUN 

meds3$alw_diff<-meds3$med_ALW_CLOUD-meds3$med_ALW_SUN 

meds3$toc_diff<-meds3$med_TOC_CLOUD-meds3$med_TOC_SUN 

 

meds4$so4_diff<-meds4$med_SO4_CLOUD-meds4$med_SO4_SUN 

meds4$no3_diff<-meds4$med_NO3_CLOUD-meds4$med_NO3_SUN 
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meds4$alw_diff<-meds4$med_ALW_CLOUD-meds4$med_ALW_SUN 

meds4$toc_diff<-meds4$med_TOC_CLOUD-meds4$med_TOC_SUN 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/chemconst_cloudfrac_summer2.jpg",heig

ht=6,width=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds$cloudfrac,meds$so4_diff,pch=16,col="firebrick2",ylim=c(-

1.5,2),xlim=c(0,1),las=1,cex.axis=2,cex=1.5,ylab="",xlab="") 

points(meds$cloudfrac,meds$no3_diff,pch=16,col="mediumblue",ylab="",xlab="",cex=1.5) 

points(meds$cloudfrac,meds$alw_diff,pch=16,col="turquoise2",ylab="",xlab="",cex=1.5) 

points(meds$cloudfrac,meds$toc_diff,pch=16,col="darkgreen",ylab="",xlab="",cex=1.5) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/chemconst_cloudfrac_spring2.jpg",height

=6,width=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds2$cloudfrac,meds2$so4_diff,pch=16,col="firebrick2",ylim=c(-

1.5,2),xlim=c(0,1),las=1,cex.axis=2,cex=1.5,ylab="",xlab="") 

points(meds2$cloudfrac,meds2$no3_diff,pch=16,col="mediumblue",ylab="",xlab="",cex=1.5) 

points(meds2$cloudfrac,meds2$alw_diff,pch=16,col="turquoise2",ylab="",xlab="",cex=1.5) 

points(meds2$cloudfrac,meds2$toc_diff,pch=16,col="darkgreen",ylab="",xlab="",cex=1.5) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/chemconst_cloudfrac_fall2.jpg",height=6,

width=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds3$cloudfrac,meds3$so4_diff,pch=16,col="firebrick2",ylim=c(-

1.5,2),xlim=c(0,1),las=1,cex.axis=2,cex=1.5,ylab="",xlab="") 

points(meds3$cloudfrac,meds3$no3_diff,pch=16,col="mediumblue",ylab="",xlab="",cex=1.5) 

points(meds3$cloudfrac,meds3$catalw_diff,pch=16,col="turquoise2",ylab="",xlab="",cex=1.5) 

points(meds3$cloudfrac,meds3$toc_diff,pch=16,col="darkgreen",ylab="",xlab="",cex=1.5) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/chemconst_cloudfrac_winter2.jpg",height

=6,width=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds4$cloudfrac,meds4$so4_diff,pch=16,col="firebrick2",ylim=c(-

1.5,2),xlim=c(0,1),las=1,cex.axis=2,cex=1.5,ylab="",xlab="") 

points(meds4$cloudfrac,meds4$no3_diff,pch=16,col="mediumblue",ylab="",xlab="",cex=1.5) 

points(meds4$cloudfrac,meds4$catalw_diff,pch=16,col="turquoise2",ylab="",xlab="",cex=1.5) 

points(meds4$cloudfrac,meds4$toc_diff,pch=16,col="darkgreen",ylab="",xlab="",cex=1.5) 

dev.off() 

 

############################### 

#Figure S8. Cloud fraction vs PM2.5# 

############################### 
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meds<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allsummers_sca_fixedsites.cs

v") 

meds2<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allsprings_sca_fixedsites.csv"

) 

meds3<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allfalls_sca_fixedsites.csv") 

meds4<-

read.csv("C:/Users/amych/Documents/Research/Satellites/regions_allwinters_sca_fixedsites.csv"

) 

 

meds$pm25_diff<-meds$med_PM25_CLOUD-meds$med_PM25_SUN 

meds2$pm25_diff<-meds2$med_PM25_CLOUD-meds2$med_PM25_SUN 

meds3$pm25_diff<-meds3$med_PM25_CLOUD-meds3$med_PM25_SUN 

meds4$pm25_diff<-meds4$med_PM25_CLOUD-meds4$med_PM25_SUN 

 

meds$cloudfrac<-meds$PM25_CLOUD_n/meds$PM25_ALL_n 

meds2$cloudfrac<-meds2$PM25_CLOUD_n/meds2$PM25_ALL_n 

meds3$cloudfrac<-meds3$PM25_CLOUD_n/meds3$PM25_ALL_n 

meds4$cloudfrac<-meds4$PM25_CLOUD_n/meds4$PM25_ALL_n 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/pm25_cloudfrac_winter2.jpg",height=6,w

idth=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds4$cloudfrac,meds4$pm25_diff,pch=16,las=1,ylim=c(-

3,3),xlim=c(0,1),cex.axis=2,cex=1.5, 

     ylab=expression("Median PM"[2.5]~"Difference"~(mu*g~m^{-3})),xlab="",cex.lab=2) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/pm25_cloudfrac_summer2.jpg",height=6,

width=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds$cloudfrac,meds$pm25_diff,pch=16,las=1,ylim=c(-

3,3),xlim=c(0,1),cex.axis=2,cex=1.5, 

     ylab=expression("Median PM"[2.5]~"Difference"~(mu*g~m^{-3})),xlab="",cex.lab=2) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/Satellites/pm25_cloudfrac_spring2.jpg",height=6,wi

dth=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds2$cloudfrac,meds2$pm25_diff,pch=16,las=1,ylim=c(-

3,3),xlim=c(0,1),cex.axis=2,cex=1.5, 

     ylab=expression("Median PM"[2.5]~"Difference"~(mu*g~m^{-3})),xlab="",cex.lab=2) 

dev.off() 
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jpeg("C:/Users/amych/Documents/Research/Satellites/pm25_cloudfrac_fall2.jpg",height=6,widt

h=6,units="in", res=300) 

par(mar=c(5.1,4.5,4.1,2.1)) 

plot(meds3$cloudfrac,meds3$pm25_diff,pch=16,las=1,ylim=c(-

3,3),xlim=c(0,1),cex.axis=2,cex=1.5, 

     ylab=expression("Median PM"[2.5]~"Difference"~(mu*g~m^{-3})),xlab="",cex.lab=2) 

dev.off() 
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APPENDIX F 

R CODE FOR CHAPTER 4 

 

#Christiansen et al. 2020, ES&T (submitted) 

#Main paper figures 

 

#################################################################### 

#Figure 1. Decadal % changes in TOC and OC fractions, determined by# Sen's slope & Mann 

Kendall test##################################### 

 

diffs<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/all_percent_diffs_bestQA.csv") 

 

#TOC  

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/TOC_slope_perc_map_bigpch.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mkt<0.05,16,1), 

       cex=ifelse(diffs$tocperc< -0.3,5,ifelse(diffs$tocperc< -0.2,4,ifelse(diffs$tocperc< -0.1,3,2))), 

       col=ifelse(diffs$tocperc<0,"mediumblue","firebrick2"),lwd=4) 

legend(-114,24.5,legend=c("< -30","-30 to -20","-20 to -10","> -10"), 

       pch=c(16,16,16,16),pt.cex=c(5,4,3,2),ncol=2,cex=1.75,y.intersp=1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue"),pt.lwd=3,title=expression("T

OC Percent Change (%)"),bty="n") 

dev.off() 

 

#OC1  

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/OC1_slope_perc_map_bigpch.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk1<0.05,16,1), 

       cex=ifelse(diffs$oc1perc< -0.1,4,ifelse(diffs$oc1perc< -0.05,3,ifelse(diffs$oc1perc<0,2,2))), 

       col=ifelse(diffs$oc1perc<0,"mediumblue","firebrick2"),lwd=4) 

legend(-114,24.5,legend=c("< -10","-10 to -5","-5 to 0","> 0"), 

       pch=c(16,16,16,16),pt.cex=c(4,3,2,2),ncol=2,cex=1.75,y.intersp=1, 
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col=c("mediumblue","mediumblue","mediumblue","firebrick2"),pt.lwd=3,title=expression("OC 

Fraction Percent Change (%)"),bty="n") 

dev.off() 

 

#OC2  

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/OC2_slope_perc_map_bigpch.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk2<0.05,16,1), 

       cex=ifelse(diffs$oc2perc< -0.1,4,ifelse(diffs$oc2perc< -0.05,3,ifelse(diffs$oc2perc<0,2,2))), 

       col=ifelse(diffs$oc2perc<0,"mediumblue","firebrick2"),lwd=4) 

legend(-114,24.5,legend=c("< -10","-10 to -5","-5 to 0","> 0"), 

       pch=c(16,16,16,16),pt.cex=c(4,3,2,2),ncol=2,cex=1.75,y.intersp=1, 

       

col=c("mediumblue","mediumblue","mediumblue","firebrick2"),pt.lwd=3,title=expression("OC 

Fraction Percent Change (%)"),bty="n") 

dev.off() 

 

#OC3  

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/OC3_slope_perc_map_bigpch.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk3<0.05,16,1), 

       cex=ifelse(diffs$oc3perc< -0.1,4,ifelse(diffs$oc3perc< -0.05,3,ifelse(diffs$oc3perc<0,2,2))), 

       col=ifelse(diffs$oc3perc<0,"mediumblue","firebrick2"),lwd=4) 

legend(-114,24.5,legend=c("< -10","-10 to -5","-5 to 0","> 0"), 

       pch=c(16,16,16,16),pt.cex=c(4,3,2,2),ncol=2,cex=1.75,y.intersp=1, 

       

col=c("mediumblue","mediumblue","mediumblue","firebrick2"),pt.lwd=3,title=expression("OC 

Fraction Percent Change (%)"),bty="n") 

dev.off() 

 

#OC4  

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/OC4_slope_perc_map_bigpch.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk4<0.05,16,1), 

       cex=ifelse(diffs$oc4perc< -0.1,4,ifelse(diffs$oc4perc< -0.05,3,ifelse(diffs$oc4perc<0,2,2))), 

       col=ifelse(diffs$oc4perc<0,"mediumblue","firebrick2"),lwd=4) 
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legend(-114,24.5,legend=c("< -10","-10 to -5","-5 to 0","> 0"), 

       pch=c(16,16,16,16),pt.cex=c(4,3,2,2),ncol=2,cex=1.75,y.intersp=1, 

       

col=c("mediumblue","mediumblue","mediumblue","firebrick2"),pt.lwd=3,title=expression("OC 

Fraction Percent Change (%)"),bty="n") 

dev.off() 

 

#OP  

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/OP_slope_perc_map_bigpch.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mkp<0.05,16,1), 

       cex=ifelse(diffs$opperc< -0.1,4,ifelse(diffs$opperc< -0.05,3,ifelse(diffs$opperc<0,2,2))), 

       col=ifelse(diffs$opperc<0,"mediumblue","firebrick2"),lwd=4) 

legend(-114,24.5,legend=c("< -10","-10 to -5","-5 to 0","> 0"), 

       pch=c(16,16,16,16),pt.cex=c(4,3,2,2),ncol=2,cex=1.75,y.intersp=1, 

       

col=c("mediumblue","mediumblue","mediumblue","firebrick2"),pt.lwd=3,title=expression("OC 

Fraction Percent Change (%)"),bty="n") 

dev.off() 

 

#################################### 

#Figure 2. Contributions to TOC over time# 

#################################### 

 

sds<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/med_stdevs_conus.csv") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/CONUS_OCfraction_withPC_year_rawvalues_errors.jpg",height=6,width=8,unit

s="in",res=300) 

par(mar=c(5,6,3,1)) 

plot(meds3$year,meds3$OCf.Value,type="l",col="darkgreen",ylim=c(0,0.9),lwd=5,xlab="",ylab

="",cex.axis=2,las=1) 

points(meds3$year,meds3$OCf.Value,col="darkgreen",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OCf.Value-

sds$setot),meds3$year,(meds3$OCf.Value+sds$setot),length=0.05,angle=90,code=3, 

       col=adjustcolor("darkgreen",alpha.f=0.5),lwd=3) 

mtext(side=2,line=3.5,expression("[OC]"~(mu*g~m^{-3})),cex=2) 

lines(meds3$year,meds3$OC1_QA,type="l",col="olivedrab3",lwd=5,lty=1) 

points(meds3$year,meds3$OC1_QA,col="olivedrab3",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC1_QA-

sds$se1),meds3$year,(meds3$OC1_QA+sds$se1),length=0.05,angle=90,code=3, 

       col=adjustcolor("olivedrab3",alpha.f=0.5),lwd=3) 
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lines(meds3$year,meds3$OC2_QA,type="l",col="limegreen",lwd=5,lty=1) 

points(meds3$year,meds3$OC2_QA,col="limegreen",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC2_QA-

sds$se2),meds3$year,(meds3$OC2_QA+sds$se2),length=0.05,angle=90,code=3, 

       col=adjustcolor("limegreen",alpha.f=0.5),lwd=3) 

lines(meds3$year,meds3$OC3_QA,type="l",col="chartreuse3",lwd=5,lty=4) 

points(meds3$year,meds3$OC3_QA,col="chartreuse3",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC3_QA-

sds$se3),meds3$year,(meds3$OC3_QA+sds$se3),length=0.05,angle=90,code=3, 

       col=adjustcolor("chartreuse3",alpha.f=0.5),lwd=3) 

lines(meds3$year,meds3$OC4_QA,type="l",col="forestgreen",lwd=5,lty=3) 

points(meds3$year,meds3$OC4_QA,col="forestgreen",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC4_QA-

sds$se4),meds3$year,(meds3$OC4_QA+sds$se4),length=0.05,angle=90,code=3, 

       col=adjustcolor("forestgreen",alpha.f=0.5),lwd=3) 

lines(meds3$year,meds3$OP_QA,type="l",col="black",lwd=5,lty=1) 

points(meds3$year,meds3$OP_QA,col="black",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OP_QA-

sds$sep),meds3$year,(meds3$OP_QA+sds$sep),length=0.05,angle=90,code=3, 

       col=adjustcolor("black",alpha.f=0.5),lwd=3) 

legend("topright",col=c("olivedrab3","limegreen","chartreuse3","forestgreen","darkgreen","blac

k"), 

       legend=c("OC1","OC2","OC3","OC4","TOC","PC"),lty=c(1,1,4,3,1,1), 

       cex=1.5,ncol=2,bty="n",lwd=c(5,5,5,5,5,5))#,x.intersp=0.3,text.width=500) 

dev.off() 

 

sds<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/med_frac_stdevs_conus.csv") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/CONUS_fractional_cont_withPC_yearround_RAW_errors.jpg",height=6,width=

8,units="in",res=300) 

par(mar=c(5,6,3,1)) 

plot(meds3$year,meds3$OC1frac,type="l",col="olivedrab3",ylim=c(0,0.6),lwd=5,xlab="",ylab=

"",cex.axis=2,las=1) 

points(meds3$year,meds3$OC1frac,col="olivedrab3",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC1frac-

sds$se1),meds3$year,(meds3$OC1frac+sds$se1),length=0.05,angle=90,code=3, 

       col=adjustcolor("olivedrab3",alpha.f=0.5),lwd=3) 

mtext(side=2,line=3.5,expression("Contribution to TOC (%)"),cex=2) 

lines(meds3$year,meds3$OC2frac,type="l",col="limegreen",lwd=5,lty=1) 

points(meds3$year,meds3$OC2frac,col="limegreen",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC2frac-

sds$se2),meds3$year,(meds3$OC2frac+sds$se2),length=0.05,angle=90,code=3, 

       col=adjustcolor("limegreen",alpha.f=0.5),lwd=3) 

lines(meds3$year,meds3$OC3frac,type="l",col="chartreuse3",lwd=5,lty=4) 



245 

 

points(meds3$year,meds3$OC3frac,col="chartreuse3",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC3frac-

sds$se3),meds3$year,(meds3$OC3frac+sds$se3),length=0.05,angle=90,code=3, 

       col=adjustcolor("chartreuse3",alpha.f=0.5),lwd=3) 

lines(meds3$year,meds3$OC4frac,type="l",col="forestgreen",lwd=5,lty=3) 

points(meds3$year,meds3$OC4frac,col="forestgreen",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OC4frac-

sds$se4),meds3$year,(meds3$OC4frac+sds$se4),length=0.05,angle=90,code=3, 

       col=adjustcolor("forestgreen",alpha.f=0.5),lwd=3) 

lines(meds3$year,meds3$OPfrac,type="l",col="black",lwd=5,lty=1) 

points(meds3$year,meds3$OPfrac,col="black",cex=1.25,pch=16) 

arrows(meds3$year,(meds3$OPfrac-

sds$sep),meds3$year,(meds3$OPfrac+sds$sep),length=0.05,angle=90,code=3, 

       col=adjustcolor("black",alpha.f=0.5),lwd=3) 

legend("topright",col=c("olivedrab3","limegreen","chartreuse3","forestgreen","black"), 

       legend=c("OC1","OC2","OC3","OC4","PC"),lty=c(1,1,4,3,1), 

       cex=1.5,ncol=2,bty="n",lwd=c(5,5,5,5,5))#,x.intersp=0.3,text.width=500) 

dev.off() 

 

########################################## 

#Figure 3. GEOS-Chem OA and TOM comparison# 

########################################## 

 

alldata<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/alldata_with_geos.csv") 

alldata$Date<-as.Date(as.character(alldata$Date),format="%Y-%m-%d") 

dfrm<-

data.frame(year=alldata$year,TOM=alldata$TOM,TotalOA=alldata$TotalOA,OCtot=alldata$O

Ctot) 

conus2<-aggregate(dfrm,by=list(dfrm$year),FUN="mean",na.rm=T) 

 

#need to calculate standard errors 

for(i in 2005:2015){ 

  cy<-subset(alldata,alldata$year==i) 

  setom<-sd(cy$TOM,na.rm=T)/sqrt(length(cy$TOM[!is.na(cy$TOM)])) 

  setoa<-sd(cy$TotalOA,na.rm=T)/sqrt(length(cy$TotalOA[!is.na(cy$TotalOA)])) 

  year<-unique(cy$year) 

  dfrm<-data.frame(year=year,setom=setom,setoa=setoa) 

  write.table(dfrm,"C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/tom_toa_stdevs_conus.csv",append=T,sep=",",col.names=T) 

} 

 

ses<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/tom_toa_stdevs_conus.csv") 
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tiff("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/improve_geos_comparison_conus.tif",width=7,height=6,units="in",res=300) 

par(mar=c(4,5.5,4,2)) 

plot(conus2$year,conus2$TOM,type="l",ylim=c(0,2.5),las=1,ylab=expression("Organic Aerosol 

Mass"~(mu*g~m^{-3})), 

     xlab="",cex.lab=1.5,cex.axis=1.5,lwd=3,col="green4") 

points(conus2$year,conus2$TOM,pch=16,cex=1.25,col="green4") 

arrows(conus2$year,(conus2$TOM-

ses$setom),conus2$year,(conus2$TOM+ses$setom),length=0.05,angle=90,code=3, 

       col=adjustcolor("green4",alpha.f=0.5),lwd=3) 

lines(conus2$year,conus2$TotalOA,col="darkgreen",lty=2,lwd=3,ylab="",xlab="") 

points(conus2$year,conus2$TotalOA,col="darkgreen",pch=16,cex=1.25) 

arrows(conus2$year,(conus2$TotalOA-

ses$setoa),conus2$year,(conus2$TotalOA+ses$setoa),length=0.05,angle=90,code=3, 

       col=adjustcolor("darkgreen",alpha.f=0.5),lwd=3) 

legend("bottomright",legend=c("IMPROVE TOM","GEOS-Chem 

OA"),col=c("green4","darkgreen"),lwd=3,lty=c(1,2), 

       cex=1.5,bty="n") 

dev.off() 

 

 

############################################################## 

#Figure 4. OM2, ISOAAQ, and ALW comparisons in Appalachia and Great# 

Basin######################################################### 

 

alldata<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/alldata_with_geos.csv") 

alldata$Date<-as.Date(as.character(alldata$Date),format="%Y-%m-%d") 

 

#appalachia 

app<-subset(alldata,alldata$number==20) 

appsum<-subset(app,app$seasonnum==3) 

appsum$year<-as.numeric(appsum$year) 

a<-

data.frame(year=appsum$year,water=appsum$water,OM2=appsum$OM2,AerMassISOAAQ=ap

psum$AerMassISOAAQ) 

appagg<-aggregate(a,by=list(a$year),FUN="median",na.rm=T) 

 

plot(appagg$year,appagg$water,type="l") 

plot(appagg$year,appagg$AerMassISOAAQ,type="l") 

plot(appagg$year,appagg$OM2,type="l") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/appalachia_isoaaq_om2_alw_pts.jpg",width=9,height=6,units="in",res=300) 

par(mar=c(4,5,4,11)) 
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plot(appagg$year,appagg$water,type="l",col="turquoise3",lwd=3,las=1,cex.axis=1.5,ylab="",xla

b="",axes=F,ylim=c(0,20)) 

points(appagg$year,appagg$water,pch=16,cex=1.5,col="turquoise3") 

box() 

axis(side=2,cex.axis=1.5,las=1,col.axis="turquoise3") 

axis(side=1,cex.axis=1.5) 

mtext(side=2,line=2.5,expression("ALW"~(mu*g~m^{-3})),col="turquoise3",cex=1.5) 

par(new=T) 

plot(appagg$year,appagg$AerMassISOAAQ,type="l",col="green3",lty=2,lwd=3,axes=F,ylab=""

,xlab="",ylim=c(0,7)) 

points(appagg$year,appagg$AerMassISOAAQ,pch=16,cex=1.5,col="green3") 

axis(side=4,cex.axis=1.5,las=1,col.axis="green3") 

mtext(side=4,line=4.5,expression("GEOS-Chem ISOAAQ"~(mu*g~m^{-

3})),cex=1.5,col="green3") 

par(new=T) 

plot(appagg$year,appagg$OM2,lwd=3,col="darkgreen",lty=4,ylim=c(0,2),axes=F,ylab="",xlab=

"",type="l") 

points(appagg$year,appagg$OM2,pch=16,cex=1.5,col="darkgreen") 

axis(side=4,line=6,cex.axis=1.5,las=1,col.axis="darkgreen") 

mtext(side=4,line=9.5,expression("OM2"~(mu*g~m^{-3})),cex=1.5,col="darkgreen") 

legend("topright",legend=c("ALW","ISOAAQ","OM2"),lty=c(1,2,4),col=c("turquoise3","green3

","darkgreen"),lwd=3,cex=1.5,bty="n") 

dev.off() 

 

#great basin 

grb<-subset(alldata,alldata$number==8) 

grbsum<-subset(grb,grb$seasonnum==3) 

grbsum$year<-as.numeric(grbsum$year) 

d<-

data.frame(year=grbsum$year,water=grbsum$water,OM2=grbsum$OM2,AerMassISOAAQ=grb

sum$AerMassISOAAQ) 

grbagg<-aggregate(d,by=list(d$year),FUN="median",na.rm=T) 

 

plot(grbagg$year,grbagg$water,type="l") 

plot(grbagg$year,grbagg$AerMassISOAAQ,type="l") 

plot(grbagg$year,grbagg$OM2,type="l") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/grbasin_isoaaq_om2_alw_pts.jpg",width=9,height=6,units="in",res=300) 

par(mar=c(4,5,4,11)) 

plot(grbagg$year,grbagg$water,type="l",col="turquoise3",lwd=3,las=1,cex.axis=1.5,ylab="",xla

b="",axes=F,ylim=c(0,0.6)) 

points(grbagg$year,grbagg$water,pch=16,cex=1.5,col="turquoise3") 

box() 

axis(side=2,cex.axis=1.5,las=1,col.axis="turquoise3") 

axis(side=1,cex.axis=1.5) 
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mtext(side=2,line=3,expression("ALW"~(mu*g~m^{-3})),col="turquoise3",cex=1.5) 

par(new=T) 

plot(grbagg$year,grbagg$AerMassISOAAQ,type="l",col="green3",lty=2,lwd=3,axes=F,ylab="",

xlab="",ylim=c(0,0.3)) 

points(grbagg$year,grbagg$AerMassISOAAQ,pch=16,cex=1.5,col="green3") 

axis(side=4,cex.axis=1.5,las=1,col.axis="green3") 

mtext(side=4,line=4.5,expression("GEOS-Chem ISOAAQ"~(mu*g~m^{-

3})),cex=1.5,col="green3") 

par(new=T) 

plot(grbagg$year,grbagg$OM2,lwd=3,col="darkgreen",lty=4,ylim=c(0,0.5),axes=F,ylab="",xlab

="",type="l") 

points(grbagg$year,grbagg$OM2,pch=16,cex=1.5,col="darkgreen") 

axis(side=4,line=6,cex.axis=1.5,las=1,col.axis="darkgreen") 

mtext(side=4,line=9.5,expression("OM2"~(mu*g~m^{-3})),cex=1.5,col="darkgreen") 

legend("topright",legend=c("ALW","ISOAAQ","OM2"),lty=c(1,2,4),col=c("turquoise3","green3

","darkgreen"),lwd=3,cex=1.5,bty="n") 

dev.off() 
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#Supporting Information Code for Chapter 4 

 

################################### 

#Figure S1. Locations of sites and regions# 

################################### 

jdata<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/alldata_updated_thru2016.csv") 

jdata$Date<-as.Date(as.character(jdata$Date),format="%m/%d/%Y") 

jdata$month<-substring(jdata$Date,6,7) 

jdata$month<-as.numeric(jdata$month) 

jdata$year<-substring(jdata$Date,1,4) 

jdata$year<-as.numeric(jdata$year) 

jdata$Year<-ifelse(jdata$month=="12",jdata$Year<-as.numeric(jdata$year)+1,jdata$Year<-

jdata$year) 

library(zoo) 

yq<-as.yearqtr(as.yearmon(jdata$Date,"%Y-%m-%d")+1/12) 

jdata$season<-factor(format(yq,"%q"),levels=1:4,labels=c("winter","spring","summer","fall")) 

jdata$OC1f.Value<-ifelse(jdata$OC1f.Value<0,NA,jdata$OC1f.Value) 

jdata$OC2f.Value<-ifelse(jdata$OC2f.Value<0,NA,jdata$OC2f.Value) 

jdata$OC3f.Value<-ifelse(jdata$OC3f.Value<0,NA,jdata$OC3f.Value) 

jdata$OC4f.Value<-ifelse(jdata$OC4f.Value<0,NA,jdata$OC4f.Value) 

jdata$OPf.Value<-ifelse(jdata$OPf.Value<0,NA,jdata$OPf.Value) 

jdata$OCtot<-ifelse(jdata$OCtot<0,NA,jdata$OCtot) 

attach(jdata) 

#chem clim regions# 

#this does not include urban sites since some urban sites do not fall into any regions 

northwest<-

jdata[SiteCode=="MAKA1"|SiteCode=="MAKA2"|SiteCode=="OLYM1"|SiteCode=="LYND1

"|SiteCode=="NOCA1"|SiteCode=="PASA1"|SiteCode=="SNPA1"|SiteCode=="MORA1"|Site

Code=="WHPA1",] 

columgorge<-jdata[SiteCode=="COGO1"|SiteCode=="CORI1",] 

ornorcal<-

jdata[SiteCode=="MOHO1"|SiteCode=="THSI1"|SiteCode=="KALM1"|SiteCode=="CRLA1"|S

iteCode=="REDW1"|SiteCode=="LABE1"|SiteCode=="TRIN1"|SiteCode=="LAVO1"|SiteCod

e=="BLIS1",] 

cacoast<-jdata[SiteCode=="PORE1"|SiteCode=="PINN1"|SiteCode=="RAFA1",] 

sierranv<-

jdata[SiteCode=="SOLA1"|SiteCode=="YOSE1"|SiteCode=="KAIS1"|SiteCode=="SEQU1"|Sit

eCode=="DOME1"|SiteCode=="HOOV1",] 

socal<-

jdata[SiteCode=="SAGA1"|SiteCode=="SAGO1"|SiteCode=="JOSH1"|SiteCode=="AGTI1",] 

hellscyn<-

jdata[SiteCode=="STAR1"|SiteCode=="HECA1"|SiteCode=="SALM1"|SiteCode=="SAWT1"|S

iteCode=="SCOV1"|SiteCode=="CRMO1",] 

grbasin<-jdata[SiteCode=="JARB1"|SiteCode=="GRBA1",] 
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norrockies<-

jdata[SiteCode=="CABI1"|SiteCode=="GLAC1"|SiteCode=="FLAT1"|SiteCode=="MONT1"|Si

teCode=="GAMO1"|SiteCode=="SULA1"|SiteCode=="YELL1"|SiteCode=="NOAB1"|SiteCod

e=="BRID1"|SiteCode=="BOLA2",] 

coplateau<-

jdata[SiteCode=="ARCH1"|SiteCode=="CAPI1"|SiteCode=="ZION1"|SiteCode=="BRCA1"|Sit

eCode=="CANY1"|SiteCode=="WEMI1"|SiteCode=="MEVE1"|SiteCode=="ZICA1"|SiteCode

=="INGA1"|SiteCode=="GRCA1"|SiteCode=="GRCA2"|SiteCode=="SAPE1"|SiteCode=="BA

ND1"|SiteCode=="MEAD1",] 

mogplateau<-

jdata[SiteCode=="SYCA1"|SiteCode=="HILL1"|SiteCode=="IKBA1"|SiteCode=="PEFO1"|Site

Code=="SIAN1"|SiteCode=="TONT1"|SiteCode=="QUVA1"|SiteCode=="BALD1"|SiteCode=

="BOAP1"|SiteCode=="WHIT1"|SiteCode=="GICL1"|SiteCode=="SAAN1",] 

soaz<-

jdata[SiteCode=="ORPI1"|SiteCode=="SAWE1"|SiteCode=="SAGU1"|SiteCode=="DOUG1"|S

iteCode=="CHIR1",] 

norgrpln<-

jdata[SiteCode=="MELA1"|SiteCode=="ULBE1"|SiteCode=="LOST1"|SiteCode=="FOPE1"|Si

teCode=="THRO1"|SiteCode=="NOCH1"|SiteCode=="CLPE1"|SiteCode=="THBA1"|SiteCode

=="WICA1"|SiteCode=="BADL1",] 

cenrockies<-

jdata[SiteCode=="BRLA1"|SiteCode=="MOZI1"|SiteCode=="STPE1"|SiteCode=="RMHQ1"|Si

teCode=="ROMO1"|SiteCode=="WHRI1"|SiteCode=="GRSA1"|SiteCode=="SHMI1"|SiteCode

=="WHPE1",] 

wtexas<-jdata[SiteCode=="SACR1"|SiteCode=="GUMO1"|SiteCode=="BIBE1",] 

cengrpln<-

jdata[SiteCode=="CRES1"|SiteCode=="NEBR1"|SiteCode=="BLMO1"|SiteCode=="GRRI1"|Si

teCode=="OMAH1"|SiteCode=="VILA1"|SiteCode=="LASU1"|SiteCode=="LASU2"|SiteCode

=="BOND1"|SiteCode=="CEBL1"|SiteCode=="SAFO1"|SiteCode=="TALL1"|SiteCode=="EL

DO1",] 

midsouth<-

jdata[SiteCode=="CHER1"|SiteCode=="HEGL1"|SiteCode=="ELLI1"|SiteCode=="WIMO1"|Si

teCode=="UPBU1"|SiteCode=="CACR1"|SiteCode=="SIKE1",] 

bndywaters<-

jdata[SiteCode=="VOYA1"|SiteCode=="VOYA2"|SiteCode=="BOWA1"|SiteCode=="ISRO1"|

SiteCode=="ISLE1"|SiteCode=="SENE1",] 

ohriver<-

jdata[SiteCode=="MING1"|SiteCode=="CADI1"|SiteCode=="MACA1"|SiteCode=="LIVO1"|Si

teCode=="QUCI1"|SiteCode=="MKGO1",] 

appalachia<-

jdata[SiteCode=="SIPS1"|SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="SHRO1"|Sit

eCode=="LIGO1"|SiteCode=="DOSO1"|SiteCode=="FRRE1"|SiteCode=="AREN1"|SiteCode=

="SHEN1"|SiteCode=="JART1"|SiteCode=="JEFF1",] 

southeast<-

jdata[SiteCode=="BRIS1"|SiteCode=="BRET1"|SiteCode=="OKEF1"|SiteCode=="ROMA1"|Si

teCode=="SAMA1"|SiteCode=="CHAS1"|SiteCode=="EVER1",] 
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ecoast<-jdata[SiteCode=="SWAN1"|SiteCode=="BRIG1",] 

northeast<-

jdata[SiteCode=="PRIS1"|SiteCode=="MOOS1"|SiteCode=="PEND1"|SiteCode=="OLTO1"|Sit

eCode=="ACAD1"|SiteCode=="CABA1"|SiteCode=="BRMA1"|SiteCode=="GRGU1"|SiteCod

e=="PNRF1"|SiteCode=="PACK1"|SiteCode=="LOND1"|SiteCode=="CACO1"|SiteCode=="Q

URE1"|SiteCode=="LYBR1"|SiteCode=="MAVI1"|SiteCode=="MOMO1"|SiteCode=="COHI1

"|SiteCode=="ADPI1",] 

#urbansites<-

jdata[SiteCode=="PUSO1"|SiteCode=="SPOK1"|SiteCode=="FRES1"|SiteCode=="RUBI1"|Site

Code=="PHOE1"|SiteCode=="CHIC1"|SiteCode=="DETR1"|SiteCode=="HOUS1"|SiteCode==

"BIRM1"|SiteCode=="ATLA1"|SiteCode=="WASH1"|SiteCode=="PITT1"|SiteCode=="NEYO

1"|SiteCode=="BALT1",] 

 

northwest$avglat<-mean(unique(northwest$lat),na.rm=T) 

columgorge$avglat<-mean(unique(columgorge$lat),na.rm=T) 

ornorcal$avglat<-mean(unique(ornorcal$lat),na.rm=T) 

cacoast$avglat<-mean(unique(cacoast$lat),na.rm=T) 

sierranv$avglat<-mean(unique(sierranv$lat),na.rm=T) 

socal$avglat<-mean(unique(socal$lat),na.rm=T) 

hellscyn$avglat<-mean(unique(hellscyn$lat),na.rm=T) 

grbasin$avglat<-mean(unique(grbasin$lat),na.rm=T) 

norrockies$avglat<-mean(unique(norrockies$lat),na.rm=T) 

coplateau$avglat<-mean(unique(coplateau$lat),na.rm=T) 

mogplateau$avglat<-mean(unique(mogplateau$lat),na.rm=T) 

soaz$avglat<-mean(unique(soaz$lat),na.rm=T) 

norgrpln$avglat<-mean(unique(norgrpln$lat),na.rm=T) 

cenrockies$avglat<-mean(unique(cenrockies$lat),na.rm=T) 

wtexas$avglat<-mean(unique(wtexas$lat),na.rm=T) 

cengrpln$avglat<-mean(unique(cengrpln$lat),na.rm=T) 

midsouth$avglat<-mean(unique(midsouth$lat),na.rm=T) 

bndywaters$avglat<-mean(unique(bndywaters$lat),na.rm=T) 

ohriver$avglat<-mean(unique(ohriver$lat),na.rm=T) 

appalachia$avglat<-mean(unique(appalachia$lat),na.rm=T) 

southeast$avglat<-mean(unique(southeast$lat),na.rm=T) 

ecoast$avglat<-mean(unique(ecoast$lat),na.rm=T) 

northeast$avglat<-mean(unique(northeast$lat),na.rm=T) 

 

northwest$avglon<-mean(unique(northwest$lon),na.rm=T) 

columgorge$avglon<-mean(unique(columgorge$lon),na.rm=T) 

ornorcal$avglon<-mean(unique(ornorcal$lon),na.rm=T) 

cacoast$avglon<-mean(unique(cacoast$lon),na.rm=T) 

sierranv$avglon<-mean(unique(sierranv$lon),na.rm=T) 

socal$avglon<-mean(unique(socal$lon),na.rm=T) 

hellscyn$avglon<-mean(unique(hellscyn$lon),na.rm=T) 

grbasin$avglon<-mean(unique(grbasin$lon),na.rm=T) 

norrockies$avglon<-mean(unique(norrockies$lon),na.rm=T) 
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coplateau$avglon<-mean(unique(coplateau$lon),na.rm=T) 

mogplateau$avglon<-mean(unique(mogplateau$lon),na.rm=T) 

soaz$avglon<-mean(unique(soaz$lon),na.rm=T) 

norgrpln$avglon<-mean(unique(norgrpln$lon),na.rm=T) 

cenrockies$avglon<-mean(unique(cenrockies$lon),na.rm=T) 

wtexas$avglon<-mean(unique(wtexas$lon),na.rm=T) 

cengrpln$avglon<-mean(unique(cengrpln$lon),na.rm=T) 

midsouth$avglon<-mean(unique(midsouth$lon),na.rm=T) 

bndywaters$avglon<-mean(unique(bndywaters$lon),na.rm=T) 

ohriver$avglon<-mean(unique(ohriver$lon),na.rm=T) 

appalachia$avglon<-mean(unique(appalachia$lon),na.rm=T) 

southeast$avglon<-mean(unique(southeast$lon),na.rm=T) 

ecoast$avglon<-mean(unique(ecoast$lon),na.rm=T) 

northeast$avglon<-mean(unique(northeast$lon),na.rm=T) 

 

library(maps) 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/regions_map_color_nourban_bigpch.jpg",height=4,width=6,units="in",res=300) 

par(xpd=T) 

map("state", interior = FALSE, lwd=1,col="gray20") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="gray50") 

points(mean(northwest$lon,na.rm=T),mean(northwest$lat,na.rm=T),col="steelblue3",pch=16,ce

x=1) 

points(mean(columgorge$lon,na.rm=T),mean(columgorge$lat,na.rm=T),col="maroon4",pch=16,

cex=1) 

points(mean(ecoast$lon,na.rm=T),mean(ecoast$lat,na.rm=T),col="seagreen4",pch=16,cex=1) 

points(mean(ohriver$lon,na.rm=T),mean(ohriver$lat,na.rm=T),col="peru",pch=16,cex=1) 

points(mean(appalachia$lon,na.rm=T),mean(appalachia$lat,na.rm=T),col="orchid3",pch=16,cex

=1) 

points(mean(southeast$lon,na.rm=T),mean(southeast$lat,na.rm=T),col="sienna4",pch=16,cex=1

) 

points(mean(midsouth$lon,na.rm=T),mean(midsouth$lat,na.rm=T),col="mediumblue",pch=16,c

ex=1) 

points(mean(cengrpln$lon,na.rm=T),mean(cengrpln$lat,na.rm=T),col="palegreen4",pch=16,cex

=1) 

points(mean(bndywaters$lon,na.rm=T),mean(bndywaters$lat,na.rm=T),col="skyblue",pch=16,c

ex=1) 

points(mean(norgrpln$lon,na.rm=T),mean(norgrpln$lat,na.rm=T),col="brown2",pch=16,cex=1) 

points(mean(cenrockies$lon,na.rm=T),mean(cenrockies$lat,na.rm=T),col="mediumpurple",pch=

16,cex=1) 

points(mean(coplateau$lon,na.rm=T),mean(coplateau$lat,na.rm=T),col="lightblue4",pch=16,cex

=1) 

points(mean(mogplateau$lon,na.rm=T),mean(mogplateau$lat,na.rm=T),col="pink4",pch=16,cex

=1) 

points(mean(wtexas$lon,na.rm=T),mean(wtexas$lat,na.rm=T),col="mediumturquoise",pch=16,c

ex=1) 
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points(mean(soaz$lon,na.rm=T),mean(soaz$lat,na.rm=T),col="darkred",pch=16,cex=1) 

points(mean(norrockies$lon,na.rm=T),mean(norrockies$lat,na.rm=T),col="lightgoldenrod4",pch

=16,cex=1) 

points(mean(grbasin$lon,na.rm=T),mean(grbasin$lat,na.rm=T),col="lightblue",pch=16,cex=1) 

points(mean(sierranv$lon,na.rm=T),mean(sierranv$lat,na.rm=T),col="chocolate4",pch=16,cex=

1) 

points(mean(cacoast$lon,na.rm=T),mean(cacoast$lat,na.rm=T),col="dodgerblue4",pch=16,cex=

1) 

points(mean(ornorcal$lon,na.rm=T),mean(ornorcal$lat,na.rm=T),col="greenyellow",pch=16,cex

=1) 

points(mean(northeast$lon,na.rm=T),mean(northeast$lat,na.rm=T),col="midnightblue",pch=16,c

ex=1) 

points(mean(socal$lon,na.rm=T),mean(socal$lat,na.rm=T),col="lightgreen",pch=16,cex=1) 

points(mean(hellscyn$lon,na.rm=T),mean(hellscyn$lat,na.rm=T),col="black",pch=16,cex=1) 

#points(unique(urbansites$lon,na.rm=T),unique(urbansites$lat,na.rm=T),col="firebrick2",pch=1

8,cex=1) 

text(mean(northwest$lon,na.rm=T),mean(northwest$lat,na.rm=T)+1,"Northwest",cex=0.75,col=

"steelblue3") 

text(mean(columgorge$lon,na.rm=T),mean(columgorge$lat,na.rm=T)+1,"Columbia River 

Gorge",cex=0.75,col="maroon4") 

text(mean(hellscyn$lon,na.rm=T),mean(hellscyn$lat,na.rm=T)+1,"Hells 

Canyon",cex=0.75,col="black") 

text(mean(norrockies$lon,na.rm=T),mean(norrockies$lat,na.rm=T)+1.25,"Northern 

Rockies",cex=0.75,col="lightgoldenrod4") 

text(mean(norgrpln$lon,na.rm=T)+2,mean(norgrpln$lat,na.rm=T)-1,"Northern Great 

Plains",cex=0.75,col="brown2") 

text(mean(bndywaters$lon,na.rm=T),mean(bndywaters$lat+1),"Boundary 

Waters",cex=0.75,col="skyblue") 

text(mean(cenrockies$lon,na.rm=T)+2,mean(cenrockies$lat,na.rm=T)+1,"Central 

Rockies",cex=0.75,col="mediumpurple") 

text(mean(cengrpln$lon,na.rm=T),mean(cengrpln$lat,na.rm=T)+1,"Central Great 

Plains",cex=0.75,col="palegreen4") 

text(mean(northeast$lon,na.rm=T),mean(northeast$lat,na.rm=T)+1,"Northeast",cex=0.75,col="

midnightblue") 

text(mean(ecoast$lon,na.rm=T),mean(ecoast$lat,na.rm=T)+1,"East 

Coast",cex=0.75,col="seagreen4") 

text(mean(appalachia$lon,na.rm=T),mean(appalachia$lat,na.rm=T)-

1,"Appalachia",cex=0.75,col="orchid3") 

text(mean(ohriver$lon,na.rm=T),mean(ohriver$lat,na.rm=T)+1,"Ohio River 

Valley",cex=0.75,col="peru") 

text(mean(southeast$lon,na.rm=T),mean(southeast$lat,na.rm=T)+1,"Southeast",cex=0.75,col="s

ienna4") 

text(mean(midsouth$lon,na.rm=T),mean(midsouth$lat,na.rm=T)+1,"Mid 

South",cex=0.75,col="mediumblue") 

text(mean(wtexas$lon,na.rm=T)+2,mean(wtexas$lat,na.rm=T)+1,"West 

Texas",cex=0.75,col="mediumturquoise") 
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text(mean(mogplateau$lon,na.rm=T),mean(mogplateau$lat,na.rm=T)+1,"Mogollon 

Plateau",cex=0.75,col="pink4") 

text(mean(soaz$lon,na.rm=T),mean(soaz$lat,na.rm=T)-1,"Southern 

AZ",cex=0.75,col="darkred") 

text(mean(coplateau$lon,na.rm=T)+2,mean(coplateau$lat,na.rm=T)-1,"Colorado 

Plateau",cex=0.75,col="lightblue4") 

text(mean(socal$lon,na.rm=T)-1,mean(socal$lat,na.rm=T)-1,"Southern 

CA",cex=0.75,col="lightgreen") 

text(mean(sierranv$lon,na.rm=T),mean(sierranv$lat,na.rm=T)+1,"Sierra 

Nevada",cex=0.75,col="chocolate4") 

text(mean(cacoast$lon,na.rm=T)-1,mean(cacoast$lat,na.rm=T)-1,"CA 

Coast",xpd=T,cex=0.75,col="dodgerblue4") 

text(mean(grbasin$lon,na.rm=T)-1,mean(grbasin$lat,na.rm=T)+1,"Great 

Basin",cex=0.75,col="lightblue") 

text(mean(ornorcal$lon,na.rm=T),mean(ornorcal$lat,na.rm=T)+1,"Oregon/Northern 

CA",xpd=T,cex=0.75,col="greenyellow") 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/sites_map_color_nourban_bigpch.jpg",height=4,width=6,units="in",res=300) 

map("state", interior = FALSE, lwd=1,col="gray20") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="gray50") 

points(unique(northwest$lon),unique(northwest$lat),col="steelblue3",pch=16,cex=1.25) 

points(unique(columgorge$lon),unique(columgorge$lat),col="maroon4",pch=16,cex=1.25) 

points(unique(ecoast$lon),unique(ecoast$lat),col="seagreen4",pch=16,cex=1.25) 

points(unique(ohriver$lon),unique(ohriver$lat),col="peru",pch=16,cex=1.25) 

points(unique(appalachia$lon),unique(appalachia$lat),col="orchid3",pch=16,cex=1.25) 

points(unique(southeast$lon),unique(southeast$lat),col="sienna4",pch=16,cex=1.25) 

points(unique(midsouth$lon),unique(midsouth$lat),col="mediumblue",pch=16,cex=1.25) 

points(unique(cengrpln$lon),unique(cengrpln$lat),col="palegreen4",pch=16,cex=1.25) 

points(unique(bndywaters$lon),unique(bndywaters$lat),col="skyblue",pch=16,cex=1.25) 

points(unique(norgrpln$lon),unique(norgrpln$lat),col="brown2",pch=16,cex=1.25) 

points(unique(cenrockies$lon),unique(cenrockies$lat),col="mediumpurple",pch=16,cex=1.25) 

points(unique(coplateau$lon),unique(coplateau$lat),col="lightblue4",pch=16,cex=1.25) 

points(unique(mogplateau$lon),unique(mogplateau$lat),col="pink4",pch=16,cex=1.25) 

points(unique(wtexas$lon),unique(wtexas$lat),col="mediumturquoise",pch=16,cex=1.25) 

points(unique(soaz$lon),unique(soaz$lat),col="darkred",pch=16,cex=1.25) 

points(unique(norrockies$lon),unique(norrockies$lat),col="lightgoldenrod4",pch=16,cex=1.25) 

points(unique(grbasin$lon),unique(grbasin$lat),col="lightblue",pch=16,cex=1.25) 

points(unique(sierranv$lon),unique(sierranv$lat),col="chocolate4",pch=16,cex=1.25) 

points(unique(cacoast$lon),unique(cacoast$lat),col="dodgerblue4",pch=16,cex=1.25) 

points(unique(ornorcal$lon),unique(ornorcal$lat),col="greenyellow",pch=16,cex=1.25) 

points(unique(northeast$lon),unique(northeast$lat),col="midnightblue",pch=16,cex=1.25) 

points(unique(socal$lon),unique(socal$lat),col="lightgreen",pch=16,cex=1.25) 

points(unique(hellscyn$lon),unique(hellscyn$lat),col="black",pch=16,cex=1.25) 



255 

 

#points(unique(urbansites$lon,na.rm=T),unique(urbansites$lat,na.rm=T),col="firebrick2",pch=1

8,cex=1) 

dev.off() 

 

########################################## 

#Figure S2. Decadal trends in copper, iron, sea salt# 

########################################## 

metals<-

read.table("C:/Users/amych/Downloads/202031793313478L0wO02.txt",header=T,sep=",") 

metals$Date<-as.Date(as.character(metals$Date),format="%m/%d/%Y") 

metals$month<-as.numeric(substring(metals$Date,6,7)) 

metals$year<-as.numeric(substring(metals$Date,1,4)) 

metals$CUf.Value<-ifelse(metals$CUf.Value<0,NA,metals$CUf.Value) 

metals$FEf.Value<-ifelse(metals$FEf.Value<0,NA,metals$FEf.Value) 

metals$SeaSaltf.Value<-ifelse(metals$SeaSaltf.Value<0,NA,metals$SeaSaltf.Value) 

metalsavg<-aggregate(metals,by=list(metals$year),FUN="mean",na.rm=T) 

 

tiff("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/interfering_concs.tif",width=7,height=6,units="in",res=300) 

par(mar=c(4,6,3,2)) 

plot(metalsavg$year,metalsavg$CUf.Value,type="l",ylim=c(0,0.2),col="brown4",lwd=3,lty=1, 

     ylab="",xlab="",las=1,cex.axis=1.5,cex.lab=1.5) 

mtext(side=2,line=3.5,expression("Concentration"~(mu*g~m^{-3})),cex=1.5) 

lines(metalsavg$year,metalsavg$FEf.Value,col="firebrick2",lwd=3,lty=3) 

lines(metalsavg$year,metalsavg$SeaSaltf.Value,col="turquoise3",lwd=3,lty=2) 

legend("topright",legend=c("Copper","Iron","Sea 

Salt"),lty=c(1,3,2),col=c("brown4","firebrick2","turquoise3"), 

       lwd=3,cex=1.5,bty="n") 

dev.off() 

 

############################### 

#Figure S3. OM:OC ratios over time# 

############################### 

regions4<-read.csv("C:/Users/amych/Downloads/all_combined_data.csv") 

regions4$Date<-as.Date(as.character(regions4$Date),format="%Y-%m-%d") 

omocseas<-aggregate(regions4,by=list(regions4$month,regions4$year),FUN="mean",na.rm=T) 

 

tiff("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/om_oc_time.tif",height=6,width=7,units="in",res=300) 

i<-order(omocseas$Date) 

par(mar=c(3,5,4,3)) 

plot(omocseas$Date[i],omocseas$om.oc[i],type="l",ylim=c(0,5),ylab="OM:OC",xlab="",cex.lab

=1.5,cex.axis=1.5,lwd=3,las=1) 

dev.off() 
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########################################## 

#Figure S4. Absolute decadal OC fraction changes# 

########################################## 

#basically need to multiply sen's slope trend (ug/m3/yr) by 11 yrs to get ug/m3/decade 

diffs<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/all_percent_diffs_bestQA.csv") 

diffs$tocd<-(diffs$sst*11) 

diffs$oc1d<-(diffs$ss1*11) 

diffs$oc2d<-(diffs$ss2*11) 

diffs$oc3d<-(diffs$ss3*11) 

diffs$oc4d<-(diffs$ss4*11) 

diffs$opd<-(diffs$ssp*11) 

 

#TOC abs diffs 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/TOC_absdiffs_dec.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mkt<0.05,16,1), 

       cex=ifelse(diffs$tocd< -0.4,5.5,ifelse(diffs$tocd< -0.3,4.5,ifelse(diffs$tocd< -

0.2,3.5,ifelse(diffs$tocd< -0.1,2.5,1.5)))), 

       col=ifelse(diffs$tocd<0,"mediumblue","firebrick2"),lwd=4) 

legend(-127.5,24.5,legend=c("< -0.4","-0.4 to -0.3","-0.3 to -0.2","-0.2 to -0.1","-0.1 to 0"), 

       pch=c(16,16,16,16,16),pt.cex=c(5.5,4.5,3.5,2.5,1.5),ncol=3,cex=1.75,y.intersp=1.1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue","mediumblue"),pt.lwd=3,title

=expression("TOC Change"~(mu*g~m^{-3})),bty="n") 

dev.off() 

 

#OC1 abs diffs 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC1_absdiffs_dec.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk1<0.05,16,1), 

       cex=ifelse(diffs$oc1d< -0.2,5.5,ifelse(diffs$oc1d< -0.15,4.5,ifelse(diffs$oc1d< -

0.1,3.5,ifelse(diffs$oc1d< -0.05,2.5,ifelse(diffs$oc1d< 0,1.5,1.5))))), 

       col=ifelse(diffs$oc1d<0,"mediumblue","firebrick2"),lwd=4) 

legend(-127.5,24.5,legend=c("< -0.2","-0.2 to -0.15","-0.15 to -0.1","-0.1 to -0.05","-0.05 to 

0","> 0"), 

       pch=c(16,16,16,16,16,16),pt.cex=c(5.5,4.5,3.5,2.5,1.5,1.5),ncol=3,cex=1.75,y.intersp=1.1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue","mediumblue","firebrick2"),p

t.lwd=3,title=expression("OC Change"~(mu*g~m^{-3})),bty="n") 
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dev.off() 

 

#OC2 abs diffs 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC2_absdiffs_dec.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk2<0.05,16,1), 

       cex=ifelse(diffs$oc2d< -0.2,5.5,ifelse(diffs$oc2d< -0.15,4.5,ifelse(diffs$oc2d< -

0.1,3.5,ifelse(diffs$oc2d< -0.05,2.5,ifelse(diffs$oc2d< 0,1.5,1.5))))), 

       col=ifelse(diffs$oc2d<0,"mediumblue","firebrick2"),lwd=4) 

legend(-127.5,24.5,legend=c("< -0.2","-0.2 to -0.15","-0.15 to -0.1","-0.1 to -0.05","-0.05 to 

0","> 0"), 

       pch=c(16,16,16,16,16,16),pt.cex=c(5.5,4.5,3.5,2.5,1.5,1.5),ncol=3,cex=1.75,y.intersp=1.1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue","mediumblue","firebrick2"),p

t.lwd=3,title=expression("OC Change"~(mu*g~m^{-3})),bty="n") 

dev.off() 

 

#OC3 abs diffs 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC3_absdiffs_dec.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk3<0.05,16,1), 

       cex=ifelse(diffs$oc3d< -0.2,5.5,ifelse(diffs$oc3d< -0.15,4.5,ifelse(diffs$oc3d< -

0.1,3.5,ifelse(diffs$oc3d< -0.05,2.5,ifelse(diffs$oc3d< 0,1.5,1.5))))), 

       col=ifelse(diffs$oc3d<0,"mediumblue","firebrick2"),lwd=4) 

legend(-127.5,24.5,legend=c("< -0.2","-0.2 to -0.15","-0.15 to -0.1","-0.1 to -0.05","-0.05 to 

0","> 0"), 

       pch=c(16,16,16,16,16,16),pt.cex=c(5.5,4.5,3.5,2.5,1.5,1.5),ncol=3,cex=1.75,y.intersp=1.1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue","mediumblue","firebrick2"),p

t.lwd=3,title=expression("OC Change"~(mu*g~m^{-3})),bty="n") 

dev.off() 

 

#OC4 abs diffs 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC4_absdiffs_dec.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mk4<0.05,16,1), 
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       cex=ifelse(diffs$oc4d< -0.2,5.5,ifelse(diffs$oc4d< -0.15,4.5,ifelse(diffs$oc4d< -

0.1,3.5,ifelse(diffs$oc4d< -0.05,2.5,ifelse(diffs$oc4d< 0,1.5,1.5))))), 

       col=ifelse(diffs$oc4d<0,"mediumblue","firebrick2"),lwd=4) 

legend(-127.5,24.5,legend=c("< -0.2","-0.2 to -0.15","-0.15 to -0.1","-0.1 to -0.05","-0.05 to 

0","> 0"), 

       pch=c(16,16,16,16,16,16),pt.cex=c(5.5,4.5,3.5,2.5,1.5,1.5),ncol=3,cex=1.75,y.intersp=1.1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue","mediumblue","firebrick2"),p

t.lwd=3,title=expression("OC Change"~(mu*g~m^{-3})),bty="n") 

dev.off() 

 

#PC abs diffs 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/PC_absdiffs_dec.jpg",width=7,height=6,units="in",res=300) 

par(xpd=T) 

map('state',lty=1,lwd=1,interior=F,col="black") 

map("state", boundary = FALSE, lty = 2, add = TRUE,col="black") 

points(x=diffs$avglon,y=diffs$avglat,pch=ifelse(diffs$mkp<0.05,16,1), 

       cex=ifelse(diffs$opd< -0.2,5.5,ifelse(diffs$opd< -0.15,4.5,ifelse(diffs$opd< -

0.1,3.5,ifelse(diffs$opd< -0.05,2.5,ifelse(diffs$opd< 0,1.5,1.5))))), 

       col=ifelse(diffs$opd<0,"mediumblue","firebrick2"),lwd=4) 

legend(-127.5,24.5,legend=c("< -0.2","-0.2 to -0.15","-0.15 to -0.1","-0.1 to -0.05","-0.05 to 

0","> 0"), 

       pch=c(16,16,16,16,16,16),pt.cex=c(5.5,4.5,3.5,2.5,1.5,1.5),ncol=3,cex=1.75,y.intersp=1.1, 

       

col=c("mediumblue","mediumblue","mediumblue","mediumblue","mediumblue","firebrick2"),p

t.lwd=3,title=expression("OC Change"~(mu*g~m^{-3})),bty="n") 

dev.off() 

 

################################# 

#Figure S5. Decadal % change in ALW# 

################################# 

diffs2<-read.csv("C:/Users/stor/Documents/OC Fraction Trends/review/water_sen_percent.csv") 

 

#map! 

jpeg("C:/Users/stor/Documents/OC Fraction 

Trends/review/water_perc_peryear_allseason.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=diffs2,aes(x=diffs2$avglon,y=diffs2$avglat, 

                             colour=waterperc),size=4)+guides(shape=F)+ 

  scale_colour_gradientn(colours=rev(matlab.like(23)),limits=c(-1,0),breaks=c(-1,-0.75,-0.5,-

0.25,0))+ 
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  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

 

#Figure S6. Decadal % change in PC 

diffs<-read.csv("C:/Users/stor/Documents/OC Fraction Trends/all_percent_diffs.csv") 

#map 

library(ggplot2) 

library(colorRamps) 

library(RColorBrewer) 

 

jpeg("C:/Users/stor/Documents/OC Fraction 

Trends/review/pc_perc_peryear_allseason.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="bl

ack")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=diffs,aes(x=diffs$avglon,y=diffs$avglat, 

                            colour=opperc),size=4)+guides(shape=F)+ 

  scale_colour_gradientn(colours=rev(matlab.like(23)),limits=c(-0.2,0),breaks=c(-0.2,-0.15,-0.1,-

0.05,0))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

###################################################### 

#Figure S7. OC fraction changes in Appalachia with uncertainties# 

###################################################### 

ocdat<-read.csv("C:/Users/amych/Documents/Research/OC Fraction Trends/OC_bestQA.csv") 

ocdat$Date<-as.Date(as.character(ocdat$Date),format="%Y-%m-%d") 

ocdat2<-

data.frame(SiteCode=ocdat$SiteCode,Date=ocdat$Date,month=ocdat$month,year=ocdat$year, 

                   

OC1_QA=ocdat$OC1_QA,OC2_QA=ocdat$OC2_QA,OC3_QA=ocdat$OC3_QA,OC4_QA=oc

dat$OC4_QA, 

                   OP_QA=ocdat$OP_QA,OCtot=ocdat$OCf.Value, 
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                   oc1_low=ocdat$oc1_low,oc1_high=ocdat$oc1_high,oc2_low=ocdat$oc2_low, 

                   

oc2_high=ocdat$oc2_high,oc3_low=ocdat$oc3_low,oc3_high=ocdat$oc3_high,oc4_low=ocdat$

oc4_low, 

                   oc4_high=ocdat$oc4_high,op_low=ocdat$op_low,op_high=ocdat$op_high) 

ocdat3<-aggregate(ocdat2,by=list(ocdat2$SiteCode,ocdat2$Date),FUN="mean",na.rm=T) 

ocdat3$SiteCode<-ocdat3$Group.1 

ocdat3$Date<-ocdat3$Group.2 

ocdat3$Group.1<-NULL 

ocdat3$Group.2<-NULL 

 

#appalachia 

attach(ocdat3) 

appalachia<-

ocdat3[SiteCode=="SIPS1"|SiteCode=="COHU1"|SiteCode=="GRSM1"|SiteCode=="SHRO1"|

SiteCode=="LIGO1"|SiteCode=="DOSO1"|SiteCode=="FRRE1"|SiteCode=="AREN1"|SiteCod

e=="SHEN1"|SiteCode=="JART1"|SiteCode=="JEFF1",] 

appalachia$SiteCode<-NULL 

appmon<-

aggregate(appalachia,by=list(appalachia$month,appalachia$year),FUN="median",na.rm=T) 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/app_month_oc1_uncerts.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,6,4,2)) 

plot(appmon$Date,appmon$OC1_QA,type="l",col="black",ylim=c(0,1),las=1,ylab="",xlab="",c

ex.axis=2) 

mtext(side=2,line=3.5,cex=2,expression("OC1"~(mu*g~m^{-3}))) 

polygon(c(appmon$Date,rev(appmon$Date)),c(appmon$oc1_high,rev(appmon$oc1_low)),col="

gray80",border="gray80") 

lines(appmon$Date,appmon$OC1_QA,col="black",lwd=2) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/app_month_oc2_uncerts.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,6,4,2)) 

plot(appmon$Date,appmon$OC2_QA,type="l",col="black",ylim=c(0,1),las=1,ylab="",xlab="",c

ex.axis=2) 

mtext(side=2,line=3.5,cex=2,expression("OC2"~(mu*g~m^{-3}))) 

polygon(c(appmon$Date,rev(appmon$Date)),c(appmon$oc2_high,rev(appmon$oc2_low)),col="

gray80",border="gray80") 

lines(appmon$Date,appmon$OC2_QA,col="black",lwd=2) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/app_month_oc3_uncerts.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,6,4,2)) 



261 

 

plot(appmon$Date,appmon$OC3_QA,type="l",col="black",ylim=c(0,1),las=1,ylab="",xlab="",c

ex.axis=2) 

mtext(side=2,line=3.5,cex=2,expression("OC3"~(mu*g~m^{-3}))) 

polygon(c(appmon$Date,rev(appmon$Date)),c(appmon$oc3_high,rev(appmon$oc3_low)),col="

gray80",border="gray80") 

lines(appmon$Date,appmon$OC3_QA,col="black",lwd=2) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/app_month_oc4_uncerts.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,6,4,2)) 

plot(appmon$Date,appmon$OC4_QA,type="l",col="black",ylim=c(0,1),las=1,ylab="",xlab="",c

ex.axis=2) 

mtext(side=2,line=3.5,cex=2,expression("OC4"~(mu*g~m^{-3}))) 

polygon(c(appmon$Date,rev(appmon$Date)),c(appmon$oc4_high,rev(appmon$oc4_low)),col="

gray80",border="gray80") 

lines(appmon$Date,appmon$OC4_QA,col="black",lwd=2) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/app_month_op_uncerts.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,6,4,2)) 

plot(appmon$Date,appmon$OP_QA,type="l",col="black",ylim=c(0,1),las=1,ylab="",xlab="",ce

x.axis=2) 

mtext(side=2,line=3.5,cex=2,expression("PC"~(mu*g~m^{-3}))) 

polygon(c(appmon$Date,rev(appmon$Date)),c(appmon$op_high,rev(appmon$op_low)),col="gr

ay80",border="gray80") 

lines(appmon$Date,appmon$OP_QA,col="black",lwd=2) 

dev.off() 

 

######################################### 

#Figure S8. Decadal % changes in OC3 by season# 

######################################### 

spe<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC3_sensslopes_byseason.csv") 

spe$oc3perc100<-spe$oc3perc*100 

 

spewinter<-subset(spe,spe$seasonnum==1) 

spespring<-subset(spe,spe$seasonnum==2) 

spesummer<-subset(spe,spe$seasonnum==3) 

spefall<-subset(spe,spe$seasonnum==4) 

 

library(ggplot2) 

library(colorRamps) 

library(RColorBrewer) 
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spewinter$oc3sig<-ifelse(spewinter$pOC3<0.05,"Y","N") 

spespring$oc3sig<-ifelse(spespring$pOC3<0.05,"Y","N") 

spesummer$oc3sig<-ifelse(spesummer$pOC3<0.05,"Y","N") 

spefall$oc3sig<-ifelse(spefall$pOC3<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC3_changes_winter.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spewinter,aes(x=spewinter$avglon,y=spewinter$avglat, 

                                

colour=oc3perc100,shape=spewinter$oc3sig,stroke=2),size=4)+guides(shape=F)+scale_shape_

manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-60,60),breaks=c(-60,-30,0,30,60))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC3_changes_spring.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spespring,aes(x=spespring$avglon,y=spespring$avglat, 

                                

colour=oc3perc100,shape=spespring$oc3sig,stroke=2),size=4)+guides(shape=F)+scale_shape_m

anual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-60,60),breaks=c(-60,-30,0,30,60))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 
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jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC3_changes_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spesummer,aes(x=spesummer$avglon,y=spesummer$avglat, 

                                

colour=oc3perc100,shape=spesummer$oc3sig,stroke=2),size=4)+guides(shape=F)+scale_shape_

manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-60,60),breaks=c(-60,-30,0,30,60))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OC3_changes_fall.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spefall,aes(x=spefall$avglon,y=spefall$avglat, 

                              

colour=oc3perc100,shape=spefall$oc3sig,stroke=2),size=4)+guides(shape=F)+scale_shape_man

ual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-60,60),breaks=c(-60,-30,0,30,60))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

################################################### 

#Figure S9. Correlations between ISOAAQ and OM fractions# 

################################################### 

cors<-read.csv("C:/Users/amych/Downloads/Median_Allregions_new_OM_correlations_R.csv") 

ps<-read.csv("C:/Users/amych/Downloads/Median_Allregions_new_OM_correlations_p.csv") 
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corssummer<-subset(cors,cors$seasonnum==3) 

pssummer<-subset(ps,ps$seasonnum==3) 

 

library(ggplot2) 

library(colorRamps) 

library(RColorBrewer) 

 

corssummer$om1sig<-ifelse(pssummer$OM1vISOAAQ<0.05,"Y","N") 

corssummer$om2sig<-ifelse(pssummer$OM2vISOAAQ<0.05,"Y","N") 

corssummer$om3sig<-ifelse(pssummer$OM3vISOAAQ<0.05,"Y","N") 

corssummer$om4sig<-ifelse(pssummer$OM4vISOAAQ<0.05,"Y","N") 

corssummer$tomsig<-ifelse(pssummer$TOMvISOAAQ<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_OM1_cors_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corssummer,aes(x=corssummer$avglon,y=corssummer$avglat, 

                                 

colour=OM1vISOAAQ,shape=corssummer$om1sig,stroke=2),size=4)+guides(shape=F)+scale_s

hape_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_OM2_cors_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corssummer,aes(x=corssummer$avglon,y=corssummer$avglat, 

                                 

colour=OM2vISOAAQ,shape=corssummer$om2sig,stroke=2),size=4)+guides(shape=F)+scale_s

hape_manual(values=c(1,19))+ 
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  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_OM3_cors_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corssummer,aes(x=corssummer$avglon,y=corssummer$avglat, 

                                 

colour=OM3vISOAAQ,shape=corssummer$om3sig,stroke=2),size=4)+guides(shape=F)+scale_s

hape_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_OM4_cors_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corssummer,aes(x=corssummer$avglon,y=corssummer$avglat, 

                                 

colour=OM4vISOAAQ,shape=corssummer$om4sig,stroke=2),size=4)+guides(shape=F)+scale_s

hape_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 
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theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_TOM_cors_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corssummer,aes(x=corssummer$avglon,y=corssummer$avglat, 

                                 

colour=TOMvISOAAQ,shape=corssummer$tomsig,stroke=2),size=4)+guides(shape=F)+scale_s

hape_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

############################################# 

#Figure S10. Decadal % change in ISOAAQ by season# 

############################################# 

spe<-read.csv("C:/Users/stor/Documents/OC Fraction Trends/review/Median_geos-

chem_sensslopes.csv") 

spe$isoaaqperc100<-spe$isoaaqperc*100 

 

spewinter<-subset(spe,spe$seasonnum==1) 

spespring<-subset(spe,spe$seasonnum==2) 

spesummer<-subset(spe,spe$seasonnum==3) 

spefall<-subset(spe,spe$seasonnum==4) 

 

library(ggplot2) 

library(colorRamps) 

library(RColorBrewer) 

 

spewinter$isosig<-ifelse(spewinter$pISOAAQ<0.05,"Y","N") 

spespring$isosig<-ifelse(spespring$pISOAAQ<0.05,"Y","N") 
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spesummer$isosig<-ifelse(spesummer$pISOAAQ<0.05,"Y","N") 

spefall$isosig<-ifelse(spefall$pISOAAQ<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_decreases_winter.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spewinter,aes(x=spewinter$avglon,y=spewinter$avglat, 

                                

colour=isoaaqperc100,shape=spewinter$isosig,stroke=2),size=4)+guides(shape=F)+scale_shape

_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-200,200),breaks=c(-200,-150,-100,-

50,0,50,100,150,200))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_decreases_spring.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spespring,aes(x=spespring$avglon,y=spespring$avglat, 

                                

colour=isoaaqperc100,shape=spespring$isosig,stroke=2),size=4)+guides(shape=F)+scale_shape

_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-200,200),breaks=c(-200,-150,-100,-

50,0,50,100,150,200))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 
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jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_decreases_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spesummer,aes(x=spesummer$avglon,y=spesummer$avglat, 

                                

colour=isoaaqperc100,shape=spesummer$isosig,stroke=2),size=4)+guides(shape=F)+scale_shap

e_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-200,200),breaks=c(-200,-150,-100,-

50,0,50,100,150,200))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/isoaaq_decreases_fall.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=spefall,aes(x=spefall$avglon,y=spefall$avglat, 

                              

colour=isoaaqperc100,shape=spefall$isosig,stroke=2),size=4)+guides(shape=F)+scale_shape_m

anual(values=c(1,19))+ 

  scale_colour_gradientn(colours=blue2red(23),limits=c(-200,200),breaks=c(-200,-150,-100,-

50,0,50,100,150,200))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

#################################################### 

#Figure S11. Decadal trends in increasing GEOS-Chem species# 

#################################################### 
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alldata<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/alldata_with_geos.csv") 

alldata$Date<-as.Date(as.character(alldata$Date),format="%Y-%m-%d") 

dfrm<-

data.frame(year=alldata$year,water=alldata$water,geos_water=alldata$Chem_WaterSav,OM2=a

lldata$OM2,OM3=alldata$OM3, 

                 

SO4=alldata$SO4,geos_so4=alldata$AerMassSO4,opoa=alldata$AerMassOPOA,seasonnum=all

data$seasonnum, 

                 

Date=alldata$Date,asoa=alldata$AerMassASOA,tsoa=alldata$AerMassTSOA,poa=alldata$Aer

MassPOA) 

conus<-aggregate(dfrm,by=list(dfrm$seasonnum,dfrm$year),FUN="median",na.rm=T) 

conus2<-aggregate(dfrm,by=list(dfrm$year),FUN="median",na.rm=T) 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OPOA_increases_byseason.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,5.5,4,2.5)) 

plot(conus$Date,conus$opoa,type="l",lwd=3,col="darkgreen",las=1,cex.axis=1.5,xlab="", 

     ylab="",cex.lab=1.5,ylim=c(0,2)) 

mtext(side=2,line=3.5,expression("GEOS-Chem OPOA"~(mu*g~m^{-3})),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/TSOA_increases_byseason.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,5.5,4,2.5)) 

plot(conus$Date,conus$tsoa,type="l",lwd=3,col="darkgreen",las=1,cex.axis=1.5,xlab="", 

     ylab="",cex.lab=1.5,ylim=c(0,1)) 

mtext(side=2,line=3.5,expression("GEOS-Chem TSOA"~(mu*g~m^{-3})),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/ASOA_increases_byseason.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,5.5,4,2.5)) 

plot(conus$Date,conus$asoa,type="l",lwd=3,col="darkgreen",las=1,cex.axis=1.5,xlab="", 

     ylab="",cex.lab=1.5,ylim=c(0,0.1)) 

mtext(side=2,line=3.5,expression("GEOS-Chem ASOA"~(mu*g~m^{-3})),cex=1.5) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/POA_increases_byseason.jpg",width=7,height=6,units="in",res=300) 

par(mar=c(4,5.5,4,2.5)) 

plot(conus$Date,conus$poa,type="l",lwd=3,col="darkgreen",las=1,cex.axis=1.5,xlab="", 

     ylab="",cex.lab=1.5,ylim=c(0,0.1)) 

mtext(side=2,line=3.5,expression("GEOS-Chem POA"~(mu*g~m^{-3})),cex=1.5) 

dev.off() 
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############################################## 

#Figure S12. OM3 and OPOA correlation in all seasons# 

############################################## 

cors<-read.csv("C:/Users/amych/Downloads/Median_Allregions_new_OM_correlations_R.csv") 

ps<-read.csv("C:/Users/amych/Downloads/Median_Allregions_new_OM_correlations_p.csv") 

 

corswinter<-subset(cors,cors$seasonnum==1) 

pswinter<-subset(ps,ps$seasonnum==1) 

corsspring<-subset(cors,cors$seasonnum==2) 

psspring<-subset(ps,ps$seasonnum==2) 

corssummer<-subset(cors,cors$seasonnum==3) 

pssummer<-subset(ps,ps$seasonnum==3) 

corsfall<-subset(cors,cors$seasonnum==4) 

psfall<-subset(ps,ps$seasonnum==4) 

 

corswinter$om3sig<-ifelse(pswinter$OM3vOPOA<0.05,"Y","N") 

corsspring$om3sig<-ifelse(psspring$OM3vOPOA<0.05,"Y","N") 

corssummer$om3sig<-ifelse(pssummer$OM3vOPOA<0.05,"Y","N") 

corsfall$om3sig<-ifelse(psfall$OM3vOPOA<0.05,"Y","N") 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/opoa_om3_cors_winter.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corswinter,aes(x=corswinter$avglon,y=corswinter$avglat, 

                                 

colour=OM3vOPOA,shape=corswinter$om3sig,stroke=2),size=4)+guides(shape=F)+scale_shap

e_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/opoa_om3_cors_spring.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 
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g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corsspring,aes(x=corsspring$avglon,y=corsspring$avglat, 

                                 

colour=OM3vOPOA,shape=corsspring$om3sig,stroke=2),size=4)+guides(shape=F)+scale_shap

e_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/opoa_om3_cors_summer.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 

g+geom_point(data=corssummer,aes(x=corssummer$avglon,y=corssummer$avglat, 

                                 

colour=OM3vOPOA,shape=corssummer$om3sig,stroke=2),size=4)+guides(shape=F)+scale_sha

pe_manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

jpeg("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/opoa_om3_cors_fall.jpg",width=7,height=6,units="in",res=300) 

states<-map_data("state") 

g<-

ggplot(data=states,aes(x=long,y=lat))+geom_polygon(aes(group=group),fill="white",colour="#3

33333",linetype="dashed")+coord_fixed(1.3)+guides(fill=F) 

g 
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g+geom_point(data=corsfall,aes(x=corsfall$avglon,y=corsfall$avglat, 

                               

colour=OM3vOPOA,shape=corsfall$om3sig,stroke=2),size=4)+guides(shape=F)+scale_shape_

manual(values=c(1,19))+ 

  scale_colour_gradientn(colours=matlab.like(23),limits=c(-0.9,0.9),breaks=c(-0.9,-0.6,-

0.3,0,0.3,0.6,0.9))+ 

  labs(x="",y="",title="")+ 

  

theme(panel.background=element_blank(),axis.ticks=element_blank(),axis.text=element_blank()

, 

        legend.title=element_blank(),legend.text=element_text(size=16), 

        plot.title=element_text(hjust=0.5,size=16),legend.key.height=unit(0.7,"in")) 

dev.off() 

 

################################### 

#Figure S13. OPOA and OM3 time series# 

################################### 

alldata<-read.csv("C:/Users/amych/Documents/Research/OC Fraction 

Trends/alldata_with_geos.csv") 

alldata$Date<-as.Date(as.character(alldata$Date),format="%Y-%m-%d") 

dfrm<-

data.frame(year=alldata$year,water=alldata$water,geos_water=alldata$Chem_WaterSav,OM2=a

lldata$OM2,OM3=alldata$OM3, 

                 

SO4=alldata$SO4,geos_so4=alldata$AerMassSO4,opoa=alldata$AerMassOPOA,seasonnum=all

data$seasonnum, 

                 

Date=alldata$Date,asoa=alldata$AerMassASOA,tsoa=alldata$AerMassTSOA,poa=alldata$Aer

MassPOA) 

conus<-aggregate(dfrm,by=list(dfrm$seasonnum,dfrm$year),FUN="median",na.rm=T) 

 

tiff("C:/Users/amych/Documents/Research/OC Fraction 

Trends/review/OPOA_and_OM3_conus.tif",width=7,height=6,units="in",res=300) 

par(mar=c(4,5.5,4,6)) 

plot(conus$Date,conus$opoa,type="l",lwd=3,col="darkgreen",las=1,cex.axis=1.5,xlab="", 

     ylab="",cex.lab=1.5,ylim=c(0,2)) 

par(new=T) 

plot(conus$Date,conus$OM3,type="l",lty=4,col="green3",lwd=3,axes=F,ylab="",xlab="",ylim=

c(0,0.9)) 

axis(side=4,las=1,cex.axis=1.5) 

mtext(side=4,line=3.75,expression("OM3"~(mu*g~m^{-3})),cex=1.5) 

mtext(side=2,line=3,expression("GEOS-Chem OPOA"~(mu*g~m^{-3})),cex=1.5) 

legend("topleft",legend=c("OPOA","OM3"),col=c("darkgreen","green3"),lty=c(1,4),lwd=3,bty=

"n",cex=1.5) 

dev.off() 

 




