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Environmental factors and immune related outcomes in the United States 

ABSTRACT 
Environmental factors have been found to be important risk factors of human health. Previous studies 

suggested that PM2.5 could perturb the immune system. PM2.5 is complex mixture of multiple 

constituents, and each of these constituents could have varying impact on health. However, most existing 

studies treated PM2.5 as a single exposure. How each of the constituents affects the immune system is 

less clear. Non-optimal temperature is another environmental factor that could potentially impair the 

immune function of human body. While the effects of mean temperature have been extensively studied, 

the influence of temperature variability—particularly over longer time periods—remains insufficiently 

explored. 

In this dissertation, we attempted to address these gaps. We began by studying the association between 

long-term exposure to PM2.5, PM2.5 constituents, source-specific PM2.5 and hospital admissions from 

non-respiratory infections among the Medicare beneficiaries in the US between 2000-2016. We found that 

PM2.5 was associated with increased risk of hospital admissions from total non-respiratory infections and 

its subtypes including intestinal infections, urinary tract infections and septicemia. Sulfate, nickel and 

copper contributed the largest weights in the association between PM2.5 and non-respiratory infections. 

Anthropogenic sources of PM2.5 were found to have the largest impact on the exposure-outcome 

associations.  

In chapter II, we studied the association between seasonal temperature variability, seasonal temperature 

and hospital admissions from infections using an adapted difference-in-difference analysis among the 

Medicare beneficiaries. We found that increased temperature variability in both warm and cold season, 

higher mean temperature in warm season and lower mean temperature in cold season were associated 

with increased admissions from infections.



 

iv 
 

In the last chapter, we shifted our focus from the older population to an immunocompromised group—

kidney transplant recipients. Here we investigated the association between exposure to PM2.5 

constituents prior to kidney transplant (KT) and post-KT outcomes including acute rejection, delayed-

graft function, graft failure and mortality. We found that sulfate contributed the larges weight in the 

association between the PM2.5 mixture and long-term post-KT outcomes (graft failure and mortality) 

while lead, organic carbon and nickel contributed the largest weights in the short-term outcomes (delayed 

graft function and acute rejection). 

This dissertation contributes to the growing body of evidence on the impact of environmental exposures 

on the immune system. It further demonstrates that the health effects of PM2.5 can vary depending on its 

chemical constituents and specific sources. Overall, this work provides important insights into the broader 

health implications of air pollution and climate change on human populations.  
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INTRODUCTION 
The health of populations worldwide is profoundly and extensively influenced by a diverse range of 

environmental risk factors. These factors extend far beyond simple physical surroundings, encompassing 

exposure to pollutants like air and water contamination, chemical hazards, and the rapidly escalating 

impacts of climate change. Collectively, these environmental determinants are linked to a significant 

portion of the global disease burden, contributing to both noncommunicable diseases—including 

respiratory illnesses, cardiovascular disease, and cancers—as well as infectious diseases. For effective 

policymaking and significant public health improvement, it is essential to fully grasp the complex link 

between environmental factors and health. 

Fine particulate matter (PM2.5) exposure is a well-recognized risk factor for health and has been found to 

be associated with multiple adverse health outcomes, and is potentially modifiable by change in policies 

and personal behaviors(1). It’s estimated that PM2.5 had led to more than 4.2 million annual deaths and 

ranked the fifth among the global risk factors(2). Previous studies suggested that PM2.5 could lead to 

harm in multiple system in human body. PM2.5 exposure was associated with increased risk of 

respiratory diseases, cardiovascular diseases, dementia, etc.(3-5). Animal experiments indicate that 

reactive oxygen species (such as hydrogen peroxide, superoxide, etc.), which have established relevance 

in the pathogenesis of cardiovascular disease and aging,(6) are affected by particles,(7-10) which 

represent one pathway for their cardiovascular and lung effects. Particles, and particularly the metals 

on particles, have also been associated with an increased production of 8-OHdG.(11-17) Sigaud 

and coworkers and reported that exposure of animals to particles reduced resistance to bacterial 

pneumonia.(18) Consistent with this, concentrated ambient particle exposure reduced the ability 

of macrophages in the lung to kill streptococcal bacteria.(19) Despite the adverse health impact, 

having a more stringent standard for air pollution requires the consideration of both health benefit and 

economic costs.  
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Most of the previous study treated PM2.5 as a single exposure to evaluate the effect. However, PM2.5 is a 

complex mixture of different constituents which has diameters <2.5μm. Each of these constituents could 

potentially have different impacts on health(20). Identifying the specific constituents which cause the 

most harm could provide information for further experimental studies and elucidate the mechanism 

behind the adverse effect of PM2.5. Moreover, different standards and pollution control strategy target 

different components and sources. PM2.5 come from multiple sources including traffic, coal burning, fuel 

oil, dust and biomass burning, etc. PM2.5 from each of these sources include different constituents and 

potentially leads to different health impacts(20). Results from studies focusing on particulate constituents 

and source-specific PM2.5 could inform air pollution reduction strategies which brings large health 

benefit while not spending too much on reducing the emissions from irrelevant sources.   

 

Inflammation and oxidative stress are leading hypotheses for the mode of action for PM2.5. and may 

studies have examined the association of PM2.5 with biomarkers of inflammation and immune 

activation(21). However, studies of immunological responses have tended to focus on respiratory 

responses such as Asthma or respiratory infections. The impact of PM2.5 on other immune responses in 

underdeveloped. Furthering our understanding of the full health impacts of PM2.5 can provide more 

evidence for policy makers and potentially advocate for lower standards for air pollution and thus could 

potentially protect the health of the population. 

 

Temperature is another environmental factor that is closely linked to human health. A previous multi-

country study estimated that 7.7% of the total mortality were attributable to non-optimum 

temperature(22). Extreme temperatures are also known to be an important risk factor for multiple health 

outcomes including cardiovascular diseases and mental disorders(23, 24).  

Temperature also affects immune system, both innate and adapted immunity. Exposure to heat could 

impair the function of immune cells and increase the production of signaling molecules that leads to 
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inflammations(25). Temperature fluctuations can impact adaptive immune response in multiple aspects 

including immune cell mobilization, antigen processing and presentation, lymphocyte activation, as well 

as the function of B and T cells(26). Temperature also affects epithelial barriers. Changes in temperature 

can modify epithelial composition, weaken epithelial integrity, and trigger both microbial imbalance and 

immune dysregulation(26). Both extreme high and low temperature are associated with inflammations 

(27-29) Previous studies suggested that mean temperature was associated with risk of infections(30). 

However, less is known about whether temperature variability also affects the risk of infections, 

especially variability across longer periods.  

 

Chronic diseases have accounted for the majority of the health burden in recent years; however, infectious 

diseases continue to pose a significant threat to human health. In 2021, upper respiratory infection caused 

8.16 million disability-adjusted life years globally(31). in 2015, it was estimated that the healthcare 

expenditure for intestinal infection was $6.4 billion in the United States(32). There were around 10.5 

million office visits for urinary tract infection, causing $3.5 billion in societal costs per year(33, 34). The 

cost of sepsis management ranks the highest among all of the disease in the US hospitals. In 2013, it was 

estimated that sepsis accounted for more than $24 million in hospital expenses(35). More importantly, 

sepsis is a leading cause of hospital death. Previous experimental and epidemiological studies have 

demonstrated that PM2.5 has potential immunotoxicity and increase the risk of infection(36-38). Many 

studies have found a positive association between PM2.5 exposure and risk for respiratory infections(39-

41). However, fewer studies have investigated the effect of PM2.5 on non-respiratory infections with 

conflicting results(42-44). Due to the lack of consistent evidence, further study is required in this field.  

 

Kidney transplant is the most performed solid organ transplantation. The number of kidney transplants 

performed in the US has been steadily increasing during the past years. In 2022, 26,310 kidney 

transplants were performed in the US(45). With 5-year survival of over 86%, there are large number of 

kidney transplant recipients in the US(45). In 2018, it was estimated that graft failure has led to an 
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incremental cost of $1.38 billion in the US(46). It’s likely that KT recipients have higher vulnerability to 

the effect of PM2.5 than the general population. KT recipients are on chronic immunosuppression which 

leads to alterations in immune system, which could potentially increase their risk of infections and 

malignancy induced by air pollution(47, 48). Moreover, PM2.5 could increase oxidative stress and 

systematic inflammation response(36), which are risk factors for adverse post-KT outcomes such as DGF 

and acute rejection. While this population has potentially higher vulnerability, KT recipients are not 

currently recognized as a vulnerable group to air pollution, thus the potential harm of air pollution is not 

communicated to this group of people regularly. Understand the impact of different air pollution among 

KT recipients could potentially improve the overall health among this population and reduce the health 

cost among the group. Previous studies suggested that PM2.5 was associated with increased risk of 

adverse health outcomes among KT-recipients(49, 50). However, it’s still unclear which component and 

source of PM2.5 have the most impact among this population. 

 

In this dissertation, we tried to address these research gaps and try to provide high-quality evidence for 

the association between environmental factors and immune related outcomes. In chapter I, we 

investigated the association between long-term exposure to total PM2.5, PM2.5 constituents, source-

specific PM2.5 and hospital admissions from non-respiratory infections among Medicare beneficiaries 

aged 65 or older. We began by evaluating the association between annual PM2.5 level at the ZIP code of 

residence and admissions from total non-respiratory infections and its subtypes including intestinal 

infections, urinary tract infection, central nervous system infections and septicemia using a quasi-Poisson 

regression model. Then, using the weighted quantile sum regression, we estimated how each of the 15 

PM2.5 constituents contributed to the observed association between PM2.5 and non-respiratory infection. 

We also identified the sources of PM2.5 across different time periods and regions in the US by using 

Ward’s hierarchical clustering and non-negative matrix factorization. Using the source-factors identified 

from the PM2.5 constituent data, we investigated the association between source-specific PM2.5 and 

hospital admissions from non-respiratory infections. We found that long-term exposure to PM2.5 was 
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associated with increased admissions from total non-respiratory infections, intestinal infections, urinary 

tract infections and septicemia while sulfate, nickel and copper contributed the largest weights in the 

observed associations. PM2.5 sourced from oil combustion, coal burning and traffic had the strongest 

associations with admissions from non-respiratory infections.  

 

In chapter II, we evaluated the impact of seasonal temperature variability on hospital admissions from 

different infections including respiratory, intestinal, urinary tract, CNS infections and septicemia. In this 

chapter, an adapted difference-in-difference (DID) method was used to estimate the causal association 

between the exposure and outcome. DID allowed us to control for the between-ZIP code confounding 

which changed slowly over time, including unmeasured confounders. To explore the potential effect 

measure modifications, we further conducted stratified analysis by age, sex, race, and Medicaid 

eligibilityWe found that higher temperature variability in both warm and cold season, higher mean 

temperature in warm season and lower mean temperature in cold season were associated with increased 

hospital admissions from total infections. However, the impact of temperature variability varied across 

different sub-types of infections. 

 

While chapter I and II focused on a more general population, the final chapter shifts attention to kidney 

transplant recipients, who were likely to be more vulnerable to immunotoxicities. In this chapter, we 

evaluated the association between long-term exposure to PM2.5 constituents prior to KT and long-term 

(graft failure and all-cause mortality) and short-term (delayed graft function, acute rejection) outcomes 

after transplant among kidney transplant recipients in the US between 2000-2016. In addition, effect 

measure modification by age, sex, race/ethnicity, donor type and cold-ischemia time were also explored. 

Here we found that sulfate had the highest importance in the association between the PM2.5 mixture and 

long-term post-KT outcomes, while lead, organic carbon, nickel and nitrates contributed the largest 

weights in the association for short-term outcomes. Recipients who were non-white or received a kidney 
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with cold ischemia time>12hr were more vulnerable to the adverse impacts of PM2.5 when compared to 

their counterparts.  

 

Overall, this dissertation demonstrated that exposure to environmental stressors including PM2.5, high 

temperature variability and non-optimal temperature are associated with increased risk of immune-related 

health outcomes. Additionally, we found that certain chemical constituents within PM2.5 contribute more 

significantly to adverse health effects than others. The findings of this dissertation highlight the 

importance of air pollution control strategies that focus on the most harmful constituents and sources. 

Additionally, addressing climate change is also crucial for improving population health. 
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1 CHAPTER I 
Long-term Exposure to Ambient PM2.5, Particulate Constituents and Hospital Admissions 
from Non-respiratory Infection 

Yijing Feng, Edgar Castro, Yaguang Wei, Tingfan Jin, Xinye Qiu, Francesca Dominici, Joel Schwartz 

 

1.1 ABSTRACT 

The association between PM2.5 and non-respiratory infections is unclear. Using data from Medicare 

beneficiaries and high-resolution datasets of PM2.5 and its constituents across 39,296 ZIP codes in the 

U.S between 2000-2016, we investigated the associations between annual PM2.5, PM2.5 constituents, 

source-specific PM2.5, and hospital admissions from non-respiratory infections. Each standard deviation 

(3.7-μg m-3) increase in PM2.5 was associated with a 10.8% (95%CI 10.8-11.2%) increase in rate of 

hospital admissions from non-respiratory infections. Sulfates (30.8%), Nickel (22.5%) and Copper 

(15.3%) contributed the largest weights in the observed associations. Each standard deviation increase in 

PM2.5 components sourced from oil combustion, coal burning, traffic, dirt, and regionally transported 

nitrates was associated with 14.5% (95% CI 7.6-21.8%), 18.2% (95% CI 7.2-30.2%), 20.6% (95% CI 5.6-

37.9%), 8.9% (95% CI 0.3-18.4%) and 7.8% (95% CI 0.6-15.5%) increases in hospital admissions from 

non-respiratory infections. Our results suggested that non-respiratory infections are an under-appreciated 

health effect of PM2.5. 
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1.2 INTRODUCTION 

It is estimated that 15% of all the deaths across the world are directly attributable to infectious disease 

each year(51). While respiratory infections draw the most attention, non-respiratory infections are also an 

important health burden. For example, in 2015, it was estimated that the healthcare expenditure for 

intestinal infections was $6.4 billion in the United States(32). There were around 10.5 million office visits 

for urinary tract infection, causing $3.5 billion in societal costs per year(33, 34).  

Fine particulate matter (PM2.5) is a well-recognized risk factor for health and has been found to be 

associated with multiple adverse health outcomes such as cardiovascular disease and respiratory 

disease(1, 52). Previous studies suggested that PM2.5 has potential immunotoxicity and could be a risk 

factor for infection(38, 53, 54). Various studies have found a positive association between PM2.5 

exposure and risk for respiratory infections(39-41, 55). However, only limited studies have investigated 

the effect of PM2.5 on non-respiratory infections and there were conflicting results(42-44, 56). Due to the 

lack of consistent evidence, further study is required in this field. 

PM2.5 is a complex mixture of multiple constituents that come from different sources(20). Different 

chemical constituents likely have different immunotoxic profiles which could lead to different health 

impacts. Identifying the constituent-specific effects could help us understand the underlying pathways by 

which different components and sources of PM2.5 lead to adverse health outcomes and provide 

information for targeted interventions. 

In this study, we investigated the associations between long-term exposure to PM2.5 and hospital 

admissions from non-respiratory infections among older adults in the US and identified the constituents 

and source specific PM2.5 which contribute most to the adverse health effects. 

Here, we show that ZIP codes with higher PM2.5 concentration had higher rates of hospital admissions 

from non-respiratory infections. Across the 15 PM2.5 constituents we examined, sulfates, Nickel and 

Copper contributed most to the observed association between PM2.5 and the outcome. PM2.5 sourced 
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from oil combustion, coal burning, traffic, dirt, and regionally transported nitrates had the strongest 

associations with admissions from different non-respiratory infection. 

 

1.3 METHODS 

Study population 

We included all beneficiaries who enrolled in Medicare fee for service and were aged 65 and older 

between 2000-2016. Medicare is a national health insurance program in the U.S. which provides coverage 

mainly for those who are 65 years of age or older(57). Beneficiaries entered the open cohort on January 

1st 2000 or the first January 1st after their enrollment, which ever came later, and were followed until the 

date of death, or December 31st, 2016, whichever came earlier. This study is approved by the IRB of the 

Harvard T.H. Chan School of Public Health. Informed consent was waived because this study conducted 

secondary analysis of deidentified data. 

 

Outcome 

The outcomes of this study were hospital admissions from non-respiratory infections, and its subtypes 

including central nervous system (CNS) infections, intestinal infections, urinary tract infections and 

septicemia. Data on hospital admissions including ICD (International Classification of Diseases) 

Diagnosis codes at discharge and date of admissions among Medicare beneficiaries between 2000-2016 

were extracted from the Medicare Provider Analysis and Review (MEDPAR) data file. Hospital 

admission data could include multiple diagnosis codes for each admission record. In this study, we 

defined the outcome as having a principal discharge diagnosis code of non-respiratory infections. 

For hospital admission records with ICD-9 diagnosis codes, we applied the categorizing scheme from the 

Clinical Classification Software for ICD-9-CM (CCS) to categorize over 14,000 ICD-9 diagnosis codes 

into 280 clinically meaningful and mutually exclusive diagnosis groups(58). For hospital admission 
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records with ICD-10 diagnosis code, we applied the categorizing scheme from the Clinical Classification 

Software Refined for ICD-10-CM (CCSR) to categorize over 70,000 ICD-10 diagnosis codes into 530 

clinically meaningful diagnosis groups(59). Based on CCS and CCSR, ICD diagnosis from hospital 

admission records were categorized into total non-respiratory infections, CNS infections, intestinal 

infections, urinary tract infections and septicemia.  

For admission records with ICD-9 diagnosis codes, non-respiratory infection was defined as diagnosis 

code being within one of group 2-9, 76-78, 90, 135, 159, 197, 201 and 248 of CCS scheme; CNS 

infection was defined as diagnosis code being within one of group 76-78; intestinal infection was defined 

as diagnosis code being within group 135; urinary tract infection was defined as diagnosis code being 

within group 159; septicemia was defined as diagnosis code being within group 2. 

For CCSR scheme, each ICD-10 diagnosis code could exist in more than one diagnosis group. Therefore, 

for admission records with ICD-10 diagnosis codes, non-respiratory infection was defined as being in 

group INF002-004, INF006-011, MUS001-002, MUS027, NVS001-NVS003, GEN001, SKN001 and 

DIG001 but not in group RSP002-006. CNS infection was defined as diagnosis code being within either 

one of group NVS001-003; intestinal infection was defined as diagnosis code being in group DIG001; 

urinary tract infection was defined as diagnosis code being in group GEN001; septicemia was defined as 

diagnosis group being in group INF002. 

The number of hospital admissions from non-respiratory infections and its subtypes were calculated for 

each year within each ZIP code.  

 

Environmental exposure data 

Levels of ambient PM2.5 and its constituents across the contiguous US between 2000-2016 were 

estimated from validated ensemble machine learning models developed by our grouped previously. 

Details of the exposure modeling are described elsewhere47,48,49. Daily PM2.5 at a 1km*1km grid cell 
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level was estimated by combining predictions from random forest, gradient boosting, and neural network 

models in a geographically weighted regression ensemble. Predictors of the model for PM2.5 included 

aerosol optical depth, meteorology data, chemical transport model simulations and land-use data(60). The 

cross-validated (CV) R2 of the annual PM2.5 prediction model was 0.89.  

Annual mean levels of 15 PM2.5 constituents [elemental carbon (EC), ammonium (NH4+), nitrate (NO3
-), 

organic carbon (OC), and sulfate (SO4
2-), bromine (Br), calcium (Ca), copper (Cu), iron (Fe), potassium 

(K), nickel (Ni), lead (Pb), silicon (Si), vanadium (V), and zinc (Zn)] were estimated at a 50m*50m grid 

cell level in urban areas and at a 1km*1km level in rural areas. The estimates incorporated predictions 

from multiple machine-learning models including random forest (RF), stochastic gradient boosting 

(GBM), extreme gradient boosting (XGB), cubist, and K-nearest neighbors (KNN) models. These were 

ensembled using a support vector machine (SVM). Like the prediction models for PM2.5, models for 

PM2.5 constituents included a large number of predictors which included satellite observations, 

meteorology data and novel land use covariates(61, 62). The CV R2 ranged from 0.80 to 0.96 across 

different constituents. The constituents predicted comprise most, but not all of the total mass of PM2.5.  

Grid cell level PM2.5 and constituent concentrations were then aggregated to the ZIP code level based on 

previously described methods(63). The coefficient of variation for each of the exposure within ZIP codes 

are provided in Appendix A supplementary table 1. 

 

Covariates 

We obtained demographic information (age, sex, race), ZIP code of residence and Medicaid eligibility of 

the Medicare beneficiaries from the Medicare denominator file. Sex information in Medicare data was 

obtained from multiple sources including self-reported at enrollment, claims data or Electronic Health 

Records. Information on beneficiaries’ ZIP code, age, and Medicare eligibility were updated annually. ZIP 

code level socioeconomic status (SES) data including percentage of Hispanics, percentage of population 
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that had less than high school education, median household income, percentage of population who were 

on public assistance and percentage of population living in poverty were directly obtained from American 

Community Survey 5-year estimates between 2011-2016 (64) or linearly interpolated from the 2000 and 

2010 US Decennial Census(65). Data on the percentage of smokers within a ZIP code was obtained from 

Behavioral Risk Factor Surveillance System. Annual percent of Medicare enrollees having at least one 

ambulatory visit to a primary care clinician and distance to nearest hospital at ZIP code level were 

obtained or calculated from data from the Dartmouth Atlas of Healthcare website(66). ZIP code-level 

maximal daily temperature in the summer and maximal daily temperature in the winter was calculated 

from the Gridded Surface Meteorological (gridMET) Dataset(67). To account for potential temporal 

trends, we also included indicatory variables of calendar year as covariates. 

 

Statistical analysis 

Individual level data of Medicare beneficiaries were first aggregated to counts of events by ZIP code and 

year and merged with the ZIP code-level covariates. Within each ZIP code-year stratum, we calculated the 

total counts of non-respiratory infections as well as its subtypes, total number of Medicare beneficiaries, 

percent of female beneficiaries, percent of Black beneficiaries, and percent of beneficiaries who were also 

eligible for Medicaid. In our analysis, we only included ZIP codes which had more than 100 beneficiaries.  

Associations between PM2.5 and the admission rates of our five outcomes, namely total non-respiratory 

infections, central nervous system (CNS) infections, intestinal infections, urinary tract infections, and 

septicemia were investigated using multivariable quasi-Poisson regression models below. 

𝑙𝑙𝑙𝑙𝑙𝑙�𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑖𝑖� =  𝛽𝛽0 + 𝛽𝛽1𝑃𝑃𝑃𝑃2.5 + 𝛽𝛽′𝒁𝒁+ 𝑙𝑙𝑙𝑙𝑙𝑙(𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖) + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 

Where i indicates the ith ZIP code, j indicates the jth year, k indicates the kth outcome (total non-respiratory 

infection and its subtypes), Z indicates the matrix of covariates mentioned above. Admission counts 

indicate the number of hospital admissions for the corresponding outcome while beneficiary count 
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indicates the number of Medicare beneficiaries aged 65 or older who were alive on January 1st of the 

corresponding year within the ZIP code. Quasi-Poisson regression was used because the outcome of the 

study was count data and the variance of the outcome was larger than the mean of the outcome. 

 The US Environmental Protection Agency is considering lowering the standard of annual PM2.5 to 9-10 

µg m-3. To evaluate the effect of PM2.5 at levels below the proposed standards, we conducted the same 

analysis restricted to ZIP code-years where PM2.5 ≤ 9 µg m-3. 

Given that PM2.5 is a mixture of multiple constituents, within which correlations exist, we used weighted 

quantile sum regression to investigate the mixture effects of the different constituents. Weighted quantile 

sum regression is a modeling technique which can identify the association between mixtures and the 

outcome of interest while reducing the impact of high collinearity. A detailed description of the weighted 

quantile sum method is provided in the appendix A. Briefly, weighted quantile sum regression estimates 

the relative contribution of each constituent and generates a mixture index as a linear combination of 

different constituents. It assumes each quantile increase in the mixture index is linearly and 

unidirectionally associated with the outcome(68). Using weighted quantile sum regression with a quasi-

Poisson link, we estimated the association between each one decile increase in the PM2.5 mixture and our 

five outcomes of interest while estimating the relative contribution from each of the components within 

the PM2.5 mixture. The weighted quantile sum regression was run with 100 bootstrap samples and all the 

weights were constrained to be positive. 

To identify source specific effects of PM2.5, we used non-negative matrix factorization (NMF) to conduct 

source apportionment on our ZIP code-level PM2.5 constituent data. Similar to principal component 

analysis, NMF is a method for dimensionality reduction which explains the observed multidimensional 

data using limited number of bases(69). However, NMF constrains the matrix components and the 

mixture coefficients to non-negative values, which is more appropriate for mass concentrations(70). The 

regulations for the sources of air pollution varied differently over time, and hence the proportion of each 

component’s contribution to each source was likely to also vary over time. Therefore, we conducted 
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source apportionment separately by time periods. To ensure enough sample size for NMF, we separated 

our data by three time periods (2000-2005, 2006-2010 and 2011-2016). The contribution of different 

sources of PM2.5 also vary across regions. Therefore, within each time period, we summarized the ZIP 

code mean concentration for each constituent. Using Wards hierarchical clustering, the contiguous US 

was categorized into three clusters with similar patterns of PM2.5 constituents for each of the time 

periods. Within each of the nine stratum (3 clusters * 3 time periods), NMF was conducted to identify 4-5 

independent factors which accounted for most of variance of the PM2.5 constituent data and the source 

factors levels for each observation(71). Based on the factor loadings of the constituents and our prior 

knowledge on the trace elements of PM2.5, we identified the source for each factor (72) (details are 

provided in the appendix A). The units of source factor levels were first converted to µg m-3 and rescaled 

by the standard deviation of each source factor (see Appendix A supplementary methods). Within each 

stratum, associations between source specific factors and non-respiratory infection outcomes were 

estimated using quasi-Poisson regression models, and all the source factors were mutually adjusted. The 

total effect for each source was estimated by combining the stratum specific effects using random effect 

meta-analysis (flowchart is shown in figure 1). Details of the random effect meta-analysis are provided in 

the appendix A. 

All the analyses were adjusted for the confounders listed in the covariate section. To account for the 

autocorrelations within ZIP codes across years, we incorporated robust standard error in all of the effect 

estimates. Statistical analyses were conducted using R 4.1.3(73). 

Figure 1.1 Flowchart for identify source specific effects of PM2.5. 
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1.4 RESULTS 

ZIP code-level characteristics 

Hospital admissions of non-respiratory infections from 39,296 ZIP codes between 2000-2016 were 

included in the analysis. In total, 13,724,218 admissions from non-respiratory infections were identified. 

This study included data from 67,005,279 Medicare beneficiaries, among whom 37,037,978 (55.3%) were 

female, 56,700,531 (84.6%) were White, 5,788,605 (8.6%) were Black and 11,837,647 (17.6%) were ever 

eligible for Medicaid. Among the 436,577 included ZIP code-years, the median number of beneficiaries 

was 536, while the median percentage of beneficiaries younger than 75 years-old was 55.2%, the median 

percentage of female beneficiaries was 55.6%, median percentage of White beneficiaries was 95.9%. 

Other ZIP code-level characteristics controlled for in the analysis, including percentage of smokers, SES, 

and meteorology are summarized in Table 1.1. 
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Table 1.1 Characteristics of the included ZIP codes between 2000-2016. 

  Overall 
ZIP code-years 436,577 
Number of beneficiaries per ZIP code 536 [222, 1530] 
Characteristics of Medicare beneficiaries 
(median percentage [IQR])  
Female 55.59 [52.55, 58.37] 
Aged between 65-74 55.24 [50.33, 59.88] 
Aged between 75-84 32.07 [28.83, 35.30] 
White  95.86 [86.13, 98.60] 
Black 0.90 [0.00, 5.81] 
Eligible for Medicaid 10.03 [5.93, 17.26] 
ZIP code-level contextual characteristics 
(median [IQR])  
Hispanic (%) 2.87 [1.04, 8.84] 
Poverty (%) 8.46 [5.21, 13.27] 
Education below high-school (%) 25.62 [16.06, 37.69] 
Median Household income ($) 44575 [35537, 57417] 
Smoker (%) 46.76 [42.22, 51.47] 
Percent beneficiaries had ambulatory visit 
(%) 80.35 [76.65, 83.22] 
Distance to the nearest hospital (Km)  8.73 [3.04, 17.09] 
Population density 127.38 [35.87, 1110.00] 
Winter maximal daily temperature (℃) 6.88 [2.17, 13.37] 
Summer maximal daily temperature (℃) 29.51 [27.04, 32.25]   

 

PM2.5 and non-respiratory infection 

Across all the included ZIP code-years, the median level of PM2.5 was 9.7μg m-3 (IQR 7.7-11.8). The 

median admission rate of non-respiratory infections was 25.1 (IQR 16.3-35.2) per 1000 person-years. The 

distribution of PM2.5 levels and rate of admission from non-respiratory infections in 2008 are shown in 

Figures 2 and 3. After adjusting for the covariates, each standard deviation (3.7-µg m-3) increase in PM2.5 

was associated with a 10.8% (95%CI 10.8-11.2%) increase in the admission rate from non-respiratory 

infection. PM2.5 was also significantly associated with increased admission rates for three sub-types of 

non-respiratory infection. The increases in admission rate associated with each standard deviation 
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increase in PM2.5 were 6.8% (95% CI, 6.4-7.2%), 12.0% (95% CI, 11.6-12.0%) and 12.8% (95% CI, 

12.4-13.2%) for intestinal infections, urinary tract infections and septicemia respectively (Table 1.2). 

When we restricted the analysis to ZIP code-years with PM2.5 ≤ 9 µg m-3, a standard deviation increase 

in PM2.5 was associated with 21.5% (95%CI 20.6-22.8%) increase in rate of hospital admissions from 

non-respiratory infections (Table 1.2). 
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Figure 1.2 ZIP code-level PM2.5 in the US in 2008.      

 

Figure 1.3 Rate of hospital admissions from non-respiratory infections in the US in 2008 
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Table 1.2 Association between PM2.5 and rate of hospital admissions from non-respiratory disease among 
Medicare beneficiaries between 2000-2016. 

Outcome 
Admission rate ratio (95%CI) 

All ZIP code-years ZIP code-years with PM2.5 ≤ 9 µg m-3 
Non-respiratory 

infection 1.108 (1.108-1.112) 1.215 (1.206-1.228) 

CNS infection 1.007 (0.996-1.022) 0.949 (0.921-0.982) 
Intestinal infection 1.068 (1.064-1.072) 1.189 (1.173-1.206) 

Urinary tract infection 1.120 (1.116-1.12) 1.236 (1.223-1.245) 
Septicemia 1.128 (1.124-1.132) 1.228 (1.215-1.241) 

 

Admission rate ratio was calculated for each standard deviation (3.7μg m-3 ) increase in PM2.5. All the 

associations were adjusted for percentage of beneficiaries who were female, percentage of beneficiaries 

who were aged between 65 and 74, percentage of beneficiaries who were aged above between 75 and 84, 

percentage of beneficiaries who were White, percent of beneficiaries who were Black, percentage of 

beneficiaries who were eligible for Medicaid, percentage of population living in poverty, percentage of 

population having education less than high school, percent smokers, median household income, 

percentage of population who were on public assistance, average annual percent of Medicare enrollees 

having at least one ambulatory visit to a primary care clinician, distance to nearest hospital, population 

density, summer maximal daily temperature, winter maximal daily temperature at ZIP code-level and 

calendar year. 

Mixture effect of PM2.5 constituents 

Each decile increase in the mixture was associated with a 10.3% (95%CI 10.2-10.4%) increase in 

admission rate of non-respiratory infection, while the constituents with the highest relative importance 

were SO4 (30.8%), Ni (22.5%) and Cu (15.3%) (Figure 4). Similarly, each decile increase in the mixture 

was associated with 10.2% (95%CI 10.1-10.4%), 12.7% (95%CI 12.4-13.0%), and 12.0% (95%CI 11.8-

12.3%) increases in admission rate for septicemia, intestinal infections and urinary tract infections, 
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respectively. The constituents with the highest relative importance were Ni (19.7%), SO4 (17.4%) and Cu 

(15.6%) for septicemia; Cu (37.3%), Ni (20.0%) and SO4 (18.4%) for intestinal infections and SO4 

(34.2%), Ni (14.2%), Fe (13.5%) for urinary tract infections. Each decile increase in the mixture was 

associated with 4.2% (95%CI 3.2-5.2%) increase in admission rate of CNS infections while the 

constituents with highest relative importance were Si (25.2%), OC (16.2%) and Ca (14.4%). Detailed 

relative importance of constituents for the four sub-types of non-respiratory infections are shown in 

Appendix A supplementary figure S1-4. All the results were adjusted for covariates mentioned above. 

Figure 1.4 Weights of PM2.5 constituents in the mixture index for the association between the particle 
mixture and non-respiratory infections.  

 

The dash line indicated the suggested threshold for the most influential constituents. Source data are 
provided as a Source Data file.  

 

 

Source specific PM2.5 and non-respiratory infections 
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Geographical distributions for the clusters within which we conducted separate NMF are shown in 

Appendix A figure S5-S7. The major sources of PM2.5 identified from our constituent data were coal 

burning, traffic, oil combustion, soil, biomass burning and regionally transported nitrates. Coal burning 

was identified in all of the nine strata while oil combustion was identified in eight strata; soil and traffic 

were identified in seven strata. Detailed results from NMF are shown in Appendix A (figure s8-s16). 

After summarizing over all the strata, PM2.5 from five out of the six identified sources was significantly 

associated with increased admission rate from non-respiratory infections. The estimated increases in 

admission rate from non-respiratory infections for each one standard deviation increase in source specific 

PM2.5 were 14.5% (95%CI 7.6-21.8%), 18.2% (95%CI 7.2-30.2%), 20.6% (95%CI 5.6-37.9%), 8.9% 

(95%CI 0.3-18.4%), and 7.8% (95%CI 0.6-15.5%) for oil combustion, coal burning, traffic, soil and 

regionally transported nitrate respectively. PM2.5 from oil combustion and coal burning were associated 

with increased hospital admissions from intestinal infections, urinary tract infections and septicemia; 

while PM2.5 from traffic was associated with increased admission from all four subtypes of non-

respiratory infections. Detailed effect estimates of each of the source-specific PM2.5 are shown in table 

1.3. 
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Table 1.3 Association between source-specific PM2.5 and rate of hospital admissions from non-
respiratory infections among Medicare beneficiaries between 2000-2016. 

   
Admission Rate 

Ratio   

  Non-respiratory 
infection CNS infection Intestinal infection 

Urinary tract 
infection Septicemia 

Oil combustion 1.145 (1.076-1.218) 1.004 (0.988-1.02) 1.171 (1.085-1.264) 1.148 (1.051-1.255) 1.135 (1.074-1.199) 
Soil, dirt 1.089 (1.003-1.184) 1.112 (1.065-1.162) 1.105 (0.962-1.27) 1.153 (0.99-1.343) 1.032 (0.99-1.075) 
Coal burning 1.182 (1.072-1.302) 1.007 (0.988-1.026) 1.161 (1.013-1.332) 1.226 (1.076-1.397) 1.154 (1.068-1.248) 
Traffic 1.206 (1.056-1.379) 1.056 (1.011-1.103) 1.239 (1.038-1.479) 1.278 (1.042-1.567) 1.187 (1.067-1.321) 
Biomass 1.089 (0.996-1.192) 1.059 (1.012-1.109) 1.091 (0.966-1.234) 1.088 (0.942-1.256) 1.135 (1.075-1.199) 
Regionally 
transported 
nitrate  1.078 (1.006-1.155) 0.987 (0.943-1.034) 0.992 (0.981-1.003) 1.051 (1.017-1.085) 1.112 (1-1.236) 

Admission rate ratio was calculated for each standard deviation increase in source-specific PM2.5. All the 

associations were adjusted for percentage of beneficiaries who were female, percentage of beneficiaries 

who were aged above between 65 and 74, percentage of beneficiaries who were aged between 75 and 84, 

percentage of beneficiaries who were White, percent of beneficiaries who were Black, percentage of 

beneficiaries who were eligible for Medicaid, percentage of population living in poverty, percentage of 

population had education less than high school, percent smoker, median household income, percentage of 

population who were on public assistance, average annual percent of Medicare enrollees having at least 

one ambulatory visit to a primary care clinician, distance to nearest hospital, population density, summer 

maximal daily temperature, winter maximal daily temperature at ZIP code-level and calendar year. 
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1.5 DISCUSSION 

In this study among older adults across the contiguous US, we observed that ZIP codes with higher PM2.5 

concentrations had increased admission rates from total and different subtypes of non-respiratory 

infections including intestinal infections, urinary tract infections and septicemia. The associations were 

observed even at lower levels of PM2.5 including levels below the US EPA’s recently proposed standards, 

after adjusting for multiple confounders. When we examined PM2.5 constituents, SO4, Ni and Cu 

contributed most to the association between the constituent mixture and hospital admissions from non-

respiratory infections. Based on our source apportionment analysis, PM2.5 sourced from oil combustion, 

coal burning and traffic had the strongest associations with admissions from different non-respiratory 

infections, which is generally consistent with the loadings in the mixture analyses, since Ni is a tracer for 

oil combustion, SO4 for coal combustion, and Cu for traffic particles.  

Positive associations between PM2.5 and infections have been found in many studies, most of which 

focused on respiratory infections such as pneumonia and bronchiolitis(49, 52, 55, 74, 75). However, 

associations between PM2.5 and non-respiratory infections have also been observed. A previous study 

among the US Medicare population found that each 1µg m-3 increase in short-term PM2.5 was associated 

with 0.41%, 0.39%, 0.13% and 0.09% increases in hospital admission rates from septicemia, urinary tract 

infections, skin and subcutaneous tissue infections and intestinal infections(75). However, that study 

examined short-term exposures to PM2.5 and not long-term exposures as we have done.  A study from 

China observed that each 1µg m-3 increase in short-term PM2.5 was associated with a 0.93% increase in 

rate of hospital admissions from bacterial infections of unspecified site and a 0.97% increase in the rate of 

hospital admissions from intestinal infections(44). Our study further supports that PM2.5 is a risk factor 

for non-respiratory infections and is the first we know of to examine long-term exposures to particles, 

particle components, and particle sources. The potential pathways through which PM2.5 affects non-

respiratory infections have not been thoroughly studied yet. An animal study suggested that exposure to 

PM2.5 down-regulated IL-1β and IFN-β, which led to increased susceptibility to viral infections(76). 
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Moreover, chronic exposure to PM2.5 could alter phagocytic activity and superoxide dismutase (SOD) 

activity, which affects immune response to pathogens(77). The immunotoxicity potentially plays a key 

role in the observed association between PM2.5 and non-respiratory infections.  

We observed that sulfate, Ni and Cu had the largest contribution to the effect of PM2.5 mixture on 

hospital admissions from non-respiratory infections. Ni is a heavy metal with high immunotoxicity. 

Previous studies suggested Ni exposure could increase production of reactive oxygen species, reduce the 

activity of SOD and catalase, and induce mitochondrial dysfunction, which are all interrelated with the 

function of the immune system(78). Airborne Ni is predominantly from the combustion of heavy fuel oil, 

but other sources include metallurgy, stainless steel production and other industrial sources. An animal 

study found that the soluble Ni component could alter the immune defense in rats and increase their 

vulnerability to bacterial infections(79). Similar to Ni, Cu is also a divalent cation that could affect the 

immune system and oxidative stress, including through Fenton chemistry. Exposure to high levels of Cu 

increases the production of pro-inflammatory cytokines and ROS(80). An in vitro study found that copper 

could induce the apoptosis of monocytes. Airborne Cu is primarily a non-tailpipe traffic emission, 

primarily from brake wear. Other sources include industry and smelters.  Sulfate particles derive primarily 

from coal combustion and have been observed to have the strongest association with mortality across 

different PM2.5 constituents in a number of studies(81, 82). However, evidence on the association 

between sulfate and infections is still lacking. A recent study observed that exposure to sulfate particles 

was associated with increased length of stay from hand-foot-mouth disease(83). One potential mechanism 

for the observed effect could be that acidic sulfates turn the metal oxides from PM2.5 into metal ions 

which are soluble in the lung lining fluid, producing oxidative compounds and ultimately perturb the 

immune system(84-86). It is plausible that sulfate interplays with metals such as nickel and copper and 

leads to the observed association between these PM2.5 constituents and non-respiratory infections. 

PM2.5 sourced from coal burning, oil combustion, and traffic was identified in most of the strata and 

significantly associated with increased admission rate from total non-respiratory infections and most 
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subtypes. These results are in accordance with our mixture analysis, given that sulfates, Nickel and 

Copper are the main constituents of PM2.5 sourced from coal burning, oil combustion and non-exhaust 

traffic. It was estimated that more than 80% of the PM2.5 in the US was from fossil fuel combustion 

including coal, petrol, and diesel and 0.36 million excess deaths in the country during 2012 were 

attributable to these sources(87). Previous epidemiological studies suggested that, when compared to 

natural sources, PM2.5 from fossil fuel combustion has a greater adverse effect on mortality(81, 82, 88). 

Thurston et al observed that coal combustion PM2.5 was associated with increased mortality from 

ischemic heart disease and that it showed a larger effect than overall PM2.5 in general(82). Moreover, 

PM2.5 sourced from fossil fuel burning has also been found to be associated with multiple diseases 

including pneumonia, psychiatric disorders, and cancer(71, 87, 89). Road traffic is another major 

contributor to the PM2.5 and has been found to be associated with many adverse health outcomes(90-92). 

Traffic related PM can be categorized as exhaust and non-exhaust sources. Exhaust particles mainly come 

from tailpipe emissions while non-exhaust particles mainly come from the wear of tires and brakes, and 

also the abrasion of road surface(93).  A recent meta-analysis suggested that air pollution sourced from 

traffic emissions were associated with multiple adverse health outcomes including low birthweight, 

asthma onset, cardiovascular events, and mortality from multiple causes(94). The results from our study 

provide further evidence for the harmful effect of PM2.5 sourced from fossil fuel and traffic on health, 

suggesting that regulations on PM2.5 could potentially focus on these sources.  

The observed association between PM2.5 and its constituents and the outcomes were consistent across 

different subtypes of non-respiratory infections. However, the association between PM2.5 and CNS 

infection was much weaker when compared to other subtypes. One plausible explanation would be that 

the blood-brain barrier provides unique protection to the CNS and thus may be less affected by the 

environmental risk factors such as air pollution(95). Related evidence is still sparse and, therefore, more 

studies are needed in order to elucidate the observed difference between CNS infections and other 

subtypes of non-respiratory infections. 
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This study has several strengths. First, this is the first study to comprehensively evaluate the impact of 

PM2.5 on non-respiratory infections. Second, using the data of PM2.5 constituents across the contiguous 

US, the study was able to identify the constituents and source-specific PM2.5 which had the strongest 

associations with different non-respiratory infection outcomes. These results could potentially help 

elucidate the potential mechanisms behind the immunotoxicity of PM2.5 and its constituents.  Moreover, 

the results from mixture and source specific analysis are informative for targeted prevention strategies and 

policy making. Third, this study included more than 60 million participants, and most of the Medicare 

fee-for-service beneficiaries between 2000-2016 in the analysis, which is a representative sample of the 

older adults across the US, therefore, the results are likely to be generalizable to older population. The 

large sample size also provided enough power for us to evaluate the association between the exposures 

and multiple subtypes of non-respiratory infections. 

The study also has limitations. First, the exposure data in this study are at ZIP code level instead of 

individual level. The participants’ individual exposure level within a same ZIP code could vary due to 

different factors. The exposure data were aggregated from grid cell level to ZIP code level. Therefore, the 

measurement error of the exposure could be affected by the size of ZIP code area and population, which is 

potentially non-differential. However, the within ZIP code coefficients of variation of the exposure data 

are small for the major PM2.5 components, suggesting that the potential measurement error arising from 

the aggregation was small. Moreover, previous studies suggested that ZIP code level air pollution is a 

valid proxy for individual level exposure and could avoid some of the impact of personal level 

confounding  (96). Second, the ZIP code level total PM2.5 and PM2.5 constituents in this study are not 

weighted by population. However, population-weighted exposure estimates could potentially lead to 

larger measurement error and further bias the result estimates. Third, the outcomes of this study were 

hospital admissions, which only captures the cases that were hospitalized or the most severe non-

respiratory infection cases. It is unclear whether these results also apply to the milder cases. Further study 

which captures the outpatient cases are needed in the field. Fourth, this study was limited to Medicare 
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beneficiaries who were 65 or older. Considering that older adults are more vulnerable to the adverse effect 

of air pollution, the results from this study might not be generalized to younger population. Moreover, 

since the metal components had substantial weights in contributing to the weighted quantile sum, but very 

small mass concentrations, the effect size estimate per weighted decile of the mixture cannot be directly 

compared to the effects per unit mass of PM2.5. However, these small mass components also contributed 

importantly to the source apportionment study, which may partially explain the larger effect size for 

sources, while this may also reflect the unimportance of other components of PM2.5 that were not 

included in our component mixture. Lastly, we are only able to obtain limited data on individual level 

confounders in this study. To reduce residual confounding, confounders such as smoking and SES were 

controlled at the contextual level. 

In conclusion, higher ZIP code level PM2.5 exposure was associated with increased rate of hospital 

admissions from non-respiratory infections and the association remained robust even in areas with lower 

PM2.5, continuing below PM2.5 concentrations of 9 μg m-3. Sulfates, Nickel, and Copper play the most 

important role in the effect of the PM2.5 mixture on non-respiratory infections. PM2.5 sourced from fuel 

oil combustion, coal burning and traffic had larger effects on admission from non-respiratory infections 

when compared to PM2.5 from other sources. PM2.5 effects on non-respiratory infections has been 

understudied and this study provides evidence that this pathway could be an important additional impact 

from PM2.5 and should be considered in evaluating the adequacy of current PM2.5 standards. 

2 CHAPTER II 
Seasonal Temperature Variability and Hospital Admissions from Infections among Older 

Persons in the US 

Yijing Feng, James Healy, Mahdieh Danesh Yazdi, Yaguang Wei, Francesca Dominici, Joel 

Schwartz 
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2.1 ABSTRACT 

BACKGROUND  

Mean temperature has been found to be associated with multiple types of infections. The impact of long-

term temperature variability on infections is largely unknown. Due to climate change, long-term 

temperature variability is expected to increase in multiple regions worldwide. We investigated the 

association between seasonal temperature variability and the risk of hospital admissions from infections 

in the elderly. 

METHODS  

We studied Medicare beneficiaries over 65 in the contiguous US between 2000-2016. The exposures were 

the annual standard deviation (SD) of cold season (Jan-Mar, Oct-Dec) temperature (cold SD) and warm 

season (Apr-Sep) temperature (warm SD) and average temperature of cold (cold temperature) and warm 

season (warm temperature). The outcomes were hospital admissions from infections (respiratory, 

intestinal, urinary tract, central nervous system infections, septicemia, and other infections). An adapted 

difference-in-difference method was used to evaluate the exposure-outcome association 

RESULTS  

Each one °C increase in cold SD was associated with 2.59 (95%CI 1.91, 3.30) additional admissions from 

infections per 10,000 person-years among Medicare beneficiaries; the corresponding effects for one °C 

increase in warm SD and warm temperature were 2.73 (95%CI 1.52, 3.99) and 3.08 (95%CI 2.58, 3.58) 

additional admissions from infections per 10,000 person-years respectively. Each one °C increase in cold 

temperature was associated with a 0.89 (95%CI 0.57, 1.23) per 10,000 person-years decrease in hospital 

admission rate from infections. 

CONCLUSIONS 
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Increased seasonal temperature variability was associated with increased hospital admission rate from 

infections among older adults in the US. Climate change could affect human health through changes in 

temperature variability. 
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2.2 INTRODUCTION 

Although chronic diseases such as cardiovascular disease and cancer have drawn more attention in recent 

years, infections are still a significant health burden. It was estimated that around 15% of deaths around 

the globe are directly attributable to infectious diseases every year(51). Based on the estimates from The 

Global Burden of Disease, more than 2 million deaths were caused by lower respiratory infections in 

2016(97). In the United States (US), it was estimated that the health expenditure for intestinal infections 

was $6.4 million in 2015(33).  

Temperature is known to be an essential factor for the risk of infection. The survival, activities, and the 

spread of pathogens are highly influenced by ambient temperature(98, 99). Moreover, temperature could 

also affect the immune system and thus increase the vulnerability to infections. At low temperature, much 

of the energy in the body is directed to heat generation, which leads to decreased energy availability for 

the immune system(100). Experimental study suggested that exposure to extreme temperature was 

associated with change in levels of proinflammatory and anti-inflammatory cytokine response and 

increased level of cortisol(101). Epidemiological studies have found that increased daily temperature was 

associated with increased risk of multiple types of infections including respiratory, intestinal, and urinary 

tract infections(102-104). However, most of these studies focused on the impact of mean temperature and 

short-term exposure(102, 105). This leaves uncertain how much of, e.g., acute hospitalizations for 

infections associated with temperature were merely brought forward by a few days or weeks. It also needs 

to be clarified the cumulative effects of temperature over a season. Besides mean temperature, the 

variability of temperature is a significant risk factor for health. It was observed that short-term 

temperature variability was associated with increased hospital admissions from respiratory 

infections(106). The impact of long-term temperature variability on annual infection rates is largely 

unknown.  

Climate change has led to more extreme weather in recent years. Studies suggest that long-term 

temperature variability is expected to increase in multiple regions across the world(107, 108). Elucidating 
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the associations between temperature variability and annual health measures is essential for understanding 

the health impacts of climate change.  

This study aims to investigate the causal relationship between seasonal temperature variability, seasonal 

mean temperature, and hospital admissions from infections among older Medicare beneficiaries in the US 

using an adapted difference-in-difference (DID) analysis. 

 

2.3 METHODS 

Study population 

The research cohort included individuals enrolled in the Medicare fee-for-service program aged 65 or 

older from 2000 to 2016. Medicare, a nationwide health insurance initiative, primarily caters to 

individuals aged 65 and above in the United States(57). For this investigation, we followed these 

beneficiaries from either January 1st, 2000 or the first January 1st following their enrollment, whichever 

occurred later, until their date of demise, or December 31st, 2016, whichever was earlier. Only 

beneficiaries who resided in ZIP codes with over 100 Medicare beneficiaries were included in the 

analysis. 

Outcome 

The primary outcome of this study was total hospital admission from infections. The secondary outcomes 

were hospital admissions from different sub-categories of infections including respiratory, intestinal, 

central neural system (CNS), urinary tract, and septicemia. Hospital admission data among the Medicare 

beneficiaries were obtained from the Medicare Provider Analysis and Review (MEDPAR) data file. 

Information on the primary International Classification of Disease (ICD) diagnosis code at discharge and 

date of admission were available for each admission. Diagnosis of the hospital admissions were either 

recorded with ICD-9 or ICD-10 codes. We applied the categorizing scheme from the Clinical 

Classification Software for ICD-9-CM (CCS) (58)to the hospital admissions with ICD-9 diagnosis codes. 
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We applied the categorizing scheme from the Clinical Classification Software Refined for ICD-10-CM 

(CCSR)(59). Detailed categorizations of the ICD codes are shown in Appendix B. 

 

Exposure data 

Details of the temperature exposure are described elsewhere(109). Briefly, the exposures of this study 

were, for each calendar year, the standard deviation (SD) of cold season temperature (cold SD), SD of 

warm season temperature (warm SD), average temperature of cold season (cold temperature) and average 

temperature of warm season (warm temperature) in the US between 2000-2016. The exposure data was 

derived from the gridMET data, which provided high-resolution estimates of daily meteorological 

variables across the US at the 4 km*4 km grid cell level(67). Warm season was defined as April-

September, while cold season was defined as January-March and October-December. Seasonal average 

and SD were calculated from daily temperature across the season in each grid cell. We assigned the ZIP 

code level exposures by averaging all the values for grid cells whose centroids were within the ZIP code 

area. 

 

Other covariates 

Age, sex, race, ZIP code of residence, and Medicaid eligibility among the beneficiaries were obtained 

from the Medicare denominator file. Age, ZIP code, and Medicaid eligibility were updated annually.  The 

ages of the beneficiaries were categorized into three groups: 65-74, 75-85, and 85 or older. Data of ZIP 

code level socioeconomic status (SES), including percentage of the elderly population who lived in 

poverty, the percentage of the population who had less than a high school education, the percentage of the 

Hispanic population, median house value, and median household income were obtained from American 

Community Survey 5-year survey between 2011-2016 or linearly interpolated from the 2000 and 2010 US 

census(64). Information on access to healthcare at the ZIP code level, including percentage of Medicare 
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beneficiaries who had at least one ambulatory visit in a year, percentage of female beneficiaries who had 

mammograms over two years, percentage of beneficiaries who had an eye examination in a year, and 

percentage of beneficiaries who had a lipid panel test in a year were obtained from the Dartmouth Atlas of 

Healthcare website(66). We also calculated the distance to the nearest hospital from the ZIP code centroid 

using data from ESRI in 2010(110). Percentage of the population who were ever smokers and the mean 

body mass index were obtained from the Behavioral Risk Factor Surveillance System(111).  

 

Statistical analysis 

In primary analysis, individual-level data of the beneficiaries were aggregated to counts of events 

(admissions from infection and its sub-categories) and beneficiaries by year and ZIP code, then merged 

with ZIP code-level variables. Hospital admission rate for each ZIP code-year was calculated by the 

number of admissions divided by the number of beneficiaries. Within each stratum defined by ZIP code 

and year, we also calculated percentage of beneficiaries within each age group, percentage of 

beneficiaries who were female, who were black and who were eligible for Medicaid.  

This study used an adapted difference-in-difference (DID) analysis (112) to evaluate the change in the 

rate of hospital admissions from infection across different years within each ZIP code, conditional on the 

exposures of interest and other covariates. By conditioning on each ZIP code, DID controls for between-

ZIP code confounding which changes slowly over time. The common temporal trend of the outcomes 

across ZIP codes was accounted for by including a natural spline time term in the outcome model. DID 

assumes that the temporal trends of the outcomes are the same across different ZIP codes, conditioning on 

the covariates. To relax this assumption, we first included the time-varying demographics and 

socioeconomic and population density covariates to account for the difference in the temporal trends of 

the outcome between ZIP codes driven by these variables. To further relax the assumption, we grouped 

the ZIP codes into clusters and allowed different temporal trends between them. We assumed that ZIP 
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codes with similar SES levels and access to healthcare would have similar trends of the outcome. Using 

Ward’s hierarchical clustering, we grouped the ZIP codes into five clusters based on the SES and access to 

healthcare. The linear probability model we used was: 

𝐸𝐸�𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖� =  𝛽𝛽0 + 𝛽𝛽1 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑆𝑆𝑆𝑆 + 𝛽𝛽2 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽3 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑆𝑆𝑆𝑆 + 𝛽𝛽4 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

+ 𝜷𝜷𝟓𝟓
′𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝛿𝛿𝑖𝑖 + 𝑛𝑛𝑛𝑛(𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦, 4) + 𝑛𝑛𝑛𝑛(𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦, 4) ∗ 𝑎𝑎𝑎𝑎.𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) 

Where 𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 is the rate of admission from infection in ZIP code i and year j, the exposures are the four 

temperature variables,  𝛿𝛿𝑖𝑖 is the indicator variable for ZIP code i, ns(year, 4) is the natural spline term for 

year with 4 degrees of freedom. In this study, the admission rates were presented as cases/10,000 person-

year. The coefficients 𝛽𝛽1, 𝛽𝛽2,𝛽𝛽3,𝛽𝛽4 will be estimating the absolute increase in rate of admission for each 1 

unit increase in the four exposures (cold SD, warm SD, cold temperature, warm temperature). To obtain 

the confidence interval of the effect estimates, we used bootstrap method with 1000 iterations. 

We conducted stratified analyses to investigate the potential effect of measure modifications (EMM) by 

age, sex, race, and Medicaid eligibility. For each stratified analysis, we aggregated the individual 

beneficiary data to strata by ZIP code, year, and one of the stratification factors. EMM by sex, race, and 

Medicaid eligibility were evaluated using a bootstrap method. For each iteration, we generated a bootstrap 

sample of the dataset and stratified the bootstrap sample by one of the stratification factors. We conducted 

a similar analysis within each stratum as our primary analysis while removing the stratification factor 

from the regression model. From each bootstrap sample, we obtained the stratum-specific effect estimates 

of temperature exposure and the difference in effect between strata. The heterogeneity of effect estimates 

was defined by 95%CI of the effect difference not covering zero.  Cochran’s Q test evaluated EMM by 

age group. 

 

2.4 RESULTS 

Population and ZIP code-level characteristics 
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In this study, we included 67,005,279 beneficiaries of the Medicare FFS program, among whom 

37,037,978 (55.3%) were female, 56,700,531 (84.6%) were white, and 5,788,605 (8.6%) were ever 

eligible for Medicaid. In total, 21,328,883 admissions between 2000-2016 from infection were included 

in our analysis, among which 7,825,674 were respiratory infections, 998,777 were intestinal infections, 

95,721 were CNS infections, 3,643,771 were urinary tract infections and 5,772,883 were septicemia. The 

rate of hospital admissions from infections was 452.3/10,000 person-years among Medicare beneficiaries 

across the study period. Individual data were aggregated to 436,594 strata defined by ZIP code and years. 

Characteristics of the ZIP code years are shown in Table 2.1. 
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Table 2.1 Characteristics of the included ZIP codes between 2000-2016. 

  Overall 
ZIP code-years 436594 
Number of beneficiaries per ZIP code 536 [222, 1530] 
Characteristics of Medicare beneficiaries (median 
percentage [IQR])  
Female 0.56 [0.53, 0.58] 
Aged between 65-74 0.55 [0.50, 0.60] 
Aged between 75-84 0.32 [0.29, 0.35] 
White  95.86 [86.13, 98.60] 
Black 0.90 [0.00, 5.81] 
Eligible for Medicaid 10.03 [5.93, 17.26] 
ZIP code-level contextual characteristics (median 
[IQR])  
Distance to the nearest hospital (Km) 8.73 [3.04, 17.09] 
% beneficiaries had an eye examination  67.08 [63.10, 71.34] 
% beneficiaries had an lipid panel test 79.48 [75.16, 83.10] 
% female beneficiaries had an mammogram 64.15 [59.18, 68.81] 
% beneficiaries had ambulatory visit 80.35 [76.65, 83.22] 
Poverty (%) 0.08 [0.05, 0.13] 
Hispanic (%) 0.03 [0.01, 0.09] 
Education below high-school (%) 0.26 [0.16, 0.38] 

Median House Value ($) 
118257.14 [81225.42, 

188200.00] 

Median Household income ($) 
44575.63 [35536.91, 

57416.92] 
Smoker (%) 0.47 [0.42, 0.51] 
Mean BMI 27.59 [26.91, 28.35] 
Population density 127.39 [35.87, 1109.87] 

 

Temperature exposures and admissions from infections 

Across all the ZIP code-years, the median cold SD, warm SD, cold temperature, and warm temperature 

were 5.0°C, 2.8°C, 1.5°C and 23.4°C respectively. Detailed distributions of the exposures are shown in 

Figure 1. 
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Figure 2.1 Distribution of Cold SD, Cold temperature, Warm SD and Warm temperature across the 
contiguous US in 2008.  
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Each one °C increase in cold SD was associated with 2.59 (95%CI 1.91, 3.30) additional admissions from 

infections per 10,000 person-years among Medicare beneficiaries; the corresponding effects for one °C 

increase in warm SD and warm temperature were 2.73 (95%CI 1.52, 3.99) and 3.08 (95%CI 2.58, 3.58) 

additional admissions from infections per 10,000 person-years respectively. A negative association was 

observed between cold temperature and admission from infection. Each one °C increase in cold 

temperature was associated with a 0.89 (95%CI 0.57, 1.23) per 10,000 person-years decrease in the rate 

of hospital admission from infections.  

Each one °C increase in cold SD was associated with 0.91/10,000 person-years (95%CI 0.39, 1.36) and 

2.70/10,000 person-years (95%CI 2.29, 3.12) increase in admission rate from respiratory infections and 

septicemia. In contrast, each one °C increase in cold SD was associated with 0.37/10,000 person-years 

(95%CI 0.15, 0.61) and 0.23/10,000 person-years (95%CI 0.12, 0.36) decrease in the rate of admission 

from urinary tract infections and intestinal infections (figure 2).   

Figure 2.2 Association between seasonal temperature, seasonal temperature variability, and hospital 
admissions from infections among Medicare beneficiaries between 2000-2016. 
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Each one °C increase in warm SD was associated with 0.81/10,000 person-years (95%CI 0.23, 1.38) and 

0.68/10,000 person-years (95%CI 0.24, 1.07) increase in rate of admission from septicemia and urinary 

tract infections. Similar to the total infection, a one °C increase in cold temperature resulted in 

0.65/10,000 person-years (95%CI 0.45, 0.84) and 0.43/10,000 person-years (95%CI 0.30, 0.52) decrease 

rate of hospital admission from respiratory infection and urinary tract infection. However, the cold 

temperature was positively associated with admissions from septicemia and intestinal disease, and the 

corresponding effect size for a one °C increase in cold temperature was 0.19/10,000 person-years (95%CI 

0.03, 0.34) and 0.22/10,000 person-years (95%CI 0.16, 0.29) respectively.  

Positive associations were observed between warm temperatures and most of the infections. Each one °C 

increase in warm temperature was associated with 1.34/10,000 person-years (95%CI 1.06-1.69), 

0.29/10,000 person-years (95%CI 0.04, 0.52), 1.05/10,000 person-years (95%CI 0.87, 1.21) and 

0.22/10,000 person-years (95% 0.13, 0.31) increase rate of admission from respiratory infections, 

septicemia, urinary tract infections and intestinal infections respectively (figure 2). 

 

Stratified analysis 

The effects of the cold SD, cold temperature, and warm temperature on hospital admissions from 

infections were consistent between males and females (table 2.2). However, each one °C increase in warm 

SD was associated with 4.26/10,000 person-years (95%CI 2.66, 6.17) among males while that was 

1.43/10,000 person-years (95%CI 0.02, 3.02) among females. We estimated that the effect of warm SD 

was 2.87 /10,000 person-years (95%CI 0.46, 5.38) larger among males than females. When we stratified 

the study population by age, the largest effect estimate of cold SD, warm SD, and warm temperature were 

observed among the oldest group (age ≥85) where each one °C increase in cold SD, warm SD and warm 

temperature were associated with 9.89/10,000 person-years (95%CI 7.61, 12.55), 4.38/10,000 person-

years (95%CI  -0.37, 8.94) and 7.75/10,000 person-years (95%CI 5.57, 9.61) increase in admissions. 
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Significant effects of cold temperature were only observed among the youngest group (aged 65-74), and 

each one °C increase in cold temperature was associated with 1.35/10,000 person-years (95%CI 1.01, 

1.70) decrease in admission rates from infections. Significant effect heterogeneity was observed for cold 

SD (Q = 73.8, df = 2, p < 0.01) and warm temperature (Q = 30.2, df = 2, p < 0.01) between age groups.  

Each 1one °C increase in cold SD, warm SD, warm temperature, and cold temperature were associated 

with absolute increases of 2.69/10,000 person-years (95%CI 1.93-3.51), 2.82/10,000 person-years 

(95%CI 1.39-4.25), 3.00/10,000 person-years (95%CI 2.36-3.55) and decrease of 1.03/10,000 person-

years (95%CI 0.58-1.46) in the rate of hospital admissions from infections among Whites. Significant 

association was only observed for warm SD among Blacks; each one °C increase in the exposure was 

associated with 13.54/10,000 person-years (95%CI 2.88, 24.57) absolute increase in hospital admission 

rate from infections. The direction of the estimated effects was the same between those who identify as 

black and those who identify as white (table 2.2). Significant effect heterogeneities were observed 

between beneficiaries who were eligible for Medicaid versus those who weren’t. Effect sizes of warm SD 

(effect difference: 7.79/10,000 person-years; 95%CI 1.87, 13.93), cold temperature (effect difference: -

1.70/10,000 person-years; 95%CI -3.31, -0.03) and warm temperature (effect difference: 4.23/10,000 

person-years; 95%CI 1.65, 6.59) were significantly more prominent among those who were eligible for 

Medicaid than those who were not eligible (2). Detailed results of the stratified analysis for different 

subtypes of infections are shown in Appendix B table s1-s5. 
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Table 2.2 Association between seasonal temperature, seasonal temperature variability, and hospital 
admissions from all infections among Medicare beneficiaries across different strata between 2000-2016 

    Effect estimates 
    Cold SD Warm SD Cold Temperature Warm Temperature 

Sex Female 2.87 (1.89,3.82) 1.43 (0.02,3.02) -0.79 (-1.22,-0.33) 3.18 (2.48,3.82) 
Male 2.47 (1.5,3.48) 4.26 (2.66,6.17) -0.99 (-1.47,-0.51) 2.88 (2.2,3.54) 

 Effect difference 0.36 (-0.99,1.67) -2.87 (-5.38,-0.46) 0.21 (-0.52,0.86) 0.28 (-0.67,1.26) 
      

Race Black 0.11 (-5.9,5.71) 13.54 (2.88,24.57) -2.09 (-5.09,1.12) 1.57 (-3.44,6.39) 
White 2.69 (1.93,3.51) 2.82 (1.39,4.25) -1.03 (-1.46,-0.58) 3.00 (2.36,3.55) 

 Effect difference -2.56 (-8.54,3.1) 10.66 (-0.42,22.41) -1.01 (-4.05,2.1) -1.46 (-6.44,3.24) 
      

Medicaid 
eligibility 

Medicaid eligible 3.88 (0.51,6.81) 9.31 (3.34,15.14) -2.14 (-3.67,-0.52) 6.84 (4.2,9.15) 
Medicaid non-eligible 2.41 (1.7,3.09) 1.3 (0.12,2.47) -0.45 (-0.75,-0.12) 2.6 (2.12,3.15) 

 Effect difference 1.42 (-2.05,4.67) 7.97 (1.87,13.93) -1.7 (-3.31,-0.03) 4.23 (1.65,6.59) 
      

Age 
65-74 

-0.14 (-
0.78,0.54) 2.52 (1.4,3.69) -1.35 (-1.7,-1.01) 1.95 (1.49,2.48) 

75-84 3.6 (2.06,4.81) 3.82 (1.79,6.21) -0.55 (-1.26,0.1) 2.48 (1.57,3.54) 
>=85 9.89 (7.61,12.55) 4.38 (-0.37,8.94) -1.13 (-2.5,0.2) 7.75 (5.57,9.61) 

 

2.5 DISCUSSION 

In this study, we used an adapted difference-in-difference analysis among Medicare beneficiaries over 65 

across the contiguous US to evaluate the causal associations between seasonal temperature, seasonal 

temperature variability, and hospital admissions from infections. We found that higher cold SD, warm SD, 

warm temperature, and lower cold temperature resulted in increased annual rates of hospital admissions 

from infections. Older people who were eligible for Medicaid were more vulnerable to temperature 

exposures when compared to those who were not eligible. Moreover, the impacts of temperature 

exposures varied across different subtypes of infections.  

To the best of our knowledge, this is the first study to comprehensively evaluate the impact of seasonal 

temperature variability on the risk of different types of infections. Most previous studies on seasonal 

temperature variability focused on outcomes such as mortality, cardiovascular disease, and respiratory 

diseases(109, 113). A study among the elderly population in Hong Kong found that temperature 
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variability during wintertime was associated with an increased risk of hospital admission from respiratory 

diseases, while no association was observed for temperature variability during summer(114). These 

results are consistent with our observed association between temperature variability and respiratory 

infections. These studies of the effects of seasonal exposure on annual rates avoid short-term 

displacement effects that are possible in daily time series studies and capture cumulative effects of 

temperature variability across entire seasons.  

Some studies have observed that short-term temperature variability was associated with an increased risk 

of infections. Xu et al. observed that each three °C decrease in temperature between neighboring days was 

associated with a 10% increase in the daily incidence of hand, foot, and mouth diseases(106). Another 

study in Japan found that each one °C in the diurnal temperature range was associated with a 3.3-fold 

increase in the risk of respiratory syncytial virus infection(115). Our study adds to the current evidence 

regarding the adverse impacts of temperature variability on infections, suggesting that temperature 

variability also affects infections on a longer time scale. The pathway through which temperature 

variability affects infections is still unclear. Temperature variability could potentially perturb the immune 

system. Hung et al. observed that, when compared to stable weather conditions, larger between-day 

temperature changes were associated with changes in white blood cell counts(116). Variability in 

temperature impedes adaptation to a prevailing temperature, which may also play a role. It’s also likely 

that the observed effect of temperature variability was driven by the increased number of extreme 

temperature conditions. At very low temperature, the energy required for maintaining body temperature 

increased, which could lead to decrease in the energy availability for immune system, and thus decrease 

the immunity(100). In vivo study found that exposure to extreme temperature resulted in higher plasma 

cortisol level, which could suppress the immune response to pathogens(101). 

The impact of temperature variability varied across different types of infections. While increased cold SD 

was associated with increased hospital admissions from total infection, we observed a slight protective 

effect of cold SD on urinary tract infections and intestinal infections. One potential reason could be that 



 

43 
 

the ideal temperature varies across pathogens(117). Therefore, higher temperature variability may 

interrupt the life cycles of some pathogens while facilitating the spread of others. Moreover, temperature 

may affect the activities of vectors and intermediate hosts differently across different pathogens(118). 

However, our results also suggested complicated associations between temperature variability and 

infections. More experimental studies are needed to fully elucidate the mechanisms behind the observed 

associations.  

Effect sizes among those eligible for Medicaid were larger than those who were not eligible for Medicaid. 

People eligible for Medicaid are more likely to have lower socioeconomic status when compared to their 

counterparts. Similar to our results, Sun et al(114). found that older adults with lower SES were more 

vulnerable to wintertime temperature variability than people with higher SES. The low SES population is 

more likely to have sub-optimal living and working conditions, which may facilitate the spread of 

infectious diseases and offer limited protection against the rigors of extreme temperatures(119). 

Moreover, this populations limited access to health care and poor health conditions could also potentially 

increase their vulnerability to temperature exposures(120). 

“J”-shaped exposure-outcome relationship has been found between ambient temperature and multiple 

health outcomes, including cardiovascular disease, respiratory disease, and mortality(121, 122). 

Consistent with previous findings, we observed that lower cold temperatures and higher warm were 

associated with increased risk of hospital admissions from infections. The cold temperature could affect 

infections by multiple pathways, including inducing pathophysiological changes in the mucosa, 

suppressing of immune response, and affecting outdoor activities(100, 123, 124). At high temperatures, 

the activities of vectors and pathogens are usually increased, which may facilitate the spread of 

infections(118).  Additional research is required to clarify the pathway through which mean temperature 

affects infections comprehensively. 

This study has several strengths. Firstly, this study included data from more than 60 million Medicare 

beneficiaries between 2000-2016, a general population of older adults in the US. Secondly, we used a 
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difference-in-difference method to investigate the effects of temperature exposures, which could eliminate 

the measured and unmeasured ZIP code-level confounding, which were time-invariant or changed slowly 

over time. Thirdly, the models used in this study were at additive scales, which estimated the rate changes 

for each unit increase in the exposure. Compared to relative-scale estimates, our results could be easily 

interpreted and reflected the actual effect sizes. 

Our study also has limitations. First, the difference-in-difference method relies on the parallel trend 

assumption, which could not be verified empirically. However, we clustered the ZIP codes by contextual 

SES and access to healthcare and allowed different temporal trends between clusters, making the parallel 

trend assumptions more plausible. Second, our data only captures the hospital admissions from infections. 

Therefore, our results may only apply to severe infections. Third, although the exposures in this study 

were derived from validated algorithms, there could be measurement errors that could bias our effect 

estimates. Fourth, this study only included beneficiaries who were 65 or older. Considering that the older 

population was likely to be more vulnerable to extreme temperatures and infections, our results might not 

apply to the younger population.  

In conclusion, increased temperature variability in both warm and cold seasons, lower mean temperature 

in cold season, and higher mean temperature in warm season were associated with an increased rate of 

hospital admission from infections among older adults in the US. Our findings indicate that climate 

change could affect human health through change in temperature variability, highlighting the intricate 

interplay between climatic factors and human health outcomes.  
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3 CHAPTER III 
Particulate constituents and post-transplant outcomes among kidney transplant recipients 

in the US 

Yijing Feng, Yiting Li, Sunjae Bae, Babak Orandi, Mara McAdams-Demarco, Joel Schwartz 

 

3.1 ABSTRACT 

Total PM2.5 has been found to be associated with adverse post-transplant outcomes among kidney 

transplant (KT) recipients. However, PM2.5 is a complex mixture of multiple constituents and those 

constituents have different toxicity. It’s unclear which constituents are most harmful to KT recipients. In 

this study, we aimed to investigate the associations between PM2.5 constituents and post-KT outcomes 

among KT recipients. 

We included KT recipients who received a kidney transplant between 2001-2016 and were recorded in the 

Scientific Registry of Transplant Recipients. The exposures were fifteen PM2.5 constituents at the ZIP 

code of residence prior to KT estimated from ensembled machine learning models. We included short-

term [delayed graft function (DGF), acute rejection] and long-term outcomes [all-cause mortality, death-

censored graft failure (DCGF)] in this study. The association between PM2.5 constituents and short-term 

outcomes were evaluated using a weighted quantile sum logistic regression, while the associations for the 

long-term outcomes were evaluated using a weighted quantile sum pooled-logistic regression. 

We found that each decile increases in the PM2.5 constituent mixture was associated with a 6.8% (95% 

confidence interval [CI] 5.8-7.8%) and 3.6% (95%CI 2.1-5.1%) increase in the odds of DGF and acute 

rejection. Organic carbon and Nickel contributed the largest weights to the observed association between 

PM2.5 mixture and DGF while lead had the largest impact on acute rejection. Each decile increases in 

PM2.5 constituent mixture was associated with a 4.7% (95%CI 3.3-6.3%) and 3.9% (95%CI 2.5-5.2) 
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increase in the hazard of DCGF and all-cause mortality. The constituent that contributed the largest 

weight to the observed association between PM2.5 mixture and long-term post-KT outcomes was sulfate. 

PM2.5 mixture was associated with an increased risk of adverse post-transplant outcomes among KT 

recipients. Of all the PM2.5 constituents included in this study, sulfate had the largest impact on long-term 

outcomes, while lead, organic carbon and Nickel were more related to short-term outcomes. 
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3.2 INTRODUCTION 

PM2.5 is a risk factor for kidney health. Previous epidemiology studies suggest that PM2.5 is associated 

with increased risk of chronic kidney disease and kidney function decline(125). Kidney transplant (KT) 

recipients are likely to be vulnerable to the harmful effect of PM2.5. Previous studies suggested that PM2.5 

has potential immunotoxicity(36, 126). Because of the chronic immunosuppression medications 

necessary for successful KT, alterations in the immune system may render recipients particularly 

susceptible to the infections and malignancy induced by air pollution(47, 48). Moreover, PM2.5 could 

increase oxidative stress and systematic inflammatory responses(36), which are risk factors for adverse 

post-KT outcomes.  

Emerging evidence suggests that PM2.5 is a risk factor for adverse post-transplant outcomes among KT 

recipients(49, 50). However, these studies have generally treated PM2.5 as a single, uniform exposure, 

assuming that its harmful effects are the same across regions with similar total PM2.5 levels. In reality, 

PM2.5 is a complex mixture of constituents with varying toxicities and health impacts(20). These 

constituents are emitted from different sources, which also vary geographically(72), meaning that even 

areas with identical total PM2.5 levels may experience different health effects due to differences in 

composition. The impact of individual PM2.5 constituents on post-KT outcomes remains unclear. 

Identifying the most harmful constituents could guide air pollution control strategies that specifically 

target these constituents or their primary sources. Such targeted approaches are likely to be more effective 

in reducing the adverse health impacts of PM2.5 compared to broad strategies aimed at reducing total PM2.5 

levels. Moreover, the results from this study could also provide important information for kidney 

transplant recipients and kidney transplant candidates who seek to optimize their outcome by living in 

less polluted areas or installing HEPA filters. Therefore, understanding how PM2.5 constituents influence 

post-KT outcomes is critical for improving the health of KT recipients. In this study, we aimed to evaluate 

effect of particulate constituents on adverse post-KT outcomes including delayed graft function (DGF), 

acute rejection, all-cause mortality and death-censored graft failure. 
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3.3 METHODS 

Data Source 

This study used data from the Scientific Registry of Transplant Recipients (SRTR). The SRTR data 

system includes data on all donors, wait-listed candidates, and transplant recipients in the US, submitted 

by the members of the Organ Procurement and Transplantation Network (OPTN). The Health Resources 

and Services Administration (HRSA), US Department of Health and Human Services provides oversight 

to the activities of the OPTN and SRTR contractors. This dataset has previously been described 

elsewhere(127).  

 

Study population 

We utilized SRTR data to identify adults who received their first KT between 2001 and 2016. To ensure 

consistency, we limited our analysis to participants with a residential ZIP code within the contiguous 

United States, excluding those with missing demographic, educational, recipient, or donor data. Follow-

up started from the transplant date and ended on the date of loss to follow-up, death, or five years post-

transplant, whichever occurred first. This study was approved by the IRB at New York University 

Grossman School of Medicine and was exempt under s22-00535, as the study participants could not be 

identified. 

 

Exposure data 

Mean annual levels of 15 PM2.5 constituents (including Elemental carbon (EC), Ammonium (NH4+), 

Nitrate (NO3-), Organic carbon (OC), Sulfate (SO42-), Bromine (Br), Calcium (Ca), Copper (Cu), Iron 

(Fe), Potassium (K), Nickel (Ni), Lead (Pb), Silicon (Si), Vanadium (V), and Zinc (Zn)) were estimated at 

a resolution of 50m x 50m in urban areas and 1km x 1km in rural areas(61, 128). The concentrations of 
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the 15 PM2.5 constituents were estimated using advanced ensemble machine learning methods. These 

models integrated predictions from various machine learning algorithms and were then combined using 

either a geographically weighted generalized additive model, or super-learning. Predictive models for 

PM2.5 constituents were developed using information from numerous predictors, including satellite data, 

meteorological information, and land use factors. The cross-validated R-squared values ranged from 0.80 

to 0.96 for different constituents, which indicated strong model performance. Subsequently, the PM2.5 

constituent concentrations at the grid cell level were aggregated to the ZIP code level(63). These 

environmental exposures were then linked to the participants based on their year of KT and residential 

ZIP codes. 

The exposure in this study was defined as the moving average of PM constituents during the 1-year 

period prior to KT. If a recipient received KT in July of 2006, then the exposure would be calculated as 

7
12

× 𝑃𝑃𝑃𝑃 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙2006 + 5
12

× 𝑃𝑃𝑃𝑃 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙2005. 

 

Outcome 

The outcomes of this study were post-KT outcomes including delayed graft function (DGF), acute 

rejection, graft failure, and all-cause mortality. DGF was defined as the need for dialysis during the first 

week after KT. Acute rejection was defined as having any acute rejections episodes within the first year 

after transplantation. Graft failure was defined as returning to dialysis or transplant. Information on 

mortality in SRTR was obtained from multiple sources including the National Technical Information 

Service’s Death Master File, End-stage kidney disease (ESKD) Death Notification Form from Centers For 

Medicare& Medicaid Services and the follow-up reports from transplant programs(127).  

 

Other covariates 
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In this study, we included individual factors and contextual factors as covariates. Individual level factors 

included age at transplant, sex, race/ethnicity, education (high school graduate or above/below high 

school graduate), body mass index (BMI), cause of end-stage kidney disease (ESKD) (diabetes, 

hypertension, glomerulonephritis and other), insurance type (public, private and other), years on dialysis, 

donor type (deceased/living), and cold ischemia time (CIT). Individual factors and donor factors were 

obtained from SRTR. Contextual factors included median household income, percentage of population 

who lived in poverty, percent of residents who were black, percentage of Medicare beneficiaries had at 

least 1 ambulatory visit in a year and annual mean temperature at the ZIP code of residence. Contextual 

variables were obtained from the American Community Survey (64) , the Dartmouth Atlas of Healthcare 

website (66) and DAYMET database(129). The year of KT was also included as a covariate to account for 

potential temporal trends in both the particulate constituent levels and the practice of kidney care and KT. 

 

Statistical analysis 

We used weighted quantile sum regressions to evaluate the association between PM constituent mixtures 

and post-KT outcomes. Weighted quantile sum regression is a statistical method for estimating the effects 

of a mixture with correlated constituents, it assumes each quantile increase in the mixture index is linearly 

and unidirectionally associated with the outcome(68). The method allowed us to estimate the overall 

effect of the mixture and the relative contribution of each constituent in the total effect while accounting 

for the correlation between different constituents. The regression process was separated into two stages. 

Data was first separated into a test set and a validation set. In the first stage, constituents were 

transformed into quantiles (we chose deciles), and the relative importance of each constituent was 

estimated in the test set. To ensure robustness in estimating the weights (relative importance) for 

individual constituents, 100 bootstrap samples were taken of the training set and the weights were fit in 

each sample. The mean weight for each constituent was then used in the second stage.  All the weights for 

each constituent in the mixture were constrained to be positive and sums up to 1. In the second stage, a 
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mixture index was calculated by ∑ 𝑤𝑤𝑖𝑖𝑑𝑑𝑖𝑖
𝑗𝑗
𝑖𝑖 , where 𝑤𝑤𝑖𝑖 was the relative importance of the ith constituent 

estimated from the first stage and 𝑑𝑑𝑖𝑖 was the level ((in quantiles)) of the ith constituent. Then the effect of 

the mixture index was estimated using a generalized linear model regression model in the validation set. 

The estimated effect of the mixture index evaluates the impact when the mixture index increased by one 

decile (The total effect when each of the constituents increased by one decile).  

DGF and acute rejections were binary outcomes, therefore, we used a weighted quantile sum regression 

with a logit link to investigate the exposure-outcome associations. In our primary analysis for graft 

failure, people who died before having an event was censored at the time of death. For the two time-to-

event outcomes (graft failure and all-cause mortality), we used the pooled logistic regression model, 

which has been shown to well approximate an Cox model, to evaluate the exposure-outcome associations. 

For each participant, we separated the follow-up period by months and created a new variable that 

indicates the number of months since transplantation. For example, if a participant censored that 24 

months post-KT, this person would have 24 observations in the analysis and were excluded from the risk 

set after 24 months. In our primary analysis, we assumed non-informative censoring. The model below 

was used  

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝(𝑌𝑌𝑡𝑡 = 1|𝑌𝑌𝑡𝑡−1 = 0)� =  𝛽𝛽0 + 𝛽𝛽1 ×𝑤𝑤𝑤𝑤𝑤𝑤 + 𝛽𝛽𝑧𝑧′𝑍𝑍 + 𝛽𝛽𝑡𝑡′ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑡𝑡) 

wqs indicates the mixture index, Z indicates the confounders; t indicates months since transplantation 

(time variable). In order to allow for a flexible baseline hazard, we included a natural spline for the time 

variable.  

To identify vulnerable subgroups, we evaluated the effect measure modification by age at transplant (<55/ 

55 or older), sex, race (White/non-White), donor type (deceased/living) and CIT (<=12hr/>12hr) by 

including the interaction term into the WQS model. 

We conducted three sensitivity analysis: 1) restricting the analysis for DCGF and mortality to first year 

post-KT; 2) further controlling for NO2 and Ozone in the model; 3) running a Cox proportional hazard 
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model and another Fine and Gray’s competing risk model with total PM2.5 as the exposure to evaluate 

whether that competing risk had large impact on the observed association between the exposure and graft 

failure. 

All of the regression models were adjusted for recipient factors, donor factors and contextual variables. 

The analysis was conducted using R 4.1.3 and Stata 17(130, 131).  

 

3.4 RESULTS 

In total, 192,587 KT recipients were included in the analysis. Of all the included KT recipients, 16,187 

(8.4%) recipients experienced acute rejection, 35,793 (18.6%) had delayed graft function, 18,969 (9.7%) 

developed graft failure and 21,750 (11.3%) died during the follow-up. Detailed baseline characteristics 

are shown in table 3.1. Detailed distributions of the exposures are shown in table 3.2. The correlations 

between particulate constituents are shown in Appendix C figure S1. 
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Table 3.1 Baseline characteristics of the 192,587 kidney transplant recipients who received transplant in 
the US between 2001-2016. 

  Overall 
n 192,587 

Age at transplant (mean (SD)) 51.56 (13.47) 
Female (%) 75,021 (39.0) 

Race/ethnicity (%)  
White 97,927 (50.8) 
Black 51,455 (26.7) 

Hispanic/latino 28,586 (14.8) 
*Other 14,619 ( 7.6) 

BMI (mean (SD)) 27.91 (5.50) 
Cause of ESKD (%)  

Diabetes 68,556 (35.6) 
Hypertension 42,985 (22.3) 

Glomerulonephritis 39,994 (20.8) 
Other 41,052 (21.3) 

Education level below high school graduate 87,261 (45.3) 
Insurance (mean (SD))  

Public 121,871 (63.3) 
Private 70,571 (36.6) 

Other 145 ( 0.1) 
Year on dialysis (mean (SD)) 2.91 (3.08) 

Deceased donor(%) 117,145 (60.8) 
Cold ischemia time (hr, mean (SD)) 12.84 (10.79) 

Median household income (mean (SD))  52,595.30 (21383.19) 
Percent below poverty (mean (SD)) 14.70 (9.09) 

Percent Black (mean (SD)) 17.04 (23.19) 
Percent had at least 1 ambulatory visit (mean 

(SD)) 76.81 (6.71) 
SD: standard error; ESKD: end-stage kidney disease 

Continuous variables are presented as mean (standard deviation) and categorical variables are presented 

as count(percentage) 

*Other race/ethnicity included American Indian or Alaska Native, Asian, Native Hawaiian or Other 

Pacific Islander, Arab or Middle Eastern, Indian Sub-continent, Unknown, Multi-Racial 
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Table 3.2 ZIP code level PM2.5 constituent concentration during the year prior to transplant among the 
192,587 kidney transplant recipients who received transplant in the US between 2001-2016. 

Constituent Median (IQR) 
Total PM2.5 (µg/m3) 9.9 (8.2-11.9) 

Br (ng/m3) 3.0 (2.6-3.4) 
Ca (ng/m3) 40.1 (30.1-58.2) 
Cu (ng/m3) 2.7 (1.7- 4.0) 
EC (µg/m3) 0.57 (0.44-0.74) 
Fe (ng/m3) 65.8 (50.7-84.7) 
k (ng/m3) 58.5 (51.9-67.2) 

NH4 (µg/m3) 0.91 (0.60-1.33) 
Ni (ng/m3) 0.59 (0.39-0.93) 

NO3 (µg/m3) 1.13 (0.68-1.69) 
OC (µg/m3) 1.84 (1.53-2.27) 
Pb (ng/m3) 1.87 (1.34-2.91) 
Si (ng/m3) 85.4 (61,7-129.4) 

SO4 (µg/m3) 2.13 (1.52-3.11) 
V (ng/m3) 0.77 (0.41-1.47) 
Zn (ng/m3) 8.1 (5.9-10.9) 

 

After adjusting for the potential confounders, each one decile increased in the mixture of particulate 

constituents was associated with a 6.8% (95%CI 5.8-7.8%) increase in the odds of DGF among KT 

recipients. The particulate constituents with the highest relative importance were OC (35.6%), Ni (34.4%) 

and NO3 (21.3%).  

Each one decile increased in the mixture of particulate constituents was associated with a 3.6% (95%CI 

2.1-5.1%) increase in the odds of acute rejections. 75% of the observed effect of particulate constituent 

mixture on acute rejection was contributed by Pb (figure 1).  

Each decile increase in the mixture index was associated with a 4.7% (95%CI 3.3-6.3%) increase in the 

hazard of graft failure after KT. The constituent which contributed the largest weight to the observed 

associations was SO4, with the relative importance of 51.3%. Detailed distributions of the relative 

importance are shown in figure 1. 
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Each decile increase in the mixture index was associated with a 3.9% (95%CI 2.5-5.2) increase in the 

hazard of all-cause mortality among KT recipients within 5 years post-KT. Similar to graft failure, the 

constituents which contributed the largest weights to the observed associations were SO4 (30.1%) and 

NH4 (22.1%). In addition, Pb also contributed to the observed outcome, with an estimated importance of 

13.3%. 

Figure 3.1 The estimate contribution of each PM2.5 constituent in the association between PM2.5 mixture 
and post-transplant outcomes among kidney transplant recipients. 
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Table 3.3 Estimated effect of each decile increase in PM2.5 mixture on post-transplant outcomes among 192,587 kidney transplant recipients who 
received transplant in the US between 2001-2016. 

    Death Death-censored graft failure Acute rejection Delayed graft function 
    aHR (95%CI) pinteraction aHR (95%CI) pinteraction aOR (95%CI) pinteraction aOR (95%CI) pinteraction 

Age <55 
1.060 

(1.040,1.081)  
1.048 

(1.029,1.067)  
1.031 

(1.019,1.05)  1.075 (1.061,1.090)  

 >=55 
1.038 

(1.000,1.076) 0.038 1.058 
(1.021,1.095) 0.435 1.032 

(0.998,1.066) 0.498 1.096 (1.068,1.125) 0.015 

          

Sex male 
1.050 

(1.035,1.066)  
1.049 

(1.032,1.065)  
1.026 

(1.015,1.038)  1.080 (1.066,1.093)  

 female 
1.047 

(1.016,1.079) 0.772 1.034 
(1.002,1.067) 0.17 

1.038 
(1.015,1.061) 0.062 1.094 (1.067,1.122) 0.122 

          

Race 
non-
White 

1.049 
(1.033,2.76)  

1.075 
(1.058,1.093)  

1.051 
(1.038,1.068)  1.081 (1.066,1.096)  

 White 
1.034 

(1.004,1.064) 0.091 
1.051 

(1.019,1.084) 0.014 
1.013 

(0.968,1.061) 0.008 1.061 (1.031,1.091) 0.04 

          
Donor 
Type living 

1.038 
(1.019,1.058)  

1.068 
(1.038,1.098)  

1.014 
(1.005,1.02)  1.133 (1.106,1.16)  

 deceased 
1.033 

(0.996,1.072) 0.644 1.073 
(1.02,1.128) 0.736 1.047 

(1.03,1.063) <0.001 1.085 (1.035,1.137) <0.001 
          

CIT <12hr 
1.046 

(1.03,1.062)  
1.074 

(1.051,1.097)  
1.012 

(1.005,1.017)  1.071 (1.053,1.09)  

  >=12hr 
1.040 

(1.009,1.072) 0.521 1.055 
(1.015,1.098) 0.13 1.047 

(1.025,1.07) <0.001 1.102 (1.067,1.138) 0.002 

aHR: adjusted hazard ratio for each decile increases in the mixture index; aOR: adjusted odds ratio for for each decile increases in the mixture 

index; CIT: cold-ischemia time 
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The rankings of the relative importance of each constituent did not change significantly after including 

the interaction terms in the model (Appendix B table S1-S4). The effect exposure-outcome associations 

were larger for acute rejection, DGF, and DCGF among KT recipients who were non-White than those 

who were White (table 3). Significant effect measure modification was also observed for cold ischemia 

time in our analysis of the short-term outcomes and larger effects were observed among those who had 

longer CIT. Detailed results for the interaction analysis are shown in table 3.3.  

The results of the sensitivity analysis are shown in Appendix B (table S5-S9). 

 

 

3.5 DISCUSSION 

In this national study among all adult KT recipients among the US between 2001-2016, we observed that 

higher levels of particulate constituent mixtures were associated with increased risk of adverse post-KT 

outcomes. For long-term outcomes, SO4 contributed most to the observed effect. Pb was the most 

important particulate constituent on the associations between particulate constituent mixture and acute 

rejection. Ni and OC had the highest relative importance in the association between the PM2.5 mixture and 

DGF. To the best of our knowledge, this is the first study to investigate the impact of different PM2.5 

constituents on post-KT outcomes. 

We observed that SO4 had the largest contributions to the association between the particulate constituent 

mixture and long-term outcomes among KT recipients. The majority of the SO4 in PM2.5 came from coal 

burning, resulting from the secondary formation of SO4 from SO2 emissions. Coal-related PM2.5 has been 

decreasing in the US during the past decades due to new technology and policy changes, but it remains a 

large environmental concern in many developing countries(132, 133). Previous studies found that SO4 in 

PM2.5 was associated with increased risk of multiple diseases including cancers and infections(134, 135), 

suggesting that SO4 could potentially affect the immune system of human body. A panel study suggested 
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that Sulfates could increase oxidative stress and coagulation in human body, which poses great risk to KT 

recipients(136). Coagulation could lead to tissue hyperfusion, ischemia and necrosis, which leads to 

kidney damage(137). Moreover, oxidative stress induced by Sulfate particles could also lead to 

inflammation and potentially lead to immunothrombosis, which is another important risk factor for graft 

failure(138).  

 

Over ¾ of the observed effect of PM2.5 mixture on acute rejection was attributable to Lead in our study. 

The Lead in air pollution significantly decreased after the banning of leaded gasoline in the US in 

1996(139). However, Lead continues to be emitted from industrial sources such as ore and metal 

processing(140). Lead is also higher near roads because of the use of Lead weights to balance tires, which 

fall off and are ground down by subsequent traffic. Thus, Lead could be serving as a proxy for other 

unmeasured components of traffic particles. Previous studies suggested that Lead is a heavy metal with 

potential nephrotoxicity(141, 142). Higher exposure to Lead has also been found to be associated with 

worse long-term outcomes among KT recipients. Sotomayor et.al observed that higher plasma Lead level 

was associated with increased risk of graft failure among a cohort of Dutch KT recipients(143). The 

observed impact of Lead on acute rejection could be due to its effect on immune system. Experimental 

studies suggested that Lead induced changes in the activity of T cells, decreased the production of IFN-γ, 

a cytokine which prevents early thrombosis, congestion and necrosis after KT(144, 145). Moreover, 

exposure to Lead could also lead to increased oxidative stress in the system, which is another risk factor 

for acute rejection(146, 147).  

OC and Nickel were the top contributors in the association between PM2.5 mixtures and delayed graft 

function. This result suggested that the adverse effect of PM2.5 on delayed function is likely to be driven 

by PM2.5 which sourced from fuel oil combustion, vehicle emissions and biomass burning. Environmental 

risk factors are believed to be less important in the development of DGF(148). However, environmental 

factors could potentially induce some predisposed conditions among KT recipients which leads to higher 
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vulnerability and thus increase the risk of DGF. In our interaction analysis, we observed that KT 

recipients with longer CIT experienced higher PM2.5 mixture related risk of DGF, which also suggest that 

environmental risk factors and transplant factors could potentially interplay and lead to worse outcomes 

among the patients. 

Our study found that the primary contributing constituents to the observed association between PM2.5 and 

post-KT outcomes differ depending on the specific outcome. The association between SO4 and long-term 

outcomes suggested that it may affects kidney transplant recipients mainly through long-term systematic 

process like chronic inflammation(149). In contrast, Pb might more directly target immune cell function 

and antigen presentation(144, 145). The association of OC and Ni, a potent inducer of oxidative stress, 

with delayed graft function (DGF) aligns mechanistically with their potential to cause intense oxidative 

damage during the critical peri-transplant ischemia-reperfusion phase, impairing initial recovery and 

function(78, 150). Our results suggested that PM2.5 affects KT recipients through multiple mechanisms 

and that the toxicity of its constituents varies. PM2.5 is currently regulated as a single air pollutant in the 

US and many other countries, with most existing studies treating it as a uniform exposure that assumes all 

constituents and sources of PM2.5 have the same level of toxicity(49, 50). Findings from this study and an 

increasing body of evidence suggested that the toxicity and health impacts of PM2.5 can vary significantly 

based on its different constituents and sources.  

This study has several strengths. First, this study included nearly all of the KT recipients in the US who 

received transplant during the study period, which allowed sufficient power in our analysis and good 

generalizability of the results. Second, SRTR collects data on a large number of recipient and donor 

related factors, which allowed us to control for important confounders in the study. Moreover, this study 

used the weighted quantile sum regression to investigate the associations between PM2.5 constituents and 

post-KT outcomes, which allowed us to handle the high correlation between different constituents. 

This study is also limited in the following aspects. First, because of confidentiality concerns, we had to 

use ZIP code level exposures instead of individual level exposures in this study. The actual exposure level 
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could be influenced by different individual factors and therefore leads to measurement error. However, a 

previous study suggested that ambient PM2.5 exposure level is a valid proxy for individual exposure and 

could help avoid some confounding from individual level confounders(96). PM2.5 constituent levels 

could vary over short distances, therefore, the process of aggregating exposures to ZIP code level could 

also lead to measurement error. However, the aggregation process is independent of the outcome status 

and the measurement of the outcome. Therefore, the measurement is likely to be independent and non-

differential and bias the estimates towards to null. Second, we were only able to obtain ZIP code 

information at the year of KT, which may not reflect the real area that the recipient spent most of their 

time prior to KT. However, the ZIP code information from SRTR has successfully served as proxies of 

physical locations in multiple studies. Third, given that the ZIP code information was not updated during 

the study period, we were not able to use time-varying exposure in this study, which may bias the 

estimates for long-term outcomes. However, the results remained consistent when we limited the follow-

up time to first year post-KT. Lastly, although we try to include all the potential confounders that are 

available to our model, given the observational nature of the study, residual confounding is always 

possible. 

In conclusion, PM2.5 mixture was associated with increased risk of adverse post-transplant outcomes 

among KT recipients. Of all the PM2.5 constituents included in this study, SO4 had the largest impact on 

long-term outcomes, while Pb, OC and Ni were more related to short-term outcomes. It’s likely that KT 

recipients would be benefit from a more targeted PM2.5 control strategy than a universal one. Future 

regulations on PM2.5 should consider focusing on the major sources of the PM2.5 constituents with larger 

health impact. KT recipients/candidates could consider moving to areas with lower levels of harmful 

constituents or to use HEPA particle filters to optimize post-transplant outcomes.  
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CONCLUSION 
This dissertation evaluated the link between environmental exposures (PM2.5, mean temperature and 

temperature variability) and immune related outcomes among large population settings. In the first study, 

using non-negative matrix factorization and weighted-quantile sum regression, we addressed the 

collinearity between PM2.5 constituents, and evaluated the association between long-term PM2.5 

constituents, source specific PM2.5, and admissions from non-respiratory infections among Medicare 

beneficiaries. W found that higher PM2.5 was associated with increased hospital admissions from total 

non-respiratory infections and its sub-types including intestinal infections, urinary tract infection and 

septicemia. Sulfates, Nickel and Copper were the most important constituents in the observed associations 

between the PM2.5 mixture and non-respiratory infections. Anthropogenic sources of PM2.5 including 

coal burning, fuel oil combustion and traffic were the sources that associated with the largest effect.  

In the second study, using an adapted DID method, we evaluated the association between seasonal 

temperature variability and admissions from infections among older population in the US. By using the 

adapted DID, we were able to control for the between-ZIP code confounding that changed slowly over 

time. We found that higher temperature variability, higher mean temperature in warm season and lower 

mean temperature were associated with increased hospital admissions from infections. The result 

suggested that extreme and unstable temperature conditions could lead to adverse health impact, which 

highlighted the importance of controlling for climate change.  

In the third study, we switched our focus to KT recipients, an immunocompromised population. Using 

weighted quantile sum regression, we evaluated the association between PM2.5 constituent exposures 

prior to KT and adverse post-KT outcomes. We observed that sulfate, lead, organic carbon and nickel 

contributed the highest weights in the association between PM2.5 and adverse outcomes post-KT. 

Moreover, recipients who were non-white and received a kidney with longer CIT were likely to be more 

vulnerable to the harmful impact of PM2.5. 
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This study adds to the growing body of evidence indicating that the health effects of PM2.5 are not 

uniform but vary depending on its specific chemical constituents and sources. PM2.5 emitted from 

different origins can have distinct impacts on human health, suggesting that the toxicity of PM2.5 is 

closely tied to its composition. Despite this, current regulatory standards focus solely on the total mass 

concentration of PM2.5, which may not be the most effective approach for protecting public health. 

Targeted PM2.5 control strategies that address the most harmful constituents or emission sources have the 

potential to achieve greater improvements in population health outcomes. Moreover, our results also 

highlight that the change in temperature associated with climate change pose a significant threat to human 

health. These findings underscore the urgent need to implement effective strategies to slow down climate 

change, in order to protect public health and mitigate future health risks associated with a warming 

climate. 
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APPENDIX A 
Methods 

Weighted quantile sum regression 

The generalized linear weighted quantile sum regression proceeds in steps. The original data is divided 

into two groups. Then each of the exposures is converted into a categorical variable representing the 

quantiles (in our case deciles) of that exposure. In the first group a regression (in our case quasi-Poisson) 

is fit relating the outcome to the quantiles of all of the exposures. Since all exposures are on the same 

scale (deciles) the coefficients of each exposure can be interpreted as the relative weight of a 1 decile 

increase in that exposure in predicting the outcome. The weights are scaled to sum to one. Then, using 

those weights, in the held-out data set a new variable is computed that is the weighted sum of each of the 

exposures (as deciles). This single variable is then used as the exposure in a regression (quasi-Poisson, in 

our case) predicting the outcome. Both regression control for all covariates. In weighted quantile sum 

regression, the threshold for the most influential components was defined as weight > (1/number of 

species) (68) 

 

Rescaling the source factors 

For each ZIP code in each year, we first calculated a total PM2.5 mixture level by adding up the 

concentration of the 15 constituents. Within each of the 9 strata defined by time period and mixture 

pattern, we obtained the concentration of source factors (either 4 or 5 factors within each stratum) for the 

ZIP code-year. For a typical stratum with 4 factors, we run the regression model below 

total PM2.5 mixture = 𝛽𝛽0 + 𝛽𝛽1 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓1 + 𝛽𝛽2 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓2 + 𝛽𝛽3 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓3 + 𝛽𝛽4 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓4 

The concentration of each source factor was multiple by its corresponding β and converted to 

concentration with unit as μg/m3. After the conversion, we compiled all the source factor data across 
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strata and calculated the standard deviation for each of the source-specific PM2.5. Concentration of 

source-specific PM2.5 was rescaled by dividing by the source-specific standard deviation. The standard 

deviation for PM2.5 sourced from oil combustion, soil, coal burning, traffic, biomass burning, and 

regionally transported nitrates were 0.72, 0.68, 1.91, 1.37, 1.03 and 1.37 respectively. 

Random effect meta-analysis 

We used random effect meta-analysis to combine the stratum-specific effect estimates of the source-

specific PM2.5(151). In random effect analysis, we assume that the mean effects are different across strata 

defined by time and region. Within each of the strata, the effect estimated is assumed to be 

𝜃𝜃�𝑖𝑖 = 𝜇𝜇 + 𝛾𝛾𝑖𝑖 + 𝜖𝜖𝑖𝑖 

𝜃𝜃�𝑖𝑖~𝑁𝑁(0, 𝜏𝜏2 + 𝜎𝜎�𝑖𝑖2) 

Where µ is the population effect; 𝛾𝛾𝑖𝑖 is the random effects for each stratum and follow the distribution 

below; 

𝛾𝛾𝑖𝑖~𝑁𝑁(0, 𝜏𝜏2) 

While 𝜖𝜖𝑖𝑖 is the statistical error in the estimates of stratum-specific effect and follows 

𝜖𝜖𝑖𝑖~𝑁𝑁�0,𝜎𝜎�𝑖𝑖2� 

The population effect of each source-specific PM2.5 𝜇̂𝜇 is estimated by  

𝜇̂𝜇 =
∑ 1

𝜏̂𝜏2 + 𝜎𝜎�𝑖𝑖2
𝑘𝑘
𝑖𝑖=1 𝜃𝜃�𝑖𝑖

∑ 1
𝜏̂𝜏2 + 𝜎𝜎�𝑖𝑖2

𝑘𝑘
𝑖𝑖=1

 

Where 𝜏̂𝜏2 and 𝜎𝜎�𝑖𝑖2 are the maximum likelihood estimator of the random effects and statistical error. 

 

Identification of source factors 
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The elemental components of PM2.5 mass usually originated from different sources. Specific elements or 

groups of elements that are highly associated with a source of air pollution could be serve as tracers and 

help us identify the sources of air pollution(72). From non-negative matrix factorization, we obtain the 

loadings of each element (constituent) within each factor and the results are shown in Appendix C figure 

S6-S14. We identified the source of each factor based on the loadings of tracer elements. For example, if a 

factor A has high loadings of Ni and V, then factor A is identified as oil combustion. The tracer elements 

for each source of air pollution are listed below: 

Sources Tracers 
Oil combustion Ni, V 
Soil, dirt Ca, Si 
Coal burning SO4 
Traffic EC, Zn, Pb, Cu, Fe 
Biomass K 
Regionally transported nitrate  NH4 
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Supplementary table 1. Distribution of coefficient of variation of air pollution data for each ZIP code 
across the study period. 

Coefficient of variation 
 Median (2.5th%, 97.5th%) 

PM2.5 5.5% (3.6%, 8.6%) 
Br 3.5% (2.5%, 4.9%) 
Ca 6.9% (5.3%, 9.2%) 
Cu 14.1% (8.9%, 21.6%) 
EC 9.6% (6.9%, 13.4%) 
Fe 7.0% (5.0%, 10.0%) 
K 5.8% (3.9%, 8.7%) 

NH4 6.2% (4.8%, 8.4%) 
Ni 20.9% (13.6%, 33.6%) 

NO3 8.1% (5.6%, 12.0%) 
OC 6.3% (4.3%, 9.1%) 
Pb 10.3% (7.7%, 13.9%) 
Si 6.9% (4.9%, 8.2%) 

SO4 3.8% (2.8%, 5.0%) 
V 11.9% (8.0%, 18.0%) 
Zn 8.4% (6.1%, 11.9%) 
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Supplementary Figure S1. Weights of PM2.5 constituents in the mixture index for the association between 
the mixture and central nervous system infections.  

 

 

The dash line indicated the threshold for the suggested threshold for the most influential constituents. 
Source data are provided as a Source Data file.  
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Supplementary Figure S2. Weights of PM2.5 constituents in mixture index for the association between 
mixture and intestinal infections.  

 

 

The dash line indicated the suggested threshold for the most influential constituents. Source data are 
provided as a Source Data file. 
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Supplementary Figure S3. Weights of PM2.5 constituents in the mixture index for the association between 
the mixture and urinary tract infections. 

  

The dash line indicated the suggested threshold for the most influential constituents. Source data are 
provided as a Source Data file.  
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Supplementary Figure S4. Weights of PM2.5 constituents in the mixture index for the association between 
the mixture and septicemia. 

 

The dash line indicated the suggested threshold for the most influential constituents. Source data are 
provided as a Source Data file.  
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Supplementary Figure S5. Clusters of ZIP codes within which separated non-negative matrix 
factorizations were conducted for the PM2.5 constituent data between 2000-2005. 

 

Purple area indicates the regions included in Cluster 1 between 2000-2005; yellow area indicates the 
regions included in Cluster 2 between 2000-2005; green area indicates the regions included in Cluster 3 
between 2000-2005. Source data are provided as a Source Data file. The figure was created from ArcMap 
10.7. 
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Supplementary Figure S6. Clusters of ZIP codes within which separated non-negative matrix 
factorizations were conducted for the PM2.5 constituent data between 2006-2010. 

 

Purple area indicates the regions included in Cluster 1 between 2006-2010; yellow area indicates the 
regions included in Cluster 2 between 2006-2010; green area indicates the regions included in Cluster 3 
between 2006-2010. Source data are provided as a Source Data file. The figure was created from ArcMap 
10.7. 
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Supplementary Figure S7. Clusters of ZIP codes within which separated non-negative matrix 
factorizations were conducted for the PM2.5 constituent data between 2011-2016. 

 

Purple area indicates the regions included in Cluster 1 between 2011-2016; yellow area indicates the 
regions included in Cluster 2 between 2011-2016; green area indicates the regions included in Cluster 3 
between 2011-2016. Source data are provided as a Source Data file. The figure was created from ArcMap 
10.7 
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Supplementary Figure S8. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 1 between 2000-2005. Basis 1 was identified as oil 

combustion; basis 2 was identified as dirt; basis 3 was identified as coal burning; basis 4 was identified as 

traffic. 

 

The numbers (1-4) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file. 
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Supplementary Figure S9. The heatmap of loadings of each PM2.5 constituents on each factor obtained 
from non-negative matrix factorization in cluster 2 between 2000-2005. Basis 1 was identified as coal 
burning; basis 2 was identified as oil combustion; basis 3 was identified as dirt; basis 4 was identified as 
traffic. 

 

The numbers (1-4) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.  
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Supplementary Figure S10. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 3 between 2000-2005. Basis 1 was identified as oil 

combustion; basis 2 was identified as traffic; basis 3 was identified as biomass burning; basis 4 was 

identified as coal burning. 

 

The numbers (1-4) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.  
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Supplementary Figure S11. The heatmap of loadings of each PM2.5 constituents on each factor obtained 
from non-negative matrix factorization in cluster 1 between 2006-2010. Basis 1 was identified as mix of 
biomass burning and traffic; basis 2 was identified as dirt; basis 3 was identified as coal burning; basis 4 
was identified as oil combustion. 

 

The numbers (1-4) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.  
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Supplementary Figure S12. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 2 between 2006-2010. Basis 1 was identified as traffic; 

basis 2 was identified as oil combustion; basis 3 was identified as dirt; basis 4 was identified as coal 

burning. 

 

The numbers (1-4) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.   
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Supplementary Figure S13. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 3 between 2006-2010. Basis 1 was identified as oil 

combustion; basis 2 was identified as coal burning; basis 3 was identified as regionally transported 

nitrate; basis 4 was identified as biomass burning; basis 5 was identified as traffic 

 

The numbers (1-5) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.   
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Supplementary Figure S14. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 1 between 2011-2016. Basis 1 was identified as oil 

combustion; basis 2 was identified as coal burning; basis 3 was identified as traffic; basis 4 was identified 

as dirt; basis 5 was identified as regionally transported nitrate. 

 

The numbers (1-5) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.   
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Supplementary Figure S15. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 2 between 2011-2016. Basis 1 was identified as dirt; 

basis 2 was identified as oil combustion; basis 3 was identified as non-tailpipe traffic; basis 4 was 

identified as coal burning; basis 5 was identified as tailpipe traffic. 

 

The numbers (1-5) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file.   
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Supplementary Figure S16. The heatmap of loadings of each PM2.5 constituents on each factor obtained 

from non-negative matrix factorization in cluster 3 between 2011-2016. Basis 1 was identified as biomass 

burning; basis 2 was identified as dirt; basis 3 was identified as regionally transported nitrate; basis 4 was 

identified as traffic; basis 5 was identified as coal burning. 

 

The numbers (1-5) on the Y axis indicates each of the source factors while the grey scale indicates the 

loading of each component in each source factor. Basis indicates the number of factors identified from 

non-negative matrix factorization (NMF). Consensus indicates the consensus across multiple runs of 

NMF. Source data are provided as a Source Data file. 
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APPENDIX B 
Categorization of ICD diagnosis codes 

ICD-9 diagnosis codes 

Disease CCS disease groups 
Total infections 1-9; 76-78; 90; 122-126; 135; 159; 197; 201; 248 
Respiratory infections 122-126 
CNS infections 76-78 
Intestinal Infections 135 
Urinary tract infection 159 
Septicemia 2 

 

ICD-10 diagnosis codes 

Disease CCSR disease groups 

Total infections 
INF001-011; RSP002-006; MUS001-002; MUS027; 

NVS001-NVS003; GEN001; SKN001; DIG001  
Respiratory infections RSP002-006 
CNS infections NVS001-003 
Intestinal Infections DIG001 
Urinary tract infection gen001 
Septicemia INF002 
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Table S1. Association between seasonal temperature, seasonal temperature variability and hospital 

admissions from respiratory infections among Medicare beneficiaries across different strata between 

2000-2016 

 

    Effect estimates 

    coldSD warmSD Cold Temperature Warm Temperature 

sex 
female 0.87 (0.36,1.4) -0.09 (-0.89,0.8) -0.48 (-0.75,-0.23) 1.16 (0.75,1.53) 

male 0.34 (-0.2,0.93) 1.68 (0.68,2.77) -0.83 (-1.13,-0.52) 1.54 (1.11,1.99) 

 
effect difference 0.54 (-0.21,1.31) -1.75 (-3.17,-0.43) 0.36 (-0.01,0.72) -0.39 (-0.93,0.22) 

      

race 
black 0.63 (-0.51,1.76) 0.89 (-1.44,3.24) 0.06 (-0.55,0.64) -0.9 (-1.91,-0.02) 

white -0.11 (-0.28,0.05) -0.04 (-0.42,0.38) 0.28 (0.2,0.35) 0.26 (0.14,0.4) 

 
effect difference 0.75 (-0.42,1.94) 0.92 (-1.42,3.3) -0.21 (-0.83,0.39) -1.17 (-2.21,-0.25) 

      

Medicaid 
eligibility 

Medicaid eligible -0.62 (-1.25,0.02) 0.72 (-0.34,1.87) 0.18 (-0.09,0.52) 0.43 (-0.01,0.89) 

Medicaid non-eligible -0.2 (-0.31,-0.08) -0.12 (-0.35,0.13) 0.21 (0.15,0.28) 0.22 (0.13,0.31) 

 
effect difference -0.42 (-1.03,0.25) 0.8 (-0.23,1.93) -0.04 (-0.32,0.3) 0.22 (-0.24,0.68) 

      

age 

65-74 -0.42 (-0.78,-0.02) 0.92 (0.12,1.62) -0.77 (-0.98,-0.54) 0.54 (0.24,0.82) 

75-84 0.6 (-0.14,1.38) 0.8 (-0.61,2.23) -0.48 (-0.85,-0.07) 1.2 (0.63,1.8) 

>=85 3.55 (2.07,5.27) -0.05 (-3.14,2.82) -1.12 (-1.94,-0.29) 4.21 (3,5.59) 
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Table S2. Association between seasonal temperature, seasonal temperature variability and hospital 

admissions from septicemia among Medicare beneficiaries across different strata between 2000-2016 

    Effect estimates 

    coldSD warmSD 
Cold 

Temperature 
Warm 

Temperature 

sex female 
-0.35 (-0.53,-
0.17) -0.1 (-0.43,0.2) 0.25 (0.15,0.34) 0.2 (0.04,0.35) 

male 
-0.11 (-
0.26,0.04) 

0.02 (-
0.25,0.28) 0.19 (0.11,0.27) 0.22 (0.11,0.33) 

 effect difference 
-0.23 (-
0.47,0.01) 

-0.12 (-
0.53,0.28) 0.06 (-0.06,0.18) 

-0.02 (-
0.21,0.16) 

      

race black 
-2.34 (-
5.48,0.54) 

0.88 (-
4.67,7.95) 

-1.35 (-
3.02,0.39) 

-0.61 (-
3.51,1.94) 

white 0.63 (0.16,1.11) 
0.51 (-
0.29,1.32) 

-0.72 (-0.97,-
0.44) 1.12 (0.75,1.45) 

 effect difference 
-3.05 (-
6.18,0.11) 

0.45 (-
5.42,7.72) -0.6 (-2.34,1.09) 

-1.68 (-
4.59,0.96) 

      

Medicaid 
eligibility 

Medicaid eligible 0.81 (-1.08,2.57) 0.4 (-3.02,3.96) -0.82 (-1.77,0.1) 2.86 (1.47,4.35) 

Medicaid non-eligible 0.56 (0.18,0.95) 1.04 (0.28,1.71) 
-0.42 (-0.63,-
0.25) 1.23 (0.94,1.5) 

 effect difference 0.29 (-1.59,2.02) 
-0.63 (-
4.14,2.94) -0.4 (-1.39,0.53) 1.66 (0.14,3.09) 

      

age 

65-74 0.93 (0.58,1.24) 
0.45 (-

0.11,1.04) 
-0.12 (-

0.28,0.05) 0.44 (0.18,0.71) 

75-84 3.61 (2.92,4.28) 1.61 (0.47,2.75) 0.12 (-0.21,0.41) 
-0.12 (-

0.59,0.36) 

>=85 6.39 (5.19,7.57) 
1.41 (-

0.88,3.52) 1.18 (0.52,1.78) 
0.35 (-

0.61,1.29) 
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Table S3. Association between seasonal temperature, seasonal temperature variability and hospital 

admissions from urinary tract infections among Medicare beneficiaries across different strata between 

2000-2016 

    Effect estimates 

    coldSD warmSD 
Cold 

Temperature 
Warm 

Temperature 

sex female 
-0.02 (-
0.06,0.03) -0.01 (-0.1,0.08) 0.01 (-0.02,0.03) 0 (-0.03,0.04) 

male -0.04 (-0.1,0.02) 
0.02 (-
0.08,0.12) 0.02 (-0.01,0.05) 0.05 (0.01,0.1) 

 effect difference 0.02 (-0.05,0.1) 
-0.03 (-
0.18,0.11) 

-0.01 (-
0.06,0.03) 

-0.05 (-
0.11,0.01) 

      

race black 
-0.33 (-
0.72,0.06) 

-0.59 (-
1.81,0.38) 0.12 (-0.09,0.37) 

0.09 (-
0.16,0.33) 

white 0.02 (-0.04,0.1) 
0.02 (-
0.07,0.13) 0 (-0.04,0.03) 

0.04 (-
0.01,0.13) 

 effect difference 
-0.35 (-
0.75,0.04) 

-0.59 (-
1.82,0.38) 0.12 (-0.1,0.36) 

0.05 (-
0.21,0.29) 

      

Medicaid 
eligibility 

Medicaid eligible 
-0.12 (-0.26,-
0.01) -0.07 (-0.32,0.2) 0.08 (0.01,0.15) 

-0.06 (-
0.15,0.05) 

Medicaid non-eligible 
-0.02 (-
0.06,0.02) 

0.03 (-
0.04,0.11) 0.01 (-0.01,0.03) 0.03 (0,0.06) 

 effect difference -0.1 (-0.25,0.02) -0.1 (-0.37,0.2) 0.07 (0,0.15) 
-0.09 (-
0.19,0.02) 

      

age 

65-74 
-0.37 (-0.56,-

0.21) 0.39 (0,0.79) 
-0.32 (-0.42,-

0.21) 0.58 (0.42,0.74) 

75-84 -0.6 (-1.13,-0.17) 1 (0.25,1.78) 
-0.46 (-0.71,-

0.22) 1.25 (0.9,1.61) 

>=85 
-0.15 (-

1.08,1.02) 2.64 (0.5,4.45) -0.93 (-1.47,-0.4) 2.31 (1.5,3.1) 
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Table S4. Association between seasonal temperature, seasonal temperature variability and hospital 

admissions from intestinal infections among Medicare beneficiaries across different strata between 2000-

2016 

    Effect estimates 

    coldSD warmSD 
Cold 

Temperature 
Warm 

Temperature 

sex female 
-0.41 (-0.77,-
0.06) 0.76 (0.14,1.38) 

-0.51 (-0.67,-
0.33) 1.31 (1.05,1.59) 

male 
-0.39 (-0.69,-
0.12) 0.67 (0.13,1.13) 

-0.28 (-0.43,-
0.14) 0.66 (0.46,0.88) 

 effect difference -0.02 (-0.49,0.45) 0.1 (-0.75,0.86) -0.23 (-0.46,0) 0.65 (0.31,0.99) 
      

race 
black -0.94 (-3.38,1.68) 1.97 (-2.3,6.64) -0.39 (-1.5,1.16) 1.67 (-0.7,4.13) 

white -0.46 (-0.7,-0.2) 0.61 (0.12,1.11) 
-0.49 (-0.63,-
0.35) 1.08 (0.86,1.28) 

 effect difference -0.51 (-2.96,2.18) 
1.38 (-
2.92,6.09) 0.08 (-1.02,1.65) 

0.61 (-
1.85,3.06) 

      

Medicaid 
eligibility 

Medicaid eligible -0.9 (-2.16,0.27) 3.11 (0.72,5.23) 
-1.26 (-1.96,-
0.69) 3.02 (2.04,3.97) 

Medicaid non-eligible -0.4 (-0.61,-0.15) 
0.26 (-
0.12,0.64) 

-0.23 (-0.34,-
0.11) 0.78 (0.61,0.96) 

 effect difference -0.51 (-1.76,0.66) 2.85 (0.44,4.96) 
-1.06 (-1.73,-
0.44) 2.25 (1.28,3.21) 

      

age 

65-74 
-0.16 (-0.28,-

0.03) 
0.17 (-

0.06,0.36) 0.09 (0.02,0.15) 0.15 (0.05,0.24) 

75-84 
-0.33 (-0.56,-

0.07) -0.3 (-0.7,0.19) 0.37 (0.24,0.5) 0.22 (0.03,0.41) 

>=85 -0.22 (-0.7,0.23) 
0.07 (-

0.73,0.93) 0.37 (0.16,0.64) 0.48 (0.1,0.85) 
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Table S5. Association between seasonal temperature, seasonal temperature variability and hospital 

admissions from central nervous system infections among Medicare beneficiaries across different strata 

between 2000-2016 

    Effect estimates 

    coldSD warmSD 
Cold 

Temperature 
Warm 

Temperature 

sex female 2.7 (2.32,3.1) 0.39 (-0.34,1.15) 0.11 (-0.07,0.33) 0.3 (0.01,0.63) 
male 2.57 (2.06,3.1) 1.29 (0.42,2.16) 0.25 (0.01,0.47) 0.25 (-0.09,0.6) 

 effect difference 0.12 (-0.53,0.81) -0.9 (-2.04,0.28) 
-0.14 (-
0.41,0.18) 0.04 (-0.43,0.53) 

      

race black 1.8 (-1.34,5.49) 8.4 (2.62,14.25) 
-0.13 (-
1.66,1.52) 0.25 (-2.06,2.76) 

white 2.66 (2.26,3.02) 1.05 (0.39,1.81) 0.11 (-0.07,0.29) 0.29 (-0.01,0.57) 

 effect difference 
-0.84 (-
3.98,2.66) 

7.31 
(1.45,13.36) 

-0.24 (-
1.79,1.42) 

-0.06 (-
2.51,2.55) 

      

Medicaid 
eligibility 

Medicaid eligible 3.95 (2.27,5.51) 3.4 (0.44,6.45) 0.24 (-0.52,1.03) 0.62 (-0.67,1.77) 

Medicaid non-eligible 2.5 (2.19,2.81) 
-0.21 (-
0.69,0.38) 0.14 (-0.01,0.3) 0.2 (-0.03,0.44) 

 effect difference 1.46 (-0.27,2.99) 3.53 (0.71,6.56) 0.11 (-0.68,0.88) 0.42 (-0.84,1.58) 
      

age 

65-74 
-0.02 (-

0.07,0.03) 
-0.01 (-

0.12,0.07) 0.02 (-0.01,0.05) 0.02 (-0.02,0.06) 

75-84 
-0.04 (-

0.11,0.03) 0.03 (-0.1,0.16) 0 (-0.04,0.04) 0.02 (-0.03,0.08) 

>=85 
-0.04 (-

0.13,0.04) 0.16 (-0.02,0.34) -0.05 (-0.09,0) 
-0.01 (-

0.08,0.06) 
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APPENDIX C 
Table S1. Relative contributions of PM2.5 constituents in the association between the PM2.5 mixture and all-cause mortality across models with 
interactions terms. 

All-cause mortality 
Age Sex Race Donor type Cold ischemia time 

Component weights Component weights Component weights Component weights Component weights 
so4 0.344 so4 0.269 so4 0.652 nh4 0.329 nh4 0.503 
nh4 0.260 nh4 0.197 nh4 0.169 so4 0.312 so4 0.201 
k 0.138 v 0.103 no3 0.048 no3 0.149 ni 0.128 
v 0.086 ni 0.095 fe 0.041 v 0.055 k 0.040 
pb 0.049 no3 0.078 v 0.028 k 0.041 br 0.035 
ni 0.043 ec 0.064 pb 0.024 si 0.035 fe 0.026 
br 0.024 br 0.063 si 0.023 fe 0.034 no3 0.026 
fe 0.022 fe 0.062 k 0.007 br 0.014 ec 0.016 

no3 0.019 k 0.027 ca 0.003 pb 0.012 si 0.010 
si 0.009 si 0.009 ec 0.003 ni 0.011 oc 0.005 
ca 0.003 z 0.008 br 0.001 ca 0.007 v 0.005 
ec 0.002 oc 0.008 cu 0.001 zn 0.000 cu 0.003 
oc 0.000 ca 0.007 ni 0.001 oc 0.000 pb 0.001 
cu 0.000 pb 0.006 zn 0.000 cu 0.000 ca 0.001 
zn 0.000 cu 0.005 oc 0.000 ec 0.000 zn 0.000 
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Table S2. Relative contributions of PM2.5 constituents in the association between the PM2.5 mixture and death-censored graft failure across models 
with interactions terms. 

Death-censored graft failure 
Age Sex Race Donor type Cold ischemia time 

Component weights Component weights Component weights Component weights Component weights 
so4 0.579 so4 0.409 so4 0.753 so4 0.323 so4 0.462 
ca 0.122 nh4 0.299 si 0.131 si 0.254 si 0.162 
si 0.104 si 0.073 v 0.076 v 0.140 v 0.125 
fe 0.047 br 0.060 k 0.013 pb 0.119 nh4 0.088 
ni 0.036 ca 0.039 pb 0.009 nh4 0.060 ni 0.067 
pb 0.035 ni 0.035 ni 0.007 fe 0.038 ca 0.058 
k 0.034 fe 0.028 ca 0.003 ca 0.035 pb 0.014 
br 0.014 v 0.025 nh4 0.003 k 0.017 br 0.011 
v 0.008 ec 0.013 fe 0.002 ec 0.005 fe 0.006 

nh4 0.007 cu 0.007 cu 0.001 cu 0.004 ec 0.003 
cu 0.006 pb 0.006 br 0.001 ni 0.002 k 0.002 

no3 0.004 no3 0.005 no3 0.001 no3 0.002 cu 0.001 
zn 0.001 k 0.001 ec 0.000 zn 0.001 no3 0.000 
oc 0.001 zn 0.000 zn 0.000 oc 0.000 zn 0.000 
ec 0.001 oc 0.000 oc 0.000 br 0.000 oc 0.000 
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Table S3. Relative contributions of PM2.5 constituents in the association between the PM2.5 mixture and acute rejection across models with 
interactions terms. 

Acute rejection 
Age Sex Race Donor type Cold ischemia time 

Component weights Component weights Component weights Component weights Component weights 
pb 0.400 pb 0.591 pb 0.362 pb 0.638 pb 0.612 
si 0.163 so4 0.124 so4 0.281 zn 0.117 so4 0.112 
so4 0.143 si 0.082 nh4 0.206 so4 0.102 nh4 0.086 
k 0.087 br 0.073 zn 0.092 nh4 0.058 zn 0.046 
nh4 0.059 nh4 0.038 k 0.035 si 0.031 br 0.041 
zn 0.049 zn 0.037 br 0.012 k 0.017 si 0.041 
ca 0.044 k 0.036 si 0.010 ca 0.013 fe 0.017 
br 0.042 fe 0.007 ca 0.001 br 0.011 k 0.016 
fe 0.005 ni 0.006 ec 0.001 ni 0.009 ni 0.014 
no3 0.004 ca 0.004 fe 0.000 fe 0.002 ec 0.010 
ni 0.003 ec 0.003 ni 0.000 ec 0.001 ca 0.005 
ec 0.001 oc 0.000 no3 0.000 oc 0.001 oc 0.000 
oc 0.000 v 0.000 oc 0.000 no3 0.000 cu 0.000 
cu 0.000 cu 0.000 v 0.000 cu 0.000 no3 0.000 
v 0.000 no3 0.000 cu 0.000 v 0.000 v 0.000 
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Table S4. Relative contributions of PM2.5 constituents in the association between the PM2.5 mixture and delayed graft function across models with 
interactions terms. 

Delayed graft function 
Age Sex Race Donor type Cold ischemia time 

Component weights Component weights Component weights Component weights Component weights 
oc 0.538 oc 0.420 oc 0.378 oc 0.471 oc 0.359 
ni 0.282 ni 0.330 ni 0.174 v 0.193 ni 0.241 
cu 0.111 cu 0.150 no3 0.173 ni 0.188 cu 0.214 
v 0.064 br 0.088 br 0.132 cu 0.126 v 0.148 
ec 0.002 v 0.008 ec 0.075 br 0.020 br 0.037 
br 0.001 no3 0.002 zn 0.061 no3 0.002 ec 0.001 
si 0.000 zn 0.001 nh4 0.003 ec 0.000 no3 0.000 

no3 0.000 fe 0.001 cu 0.002 nh4 0.000 si 0.000 
nh4 0.000 k 0.000 si 0.001 ca 0.000 ca 0.000 
pb 0.000 nh4 0.000 pb 0.000 si 0.000 fe 0.000 
zn 0.000 si 0.000 v 0.000 fe 0.000 pb 0.000 
fe 0.000 so4 0.000 fe 0.000 k 0.000 k 0.000 
ca 0.000 ca 0.000 ca 0.000 so4 0.000 so4 0.000 
k 0.000 ec 0.000 so4 0.000 pb 0.000 zn 0.000 

so4 0.000 pb 0.000 k 0.000 zn 0.000 nh4 0.000 
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Table S5. Relative contributions of PM2.5 constituents in the association between the PM2.5 mixture and 
time-to-event outcomes (death censored graft failure and mortality) during first year after kidney 
transplant. 

 

Death   Death censored graft-failure 
Component weights   Component weights 

so4 0.403  so4 0.482 
si 0.225  v 0.169 
v 0.165  si 0.113 
fe 0.067  pb 0.077 
pb 0.064  nh4 0.061 
k 0.023  ni 0.053 
oc 0.016  oc 0.021 
cu 0.014  k 0.013 

no3 0.008  ca 0.009 
ca 0.003  fe 0.001 
ec 0.003  ec 0.001 
ni 0.003  cu 0.000 
z 0.002  no3 0.000 

nh4 0.002  br 0.000 
br 0.001   z 0.000 
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Table S6. Estimated effect of each decile increase in PM2.5 mixture on time-to-event outcomes (death 
censored graft failure and mortality) during first year after kidney transplant. 

 

  aHR (95%CI) 
Death 1.137 (1.111, 1.164) 
Death censored graft failure 1.092 (1.070, 1.113) 
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Table S7. Relative contributions of PM2.5 constituents in the association between the PM2.5 mixture and 
post-KT outcomes when further adjusting for NO2 and Ozone 

 

Component Weights Component Weights Component Weights Component Weights 
pb 0.308 ni 0.436 so4 0.364 so4 0.246 
z 0.171 oc 0.401 v 0.132 nh4 0.171 
si 0.116 v 0.097 si 0.082 ni 0.095 

so4 0.101 cu 0.059 pb 0.067 no3 0.089 
br 0.096 br 0.007 nh4 0.066 v 0.088 
k 0.073 no3 0.000 z 0.053 si 0.065 

nh4 0.062 z 0.000 ec 0.040 pb 0.056 
ca 0.039 nh4 0.000 ca 0.040 br 0.046 
fe 0.020 ec 0.000 br 0.039 ec 0.038 
ni 0.011 ca 0.000 cu 0.034 ca 0.035 
ec 0.001 si 0.000 ni 0.031 k 0.034 
cu 0.000 pb 0.000 no3 0.030 oc 0.014 
oc 0.000 fe 0.000 fe 0.014 z 0.009 

no3 0.000 k 0.000 k 0.007 fe 0.008 
v 0.000 so4 0.000 oc 0.002 cu 0.007 
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Table S8. Estimated effect of each decile increase in PM2.5 mixture on post-KT outcomes when further 
adjusting for NO2 and Ozone 

 

  Effect estimates (95%CI) 
Acute rejection 1.051 (1.030, 1.074) 

Delayed graft function 1.086 (1.072, 1.100) 
Death 1.051 (1.035, 1.067) 
DCGF 1.065 (1.033, 1.099) 

 

DCGF: Death censored graft failure 

For acute rejection and delayed graft failure, the effect estimates are odds ratio while for Death and 
DCGF, the effect estimates were hazard ratios 
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Table S9. Association between total PM2.5 and graft failure (treating death as censoring VS treating death 
as competing event) 

 

  HR 
Cox model 1.013 (1.007, 1.019) 
Fine and Gray's model 1.012 (1.006, 1.017) 

 

HR: hazard ratio for each 1µg/m3 increase in PM2.5; Cox model estimated the association between 
PM2.5 and death-censored graft failure; Fine and Gray’s estimated the association between PM2.5 and 
graft failure while treating death as a competing event. 
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Figure S1. Correlation plot between PM2.5 constituents in the US. 

 

 


