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Abstract

Background: Air pollution has been linked to obesity while higher ambient temperatures 

typically reduce metabolic demand in a compensatory manner. Both relationships may impact 

glucose metabolism, thus we examined the association between intermediate- and long-term 

exposure to fine particulate matter (PM2.5) and ambient temperature and glycated hemoglobin 

(HbA1c), a longer-term marker of glucose control.

Methods: We assessed 3-month, 6-month, and 12-month average air pollution and ambient 

temperature at 1-km2 spatial resolution via satellite remote sensing models (2013–2019), and 

assessed HbA1c at four, six, and eight years postpartum in women enrolled in the Programming 

Research in Obesity, Growth, Environment and Social Stressors (PROGRESS) cohort based 

in Mexico City. PM2.5 and ambient temperature were matched to participants’ addresses and 

confirmed by GPS tracker. Using linear mixed-effects models, we examined the association 

between 3-month, 6-month, and 12-month average PM2.5 and ambient temperature with repeated 

log-transformed HbA1c values. All models included a random intercept for each woman and were 

adjusted for calendar year, season, and individual-level confounders (age, marital status, smoking, 

alcohol consumption level, and education level).

Results: We analyzed 1,265 HbA1c measurements of 484 women. Per 1 μg/m3 increase in 

3-month and 6-month PM2.5, HbA1c levels increased by 0.28% (95% confidence interval (95 

%CI): 0.14, 0.42%) and 0.28% (95 %CI: 0.04, 0.52%) respectively. No association was seen 

for 12-month average PM2.5. Per 1 °C increase in ambient temperature, HbA1c levels decreased 

by 0.63% (95 %CI: −1.06, −0.21%) and 0.61% (95 %CI: −1.08, −0.13%), while the 12-month 

average again is not associated with HbA1c.

Conclusions: Intermediate-term exposure to PM2.5 and ambient temperature are associated 

with opposing changes in HbA1c levels, in this region of high PM2.5 and moderate temperature 

fluctuation. These effects, measurable in mid-adult life, may portend future risk of type 2 diabetes 

and possible heart disease.
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1. Introduction

Particulate matter (PM) pollution is one of the world’s leading environmental problems and 

is commonly assessed by inhalable particles of different aerodynamic diameter reflecting 

size in microns (PM10 or PM2.5). PM has been linked to multiple health problems 

including heart disease, with smaller particles posing a greater threat than larger ones (U.S. 

Environmental Protection Agency (EPA), 2016). PM2.5 has been linked to higher risk of 

ischemic heart disease, atherosclerosis, and altered cardiac autonomic function (Brook et 

al., 2010; Du et al., 2016; Pope and Dockery, 2006). Similarly, higher ambient temperature 

is a metabolic stressor that has been studied as a risk factor for cardiovascular health, 

and moderately high ambient temperatures in conjunction with high humidity may result 

in increased illness and death due to their effects on the autonomic and cardiovascular 

systems (U.S. Centers for Disease Control and Prevention (CDC), 2020). These links may 

also be partially mediated through impaired glucose metabolism, which often precedes the 

development of cardiovascular disease (Blauw et al., 2017; Chen et al., 2016; Liu et al., 

2016; Lucht et al., 2018; Riant et al., 2018; Sasso et al., 2004; Tran and Wang, 2019; Wolf et 

al., 2016; Yitshak-Sade et al., 2017).

Glycated hemoglobin (HbA1c) reflects non-enzymatic binding of glucose to hemoglobin in 

the red blood cell and is a longer-term marker of blood glucose levels than serum glucose 

as hemoglobin is found exclusively in red blood cells, and has a half-life of approximately 

120 days. Relative to fasting blood glucose which provides only a measure of glucose 

concentration present in an individual’s blood at a given time point, HbA1c is a much more 

stable measurement of blood glucose that does not capture postprandial fluctuations but 

reflects integrated measures of glucose over time, and can provide insight on the cumulative 

glycemic history over a two to three month period (Sherwani et al., 2016). Existing 

studies have found that long-term variability of HbA1c increases the risk of cardiovascular 

morbidity, including coronary artery disease, heart failure, and atrial fibrillation (Gu et al., 

2018, 2017; Lee et al., 2013; Luk et al., 2013).

With regards to PM2.5 and ambient temperature effects on glucose metabolism, numerous 

mechanistic studies have provided plausibility for different biological pathways, including 

oxidative stress and inflammation (Panni et al., 2016; Sørensen et al., 2003a, 2003b; Ward-

Caviness et al., 2016; Wilker et al., 2012; Wu et al., 2017; Xu et al., 2019). Because 

the impact of environmental exposures may vary based on the mechanisms by which 

they induce metabolic changes, it is critical to explore the effects of PM2.5 and ambient 

temperature using different time metrics, including that of the short- (i.e., days to weeks), 

intermediate- (i.e., months), and long-term (i.e., years). Furthermore, women of child 

bearing age may be more vulnerable to these environmental health effects due to metabolic 

changes around pregnancy. Multiparity is a cause of weight gain for women of reproductive 

age and is known to increase the risk of developing diabetes. As such, women of child 

bearing age and would be an optimal population for investigating such effects (Boyles et al., 

2021; Rebholz et al., 2012).
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Although some existing studies have investigated the relationship between PM2.5 and 

glucose metabolism (Moody et al., 2019; Yitshak-Sade et al., 2016), few studies have 

explored the association between ambient temperature and glucose metabolism (Tien et al., 

2016; Tseng et al., 2005), and even fewer have studied these two exposures simultaneously 

with formally defined time-metrics of exposure. We were able to address this gap with 

satellite-based models our group has recently developed over the study area (Gutíerrez-Avila 

et al., 2021; Just et al., 2015), which provides detailed spatiotemporal resolved PM2.5 and 

ambient temperature levels that can used to calculate discrete exposure windows of interest.

In this study, we investigate the association between intermediate-and long-term exposure to 

PM2.5 and ambient temperature and HbA1c. We make use of the aforementioned exposure 

models and comprehensive longitudinal health data of mothers from the Programming 

Research in Obesity, Growth, Environment and Social Stressors (PROGRESS) cohort, 

from which the availability of detailed health data allows us to best identify the potential 

associations of interest in our study. We hypothesize that intermediate- and long-term 

increases in PM2.5 and decreases in ambient temperature exposures are associated with 

higher HbA1c levels.

2. Methods

2.1. Study population

Women in PROGRESS were initially recruited through clinics in the Mexican Social 

Security Institute (Instituto Mexicano del Seguro Social, Spanish acronym IMSS) from 

July 2007 to February 2011 during their 2nd trimester of pregnancy and were longitudinally 

followed thereafter. Extensive information was collected from participants during initial and 

follow up visits through questionnaires and laboratory sampling, including biomarkers for 

metal exposures, accelerometry data, and demographic information. All women participating 

in the study provided written informed consent before taking part in the study. More details 

about the cohort and enrollment can be found in an existing publication (Braun et al., 2014).

This initial study protocol for PROGRESS was approved by the institutional review 

boards at the Mexico National Institute of Public Health, the Mexico National Institute 

of Perinatology, the IMSS, and the Icahn School of Medicine at Mount Sinai.

2.2. Outcome assessment

We obtained HbA1c measurements from women enrolled in the PROGRESS cohort. 

HbA1c was measured in whole blood for all participants, and samples were run on an 

InnovaStar analyzer (DiaSys) using a turbidimetric immunoassay at the National Institute of 

Perinatology, Mexico. For the purposes of this study, HbA1c measurements were taken from 

participants during the 48-month, 72-month, and 96-month postpartum follow-up visits, 

available for the years 2013 to 2019. We excluded HbA1c measurements from our analytic 

dataset for which address or covariate information were missing.
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2.3. Exposure assessment

We generated PM2.5 and mean ambient temperature estimates from our novel satellite-

based models, which provided daily predictions at 1-km2 resolutions for the locations and 

exposure windows included in our study (2013–2019). In brief, in both models we used 

hybrid satellite-based modeling approaches, utilizing a combination of data from satellites, 

atmospheric simulations, land use datasets, and ground monitoring stations. Our models 

leveraged mixed effect modeling and machine-learning based approaches and was rigorously 

evaluated using leave-one-monitor-out cross-validation methods. The PM2.5 model showed 

excellent performance with a cross-validated R2 of 0.72. The ambient temperature model 

also performed very well, with annual cross-validated R2′s ranging from 0.78 to 0.95. More 

in depth information about the approach of the models can be found in existing publications 

(Gutíerrez-Avila et al., 2021; Just et al., 2015). Exposure estimates were assigned to study 

participants based on their geocoded home addresses and the corresponding PM2.5 and 

ambient temperature 1-km2 exposure grids from our satellite-based models. Information 

on latitude and longitude of each participant address was collected at each visit by field 

workers, and participants were assigned the corresponding exposure grids associated with 

the address provided until a new address is provided at a follow-up visit, during which we 

assign new exposure grids based on the address provided. Information on moving dates was 

retrieved using an address history questionnaire, which was also used to validate the GPS 

coordinates collected at each visit by field workers geocoding the participants’ addresses.

We a priori defined exposures as moving averages of PM2.5 and ambient temperature 

at different windows before blood for HbA1c measurement was drawn. We defined 

intermediate-term exposure as 3-month and 6-month averaged exposures, and long-term 

exposure as 12-month averaged exposures prior to the time of the visit, based on biological 

plausibility and findings from current research (Chuang et al., 2011; Moody et al., 2019; 

Yitshak-Sade et al., 2016).

2.4. Covariates

Information on age, marital status, smoking status, alcohol consumption, and education was 

collected through verbally administered questionnaires during monitoring visits. BMI was 

calculated based on measured weights and heights during each monitoring visit. Weight was 

measured using the InBody 270 or InBody 370 Body Composition Analyzers (Biospace Inc, 

1996); height was measured using a Seca 206 roller measuring tape.

2.5. Statistical analysis

We employed linear mixed-effects models to investigate the relationship between 3-month, 

6-month, and 12-month average PM2.5 and ambient temperature with HbA1c values. 

For each exposure window, we tested the association with ambient temperature and 

PM2.5 simultaneously. As the mean HbA1c distribution was highly skewed, we natural 

log-transformed HbA1c values. In the models, we included random intercepts for each 

participant to accommodate for multiple visits, and we adjusted for calendar year, season 

(nominal variable with three categories: May – October (rainy), and November – February 

(dry cold), and March – April (warm)), and individual-level characteristics at each visit, 

including age, body mass index (BMI) (both continuous variables), marital status (married/
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lifetime partner or single/separated), smoking status (yes or no), alcohol consumption level 

(once or twice a week/once a month, less than once a month but at least once a year, 

or never drank alcohol), and education level (middle school or less/don’t know, technical 

post-middle/high school and high school, or college/graduate school).

We selected confounders based on the availability of covariates in our cohort that best 

aligned with existing literature in this area of research. For the adjustment of seasonal and 

time trends, we selected the best fitting model based on the Bayesian Information Criterion 

(BIC).

Coefficients were antilog-transformed to the original units, and all results are presented 

as the percent change in the outcome and 95% confidence intervals per 1 μg/m3 increase 

in PM2.5 and per 1 °C increase in average ambient temperature. We assessed potential 

non-linearity in all exposure–response relationships using penalized splines for PM2.5 and 

average ambient temperature, and we found no evidence of deviation from linearity. We 

therefore treated the exposures as linear. To explore potential effect modification between 

PM2.5 and ambient temperature exposures, we repeated the models adding continuous or 

categorical (by tertiles of exposures) interaction terms between the exposures. We also tested 

effect modification between our exposures with other covariates of interest, including age, 

BMI, and education level.

2.6. Sensitivity analysis

We added several sensitivity analyses to make sure our findings are robust. First, we 

excluded subjects that were diagnosed with diabetes (N = 44 women; n = 121 HbA1c 

measurements). Diabetes diagnosis was established by 2 or more measurements of fasting 

glucose greater or equal to 126 mg/dL or HbA1c higher than 6.5% (American Diabetes 

Association, 2010).

Second, although the cohort visits were conducted 48-month, 72-month, and 96- months 

following the index pregnancy, some women had additional pregnancies during the follow 

up period. Because pregnancy may alter glucose/HbA1c levels, we also conducted a separate 

sensitivity analysis excluding HbA1c results obtained while the women were pregnant (n = 

24 HbA1c measurements).

Finally, since a portion of HbA1c measurements were excluded due to missing data, we 

repeated the analysis using stabilized inverse probability weights to avoid selection bias. We 

modeled the probability of having complete information using a logistic regression with the 

following predictors: age, marital status, pregnancy status, alcohol consumption, education 

level, visit number, month, and year. All statistical analyses were performed using the R 

Statistical Software, version 4.0.3 (Foundation for Statistical Computing, Vienna, Austria). 

The lmerTest package was used to construct mixed effects models used in this analysis.

3. Results

We included 1,265 HbA1c measurements of 484 women. Most of the women had 

information on three HbA1c measurements (75.0%), 11.4% had two measurements, and 
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13.6% had one. The average age at measurement was 28 years, 40.7% did not have a high 

school diploma, and 62.6% were past or current smokers (Table 1). The average BMI of the 

population was 28.2 (overweight), the fasting glucose level of women across measurements 

was 91.9 mg/dL, and the average HbA1c level was 5.5%. 5.2% of the HbA1c measurements 

were greater than 6.5%. Of the 1,656 HbA1c measurements performed, 23.6% (n = 391) 

of the HbA1c measurements were excluded from our analytic dataset due to missing 

information, driven mostly by missing or unmatchable address information (20.8%), but 

also by missing covariates information (2.8%). A flowchart of our study exclusion process is 

shown in Figure S1.

The average daily PM2.5 concentration across the study period was 20.7 μg/m3, and the 

average ambient temperature across the study period was 15.6 °C. The Pearson correlation 

between daily PM2.5 and daily average ambient temperature was 0.10. We additionally 

compared the baseline characteristics of measurements included and excluded from the 

study and found them to be mostly similar. Among measurements excluded from the 

analysis, however, we found that BMI, alcohol consumption, and education distributions 

were significantly different (Table S1). Descriptive statistics by examination wave and by 

number of measurements per participant are also shown in the supplemental materials (Table 

S2 and S3).

Distributions of daily PM2.5 and daily mean ambient temperature levels are shown in Fig. 1, 

time series plots of daily PM2.5 and daily mean ambient temperature are shown in Figure S2, 

and boxplots of monthly ambient temperature are shown in Figure S3. Exposure-response 

relationships modeled with penalized splines used to assess non-linearity are shown in 

Figure S4. For 3-month and 6-month exposures, we did not detect any evidence of non-

linearity. For 12-month exposures, although we detected potentially nonlinear relationships, 

the penalized splines were not significant. Furthermore, the observed nonlinear relationships 

appeared to be driven by outliers in 12-month PM2.5 and average ambient temperature (i.e., 

less than 18 μg/m3 for PM2.5 and less than 13 °C), which constitutes less than 2% and 5% of 

our dataset, respectively.

Fig. 2 shows the percent change in HbA1c levels associated with 3-month, 6-month, and 12-

month average PM2.5 and ambient temperature. Results are presented per 1 μg/m3 increase 

in PM2.5 and per 1 °C increase in average ambient temperature. We observed a significant 

increase in HbA1c levels associated with mean PM2.5 exposure 3-months (0.28% change, 

95% confidence interval (95 %CI): 0.14, 0.42%), and 6-months (0.28% change, 95 %CI: 

0.04, 0.52%) before the HbA1c measurements. We observed negative associations between 

ambient temperature exposure and HbA1c levels. Per 1 °C increase in 3-month and 6-month 

average ambient temperature exposure, HbA1c levels decreased by 0.63% (95 %CI: −1.06, 

−0.21%) and 0.61% (95 %CI: −1.08, −0.13%), respectively. 12-month average PM2.5 or 

ambient temperature exposure were not associated with HbA1c in our analysis. We did 

not find evidence for an interaction between ambient temperature and PM2.5 in any of the 

exposure windows for both continuous and categorical interaction terms (Table S4). We did 

find significant interaction terms between 3-month and 6-month PM2.5 with age, but did not 

find evidence for interaction with other covariates (Table S5). Results of sensitivity analyses 
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were very similar to that of the main analyses and the inference did not change (Figure S5 

and Table S6).

4. Discussion

Using data from satellite-based PM2.5 and ambient temperature models and seven years 

of the PROGRESS cohort longitudinal data on exposure and HbA1c, we investigated 

the relationship between 3-month, 6-month, and 12-month average PM2.5 and ambient 

temperature and repeated measures of HbA1c over time. We found positive associations 

for 3-month and 6-month PM2.5 with HbA1c, and negative associations for 3-month and 

6-month ambient temperature with HbA1c. The results of our analyses were robust to 

additional sensitivity analyses.

Several studies are consistent with our findings for PM2.5, although none specifically studied 

women of child bearing age. Women of child bearing age were the target population for 

our research question of interest because they may be more vulnerable to environmental 

health effects due to pregnancy-related metabolic changes (Boyles et al., 2021), and we 

indeed found air pollution and ambient temperature exposures to be related to HbA1c in this 

population. Yitshak-Sade et al. investigated the association of PM10 and PM2.5 with blood 

glucose and HbA1c in a large retrospective cohort of adults with cardiovascular risk factors 

in Southern Israel (Yitshak-Sade et al., 2016). They found positive associations between 

3-month PM10 with both outcomes, and 3-month PM2.5 with HbA1c. Moody et al. explored 

the association for prenatal and perinatal exposure of PM2.5 with HbA1c of children aged 

4 to 7 years in the PROGRESS cohort (Moody et al., 2019). They found that prenatal 

PM2.5 was associated with higher HbA1c levels in children from age 4 to 5 years and 6 

to 7 years, and also identified relevant sex-specific critical exposure windows. Numerous 

studies have also explored the association between long-term exposure to air pollution 

and diabetes-related outcomes including blood glucose, HbA1c, and biomarkers for insulin 

resistance (Liu et al., 2016; Lucht et al., 2018; Riant et al., 2018; Wolf et al., 2016). Both 

Riant et al. and Lucht et al. found positive albeit small associations between PM and HbA1c, 

which is consistent with the results of our study. There are a couple of mechanisms that may 

explain the association between PM2.5 and HbA1c. One is through the effects of PM2.5′s 

effects on oxidative stress, which can lead to pro-inflammatory processes that result in 

the development of metabolic syndromes, including diabetes (Lim and Thurston, 2019). 

Another is through the disruption of mitochondrial function, which can result in the decrease 

of brown adipose tissue, essential in the regulation of glucose homeostasis (Xu et al., 2011). 

As a long-term marker of glycemic control, HbA1c would reflect all of these potential 

changes to glucose levels in the body.

There are relatively few existing studies that have explored the association between ambient 

temperature and HbA1c, although with climate change the interest in the relationship 

between ambient temperature and health is growing. Tseng et al. investigated seasonal 

variations in population HbA1c levels over a 2-year period and identified that HbA1c levels 

were higher in the winter and lower in the summer (Tseng et al., 2005). We are only aware 

of a single epidemiologic study that explored the association between ambient temperature 

and HbA1c, which, consistent with our findings, also found a negative association (Tien 
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et al., 2016). It is possible that HbA1c in our study may be serving as a marker of 

metabolic changes that are driven by temperature. Metabolism in general scales inversely 

with temperature going up to generate heat in cold spells and down to reduce body 

temperature during heat waves (Clarke and Fraser, 2004). Numerous studies have indicated 

that heat exposure appears to improve glucose metabolism (Hanssen et al., 2015; Moellering 

and Smith, 2012; Pallubinsky et al., 2020). From this perspective, the inverse relationship 

between ambient temperature and HbA1c observed in our study is consistent with known 

effects of temperature on metabolism. In times of high ambient temperature, the body would 

want to slow its metabolism as a compensatory mechanism, since metabolism produces 

heat (Çatak et al., 2018). Likewise, when ambient temperature is low, the body will want 

to generate heat and thus increase the rate of metabolism. Studies in this area of research 

have yielded conflicting results, with many studies finding that HbA1c levels are higher 

in the winter months and lower in summer months (Gikas et al., 2009; Higgins et al., 

2009; Hou et al., 2017; Pereira et al., 2015; Sakura et al., 2010; Shen et al., 2019), but 

also many that found positive correlations between ambient temperature and HbA1c and 

higher HbA1c levels in the spring (Alghamdi et al., 2020; Kim et al., 2014; Raphael et 

al., 2021). Regardless of the direction of association, glucose levels would be affected 

by these changes. It is interesting that our results were strongest for 3- and 6-month 

intervals of ambient temperature and weakest for 12 months. We note that a 12-month 

ambient temperature average would include both the highest and lowest average ambient 

temperatures and the effects would tend to cancel each other with regards to HbA1c. It is 

not surprising then that 3-and 6-month intervals are better able to capture effects of ambient 

temperature on HbA1c.

Similar to our findings, Yitshak-Sade et al. found a significant increase in HbA1c levels, 

associated with intermediate-term exposure to PM2.5 (Yitshak-Sade et al., 2016). Unlike 

our findings, Chuang et al. found that long-term exposure to PM2.5 was associated 

with increases of serum glucose and HbA1c in a population in Taiwan, where ambient 

temperatures are relatively high year-round (Chuang et al., 2011). It is possible that we 

were unable to detect any long-term associations in our analysis due to the relatively small 

variability of the exposures in our study area. Furthermore, unlike many existing studies of 

ambient temperature and health which found nonlinear associations (Ye et al., 2012), we 

found a linear association with ambient temperature. This can be attributed to the hot climate 

and low ambient temperature variability in the studied region. It is also interesting that we 

detected significant negative interactions only for 3- and 6-month PM2.5 with age. There 

is ample evidence of positive interactive effects between PM2.5 and age, as air pollution 

have larger effects on susceptible populations such as the elderly (Gouveia and Fletcher, 

2000; Zhang et al., 2021). However, because our study population focuses only on women 

of child bearing age, our population is relatively young with a narrow age range, and these 

interactions may only be indicative of an effect in this specific population. Therefore, we 

believe our detected interactions should be interpreted with caution.

The health effects associated with environmental exposure from ambient sources such as air 

pollution and ambient temperature tend to be relatively small, and our study is no exception. 

However, given the ubiquity of the exposure, impaired glucose levels as a result of ambient 

exposures can translate into potentially large effects on larger populations (Rajagopalan 
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and Brook, 2012). As a well-known risk factor of cardiovascular disease, even very small 

differences in glucose and glycemic control may translate to clinically meaningful variations 

in disease risk (Gerstein, 1997).

Our study has a few limitations. First and foremost, a sizeable portion of our HbA1c 

measurements (23.6%) were excluded from this analysis due to missing information, 

which may result in potentially biased effect estimates and introduce potential missing 

data bias into our study if missingness is associated with either our exposures or 

outcome of interest. However, we compared baseline characteristics of our analyzed and 

excluded datasets and did not find the excluded data to be substantially different in most 

categories from that of our analyzed data aside from maternal education, which is the only 

socioeconomic indicator we adjust for in our statistical models. We acknowledge that these 

differences in material education may reflect underlying differences between the analyzed 

and excluded populations and result in the lack of generalizability to participants with 

different educational statuses. (Table S1). We did though conduct a sensitivity analysis using 

inverse probability weighting to eliminate potential selection bias, and our inference did 

not change (Table S6). Furthermore, the limited existing sample size may be the reason we 

are unable to detect statistical significance in some of our results, such as the PM2.5 and 

ambient temperature interaction terms. Second, this study utilizes modeled ambient PM2.5 

and ambient temperature data, which are a proxy for personal-level exposures and may be 

prone to exposure measurement error. We are, however, confident in our modeled exposure 

results, which were obtained through a rigorous multi-stage model, cross-validated, and then 

matched to the geocoded home addresses of the study participants. We also acknowledge 

that there may be a number of potential covariates missing from our model for which data 

is not available, including detailed diabetes history of all participants and lifestyle factors 

(e.g., exercise, diet, fluid intake, etc.), and that exercise in particular may be a potential 

confounder. Additionally, diabetes history was not collected in all study visits. However, 

to overcome this weakness, we used fasting glucose and HbA1c levels from blood test 

results to create an indicator for diabetes diagnosis based on guidelines from the American 

Diabetes Association, which we utilized in our sensitivity analysis. We also included 

a large set of covariates (calendar year, season, age, marital status, smoking, alcohol 

consumption level, and education level) that are consistent with the literature and believe 

would adequately control for most sources of potential confounding, although we recognize 

that certain covariates (such as smoking) may benefit from more detailed classification. 

Lastly, PROGRESS participants were recruited in IMSS, which is the largest health provider 

in Mexico and covers more than 55% of the Mexican population. PROGRESS participants 

are thus likely sourced from a representative population of Mexico City. However, findings 

of this study might not be generalizable to other women of reproductive age due to the small 

sample size, and we are unable to verify the representativeness of our study population.

Our study has several strengths. Our study is longitudinal by design, which allows us 

to more confidently establish temporality. Furthermore, PROGRESS collected detailed 

baseline information that allow us to adequately adjust for numerous potential confounders 

of interest, including age, BMI, marital status, smoking status, alcohol consumption level, 

and education level. Lastly, the findings of our study were highly robust to sensitivity 
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analyses, and both reaffirm existing studies (for PM2.5) and provides a novel finding (for 

ambient temperature) in this area of research.

5. Conclusion

Intermediate-term, but not long-term, exposure to PM2.5 and ambient temperature are 

associated with opposing alterations in HbA1c in women of child bearing age, although 

these patterns may differ under extreme weather conditions. Taken together, these effects 

may be important indicators of risk for type 2 diabetes and cardiovascular disease later in 

life and should be monitored seriously.
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Fig. 1. 
Distributions of a) daily PM2.5 and b) daily average temperature.
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Fig. 2. 
Percent increase in HbA1C levels associated with PM2.5 (per 1 μg/m3) and average 

temperature (per 1 °C) for different time metrics.
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Table 1

Descriptive statistics for exposures, confounders, and outcome.

Exposures Analyzed Dataset (n = 1,265; N = 484)

PM2.5 (μg/m3), Mean ± Standard Deviation (SD)

 Daily average 20.7 ± 9.2

 3-month average 20.6 ± 4.2

 6-month average 20.9 ± 3.0

 12-month average 20.7 ± 1.8

Ambient temperature (°C), Mean ± SD

 Daily average 15.6 ± 2.5

 3-month average 15.7 ± 1.9

 6-month average 15.6 ± 1.7

 12-month average 15.3 ± 1.4

Population characteristics

Age (years), Mean ± SD 27.8 ± 5.7

Fasting glucose level (mg/dL), Mean ± SD 91.9 ± 21.3

HbA1c (%), Mean ± SD 5.5 ± 0.8

BMI, Mean ± SD 28.2 ± 5.2

Ever Smoker, % (n)

 Yes 62.6 (792)

 No 37.4 (473)

Marital Status, % (n)

 Married/Life-time partner 81.3 (1,029)

 Single/Separated 18.7 (236)

Alcohol consumption, % (n)

 Once or twice a week/Once a month 13.8 (175)

 Less than once a month but at least once a year 53.8 (680)

 Has never drank alcohol 32.4 (410)

Highest school level, % (n)

 Middle school or less/Don’t know 40.7 (515)

 Technical post-middle/high school and high school 42.1 (533)

 College or graduate 17.2 (217)

a
n refers to the number of HbA1c measurements, while N refers to the number of women.
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