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Type-2 diabetes is a leading cause of death and disability. Emerging evidence suggests that ultraviolet radiation or sun exposure may limit its development. We used freely available online datasets to evaluate the associations between solar radiation and type-2 diabetes prevalence across Australia. We extracted prevalence data for 1822 postcodes from the Australian Diabetes Map on 25 January 2020. Daily solar radiation data averaged over 30-years (1990–2019) were collated from online databases (Australian Bureau of Meteorology). Population-weighted linear regression models were adjusted for covariates at the postcode level including socioeconomic status (IRSAD), remoteness, mean age, gender, Aboriginal and Torres Strait Islander status, as well as mean annual ambient temperature (1961–1990) and rainfall (1981–2010). A consistent inverse correlation was observed between type-2 diabetes prevalence and solar radiation, after adjusting for these covariates (ß (coefficient of regression) = −0.045; 95% CI: −0.086, −0.0051; p = 0.027). However, the relative contribution of solar radiation towards type-2 diabetes prevalence was small (2.1%) in this model. Other significant correlations between type-2 diabetes prevalence and covariates included: socioeconomic status (ß = −0.017; 95% CI: −0.017, −0.016; p < 0.001), mean age (ß = 0.041; 95% CI: 0.028, 0.054; p < 0.015), remoteness (ß = −0.05; 95% CI: −0.088, −0.011; p < 0.001) and rainfall (ß = −0.0008; 95% CI: −0.00097, −0.00067; p < 0.001). In conclusion, in Australian postcodes, higher levels of solar radiation and rainfall was associated with reduced type-2 diabetes prevalence. Further studies are needed that consider lifestyle covariates such as physical activity.
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1 INTRODUCTION
Type-2 diabetes is characterized by an inability of the body to make and use insulin, resulting in elevated blood glucose levels and potentially microvascular (e.g., retinopathy) and macrovascular (e.g., heart disease) complications (Chatterjee et al., 2017). In 2017, type-2 diabetes afflicted 6.3% of the world’s population and was the ninth leading cause of death (Khan et al., 2020). The economic burden of this disease is estimated to rise from 1.8% (in 2015) to 2.2% of global GDP by 2030 (Bommer et al., 2018). Environmental, lifestyle and genetic factors contribute towards the development of type-2 diabetes (Grarup et al., 2014; Ley et al., 2014; Hu et al., 2018; Lao et al., 2019). Current interventions include a focus on diet and physical activity, and anti-diabetic medications (Buse et al., 2020). While these medications are often effective, over-reliance causes concerning side effects (Chaudhury et al., 2017). Therefore, new non-pharmacological methods of preventing and treating type-2 diabetes, that complement current approaches, could be highly beneficial.
There is some evidence that exposure to ultraviolet radiation (UVR) or sunlight may limit the development of type-2 diabetes, potentially through beneficial mediators such as vitamin D (Pilz et al., 2013; Gorman, 2020). In human observational studies, higher serum 25-hydroxyvitamin D levels are associated with reduced incidence of type-2 diabetes (Pittas et al., 2020). Similarly, vitamin D supplementation may reduce the incidence of type-2 diabetes in prediabetic patients (Dawson-Hughes et al., 2020). However, findings are likely limited to specific subgroups including people who do not have obesity, or participants supplemented with specific doses of vitamin D (Barbarawi et al., 2020; Zhang et al., 2020). In addition to vitamin D, there are other beneficial mediators produced by sun exposure that could limit the development of type-2 diabetes, such as nitric oxide (Gorman, 2020).
In animal modelling studies in which mice were fed a high fat diet, ongoing exposure to low (non-burning) doses of UVR slowed the development of type-2 diabetes through nitric oxide-mediated pathways (Geldenhuys et al., 2014; Fleury et al., 2017; Dhamrait et al., 2020). However, there have been mixed findings from human observational studies and clinical trials investigating the effects of exposure to UVR on clinical biomarkers of type-2 diabetes (Gorman et al., 2019). In an 11-year prospective cohort study (n = 24,098), the prevalence of type-2 diabetes was ∼30% lower in Swedish women with active sun exposure habits, after adjusting for physical activity levels (Lindqvist et al., 2010). Conversely, in a cross-sectional study (n = 17,476), older Korean adults with >5 h of daily sun exposure were more likely to develop type-2 diabetes than adults with <2 h of daily sun exposure (Ohn et al., 2014). These studies have used self-reported sun behavior data, and not more objective measurements of sun exposure such as measurement of local ambient levels of UVR via ground or satellite instrumentation. In addition, it may be important to adjust for other environmental covariates, such as temperature, which may adversely affect type-2 diabetes incidence/prevalence (Blauw et al., 2017; Beulens et al., 2022).
In this study, we used freely available online data to investigate the relationship between solar radiation and type-2 diabetes in Australia, adjusting for demographic, socioeconomic, and environmental factors (i.e., temperature and rainfall). Using data-scraping methods, we obtained type-2 prevalence data from the Australian Diabetes Map (coordinated by the National Diabetes Services Scheme, NDSS) for Australian postcodes in January 2020. We hypothesized that the prevalence of type-2 diabetes would decrease with increasing solar radiation, after adjusting for important covariates (including, socioeconomic status, remoteness, and temperature).
2 MATERIALS AND METHODS
2.1 Obtaining type-2 diabetes prevalence data
In this cross-sectional study, we used data-scraping methods to collect data from the Australian Diabetes Map, specifically type-2 diabetes prevalence in Australian postcodes (NDSS, 2022). These are geographical areas used for mail-sorting purposes with median population of 7291 persons, and area of 125 km2. Data-scraping is the use of a computer program to automate extraction of data. It is commonly achieved through accessing online sources (Glez-Peña et al., 2014). Deidentified diabetes prevalence is reported in the Australian Diabetes Map via data imputed from the NDSS Registrant Database at up to the postcode level and can be freely accessed online (NDSS, 2022). This database is an Australian Government initiative, has collected information since 1987, and is estimated to capture 80–90% of Australians with diabetes (Australian Institute of Health and Welfare, 2009). Approximately 1.18 million Australians with type-2 diabetes were registered with the NDSS at the time of this study (NDSS, 2020).
Type-2 diabetes prevalence (the outcome variable) was collected from the Australian Diabetes Map webpage (NDSS, 2022) for each postcode via data-scraping methods on 25 January 2020 (prior to declaration of the COVID-19 pandemic). Other linked covariate data were also collected from the Australian Diabetes Map by postcode, including mean age, percentage of people of male gender, percentage of Aboriginal and Torres Strait Islander people and the Index of Relative Socioeconomic Advantage and Disadvantage (IRSAD). This was done using a script written in R that collected data for individuals with type-2 diabetes only (and not other types of diabetes), compiled into a data frame for each Australian postcode. For privacy reasons, postcodes are omitted from the Australian Diabetes Map by the NDSS that have small population sizes (n < 100) or few individuals with type-2 diabetes (n < 20). Registrant counts are also rounded to the nearest 10. Postcodes were excluded from our analyses if type-2 diabetes prevalence or other covariate data were missing. The total population size of each postcode was collected to allow for population-weighted analysis. Prevalence data are reported as percentages of the total population for each postcode.
2.2 Obtaining data on daily solar radiation, temperature, and rainfall
Daily solar radiation levels are the amount of solar energy (including ultraviolet, visible, and infrared forms) that is detected on a horizontal surface over 1 day (measured in megajoules per square meter, MJ/m2). Solar radiation is representative of the total solar energy to which individuals are exposed to in natural settings and generally increases with proximity to the equator. Australian postcodes encompass regions across a range of latitudes (∼33°; from 10˚41′ to 43˚38′ S) which receive varying levels of solar radiation. Solar radiation data was derived from satellite imagery processed by the Australian Bureau of Meteorology (ABM) collected from a sequence of satellites (i.e., GMS-4, GMS-5, GOES-9, MTSAT-1R, MTSAT-2, and Himawari-8), from which irradiance is calculated and converted into daily solar radiation (ABM, 2022). This model has a horizontal resolution of 0.05° in longitude and latitude (approximately 5 km), and readings are routinely validated by ground instrumentation, and so this model accounts for atmospheric and meteorological influences on terrestrial levels of solar radiation (e.g., cloud cover, water vapour). For this study, mean daily solar radiation levels were averaged over a 30-year period from 1990 to 2019 for central geographical coordinate of each postcode (Australian Bureau of Statistics, 2016a). This 30-year period was selected because: 1) diagnosis of type-2 diabetes commonly occurs later in life (i.e., median age is 58.3 years in Australia (Huo et al., 2018); 2) our animal modelling studies suggest that ongoing exposure to UVR over a period of time is required to limit development of type-2 diabetes (Geldenhuys et al., 2014; Fleury et al., 2017; Dhamrait et al., 2020); and 3) the earliest year for which the ABM has collected these solar radiation data was 1990.
Solar radiation levels are significantly correlated with other weather variables, particularly mean ambient temperature (Shrestha et al., 2019) and rainfall (Díaz-Torres et al., 2017). To isolate the relationship between solar radiation and type-2 diabetes from these covariates, mean yearly data for ambient temperature (in degrees, 1961–1990) and rainfall (in millimeters, 1981–2010) were obtained (ABM, 2021) for 30-year periods across Australian postcodes. Ambient temperature and rainfall datasets contain data that correspond to geographical coordinates spaced at 0.025° per 2.5 km and 0.01° per 1 km intervals, respectively. As for solar radiation, mean daily temperature or rainfall data for the central geographical coordinate of each postcode were averaged over each 30-year period. The ambient temperature dataset of Australian postcodes (1961–1990) was used, as this is the current standard reference period used to compare weather between different countries and is internationally recognized by the World Meteorological Organization as the standard reference period for temperature (ABM, 2009).
We also attempted to obtain temperature and rainfall data that aligned with the same time periods as for solar radiation (1990–2019). However, these were not available at the postcode level from the ABM website, with other previously constructed postcode-level online datasets no longer accessible (Hanigan, 2018). There was no missing data for weather variables for any postcode. However, an important assumption of these analyses was that we could not control for movement of individuals to new residences in postcodes with differing environmental conditions.
2.3 Obtaining additional demographic covariate data
Demographic data for each postcode was obtained on 25 January 2020, from the Australian Diabetes Map (i.e., mean age, percentage of people of male gender, percentage of Aboriginal and Torres Strait Islander people and IRSAD) during download of type-2 diabetes prevalence data. These data were constructed by the NDSS based on projections of data acquired during the 2016 Australian Bureau of Statistics Census of Population and Housing (Australian Bureau of Statistics, 2016b). IRSAD ranges in values from 400 to 1239 and is an ordinal score/rank used to compare socioeconomic status (SES) based on principal component analysis of 31 variables assessing income, education, employment, occupation, housing and other (Pink, 2013). Postcodes with higher IRSAD are more socioeconomically advantaged. For remoteness (distance from major population centers), the Modified Monash Model (MMM) score was used to categorize postcodes ranging from 1 to 7 (with 7 being the most remote areas) (Australian Government Department of Health, 2019). The MMM score is specific to Australia and closely reflects access to healthcare (Versace et al., 2021). These demographic covariates were selected as they all have previously been implicated as important modulatory factors in the development of type-2 diabetes (Anderson et al., 2015; Ding et al., 2015; Morton et al., 2021).
2.4 Statistical analyses
All statistical analyses were performed using R (Foundation for Statistical Computing, Vienna, Austria; version 4.0.3; 10 October 2020). To assess the nature of missing data from the Australian Diabetes Map, variables collected for all Australian postcodes (n = 2467) were compared with postcodes which had no missing data (i.e., with complete entries, n = 1822) using Welch’s t-test (data are shown as mean ± SD). Three linear regression models were then performed using the dataset with complete entries (i.e., for n = 1822 postcodes). Simple linear regression with Pearson’s correlation coefficient was performed between type-2 diabetes prevalence and solar radiation as well as with each covariate for model 1 (unadjusted for covariates). Two multiple linear regression models were then used to determine the nature of the associations between solar radiation and type-2 diabetes prevalence in Australian postcodes with adjustment for covariates. Model 2 included adjustments for demographic covariates specifically: age, male gender, Aboriginal and Torres Strait Islander status, SES (IRSAD) and remoteness (MMM score). Model 3 included adjustments for demographic covariates of model 2, and weather covariates (temperature and rainfall). All models included further weighting adjustments to account for the variation in postcode population sizes. Relative weights analyses were done to estimate the likely contributions of each variable towards the regression models (Tonidandel et al., 2009). p values were considered significant if less than 0.05: ß (beta) denotes regression coefficients, while 95% CI refers to 95% confidence intervals.
During assessment of multicollinearity, a strong association was detected between solar radiation and temperature (r = 0.79). However, collinearity was deemed to not to be an issue as the calculated variance inflation factor between solar radiation and temperature was 2.64, below an acceptable “cutoff” value of 5 (Salmerón Gómez et al., 2016). Each model was accessed for homoscedasticity by inspection of Residuals vs. Fitted value plots, and Scale-Location plots. A normal distribution of residuals was confirmed by inspection of QQ-plots. Both models 2 and 3 satisfied these assumptions of multivariable linear models and no influential outlier postcodes were detected (see Supplementary Figures S1, S2 in Supplementary Materials).
In a sensitivity analysis, postcodes were evenly divided into 2 groups according to IRSAD, with one group containing postcodes with the top 50% of IRSAD values and the second group containing postcodes with the bottom 50% of IRSAD values. Model 3 was fitted and compared for each group to assess whether the associations observed with the complete dataset could be reproduced. Ad-hoc adjustments such as the Bonferroni correction were not performed due to the risk of increasing type-2 errors and because these are not necessary in multivariate models in which there has been careful selection of predictor variables, and where a universal null hypothesis is not of interest (as was this case in this study) (Armstrong, 2014; Dmitrienko and D’Agostino, 2018; Perneger, 1998; Perrett et al., 2006; Rothman, 1990).
3 RESULTS
3.1 Australian postcode demographics and weather data
Data for a total of 2467 postcodes were scraped from the Australian Diabetes Map (NDSS) on 25 January 2020. After postcodes with incomplete data were removed, 1822 postcodes remained. These postcodes were composed of ∼51% men, with a mean age of 40.6 years (Table 1). The prevalence of type-2 diabetes was 5.6 ± 2.0% (mean ± SD). Across the 1822 postcodes with no missing data, daily solar radiation levels were 20.7 ± 2.4 MJ/m2 (mean ± SD, Table 1). Mean daily solar radiation levels are generally highest in north-western Australia and lowest in southern Tasmania (Figure 1). There was no statistically significant effect of removing postcodes with incomplete data on population size, percentage of people with Aboriginal and Torres Strait Islander status, SES (IRSAD), remoteness (MMM score), solar radiation, temperature, and rainfall (Table 1); however, there were small but statistically significant reductions in the percentage of males (−0.3%, p < 0.001) and mean age (−0.3 years, p = 0.01).
TABLE 1 | Summary of population demographic and weather data across Australian postcodes. Data were scraped from the Australian Diabetes Map (National Diabetes Services Scheme) on the 25 January 2020. These were supplemented with data downloaded from Australian Bureau of Statistics and Bureau of Meteorology. The total number of Australian postcodes was 2467, and after removal of postcodes with missing data this reduced to 1822.
[image: Table 1][image: Figure 1]FIGURE 1 | Geographical variation in mean daily solar radiation (MJ/m2) across Australia. The colour scale shows areas of lowest solar radiation in dark blue, highest in red and in between in green. This map was obtained from the Australian Bureau of Meteorology website (ABM, 2021), with modification. This image is licenced under the Creative Commons Attribution Australia.
3.2 Solar radiation levels inversely associated with type-2 diabetes prevalence
Outcomes of the three fitted linear models for solar radiation are depicted in Table 2. In model 1 (unadjusted), type-2 diabetes prevalence positively associated with solar radiation (ß = 0.071; 95% CI: 0.04, 0.10; p < 0.001). However, this association was reversed when demographic covariates were included in model 2, such that type-2 diabetes prevalence was lower with higher levels of solar radiation (ß = −0.029; 95% CI: −0.052, −0.0054; p = 0.016). Similar inverse associations of solar radiation and type-2 diabetes prevalence (ß = −0.045; 95% CI: −0.086, −0.0051; p = 0.027) persisted when temperature and rainfall were included in model 3 (Table 2) and in sensitivity analyses (Table 3) in which postcodes of higher IRSAD (i.e., top 50%, group 1, ß = −0.085; 95% CI: −0.15, −0.019, p = 0.011), and lower IRSAD (i.e., bottom 50%, group 2, ß = −0.21; 95% CI: −0.32, −0.10, p < 0.001) were examined separately.
TABLE 2 | Relationship between type-2 diabetes prevalence and solar radiation across three linear models for data scraped from the Australian Diabetes Map (National Diabetes Services Scheme) on 25 January 2020 for 1822 postcodes. In model 1, simple linear regressions between each covariate and type-2 diabetes prevalence with no adjustment for confounding variables is reported. Models 2 and 3 are multivariable linear regressions. In model 2, there was adjustment for demographic variables (age, gender, Aboriginal and Torres Strait Islander status, socioeconomic status, and remoteness). In model 3, additional adjustments were made for ambient temperature and rainfall, along with demographic variables (of model 2).
[image: Table 2]TABLE 3 | Sensitivity analysis of multivariable regression between type-2 diabetes prevalence and solar radiation with adjustment for demographic and weather covariates (temperature, rainfall, gender, mean age, Aboriginal or Torres Strait Islander status, socioeconomic status, and remoteness) for data scraped from the Australian Diabetes Map (National Diabetes Services Scheme) on 25 January 2020, for 1822 postcodes. Group 1 includes postcodes with higher IRSAD scores (i.e., top 50%, n = 911 postcodes), while group 2 with lower IRSAD scores (i.e., bottom 50%, n = 911 postcodes).
[image: Table 3]3.3 The contribution of solar radiation was relatively small compared to SES and remoteness
As expected, significant inverse associations for IRSAD and type-2 diabetes prevalence were observed, with minimal variation in the regression coefficient across all models (i.e., Model 1 and 2 ß = −0.017; 95% CI: −0.018, −0.016; model 3 ß = −0.017; 95% CI: −0.017, −0.016). This was also reproduced in the sensitivity analysis (Table 3). Similarly, mean age was positively associated with type-2 diabetes prevalence in all models. Both rainfall (ß = −0.0008; 95% CI: −0.00097, −0.00067; p < 0.001), and MMM scores (remoteness, ß = −0.05; 95% CI: −0.088, −0.011; p < 0.011) were negatively associated with type-2 diabetes prevalence in model 3. However, no significant associations of Aboriginal and Torres Strait Islander status nor temperature, and type-2 diabetes prevalence were observed in model 3 (Table 2). R2 values for Models 1, 2, and 3 were 0.0085, 0.66, and 0.69, respectively. Hence 31% of variability in model 3 was still unaccounted for by the included covariates. A relative weights analysis of model 3 identified that the SES measure, IRSAD to be of greatest relative importance (66.8%), followed by remoteness (MMM score, 11.1%), rainfall (6.5%) and mean age (6.4%), while solar radiation contributed towards only 2.1% of this model.
4 DISCUSSION
We observed an inverse correlation between solar radiation and type-2 diabetes prevalence in 1822 Australian postcodes, after accounting for selected demographic and weather covariates. There was a −0.045% change in type-2 diabetes population prevalence per 1 MJ/m2 increase in daily solar radiation, suggesting that residents of postcodes with higher solar radiation have a decreased risk of developing type-2 diabetes. This translates to a 0.62% absolute decrease in type-2 diabetes prevalence when comparing the postcode with the highest solar radiation (27.4 MJ/m2) to the postcode with the lowest solar radiation (13.7 MJ/m2). Sensitivity analyses reproduced this association. As solar radiation includes visible, ultraviolet, and infrared radiation, we could not isolate the relationship between UVR and type-2 diabetes prevalence. Solar radiation contributed a modest amount (i.e., 2.1%) of the variability in type-2 diabetes prevalence, while the relative contributions of SES (IRSAD), remoteness (MMM score) and rainfall were 67%, 11%, and 6.5%, respectively. Approximately 31% of the variability in type-2 diabetes prevalence was unaccounted for in our modelling. Therefore, the significant inverse association observed between solar radiation and type-2 diabetes prevalence could be due to unaccounted factors, such as physical activity levels or dietary habits.
Various biological mechanisms have been proposed to explain any potential benefits of sun exposure in preventing type-2 diabetes. The active form of vitamin D, calcitriol, may have a role in pancreatic beta cell physiology and exhibits anti-inflammatory effects through calcium-mediated pathways (Pilz et al., 2013). Findings of our animal modelling studies suggest that ongoing exposure to low-doses of UVR prevented signs of type-2 diabetes and tissue fat accumulation in mice fed a high-fat diet through the release of nitric oxide from skin (Geldenhuys et al., 2014; Fleury et al., 2017; Dhamrait et al., 2020). Other possible beneficial mediators could include α-melanocyte-stimulating hormone, which increases in the blood of mice exposed to UVA radiation (Skobowiat and Slominski, 2016), and can suppress appetite, and enhance catabolism (Wardlaw, 2011).
We also observed significant inverse associations between mean annual rainfall and type-2 diabetes prevalence. There have been few studies investigating how rainfall may modulate the development of type-2 diabetes, although higher “diabetes hospitalization admission rates” were observed during the rainy season in Cameroon (Lontchi-Yimagou et al., 2016). It is tempting to speculate that the protective effects of rainfall (and solar radiation) suggested in our findings may be linked with local production of fruit and vegetables or the availability of green space for physical activity. There could also be underlying climate factors that determine rainfall patterns, which might explain the significant inverse association observed between rainfall and type-2 diabetes. Further research is warranted. The non-significant association between ambient temperature and type-2 diabetes prevalence we observed is not consistent with findings of other researchers, who have observed positive associations (Speakman and Heidari-Bakavoli, 2016; Blauw et al., 2017). Notably, there were substantial differences in the approaches of these studies to our own, including: a consideration of obesity (Speakman and Heidari-Bakavoli, 2016); or the examination of associations at a state and country level (Blauw et al., 2017).
We identified the SES measure IRSAD as the most important variable in determining type-2 diabetes prevalence across Australian postcodes. A −0.017% change in type-2 diabetes prevalence per unit change in IRSAD would translate into an 8.7% decrease in absolute type-2 diabetes prevalence from the postcode with the lowest to the postcode with the highest IRSAD score. These finding are like other findings of type-2 diabetes prevalence in Australia related to SES (2011–12), with rates in the lowest SES group three times that of the highest SES group (Australian Institute of Health and Welfare, 2014). Similar findings have also been observed in multiple studies done in other countries (Maier et al., 2013; Hwang and Shon, 2014; Stringhini et al., 2016). We also observed negative associations between remoteness (MMM score) and type-2 diabetes in adjusted models. Other researchers have hypothesized that when the effects of SES are removed, certain factors in remote areas might be protective for type-2 diabetes (e.g., more active lifestyles and healthier diets) (Juul et al., 2018). However, whether these findings are relevant in Australian settings is uncertain, as remote geographical and SES disadvantaged areas of Australia are more likely to have less supportive food and physical activity environments (Darcy et al., 2022).
Strengths of our study include the novel data-scraping approach, large sample size of Australian postcodes, and inclusion of demographic and weather covariates to examine the associations between solar radiation and type-2 diabetes prevalence. Limitations include the issues around sourcing weather data across the same 30-year time increments, and the necessary assumption that residents had continuously lived in postcodes which defined their prior 30 years of sun exposure. We were also unable to consider how personal sun exposure behaviors varied between postcodes. Sun exposure (particularly summer “time-in-the-sun”) remains relatively constant over time for individuals living in different parts of Australia, although it decreases with age (Lucas et al., 2013). In addition, variations in physical inactivity levels were not considered in our modelling. While physical activity levels may be modulated by weather conditions (Aspvik et al., 2018), these are complex relationships which may also be dependent on age, air quality, fitness level, gender, green space, latitude, and other determinants of physical activity within varying exposomes (Brandon et al., 2009; Donaire-Gonzalez et al., 2019; Gorman et al., 2021). Findings of a recent systematic review likely reflect the complexity of these relationships, with only 3 of 5 identified studies reporting higher physical activity levels with longer sunlight duration (Zheng et al., 2021). A further limitation of our study includes how we were not able to account for undiagnosed type-2 diabetes, which is particularly high in remote Australian communities (Ngan et al., 2015) and may have resulted in an under-estimation of the effects of remoteness and Aboriginal and Torres Strait Islander status on type-2 diabetes prevalence.
In conclusion, we observed that living in areas with higher solar radiation was associated with a modest reduction in type-2 diabetes prevalence in Australia. As the medication burden on patients with type-2 diabetes is large, a multimodal approach to treatment that considers safe sun exposure could be beneficial. Even though the potential benefits of solar radiation on type-2 diabetes were relatively small, sun exposure could have important public health implications considering the expanding pre-diabetes population. Our findings point towards the need for further research on the associations between various weather variables and the development of type-2 diabetes, and consideration of possible confounding by lifestyle factors such as physical activity.
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Model R* (p-value) Variable Type-2 diabetes percentage Relative weights analysis

prevalence change per (%)*
unit (95% CI,
p-value)
1 (univariate, unadjusted) 0.0085 (p < 0.001)* Solar radiation* 0.071 (0.04, 0.10, p < 0.001)*
~0.00054 (p = 0.89) Temperature® ~0.0019 (~0.03, 0.03, p = 0.89)
0038 (p < 0.001)* Rainfall* ~0.00091 (~0.0011, ~0.0007, p < 0.001)*
0.043 (p < 0.001)* Male* 0.16 (013, 0.20, p < 0.001)*
0014 (p < 0.001)* Mean age' 0.052 (0.031, 0.074, p < 0.001)*
0066 (p < 0.001)* ATSI 0.13 (0.11, 015, p < 0.001)*
065 (p < 0.001)* IRSAD ~0.017 (-0.018, ~0.016, p < 0.001)*
0073 (p < 0.001)* MMM score 0.28 (0.23, 032, p < 0.001%
2 (demographic only) 066 (p < 0.001)* Solar radiation ~0.029 (-0.052, ~0.0054, p = 0.016)* 33
Male ~0.0050 (~0.031, 0.021, p = 0.71) 29
Mean age 0.029 (0,016, 0.042, p < 0.001)* 63
ATSI ~0.0097 (~0.0027, 0.0071, p = 0.26) 39
IRSAD ~0.017 (-0.018, ~0.016, p < 0.001)* 711
MMM score ~0.041 (-0.08, ~0.0024, p = 0.038)* 125
3 (full model) 069 (p < 0.001)* Solar radiation ~0.045 (~0.086, ~0.0051, p = 0.027)* 21
Temperature 0.02 (~0.015, 0054, p = 0.26) 07
Rainfall ~0.0008 (~0.00097, ~0.00067, p < 0.001)* 65
Male ~0.0081 (~0.0033, 0.0017, p = 0.53) 26
Mean age 0.041 (0.028, 0.054, p < 0.001)* 64
ATSI ~0.0024 (~0.019, 0014, p = 0.77) 37
IRSAD -0.017 (-0.017, =0.016, p < 0.001)* 66.8
MMM score ~0.05 (-0.088, -0.011, p = 0.011)* 111

ATSI, Aboriginal or Torres Strait Islander status (%).
IRSAD, Index of Relative Socioeconomic Advantage and Disadvantage (measure of socioeconomic status).

MMM, Score (Modified Monash Model Score) is a scale of 17 assessing remoteness (higher scores indicate higher remoteness from a population centre).

N/A = not available.

“Solar radiation is the total amount of solar energy (ultraviolet, visible, and infrared) falling on horizontal surfaces over 1 day averaged over a 30-year period (1990-2019).
"Mean daily temperature (*C) was averaged over a 30-year period (1961-1990).

“Mean daily rainfall (mm) was averaged over a 30-year period (1981-2010).

“Units of demographic data are as follows: male (%), mean age (years), and ATSI (%)

“Relative weights analysis indicates the relative importance of each variable in contributing to the outcome variable (i., type-2, diabetes prevalence).

ally significant correlations (p < 0.05).
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Group R* (p-value) Variable

Type-2 diabetes percentage
prevalence change per
unit (95% CI,

p-value)

1 040 (p < 0.001)* Solar radiation® ~0.085 (-0.15, ~0.019, p = 0.011)*
Temperature® 0076 (0.022, 013, p = 0.006)*
Rainfall* ~0.00088 (~0.0011, ~0.00065, p < 0.001)*
Male? ~0.043 (~0.085, -0.0057, p < 0.024)*
Mean age’ 0,046 (0.025, 0.066, p < 0.001)*
ATSI ~0.023 (~0.042, ~0.0042, p = 0.017)*
IRSAD ~0.016 (~0.018, ~0.015, p < 0.001)*
MMM score 0.021 (~0.029, 0.071, p = 0.41)

2 021 (p < 0.001)* Solar radiation ~021 (-032, ~0.10, p < 0.001)*
Temperature 0.14 (0.046, 0.24, p = 0.0043)*
Rainfall ~0.001 (~0.0011, ~0.00065, p < 0.001)*
Male 0.0063 (-0.064, 0.076, p = 0.86)
Mean age 0018 (-0.013, 0.048, p = 0.25)
ATSI 0,024 (=0.031, 0,079, p = 0.39)
IRSAD ~0.017 (~0.026, ~0.0077, p < 0.001)*
MMM score ~0.15 (~0.24, ~0.062, p < 0.001)*

ATSI, Aboriginal or Torres Strait Islander status (%).
IRSAD, Index of Relative Socioeconomic Advantage and Disadvantage (measure of socioeconomic status).

MMM, Score (Modified Monash Model Score) is a scale of 1-7 assessing remoteness (higher scores indicate higher remoteness from a population center).

N/A = not available.

“Solar radiation is the total amount of solar energy (ultraviolet, visible, and infrared) falling on horizontal surfaces over 1 day averaged over a 30-year period (1990-2019).

"Mean daily temperature (*C) was averaged over a 30-year period (1961-1990).
Mean daily rainfall (mm) was averaged over a 30-year period (1981-2010)

“Units of demographic data are as follows: male (%), mean age (years) and ATSI (%).
Statistically significant correlations (p < 0.05).
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Variable Australian postcodes with All Australian postcodes Welch’s T-test®
no missing data (n = 2467) Mean + SD
(n = 1822) Mean + SD

Population size (number of persons) 12,577 £ 11,840 12,520 + 14,840 p=091
Postcode regional size (k) 2613 = 1471 2915 + 1500 p=062
Type-2 diabetes prevalence (%) 56+20 N/A
Demographics
Men (%) 50.8 + 32 511%34 p <0001+
Age (y) 40.6 = 46 409 £51 p=001"
Indigenous status (%)
Non-indigenous 95873 96376 p=036
Aboriginal 4073 34£70 p=019
Torres Strait Islander 0102 0102 p=011
Aboriginal and Torres Strait Islander 42574 3572 p=011
IRSAD 963 + 67 985 + 77 p=012
MMM Score 3x2 32 p=045

Weather data

Solar radiation* (MJ/m?) 20724 208+23 p=009
Mean temperature® ("C) 16.7 £33 16.7 + 3.1 p=076
Rainfall* (mm) 780 + 400 767 + 384 p=021

ATSI, Aboriginal or torres strait islander status.

IRSAD, Index of Relative Socioeconomic Advantage and Disadvantage (measure of socioeconomic status).

MMM Score = Modified Monash Score; a scale of 1-7 assessing remoteness (higher scores indicate higher remoteness from a population center).

N/A = not available.

‘Solar radiation is the total amount of solar energy (ultraviolet, visible, and infrared) falling on horizontal surfaces over 1 day averaged over a 30-year period (1990-2019).
"Mean daily temperature was averaged over a 30-year period (1961-1990).

Mean daily rainfall was averaged over a 30-year period (1981-2010).

‘Demographic and weather data for Australian postcodes with no missing data, and all postcodes were compared using a Welch’s T-test.

*Statistically significant difference (p < 0.05) between all postcodes and postcodes with complete entries.
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