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Why this study?

Methods
Outcome:
Cardiorespiratory hospitalizations (2012-2019) from SAHSU

• Diabetes recorded as a secondary diagnosis (ICD-10 E10-E14)

• Postcode and event date allow linkage to exposure.

• Restricted to summer (June - Aug) for hot temperature

1. Rising diabetes burden[1] 2. Impaired capacity of 

temperature regulation[2]

Cold Stress

↓ Metabolic heat production 

↓ BAT activity and mass

↓ Peripheral vasoconstriction 

Heat Stress

↓ Heat loss capacity

↓ Sweating 

↓ Skin blood flow

Research Question:

How does temperature affect 
cardiorespiratory hospitalizations among 

individuals living with diabetes?

Variable Data Source Spatiotemporal resolution Duration

Temperature HadUK-Grid[5] 1 km Daily 2000-2023

Relative humidity ERA-5[6] 9 km Daily 2000-2023

Air pollutants Met Office[7] 2 km Daily 2000-2023

Holiday UK DMO - - 2000-2023

IMD ONS[8] LSOA 2014, 2019

Exposure, confounders and modifiers

Temperature Cardiorespiratory 
hospitalizations

Relative humidity

Air pollutants

Individual level 
modifiers

Community  level 
modifiers

• Age

• Sex

• Comorbidities

• Urbanicity

• Housing status

• Deprivation

• O3, PM2.5

Nonlinear Effects varying 

by space and time

Bank holidays

Study design
• We use a time-stratified case-crossover design[10]

𝑌𝑖𝑙~𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝜇𝑖𝑙

Aim 1: Investigate the effect using nationwide administrative data.

Current progress: Literature review, environmental exposure linkage, descriptive 

analysis, nationwide modelling

Progress and next steps

Aim 2.1: Individual level modification by age and sex

• Which age groups and which sex show greater temperature sensitivity?

Aim 2.2: Small-area assessment with community-level deprivation

• Are Individuals living in deprived areas are at greater risk?

Aim 3.1: Estimate the contribution of climate change 

• How many hospitalizations can be attributed to climate change?

Aim 3.2: Investigate the modification by in-depth individual-level risk factors with UKB

• Do medication and diet modify the temperature effect?

4. Accelerating climate 

change[4]

Stage 3

Stage 2

Stage 1

Temperature 
basis function

Non-linear 
temperature effect

Temperature Coefficients 
of basis 
function

Effect of 
confounders

Relative humidity,
holidays

the fixed effect per 
case-control risk set

Model Specification (Distributed Lag Non-linear Model, DLNM)

• 𝑌_𝑖𝑙: binary hospitalization on the i-th day and l-th group

Results
1. The overall cumulative effects of heat across lag 0-7

A U-shape curve[11]: Higher temperatures are associated

with an elevated risk of hospitalizations.

• 90th percentile (29.54 ℃),  RR: 1.053 (95% CI: 1.015, 1.093)
• 99th percentile (31.18 ℃),  RR: 1.081 (95% CI: 1.016, 1.150)

2. The cumulative effects of heat across lag 0-7 stratified by age groups

3. The cumulative effects across lag 0-7 stratified by sex

• 90th percentile (29.64 °C),  RR: 1.020 (95% CI: 0.943, 1.104)
• 99th percentile (30.55 °C),  RR: 1.021 (95% CI: 0.922, 1.131)

• 90th percentile (29.48 °C),  RR: 1.049 (95% CI: 0.991, 1.111)
• 99th percentile (30.38 °C),  RR: 1.059 (95% CI: 0.984, 1.140)

• 90th percentile (29.56 °C),  RR: 1.089 (95% CI: 1.022, 1.160)
• 99th percentile (30.47 °C),  RR: 1.122 (95% CI: 1.029, 1.223)

Females are more vulnerable.

• 90th percentile (29.55 °C),  RR: 1.039 (95% CI: 0.988, 1.092)
• 99th percentile (30.45 ℃),  RR: 1.048 (95% CI: 0.980, 1.121)

• 90th percentile (29.55 °C),  RR: 1.071 (95% CI: 1.014, 1.132)
• 99th percentile (30.46 °C),  RR: 1.094 (95% CI: 1.016, 1.177)

Contact: di.xi20@imperial.ac.uk

Older adults are more vulnerable to heat-related risk of hospitalization

(a) 16-64 years old (b) 65-79 years old (c) 80 years old and above

(b) Female(a) Male

3. High prevalence of cardiovascular 

and respiratory comorbidities [3]

References
1. Ong KL, Stafford LK, McLaughlin SA, et al. Global, regional, and national burden of diabetes from 1990 to 2021, with

projections of prevalence to 2050: a systematic analysis for the Global Burden of Disease Study 2021. The Lancet 2023; 402:
203–34.

2. Kenny GP, Sigal RJ, McGinn R. Body temperature regulation in diabetes. Temperature 2016; 3: 119–45.

3. Understanding diabetes and its complications. IDF Europe Site https://idf.org/europe/news/understanding-diabetes-and-its-
complications/.

4. Vicedo-Cabrera AM, Scovronick N, Sera F, et al. The burden of heat-related mortality attributable to recent human-induced
climate change. Nat Clim Chang 2021; 11: 492–500.

5. Hollis D, McCarthy M, Kendon M, Legg T, Simpson I. HadUK‐Grid—A new UK dataset of gridded climate observations. Geoscience Data Journal 2019; 6: 151–9.

6. Copernicus Climate Change Service. ERA5-Land hourly data from 2001 to present. 2019. DOI:10.24381/CDS.E2161BAC.

7. Walters D, Boutle I, Brooks M, et al. The Met Office Unified Model Global Atmosphere 6.0/6.1 and JULES Global Land 6.0/6.1 configurations. Geosci Model Dev 2017; 10:
1487–520.

8. Open Geography Portal. https://geoportal.statistics.gov.uk/search?collection=Dataset (accessed April 3, 2025).

9. Consumer Data Research Centre. House Ages and Prices. 2015. DOI:10.20390/HOUSEPRICE2015.

10. Maclure M. The Case-Crossover Design: A Method for Studying Transient Effects on the Risk of Acute Events. American Journal of Epidemiology 1991; 133: 144–53.

11. Gasparrini A, Leone M. Attributable risk from distributed lag models. BMC Med Res Methodol 2014; 14:. 5


