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Abbreviations and other terms
ACT		Adult Changes in Thought
BC		Black carbon
BLW		Breathe London Wearables
CanCHEC	Canadian Census Health and Environment Cohort 
COPD		Chronic Obstructive Pulmonary Disease
COPE		Characterisation of COPD Exacerbations using Environmental Exposure Modelling
DEMiSt		Driver Diesel Exposure Mitigation Study
DUELS		Dutch Environmental Longitudinal Study
ELAPSE		Effects of Low-Level Air Pollution: A Study in Europe 
EPIC–NL	European Prospective Investigation on Cancer and Nutrition–Netherlands
ESCAPE		European Study of Cohorts for Air Pollution Effects
EXPANSE	EXposome Powered tools for healthy living in urbAN Settings
EU		European Union
HEI 		Health Effects Institute
LHEM		London Hybrid Exposure Model
NO2		Nitrogen dioxide
O3		Ozone
PIAMA		Prevention and Incidence of Asthma and Mite Allergy
PASTA		Physical Activity through Sustainable Transport Approaches
PM2.5		Fine particulate matter
SAPALDIA	Swiss Study on Air Pollution and Lung Disease in Adults
SNC		Swiss National Cohort
STEAM		Spatio-Temporal Exposure Assessment Methods
UFP		Ultrafine particles
US EPA		United States Environmental Protection Agency
WHO		World Health Organization


Evaluation of low-cost sensors for PM2.5 and NO2 in Sheppard study
Sheppard and colleagues leveraged outdoor PM2.5 and NO2 data from a low-cost sensor campaign conducted in 2017–2020 at about 115 fixed sites, most of them at ACT study participants’ residences. PM2.5 and NO2 were measured with a Plantower sensor (PMS A003) and an Alphasense sensor (B43F), respectively. The low-cost sensor data were calibrated daily, using regression models from co-located regulatory measurements, which are described in detail elsewhere (Zuidema et al. 2021; Zusman et al. 2020).
Low-cost sensor data were used in models that combined them with data from regulatory monitors and other research-grade monitors from many additional locations from 1978 (1996 for NO2) to 2020 to explore the added value of low-cost sensor data and its design features. In total, PM2.5 and NO2 data from those other data sources were available at 80 and 375 additional locations, respectively. In particular, a snapshot campaign of two or three 2-week measurements at 110 roadside locations conducted in 2018–2019 added substantial spatial information to the models for NO2. 
The investigators averaged all data into 2-week averages. The data were highly unbalanced, with some locations providing longer time series of data, and with only one or a few 2-week observations in other locations.
The investigators subsampled low-cost sensor data to evaluate designs with varying sampling durations, repeated measurements across periods, and sampled locations. Using the subsets of data, they developed up to 20 different spatiotemporal models that were designed to accommodate highly imbalanced data. Note that all spatiotemporal models included all data from the regulatory monitors and other research-grade monitors. They assessed the performance of each model using a combination of cross-validation and external validation. 
The addition of low-cost sensor data improved PM2.5 exposure modeling. The spatiotemporal model using all data had a cross-validated R2 value of 0.84, whereas the model with only the regulatory monitors and other research-grade monitors had a value of 0.69. Furthermore, increasing the number of low-cost sensor locations and repeated measurements resulted in better exposure model performance.
In contrast, in most comparisons, the addition of low-cost sensor data improved the NO2 estimates only slightly in models that combined data from regulatory monitors and other research-grade monitors. For example, the cross-validated R2 value increased from 0.82 to 0.85 in a spatial comparison. Reasons for this might relate to the large amount of spatial information already in the model from many additional locations (375 in total), using other data sources that were not available for PM2.5.
Largely null findings were reported between PM2.5, NO2, and cognitive function for the various spatiotemporal expo-sure models with and without low-cost sensor data adjusted for participant age, sex, education, and calendar year (confounder model 1). The null results thus hampered the assessment of the influence of adding low-cost sensor data for health effect estimates.
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Table S1. Characteristics of the Four Personal Exposure Measurement Studies in London
	Dataset 
	Number of Participants 
	Person-Days
	Participant Characteristics 
	Air pollutants 
	Study Period 
	Sampling Duration
	Air pollution Instruments

	COPE
	76 
	10,950 
	Older adults with COPD (ages 50–90) 
	PM2.5, NO2, O3 
	June 2015–October 2017 
	On average 144 consecutive days
	Alphasense OPC-N2 and A4 sensors 

	BLW
	164 
	820 
	Primary school children and teachers 
	PM2.5
	March 2019–May 2019 
	Five consecutive weekdays Monday to Friday
	Dyson N609 – Senserion SPS30 

	DEMiSt 
	66 
	307 
	Professional drivers 
	BC 
	February 2018–January 2019 
	On average 4.5 consecutive workdays
	MicroAeth MA300/350 

	PASTA 
	38 
	824 
	Heathy adults (ages 18–60) 
	BC
	April 2015–March 2016 
	Five consecutive days repeated in three seasons
	MicroAeth AE51 


BLW = Breathe London Wearables; COPD = Chronic Obstructive Pulmonary Disease; COPE = Characterisation of COPD Exacerbations using Environmental Exposure Modelling; DEMiSt = Driver Diesel Exposure Mitigation Study; PASTA = Physical Activity through Sustainable Transport Approaches.
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[bookmark: _Hlk216786579]Table S2. Summary of Selected Studies on UFP Long-Term Exposure and Mortality Studies
	Reference
	Study Name
	Location
	Study Period
	Sample Size
	Exposure Assessment
	Mean UFPsa
	Mortality Outcome
	Hazard Ratiob
	Increment

	Ostro et al. 2015
	California Teachers Study
	California, United States
	1995–2007
	101,884
	Chemical transport model
	1,293 
	Nonaccidental Cardiovascular
Respiratory
	1.01 (0.98–1.05)
1.02 (0.97–1.08)
1.01 (0.93–1.10)
	969 ng/m3

	Pond et al. 2022
	NHIS
	United States
	1986–2015
	617,997
	Land use regression
	6,812
	Nonaccidental
Cardiopulmonary
	1.03 (1.02–1.04)
1.04 (1.02–1.06)
	5,007 particles/cm3

	Bouma et al. 2023 and Hoek et al. 2025
	DUELS
	Netherlands
	2013–2019
	10.8 million
	Land use regression
	11,621
	Nonaccidental
Cardiovascular
Respiratory
	1.01 (1.01–1.02)
1.01 (1.00–1.01)
1.02 (1.01–1.03)
	2,723 particles/cm3

	Qi et al. 2024
	NYS Vital Records
	New York State, United States
	2013–2020
	2,563
	Chemical transport model
	883,725 cases
	Nonaccidental
Cardiovascular
Respiratory

	1.10 (1.05–1.17)c
1.11 (1.05–1.18)c
1.09 (1.00–1.18)c
	834 particles/cm3

	Lloyd et al. 2024 and Weichenthal et al. 2024
	CanCHEC
	Montreal and Toronto, Canada
	1991–2016
	1.5 million
	Machine learning + land use regression with backcasting
	14,000
	Nonaccidental
Cardiovascular
Respiratory
	1.05 (1.04–1.06)
1.04 (1.03–1.06)
1.10 (1.07–1.13)
	10,000 particles/cm3


a Units are in the increment column. b Single pollutant models unless identified otherwise. c Adjusted for ammonia, ozone, and sulfur dioxide and analyses using difference-in-differences methods. 
DUELS = Dutch Environmental Longitudinal Study; EPIC-NL = European Prospective Investigation into Cancer and Nutrition–Netherlands; NHIS = National Health Interview Survey; ONPHEC = Ontario Population Health and Environment Cohort.
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